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Preface

This book constitutes the proceedings of the International Symposium on Neural Net-
works (ISNN 2004) held in Dalian, Liaoning, China during August 19–21, 2004. ISNN
2004 received over 800 submissions from authors in five continents (Asia, Europe,
North America, South America, and Oceania), and 23 countries and regions (mainland
China, Hong Kong, Taiwan, South Korea, Japan, Singapore, India, Iran, Israel, Turkey,
Hungary, Poland, Germany, France, Belgium, Spain, UK, USA, Canada, Mexico, Ve-
nezuela, Chile, and Australia). Based on reviews, the Program Committee selected 329
high-quality papers for presentation at ISNN 2004 and publication in the proceedings.
The papers are organized into many topical sections under 11 major categories (theore-
tical analysis; learning and optimization; support vector machines; blind source separa-
tion, independent component analysis, and principal component analysis; clustering and
classification; robotics and control; telecommunications; signal, image and time series
processing; detection, diagnostics, and computer security; biomedical applications; and
other applications) covering the whole spectrum of the recent neural network research
and development. In addition to the numerous contributed papers, five distinguished
scholars were invited to give plenary speeches at ISNN 2004.

ISNN 2004 was an inaugural event. It brought together a few hundred researchers,
educators, scientists, and practitioners to the beautiful coastal city Dalian in northeastern
China. It provided an international forum for the participants to present new results, to
discuss the state of the art, and to exchange information on emerging areas and future
trends of neural network research. It also created a nice opportunity for the participants
to meet colleagues and make friends who share similar research interests.

The organizers of ISNN 2004 made great efforts to ensure the success of this event.
We would like to thank Dalian University of Technology for the sponsorship, various
IEEE organizations (especially the IEEE Circuits and Systems Society) for the technical
co-sponsorship, and the members of the ISNN 2004 Advisory Committee for their spi-
ritual support. We would also like to thank the members of the Program Committee and
additional referees for reviewing the papers and the Publication Committee for checking
and compiling the papers in a very short period of time. We would also like to thank
the publisher, Springer-Verlag, for their agreement and cooperation to publish the pro-
ceedings as a volume of the Lecture Notes in Computer Science. Finally, we would like
to thank all the authors for contributing their papers. Without their high-quality papers,
this symposium would not have been possible.

August 2004 Fuliang Yin
Jun Wang

Chengan Guo
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Application of RBFNN for Humanoid Robot Real Time
Optimal Trajectory Generation in Running

Xusheng Lei and Jianbo Su
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Shanghai Jiaotong University, Shanghai, 200030, China
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Abstract. In this paper, a method for trajectory generation in running is
proposed with Radial Basis Function Neural Network, which can generate a
series of joint trajectories to adjust humanoid robot step length and step time
based on the sensor information. Compared with GA, RBFNN use less time to
generate new trajectory to deal with sudden obstacles after thorough training.
The performance of the proposed method is validated by simulation of a 28
DOF humanoid robot model with ADAMS.

1   Introduction

There are significant progresses in realization of stable dynamic walking in several
full-body humanoid robots [1]. To make humanoid robots run is currently one of the
most exciting topics in robotics. Since running has a special phase that whole body of
humanoid robot is in the air, which makes high requirement for system energy supply.
Furthermore, humanoid robot has to overcome high impact force at the contact phase
because of its high speed. To solve these problems, Hodgins developed locomotion
control algorithms that allow a humanoid robot model to run at a variety of speeds in
an arbitrary direction on the plane [2]. With an aerial posture controller, Hyon and
Emura achieved desired posture control for a biped robot [3]. By controlling hip
height and feet stride, Kwon and Park realized a fast movement of a biped robot and
used impedance control method to absorb impact force at landing moments [4].
Nagasaki and Kajita proposed the method to control total linear and angular
momentum of humanoid robot to generate a reliable running pattern [5].

All of the above methods were tested in simulations because running needs so
much energy and current humanoid robot systems can not support such motion. As an
assistant tool for human beings, humanoid robot should have ability to involve into
common living environment. It is hard to use external power supply since power
cable will prevent humanoid robot from complex motions. Therefore, it is critical to
study humanoid robot running trajectory generation based on minimized energy.

Since a humanoid robot is a complex nonlinear system with too many variables
and there are a lot of constraints from mechanical and dynamic point of view,
realization of a stable running and further searching for an optimal solution are shown
to be computationally expensive. Genetic algorithm has already shown its great
searching efficiency in a big range. Hence we use GA as a tool to get optimal running
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trajectory. Using consumed energy as criteria, the trajectory generated by GA
consumes minimal energy in running process. However, GA takes a long time to get
optimal solutions, which is not fit for real time motion control. RBFNN has shown
strong ability in approximation problems, which provides high accuracy and is
computationally simple [6]. It can quickly generate results after thorough training. So
we use RBFNN to divide computational expenses by offline training from GA results
to decrease online computational costs. Consequently, the humanoid robot can change
step length and step time based on sensor information to adapt to environment.

The rest of the paper is organized as follows. In Section 2, Dynamic model of
humanoid robot and RBFNN are described. The proposed method is discussed in
Section 3. Simulations are given in Section 4, followed by Conclusions in Section 5.

2   Dynamic Model of Humanoid Robot and RBFNN

A humanoid robot is a mechanism that interacts with the environment through its
body. Based on this conception, the dynamics of the humanoid robot is normally
described as follows:

fJqGqqCqqH T+++= )(),()(
...

τ ,
(1)

where τ , q , ),(
.
qqC , )(qG  are the vectors of generalized torque, joint coordinates,

centrifugal torques, gravity torques, respectively, )(qH is the inertial matrix. Jacobian

matrix TJ  transfers external force f  to humanoid robot system.

The RBFNN is a three-layer forward neural network, consisting of one input
layer, one hidden layer and one output layer. The input layer connects the network to
the environment. The hidden layer applies a set of nonlinear functions to transfer the
input space to hidden space, which processes the input data according to its distance
from the associated centers. The output layer is the linear summation of the output of
the hidden layer. The output of the RBFNN is computed according to the following
equation
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where mRx ∈  is the input vector; nRy ∈  is the output vector; kw is the weights of

hidden layers; )(⋅φ  is the nonlinear function in hidden layer; |||| ⋅  denotes the

Euclidean norm; kc  is the center of the k  hidden nodes.

3   Trajectory Generation

In this section, we first analyze the characteristics of running, separate the whole
process into contacting phase and flying phase and describe them in detail. Then we
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introduce the energy consumption criteria and use GA to get the optimal trajectory. In
the last, we propose method to train RBFNN based on GA results.

A complete running cycle can be divided into contacting phase and flying phase.
In the contacting phase, there is only one foot having a contact with the ground, which
plays an important role in system stability. The robot has to absorb the impact force at
landing moment to avoid slipping, push the ground to get high rebound force and add
energy for the continuous flying phase. In the flying phase there is no force except for
gravity force on the system. So the trajectory of the hip link in the motion direction is
modeled into a ballistic trajectory. The leg swinging forward for touchdown is defined
as the main leg and another one as assistant leg. When the main leg touches the
ground in one running step, it changes roles with assistant leg in succeeding running
period.

Since joint torque is proportional to current, there exists the relationship between
the consumed energy and motor torque. So the torque can be used as the criteria for
energy consumption. The energy to control the motion of the robot is proportional to
the integration of the square of the joint torque, so the cost function J  can be defined
as:







 += ∫∫

TT
CdtdtJ

00

'

2
1 ττ ,

(3)

where T  is the step time, τ  is the torque vector and C  is the switch constant given
as follows:
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where 1A , 2A  and 3A  are user-defined parameters.
For GA, the most important factor is fitness function, which decides the

performance of the whole process. At the same time, consumed energy is the key for
trajectory generation, so we choose J  in (3) as the fitness function that involves
ZMP and COG as constraints to guarantee system’s stability. Using (1), we can get
corresponding torque to realize planed trajectory, then we can get the index of
consumed energy based on (3). The individuals are given different fitness values
based on the cost function J . When termination is not met, the individuals with high
fitness can be selected as parents to generate offspring. The trajectories breaking
constraints will be discarded gradually in GA selection process because they have
little chance to generate offspring. GA moves from generation to generation to select
suitable solution until the termination constraints are met. Finally, we can get
trajectories to realize stable running consuming minimal energy.

The most important factors affecting the performance of RBFNN are the
selection of the centers and weights of radical basis function. In order to get a good
training result of RBFNN, we use orthogonal least squares learning algorithm [7] to
select centers and weights for the RBFNN. The RBFNN can be seen as a linear matrix
model:
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and

ywAg 1−=⋅= θ . (6)

Based on the Gram-Schmidt method, the values of w  and A  can be got after
computation, then we can calculate the weight values of the neural network.

In order to enable the humanoid robot to adapt to environment changes, its step
length and time should be able to adjust online. Thus these variables are chosen to be
the input variables of RBFNN and the hip, knee and ankle angles as the output of the
RBFNN. The shoulder and elbow angles are synchronized with the angles of leg,
which play as compensator to reduce the errors caused by the swing of legs. The
selection of transform function is not crucial to the performance of RBFNN, so we
choose Gaussian function as transformation function. The orthogonal least squares
learning algorithm is used to train RBF model. After thorough training, The RBFNN
can generate the new trajectory for step length and step time quickly to adapt to the
changes of the environment. As the most weight of humanoid robot is in the upper
body and the ankle is the direct mechanism to control foot, the hip and ankle angles
are the main factors to affect system stability. So the system use feedback control
algorithm to adjust hip and ankle angles to compensate the errors gradually to keep
stability based on the sensor information.

Table 1. Parameters of the Humanoid Robot

Link Weight (kg) Length (cm)
head 2 10
body 6 30
thigh 1 15
shank 1 15
ankle 0.9 10
foot 0.1 16
arm 0.5 15
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Fig. 1. Animation of run pattern using ADAMS.

Fig. 2. (a) GA and RBFNN angle trajectory in running, (b) Energy consumption for different
methods

4   Simulations

A humanoid robot simulation platform is constructed by ADAMS, whose model has a
total of 28 degrees of freedom, i.e. six degrees of freedom for each leg (three for hip
joint, one for the knee joint and two for the ankle joint), and six degrees of freedom
for each arm (three for shoulder joint, one for the elbow joint and two for the wrist
joint). There are two degrees of freedom in the neck joint to allow the head to turn to
different directions and two in trunk joint to realize complex turn motion. The model
parameters used in simulations are shown in Table 1.

A running pattern is shown in Fig. 1. The flying phase is from (b) to (d), the fly
time is 0.1s and the fly height is 0.0125 m. In order to improve the performance of
RBFNN, we get a lot of data using GA method. The optimal trajectory is generated
for different step lengths and step times. Step length varies from 0.1 to 0.4 m and step
time varies from 0.1 to 1 s. After thorough studying, RBFNN can generate optimal
trajectory quickly. The time RBFNN needs is no more than one percent of the time
GA needs and the trajectory satisfies the constraints mentioned before. The joint
trajectories of GA and RBFNN for the step length 0.22 m and step time 0.5s are
shown in Fig. 2(a). It is easy to see that the difference of joint angles between GA and
RBFNN is very small. The values of J  in running period for GA, RBFNN and the
method having different highest hip positions are presented in Fig. 2(b). The
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trajectory generated by RBFNN consumes a little more energy than that of GA, but it
reduces nearly 20 percent energy consumption compared with the trajectory whose
highest hip position is equal to 410 mm, which has the minimum energy consumption
for the trajectories having different highest hip positions.

5   Conclusions

In this paper, a real time trajectory generation method based on RBFNN is proposed.
After thorough training of GA results, RBFNN can generate optimal trajectory
quickly to adjust humanoid robot step length and step time. Compared with GA,
RBFNN can use less time to generate humanoid trajectory based on sensor
information, and the energy consumption is a little more. Simulations of a 28-DOF
humanoid robot show that the proposed method is effective and can make the
humanoid robot run and walk stably.

As a future work, we will apply these trajectories to our real humanoid robot and
test their effectiveness. At the same time, we will improve RBFNN to realize real
time control based on the error information.

References

1. Hirai, K., Hirose, M., Haikawa, Y., Takenaka, T.: The Development of Honda Humanoid
Robot. IEEE Int. Conf. Robotics and Automation, Belgium (1998) 1321-1326

2. Jessica, K., Hodgins, K.: Three-Dimensional Human Running. IEEE Int. Conf. On Robotics
and Automation, Minesota (1996) 3271-3276

3. Hyon, S.H., Rmura, T.: Aerial Posture Control for 3D Biped Running Using Compensator
Around Yaw Axis. IEEE Int. Conf. On Robotics and Automation, Taiwan (2003) 57-62

4. Kwon, O., Park, J.H.: Gait Transitions for Walking and Running of Biped Robots. IEEE Int.
Conf. On Robotics and Automation, Taiwan (2003) 1350-1355

5. Kajita, S., Nagasaki, T., Yokoi, K., Kaneko, K., Tanie, K.: Running Pattern Generation and
Its Evaluation Using A Realistic Humanoid Model. IEEE Int. Conf. On Robotics and
Automation, Taiwan (2003) 1336-1342

6. Capi, G., Nasu, Y., Barolli, L., Mitobe K.: Real Time Gait Generation for Autonomous
Humanoid Robots: A Case Study for Walking. Vol. 42. Robotics and Autonomous Systems
(2003) 107–116

7. Chen, S., Cowan, C.F.N., Grant, P.M.: Orthogonal Least Squares Learning Algorithm for
Radial Basis Function Networks. Vol.2. IEEE Transactions on Neural Networks (1991) 302-
309



Full-DOF Calibration-Free Robotic Hand-Eye
Coordination Based on Fuzzy Neural Network

Jianbo Su1,2 Qielu Pan1 and Zhiwei Luo2

1 Department of Automation, Shanghai Jiaotong University
Shanghai, 200030, China

{jbsu,qlpan}@sjtu.edu.cn
2 Bio-Mimetic Control Research Center, RIKEN

Anagahora, Shimoshidami, Moriyama-ku, Nagoya, 463-0003, Japan
{su,luo}@bmc.riken.jp

Abstract. This paper studies coordination control for an uncalibrated
single eye-in-hand robotic system to track an object in 3-D space with
simultaneous translations and rotations. A set of object features is prop-
erly defined to derive an invertible nonlinear visual mapping model from
visual feedback to robot control. A novel fuzzy neural network is proposed
to realize the nonlinear mapping model effectively, which is essential to
implement six-degree-of-freedom control of robot hand. Simulation re-
sults show the performance of the proposed method.

1 Introduction

The robotic hand-eye coordination problem has been studied for a long time.
Since the hand-eye relation model is strongly nonlinear, and is closely related
to system configurations, it is very difficult to get a model of enough accuracy
for control [1]. This motivates researches on uncalibrated hand-eye coordina-
tion [2][3], which is to seek robot control directly from visual feedback without
knowledge of the hand-eye relation model.

A widely accepted strategy to deal with the nonlinearity is to approximate it
with a series of linearities. The image Jacobian matrix, which linearly describes
temporary relations of a differential movement in image coordinate system and
robotic coordinate system, is involved to address the uncalibrated hand-eye coor-
dination problem and many methods have been developed thereafter. Hand-eye
coordination performance strongly relies on performance of online estimation of
the image Jacobian matrix, such as accuracy, estimation speed, and data accu-
mulation procedures [4].

There are efforts to utilize the Artificial Neural Network (ANN) to deal with
the image Jacobian matrix through offline training [6][7]. But the capacity of
the ANN to approach a nonlinear function is not well exploited. In our previ-
ous research [5], we proposed a novel nonlinear visual mapping model to extend
the image Jacobian matrix model for uncalibrated hand-eye coordination, and
then use ANN to realize this nonlinear model. Since the nonlinear model de-
scribes the hand-eye relations more completely, the system performance can be
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c© Springer-Verlag Berlin Heidelberg 2004



8 J. Su, Q. Pan, and Z. Luo

enhanced to a great extent. Control of an uncalibrated hand-eye system to track
a translationally moving object in 3-D space was analyzed.

An object moving in 3-D space generally has 3-D translations and 3-D ro-
tations. This paper studies the coordination control for an uncalibrated robotic
hand-eye system to track a moving object with full six-degree-of-freedom(DOF)
motions. The difficulties of the full six-DOF tracking problem lie in that the
translation and rotation movements of the object are coupled in image plane.
Consequently it is not easy to infer the translation and rotation controls of the
robot from visual feedback. Relations of the visual feedback and the robot con-
trol are analyzed, which leads to an invertible nonlinear visual mapping model of
six dimensions by taking into account the object physical model. A novel fuzzy
neural network(FNN) is then proposed to realize the nonlinear mapping model
efficiently. Simulations show the validity of the proposed method.

2 System Model of Full-DOF Visual Tracking

2.1 Problem Description

For the full-DOF tracking problem, the robot hand should execute translation
and rotation movements at the same time. A typical robot tracking system is
shown in Fig.1. The camera is fixed in the robot hand. Relations between the
robot (hand) and the camera are unknown. An object is moving in the working
space freely (including translations and rotations). The tracking task is finished
when the robot hand catches the object or is kept a constant relative pose with
respect to the object.

2.2 Image Feature Space

To avoid tracking singularity problem [4], we should employ the same number of
object features as the control DOFs of the robot hand, in that an invertible visual
mapping model is obtained to uniquely transform errors from image feature space
to robot control space, or vice versa. Thus the physical features of the object
in image plane must be utilized in addition to its position coordinates in image
plane, which implies the object model should be known a prior.

Suppose the object is of a triangular shape, the object feature vector in image
plane is defined as: f = [x, y, θ, l1, r21, r31] , where (x, y) are the coordinates of
a corner point of the object in image plane, θ is the angle of one edge rotating
counterclockwise from the x axis. The lengths of the three edges are respectively
l1, l2, l3, and r21 = l2/l1,r31 = l3/l1. The feature definitions are shown in Fig.
2. Note that the feature definition is not arbitrary. A different feature set may
lead to a different structure of the visual mapping model, which is most likely to
have different convergence performance in training when the model is realized
by ANN. Empirically, features that have different attributes from others are
selected to make them as uncorrelated to each other as possible. For example, if
the features of the three corner points of the triangle are selected, the resulted
visual mapping model converges very slowly when trained by ANN.
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2.3 Visual Mapping Model

When the object feature vector is defined, its position and dynamics can be
extracted by image processing. Suppose at the k-th visual sampling instant,
feature position, velocity and acceleration vectors in image plane are f , ḟ and
f̈ , respectively, we have:

ḟ(k) = ḟo(k) + ḟc(k), (1)

where ḟo is the feature motion in the image plane caused by the object motion,
and ḟc is the feature motion caused by the camera motion.

The feature acceleration f̈(k) at instant k is decided by the relative movement
between the object and the camera. It is surely related to feature’s position f ,
velocity ḟ and the hand’s acceleration p̈(k). Thus we obtain the mapping model:

f̈(k) = g′
(
f(k), ḟ(k), p̈(k)

)
, (2)

where g′(·) is a proper function. Since we have the same numbers of object
features and control DOFs of the robot hand, Eq. (2) has the same dimensions
of input and output. All coefficient matrices generally have full ranks. Thus the
input-output relationship can be exchanged to obtain an inverse mapping model
from the image feature space to the robotic movement space, i.e.,

p̈(k) = g
(
f(k), ḟ(k), f̈(k)

)
, (3)

where g(·) is a properly defined function. This model, called the visual map-
ping model, nonlinearly relates the hand movement to the motion of the object
in image feature space. Notice that this visual mapping model has the same
dimensions of the input and output.

The characteristics that the visual mapping model (3) has the same dimen-
sions of input and output spaces is very important for avoiding tracking sin-
gularity [4], which means that some DOFs for hand movements might become
under-controlled during the tracking procedure. This happens when image fea-
tures employed are not sufficient to reflect robot motion in some directions [7].
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Here the scheme that robot control space and the image feature space are of
the same dimensions can guarantee that the tracking singularity is eliminated
practically, though not theoretically. In addition, same input-output dimension
policy is very helpful for obtaining good convergence characteristics in training
if the model is realized with neural networks.

3 Control Scheme Based on Fuzzy Neural Network

A neural network is adopted to implement the nonlinear visual mapping model
shown in (3). Since the dimensionality of (3) is high and its input-output relations
are complex enough, we propose to use fuzzy neural network(FNN) to realize
the model of (3).

Fuzzy neural network is a combination of a fuzzy controller and a neural
network. It enables integrating any priori knowledge of the hand-eye coordination
system by forming fuzzy rules and membership functions to help enhancing
system performance. In addition, the approximating accuracy by a fuzzy neural
network could be improved by refining the fuzzy rules involved without increasing
much computational expense. This is critical for the control of an uncalibrated
visual tracking system of high dimensions.

Fig.3 shows the structure of the fuzzy neural network we adopt in this paper.
The network has four layers, i.e., the input layer, the fuzzification layer, the fuzzy
inference layer and the defuzzification output layer. Each input xi, (i = 1, · · · , n),
is fuzzified to l fuzzy sets, which define the accuracy of the system output. Thus
the fuzzification layer has n× l nodes altogether. In the inference layer, there are
also l nodes compatible with the number of the membership functions for each
input. Following transfer functions are embedded respectively in each layer:

uij = exp

[
−

[
xi−mij

σij

]2
]

, (i = 1, · · · , n, j = 1, · · · , l) (4)

Φj = u1j · u2j · · ·unj =
∏n

i=1 uij , (j = 1, · · · , l) (5)

y = W1Φ1 + W2Φ2 + · · · + WlΦl =
∑l

j=1 WjΦj . (6)
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Fig. 3. Structure of the four-layered fuzzy neural network
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Fig. 4. Tracking procedure of the hand
to the object

Fig. 5. Tracking trajectory in 3-D
space
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Fig. 6. Tracking of the pose features of the object

Learning algorithm for training the neural network is based on the back
propagation (BP) algorithm. Denote the system output error as

Ep = (y − Y )2/2, (7)

where y is the system’s actual output and Y is the system’s expected output.
Then the δ-learning algorithm can be used here to update all weights:

mij(n + 1) = mij(n) − η (∂Ep/∂mij) , (8)
σij(n + 1) = σij(n) − η (∂Ep/∂σij) , (9)
wi(n + 1) = wi(n) − η (∂Ep/∂wi) , (10)

where η is the learning rate. Substituting (4)∼(7) into (8)∼(10), we have:

mij(n + 1) = mij(n) − 2η(y − Y )wj · ∏n
k=1 uki · xi−mij

σ2
ij

, (11)

σij(n + 1) = σij(n) − 2η(y − Y )wj · ∏n
k=1 uki · xi−mij

σ3
ij

, (12)

wi(n + 1) = wi(n) − η(y − Y )Φi. (13)

4 Simulations

The system configuration shown in Fig.1 is adopted in simulations. A single
camera is mounted at the end link of the robot manipulator, with its pose relative
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to the robot hand [15cm, 10cm, 3cm, 30◦, 20◦, 0◦]. A triangular object is spirally
moving in robot’s 3-D workspace with translations and rotations. Simulations
are done by using NN toolbox in Matlab 5.1. A fuzzy neural network of 18 inputs,
54 nodes in membership generation layer, 18 nodes in inference layer, and 1 node
in defuzzification output layer is constructed and used in control. The weights of
the FNN are trained offline with 5460 training samples after 5000 iterations. A
PI controller is then used to converge the system errors. Fig.4 shows the tracking
procedure and Fig. 5 is the tracking trajectory of the hand to the object in 3-D
space. Fig. 6 is the trajectories of the image features of the object with respective
to time. It is easy to see that both the position and pose of the robot hand can
successfully track those of the object with satisfactory performance.

5 Conclusions

Full-DOF tracking problem is a challenging topic in visual servoing, especially by
an uncalibrated hand-eye coordination system. This paper proposed a nonlinear
visual mapping model for the uncalibrated full-DOF visual tracking problem,
which is invertible through involving information of object model. A novel fuzzy
neural network is presented to realize the nonlinear mapping model effectively by
reaching a tradeoff of system accuracy and computational expenses. The prior
knowledge of the system can be integrated into system modelling to help the
convergence of the training of the neural network. Simulation results verify the
satisfactory performance of the proposed method.

Future work lies in studying the relations of the neural network structure with
the nonlinear visual mapping model. Convergence of the whole system controller
is also under investigation.
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Abstract. A neuro-fuzzy (NF) hybrid position/force control with vibration
suppression is developed in this paper for a space robot with flexible dual-arms
handling a rigid object. An impedance force control algorithm is derived using
force decomposition, and then singular perturbation method is used to construct
the composite control, where an adaptive NF inference system is employed to
approximate the inverse dynamics of the space robot. Finally, an example is
employed to illustrate the validity of the proposed control scheme.

1 Introduction

Recently, hybrid position/force control has been paid more and more attention for the
flexible robot contacting a constrained environment. Chiou [1] discussed the force
control stability of the flexible manipulators. Matsuno [2] considered the application
of hybrid position/force control strategy to the flexible manipulators. Siciliano and
Villani [3] proposed a parallel control method for a two-link flexible manipulator
based on singular perturbation decomposition. Sudipto [4] pointed out that the
traditional singular perturbation model is not suitable for treating relatively large
flexibility, and presented a new singular perturbation model. The Uchiyama Lab
research group [5] considered the problems of multiple cooperating flexible
manipulators handling an object. They designed control law for force, position and
flexible vibration respectively, and composite the control input in frequency domain.
However, there is no research on hybrid position/force control for a space robot with
flexible dual-arms handling a rigid object.

This paper is concerned with the NF hybrid position/force control for a space robot
with flexible dual-arms handling a rigid object. A new singular perturbation model is
used to realize the vibration suppression control and NF position/force control with an
ANFIS model [6], and the proposed control algorithm is verified by an example.

                                                          
* This work was jointly supported by the National Excellent Doctoral Dissertation Foundation

(Grant No: 200041), the National Science Foundation for Key Technical Research of China
(Grant No: 90205008), the National Key Project for Basic Research of China (Grant No:
G2002cb312205), the National 863 Project of China (Grant No: 2003AA742016) and Basic
Research Foundation of Tsinghua University (Grant No: JC2003028).
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Fig. 1.  Coordinates of the Space Robot System

2 Space Robot Modeling

The cooperating system of a space robot with flexible dual-arms handling a rigid
object is shown in Fig.1, the front links 3, 5 are flexible. Define the robot’s

generalized coordinate as TT
5

T
35432111 ),,,,,,,,( QQp θθθθθrr yx= and task space

coordinates as T
5533111 ),,,,,,( eeeerra yxyxyx θ=x , where T

111 ),,( θrr yx is the position
and attitude vector of the vehicle. The contact force is defined as

T
5533 ),,,(

~
eyexeyex ffff=f , and the tip position vector is T

5533 ),,,( eeeee yxyx=p .

The dynamics equation of a space robot can be written as follow:

( ) fJ
τ

pKpD
ppFppM

~~
,)( 1

TQa

pp

−







=








+

++
0

0 (1)

where ( )T
5432111 ,,,,,, θθθθθyxa =p and ( )TT

5
T
3 ,QQp =p  rigid and flexible

components of  p , M  inertia matrix, F  vector of Coriolis and centrifugal forces,

pK  a stiffness matrix determined by stiffness of flexible links 3EI  and 5EI , pD

damping matrix, Qaτ  the active forces and torques, and 1

~
J  the robot Jacobian matrix.

Define the object’s coordinates as ( )T
111 ,, oooo yx θ=x . The object dynamics can be

written as fJFxM
~T

oooo =+ [7], where oM  and oJ  are the object inertial and
Jacobian matrices, respectively. The motion of robot and the object should satisfy

pJxJ 1

~=oo  [7]. Therefore, equation (1) can be expressed as
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( ) I
TQa

pp

fJ
τ

pKpD
ppFppM

~~
,ˆ)(ˆ

1−



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


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


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+

++
0

0 (2)

where oooooooo FJJpJJJJJMJJFFJJMJJMM TT
111

T
0

T
110

TT
1

~
)

~~
(

~ˆ,
~~ˆ ++++++ +−+=+= ,

( )T T
4I o o

+= −f I J J f  denotes “internal force” (“+” denotes Moore-Penrose inverse).

By partitioning the matrix and vectors according to the rigid and flexible components,
equation (2) can be written as:
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
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


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τ (3)

3 Singular Perturbation Model and Control

The perturbation parameter is defined as [3] 

mk/1=ε , where mk  is the smallest

stiffness in pK . When the robot is static, I
T
ppp fJKp

~~
1

1−−= , so we define the new

flexible variable as ( ) I
T
ppppp fJKpppz

~~
,/ 1

1
0

2
0

−−=−= ε . In equation (3), assuming

that apu =  is new control input and ignoring the variation of 0pp , and

ppspps DDKK εε == ,2 , the slow system can be described as sas up =  and

( ) ( )( )0,,,ˆ,ˆ
00

1
apaspspaspapss pppFuppMKz +−= − (4)

By setting the fast time scale ε/tt f = , the fast system of sf zzz −=  is

fpaspafps
f

f
ps

f

f
paspp dt

d

dt

d
uppMzK

z
D

z
ppM ),(ˆ),(ˆ

02

2

0 −=++
(5)

In the slow system, we adopt impedance strategy to translate the internal force to

the position error of end effectors as 

IIdecveca ffpKpK
~~ −=+ [8]. Hence the slow

control is ( ) ( )asarPasarDars ppKppKpu −+−+= , where 0, >DP KK , arp  is the

reference trajectory of asp , which is solved by inverse kinematics. In fast system,

robust ∞H  theory is used to design the linear feedback control law as

fDffPff zKzKu += . The composite control law is

( ) ( )fffasass zzuppuu ,, += . (6)



16         F. Sun, H. Zhang, and H. Wu

4 Inverse Dynamics Modeling

To approximate an unknown mapping ( )xy f= , nm RRf →: , the following ANFIS

fuzzy inference system is constituted by l  rules of Takagi-Sugeno type

{ } { } liARR i
ii ,1,THEN,isIF T ==== xVyp (7)

where ( ) kR∈xp  the partition vector, iA  the fuzzy set, iV  the linear coefficient

matrix. The ANFIS model can be expressed as

( ) ( ) ( )















== ∑∑

==

l

i
i

l

i
ii

11

T /ˆ pxVpxfy θθ
(8)

where ( )iθ •  the membership function of iA . The data are partitioned to clusters by

Hyperplane C-means algorithm [9]. According to the clustering result, the
membership functions are constructed by Fuzzy Min-Max network (FMM) [10] as

( ) ( )( ) ( )2 2

1

exp / 2
k

i ij ij ij
i

Per Per sθ
=

 = − − 
 
∑p p

(9)

where ijijij vwPer −= , ( ) ( )ijjjijijijij vwvwPer −−−= ppp ,,max , ijijij svw ,, obtained

by FMM. The parameters in ( ){ }•iθ  are trained by steepest descent method and ones

in { }iV  are trained by least square method.
From equation (3), the actual driving forces and torques can be calculated as

( ) ( )++−+−= −− )ˆ(ˆˆˆˆˆˆˆ 11
ppppppapapappapaaQa pKFMMFuMMMMτ

( ) I
T

1
1T

1

~~ˆˆ~
fJMMJ pppapa

−− (10)

Suppose IdI ff
~~ ≈ , where Idf

~
 is the prescribed internal force. So, an ANFIS network

can be built to approximate the inverse dynamics model (10) as

=Qaτ ( )∑
=

+++
l

i
iiiiGi

1
4321),( buBpBpBppµ

(11)

The model can be expressed as ( )xXWτ T=Qa , where ( )T,, uppx = , W  composed

by the elements of iiii 4321 ,,, bBBB . We adopt projection method to update W  as

( ) ( ) ( )( )
( )( ) ( )( ) ( )( ) ( ) ( )( )( )ttt

tt

t
tt iiQaii xXWτ

xXxX

xX
WW λλ −−+−= T

T

(12)

where iW  is the i th column of W , λ  is the sampling interval.
Remark. A stability proof for the space robot with control law and projection-learning
algorithm will be direct. Here the theorem and proof are omitted for paper length.
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5 Simulation

5.1 Task Design

The parameters of the space robot with flexible dual arms are shown in Table 1, and
EI3=EI5=300Nm, 4/πα = .

Table 1.  Space robot parameters

Link 1 Link 2 Link 3 Link 4 Link 5
Weight(kg) 40 2 2 2 2
Length(m) 2 2 2 2 2

                 Fig. 2. Tip position of link 3 1                   Fig. 3. Tip position of link 5 1
                 - ye3 2 - xe3                                                           - ye5 2 - xe5

          Fig. 4. Internal force at end of link 3 1       Fig. 5. Internal force at end of link 5 1
          - fIey3 2 - fIex3                                                - fIex3 2 - fIey3

               Fig. 6. Tip vibrations  1- u3l 2 – u5l           Fig. 7. Tip vibrations 1- u3l 2 – u5l

The target object: ( ) 0== oo diag FM ,4,2,2 .

Trajectory: Set ( )T
0 3,1,3,1,0,0,0 −=ax  and ( )T6,5.1,6,5.3,0,3,5.2=agx . Let
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( ) ( ) ( ) ( )
( )













≥
<≤−+

<≤−−−+−+

<≤

=

5,1

53/10,5036.01

3/103/5,3/5072.03/518.03/53.06/1

3/50,036.0

3

32

3

t

tt

tttt

tt

tz

The ideal trajectory in task space is ( ) ( )( )00 aagaad tzt xxxx −+= .

Internal force: ( )T0,10,0,10
~ −=Idf .

5.2 Simulation Result

The simulation is performed using the parameters presented in Section 5.1. Figs. 2-6
show the simulation result.

Figs.2-3 show the end-effectors’ actual and ideal position vector, where the dashed
lines indicate the actual trajectories and the full lines the ideal trajectories. It can be
observed that the robot tracks the prescribed trajectory accurately. Figs. 4-5 show the
internal forces on the end-effectors. The internal force is stable in the whole control
process. Figs. 6 and 7 show the vibration amplitudes of the end-effecters with
vibration suppression control and without vibration suppression control respectively,
where ilu  denotes the tip vibration amplitudes of link i . A good control performance
is illustrated by using the NF hybrid position/force control proposed in this paper.

References

1. Chiou, B.C., Shahinpoor M.: Dynamic Stability Analysis of a Two-Link Force-Controlled
Flexible Manipulator, ASME Journal of Dynamics Systems, Measurement and Control,
112 (1990) 661-666

2. Matsuno, F., Yamamoto. K.: Dynamic Hybrid Position/Force Control of a Two Degree-of-
Freedom Flexible Manipulator,” Journal of Robotic Systems, 11 (1994) 355-366

3. Siciliano, B., Villani, L., Two-time Scale Force and Position Control of Flexible
Manipulators,” in Proceedings of the IEEE International Conference on Robotics and
Automation (2001) 2729-2734

4. Sudipto, S., Robot Manipulation with Flexible Link Fingers, PhD thesis, California
Institute of Technology, Pasadena, California (1996)

5. Yamano, M., Kim, J.S., Uchiyama M., Hybrid Position/Force Control of Two Cooperative
Flexible Manipulators Working in 3D Space, in Proceedings of the IEEE International
Conference on Robotics and Automation, Leuven (1998) 1110-1115

6. Jang, J.–S.R.: ANFIS: Adaptive Network based Fuzzy Inference System, IEEE
Transaction on Systems, Man and Cybernetics, 3 (1993) 665-685

7. Bonitz, R., Hsia, T.: Internal Force based Impedance Control for Cooperating
Manipulators, in Proceedings of the IEEE International Conference on Robotics and
Automation, vol. 3 (1993) 944-949

8. Bruno, S., Villani, L.: Robot Force Control, Kluwer Academic, Boston (1999)
9. Panella, M., Rizzi, A., Mascioli, F.M.F., Martinelli, G.: ANFIS Synthesis by Hyperplane

Clustering, in Proceedings of IFSA World Congress and 20th NAFIPS International
Conference, vol 1 (2001) 340 -345

10. Chen, X., Jin, D., Li, Z.: Recursive Training for Multi-Resolution Fuzzy Min-Max Neural
Network Classfier, in Proceedings of International Conference on Solid-State and
Integrated-Circuit Technology, vol.1 (2001) 131-134



F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 19–24, 2004.
© Springer-Verlag Berlin Heidelberg 2004

Fuzzy Neural Networks Observer for Robotic
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Abstract. This paper presents an observer for robotic systems using FNN

method to estimate the joint velocities of a robot, and then ∞H  approach is

embedded to attenuate the effect of external distributes and parametric uncer-
tainties of the robotic systems. Then a simulation example of 2-DOF robotic
systems is given at last, from the simulation results, we can see the well per-
formance of the designed observer and the estimation errors of the joint veloci-
ties are negligible.

1   Introduction

Robotic manipulator systems are highly nonlinear, couples and time varying, which
are subject to uncertainties unavoidably. The uncertainties consist of both structured
uncertainties and unstructured uncertainties, which cannot be modeled precisely. For
this reason, FNN technique has become a research hotspot in recent years [1,2]. The
advantages of FNN technique have two main asides; first, it can provide a solution to
robotic control, which deals with high nonlinear, high coupling, and un-modeled
uncertainties because fuzzy control is a model-free approach; second one is that the
learning ability and optimization ability of neural network.

The problem of nonlinear position control of robotic systems is solved by the pas-
sivity backstepping method [3]. The global stability can be attained if the uncertainty

can be modeled, but this is not the case. In this paper FNN and ∞H  performance are

embedded to solve this problem. The working principles of this FNN control are to
realize the process of fuzzy reasoning using the structure of an NN and express the
parameters of fuzzy reasoning through the weights of an NN [4].

2   Problem Presentation

The dynamics of a robotic system can be expressed as the following

dqGqqqCqqM ττ +=++ )(),()( (1)
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Where )(qM  is the inertia matrix, ),( qqC is the centripetal and Coriolis torques,

)(qG is the gravitational torques, q denotes the joint displacements and τ  is the

vector of applied joint torques, dτ is the external disturbance.

Considering the 2-DOF (degree of freedom) robotic systems, the dynamic equation
(1) can be rewritten using the state space method as

[ ]Tqqq 211 ==ε , [ ]Tqqq 212 ==ε , [ ]T
21 εεε = (2)

( )



+++−=
=

−−
dMGCM ττεεεε

εε
)())(( 1

1
21

1
2

21
(3)

It is always the case that the )(qM , ( )qqC ,  and )(qG are bounded matrices con-

taining parametric uncertainty. We assume that the dynamic parameter can be ex-
pressed by the nominal parameter and the parameter uncertainty

( )qMqMqM ∆+= )()( 0 , ( ) ( ) ( )qqCqqCqqC ,,, 0 ∆+=
( )qGqGqG ∆+= )()( 0

(4)

These parameters satisfy the following assumptions:

Assumption 1. The bounded of uncertainty parameters is known as follows
( ) ( ) ( ) GCM qGqqCqM δδδ ≤∆≤∆≤∆ ,,, (5)

Where Mδ , Cδ  and Gδ  are positive constants, and ( )0min MM λδ ≤ .

The FNN observer is used to approximate the nonlinear function as

( ) ( ) ( ) ( ) ( )2121001022101
1

0 ,,],[ εεεεεθεεεεε r

T
WGCM +=+ ∗−

(6)

Where ( )210 ,εεθ  is the FNN generalize vector, and rε  denotes the reconstruction

error of FNN. We assume that there exists { }
00 00 / WW MWW ≤=Ω . ∗

0W  Is the opti-

mal weight matrix, which can be expressed as

( ) ( ) ( )[ ] ( )},,{supminarg 21001022101
1

00
00

εεθεεεεε T

W
WGCMW

W

−+= −

Ω∈

∗
(7)

Since the speed vector q  is unknown, the estimation of robotic dynamic parame-

ters can only be expressed in term of 1ε  and 2ε̂ , where 2ε̂  denotes the estimation of

2ε . The approximate FNN has the form

( ) ( ) ( ) ( )2210210021002100 ˆ,,
~ˆ,

~
,ˆ, εεεθεεθεεθεεθ TTTT WWWW ∗∗ −−= (8)

( ) ( ) ( )2102102210 ˆ,,ˆ,,
~ εεθεεθεεεθ −= (9)

Assumption 2. The FNN reconstruction error and estimation error are bounded by

( ) rr δεεε ≤21 ,  and ( ) θδεεεθ ≤2210 ˆ,,
~ , where rδ  and θδ  are positive constants.
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The proposed robust FNN observer has the form as the following

( ) ( ) ( )2210141
1

021002

1321

ˆ,,~ˆ,

~ˆ

εεεετεεεθ
εε

vkMWz

kz
T −++−=

+=
−

(10)

Where 2,1,ˆ~ =−= iiii εεε , 4,3,0 =>= ikk T
ii . And 0v  is a robust compensate

term for the proposed observer. Then the estimated dynamic can be expressed by 1̂ε
and 2ε̂

152211
~ˆ,ˆ εεε kzz +== (11)

Therefore the estimated dynamic can be rewritten as

( ) ( ) ( )2210141
1

021002

1321

ˆ,,~ˆ,ˆ

~ˆˆ

εεεετεεεθε

εεε

vkMW

k
T −++−=
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−

(12)

Then the observer error dynamic is obtained
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Then the state equation of estimation error dynamic is attained

( ) ( ) ( )
( ) ( ) ( )

( ) ( ) ( ) ( ) ( ) ( )[ ]
( ) ( ) ( )[ ] d

TT
r

T

TT
r

BGCM

WWWMM

WW

MMMvBAA

τεεεεε
εεεθεεθεεεεεθεε

εεεθεεθεεε

τεεεε

0212211
1

22100210021210011
1

22100210021

1
011

1
00100

}ˆ,

ˆ,,
~

ˆ,
~

,ˆ,

ˆ,,
~

ˆ,
~

,

{~~

+∆+∆−

+++∆+

−−−

∆−+∆+=

−

∗−

∗

−−
(15)









−−

−
= ×

5235

223
0 kkkk

Ik
A ,

( ) ( )






∆−

=∆ −
×

××

211
1

22

2222
0 ,0

00

εεε CM
A (16)









=

×

×

22

22
01

0

I
B ,

( )






= −

×

1
1

22
02

0

εM
B (17)

Assumption 3. There exist constant matrices 0E  and 0F , satisfy 
0000 FEA Σ=∆ ,

where 22
0

×∈Σ R  and 
2200 ×≤ΣΣ IT , then considering the nominal parameters, yields

( ) ( )( ) MM
M

δελ
ε

−
≤−

10min
1

1 1
(18)
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Theorem 1. Considering the whole dynamic system (14), with [ )∞∈ 02Ldτ  and

the assumptions 1-3 are satisfied. Suppose for any given 000 >= TQQ , there exists a

positive matrix 000 >= TPP , and the Riccati equation holds.

0
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00100000
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0002020
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ε
(20)

Where TCBP 01010 = , and 
02B  is the upper bound of 02B  and satisfy

TT BBBB 02020202 ≤ , the robust compensate term is defined as the follows

owosoh vvvv ++=0 (21)
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The direct adaptive training law is shown in (23)
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Where 0S  is a constant positive matrix, then the system (23) satisfies the follow-

ing ∞H  tracking performance
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Where R∈0β  and 
00 WMW ≤ , state estimation error 1
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~ε  are bounded.

Proof. Choosing a Lyapunov function as
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Considering equation (19) and (21) and the norm inequality (18), we can attain the
differential of the above equation
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Integrating the above inequality from 0=t  to Tt =  and considering
( )( ) 0,~ ≥ttV ε , the following result can be gained from the above inequality
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Define ( )( )0,0~
0 εβ V= , then the system satisfies the ∞H  attenuate performance

and the system is stable.

3   Simulation Experiment

To show the feasibility and performance of FNN observer, a simulation study of a
two links robotic system has been carried out. Here choose the exogenous distur-
bances ( ){ } 121.0exp ×−= tdτ , the 2-DOF robotic system choose from the reference

[2], and the other parameters choose as follows

223 20 ×= Ik , 224 125 ×= Ik , 225 125 ×= Ik  So that 0A  is a Hurwitz matrix.
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 Thus the simulation figure 1 are gained as following:
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(a)                                                                      (b)

Fig. 1. The observer error of joint velocities: (a) is the observer error of joint 1, (b) is the ob-
server error of joint 2. From the figures, we know the estimation error is negligible and the
observer is effectively

4   Conclusion

In this paper, FNN observer combined with ∞H  tracking performance guarantee the

stability and the attenuate of external disturbance. The simulation example testifies
the feasibility and the practicability of the designed observer.
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Abstract. This paper proposes a novel self-learning PD (Proportional-
Derivative) control method for mobile robot path-tracking problems. In the self-
learning PD control method, a reinforcement-learning (RL) module is used to
automatically fine-tune the PD coefficients with only evaluative feedback. The
optimization of the PD coefficients is modeled as a Markov decision problem
(MDP) with continuous state space. Using an improved AHC (Adaptive
Heuristic Critic) learning control method based on recursive least-squares
algorithms, the near-optimal control policies of the MDP are approximated
efficiently. Besides its simplicity, the self-learning PD controller can be
adaptive to uncertainties in the environment as well as the mobile robot
dynamics. Simulation and experimental results on a real mobile robot illustrate
the effectiveness of the proposed method.

1   Introduction

The path-tracking problem of wheeled mobile robots (WMRs) has been an important
research area due to its theoretical nature as well as its practical importance. In theory,
the design of path tracking controller for mobile robots is a difficult problem since
there are not only non-holonomic constraints on robot kinematics but also various
uncertainties in robot dynamics. In practice, wheeled mobile robots are more and
more widely applied in industry, transportation and space exploration, which will lead
to dynamic environment for mobile robot controllers. Thus, to design adaptive and
robust path tracking controllers for mobile robots has become a challenging problem
in the literature.

Until now, previous path-tracking control methods for mobile robots can be mainly
classified into three categories, i.e., PID (Proportional-Integral-Derivative) control
[1][2], nonlinear feedback control [3] and intelligent control methods [4-5]. Despite of
its simplicity, the performance of PID control is heavily determined by the tuning of
PID coefficients, which is a very difficult task for time-varying and nonlinear plants.
Nonlinear feedback control methods are based on nonlinear dynamic models of
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mobile robots so that explicit and exact modeling of robot dynamics is required.
Intelligent control methods for mobile robots have attracted lots of research interests
in recent years since intelligent controllers do not need explicit and exact model of
robot dynamics and machine learning algorithms can be used to realize adaptivity to
uncertainties. However, most existing intelligent controllers for mobile robots either
require human knowledge for constructing control rules or collecting labeled samples
for supervised learning [4]. In this paper, we propose a novel intelligent control
method that combines the advantages of PID control and a class of machine learning
method called reinforcement learning (RL) control [6] so that the design and
optimization of path tracking controllers can be implemented only by evaluative
feedback during the interaction between robot and the environment.

As a class of adaptive optimal control methods, reinforcement learning provides a
flexible approach to the design of intelligent agents in situations for which both
planning and supervised learning methods are impractical or difficult to be employed.
Unlike supervised learning methods, RL methods need only evaluative feedback from
the environment to optimize system performance so that it can be applied to problems
where significant domain knowledge is either unavailable or costly to obtain. Due to
the above merits of RL, in recent years, lots of research work has been done in the
theory and applications of RL. For a comprehensive survey, please refer to [6].

Although many applications of RL, such as elevator control, call admission control
and routing in communication networks, etc., have been reported in the literature,
there are very few results on applying RL to path-tracking control of mobile robots. In
this paper, we propose an adaptive critic learning PD control scheme for the path-
tracking problem of mobile robots, where a RL module is combined with a gain-
variable PD controller to fine-tune the PD gains automatically only based on
evaluative feedback from the environment. In the RL module, an improved adaptive
heuristic critic (AHC) algorithm based on the recursive least squares temporal
difference method [7] is employed to optimize the controller performance using value
function approximation in continuous state and action space. Compared with previous
supervised learning methods for learning PD control [8], the proposed self-learning
PD controller realizes the auto-tuning of PD gains without any exemplary signals and
it is adaptive to uncertainties and disturbances in robot dynamics. Moreover, the
performance of the closed-loop path-tracking control system can be improved via
online learning.

The rest of the paper is organized as follows. In Section 2, the mobile robot path-
tracking problem is described. In Section 3, the architecture and the learning
algorithm of the self-learning PD controller are presented. Simulation and real-time
experimental results are provided to illustrate the effectiveness of the proposed
method in Section 4 and Section 5, respectively. Section 6 summarizes the main
contributions of the paper and discusses future work.

2   The Mobile Robot Path-Tracking Problem

As was extensively studied in [9], the kinematics and dynamics of wheeled mobile
robots can be divided into several categories due to different kinds of mechanical
configurations. Since the adaptive critic learning PD control method proposed in this
paper does not rely on explicit mathematical model and it has online learning ability
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to be adaptive to uncertainties, in the following, we will only focus on a class of
mobile robots with two differentially driven wheels and one or more castor wheels.
Nevertheless, the method presented in this paper can be easily applied to other kinds
of WMRs with different kinematic and dynamic properties.

As discussed in [9], the kinematics of mobile robots can be described as follows:



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

=
=
=

ϖθ
θ
θ

sin

cos

vy

vx

(1)

where (x, y) are the coordinates of robot mass center, θ is the heading angle, ν is the
velocity and ω is the angular velocity.

Let νc and ωc denote the desired forwarding velocity and angular velocity of the
robot mass center, respectively. Since the position control and velocity control of
mobile robots are usually studied separately in order to simplify controller design, in
the following, we will only focus on the lateral position control problem with constant
forwarding velocities so that the desired angular velocity serves as the control input of
the system. For velocity control problem, the proposed learning PD control method
can also be applied.

For lateral position control, the tracking errors are defined as follows.

yye d −=1
(2)

θθ −= de2
(3)

where e1 is the lateral error and e2 is the orientation error.
The objective of controller design is to specify a control law ωc such that the lateral

tracking error e1 and the orientation error e2 are minimized.
To solve the above path-tracking problem, a conventional PD controller computes

the control input ωc according to the following equation.

2211 ekekc +=ω (4)

where k1 and k2 are the gain coefficients. k1 is the proportional gain and k2 can be
viewed as the derivative gain since the orientation error determines the variation
direction of the lateral error.

3   The Adaptive-Critic Learning PD Controller

3.1   Architecture of the Adaptive-Critic Learning PD Controller

The path-tracking control system based on the proposed adaptive critic PD controller
is depicted in Fig.1.
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Fig. 1. Architecture of the self-learning PD controller

In Fig.1, yr is the desired output vector, y is the output vector of the robot system
and yd is the output of a reference model. The controller is composed of two main
parts, i.e., the PD gain module and the RL module.

The RL module in Fig.1 is an actor-critic learning control structure, which was
early studied in [11] and later in [7] and [12], etc. There are three parts in the actor-
critic structure, i.e., an actor network, a critic network and a reward function. The
actor network is used to fine-tune the PD gains through its output vector ∆K. The
error signal e serves as the inputs of the actor network as well as the critic network
and the reward function. The critic network has another input which is the reward r
determined by the reward function. The outputs of the critic network include an
evaluation function of the current state and a temporal difference (TD) signal. The
control output of the self-learning PD controller is given by

)()( yyKKu r
T −∆+= (5)

where K and ∆K are the fixed gain vector and the variable gain vector, respectively.

The reward function and the objective function for optimization are designed as
follows.

1ecrt = (6)

∑
=

=
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t
t

t rJ
0

γ
(7)

where e1 is the lateral error defined in Section 2, c is a constant or piece-wise constant
negative number and γ is a positive discount factor which is close to 1. Thus, when
the objective function J is maximized, the tracking error e1 will be minimized.

In the self-learning PD controller, the fixed gains may be selected based on a priori
information of the system so that existing parameter tuning methods for PID
controllers can be used and the learning process will be accelerated. In addition, better
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choice of the fixed PD part will greatly improve the stability and robustness of the
system since parameter tuning only takes place in the vicinity of the fixed gains.

3.2   MDPs and the Adaptive Critic Learning Method

To realize the above optimization objective without model information, the whole
system is modeled as an MDP and an improved adaptive critic learning method called
Fast-AHC [7] is used to learn a near-optimal control policy for the MDP.

A Markov decision process (MDP) is an elegant mathematical model for sequential
decision-making. To solve the optimal control problem of MDPs with model
information, lots of methods have been studied in operations research [10]. However,
in reinforcement learning, the model information of MDPs is assumed to be unknown,
which is more realistic in many complex applications such as mobile robot control.

To solve the MDP, the adaptive critic method uses the critic network to evaluate
the policy or predict the value functions and the actor network is employed to
estimate the policy gradient using a stochastic action exploration method. For the
formal definition of value function and policy evaluation, please refer to [10].

In adaptive critic learning, the policy evaluation in the critic is usually
accomplished by temporal-difference (TD) learning methods such as TD(λ)
algorithms [13]. The stochastic action exploration in the actor network can be
described as follows.

Let ∆K’ denote the output of the actor network. The actual action ∆K to be
performed is determined by the following Gaussian probability distribution

))(,(~ eKNK σ’∆∆ (8)

where ∆K’ is the mean value and σ(e) is the variance which is computed by

))(exp(1( 2

1

eVσ
σσ

+
=

(9)

where σ1 and σ2 are two positive constants and V is the value function estimation from
the critic network.

3.3   The Fast-AHC Algorithm for the Learning PD Controller

For the path-tracking control problem, the underlying MDP has continuous state
space so that neural networks need to be used for generalization and value function
approximation. In the proposed adaptive-critic learning controller, a neural network
with linear basis functions and two multi-layer neural networks with general sigmoid
functions are selected as the critic network and the actor networks, respectively. The
Fast-AHC algorithm proposed in [7] is applied to estimate a near optimal policy for
the path-tracking problem by tuning PD parameters online. As discussed in [7], the
Fast-AHC algorithm is an adaptive heuristic critic method using recursive least-
squares temporal-difference (RLS-TD) learning techniques. By making use of the
RLS-TD(λ) algorithm [7] in the critic, the efficiency of learning prediction for value
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functions is improved so that better control performance can be achieved in the
closed-loop learning control system.

Let x denote the state of the MDP and φ(x) denote the feature vector determined by
the critic network. The estimated value function using linear basis functions has the
following form:

WxxV T )()( ϕ= (10)

where W is the weight vector.
The RLS-TD(λ) algorithm used in the critic network has the following update

rules:
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where P0=δI, δ is a positive constant, I is the identity matrix and
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(14)

When the stochastic action exploration method in (8) is employed, the policy
gradient in the actor network is estimated by
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where

)()(ˆ 1 tttt xVxVrr −+= +γ (16)

The learning algorithm for the adaptive-critic learning PD controller is summarized
as follows.

(Algorithm 1)
Given: A stop criterion, maximal learning step T for one episode, learning
parameters including γ, λ, δ, β, σ1, σ2, and fixed PD gains K.

(1) Initialize the weights of the critic and actor networks.
(2) While the stop criterion is not satisfied,

(a) Initialize the states of the system, set time step t=0.
(b) For the current state st, compute the outputs of the actor network,

determine the variable PD gains ∆K according to (8).
(c) Compute the control output of the PD controller based on the

fixed PD gains and variable PD gains.
(d) Observe the next state of the system and the reward of the state

transition.
(e) Update the weights of the critic network according to (11)-(13).
(f) Update the actor weights according to the following equation:
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u
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∂
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where βt is a positive learning factor.
(g) If t<T, t=t+1, return to (b),

Else return to (2).

4   Simulation

To illustrate the effectiveness of the proposed adaptive critic learning PD controller,
computer simulation for the path tracking of a wheeled mobile robot was conducted.
In the simulation, to take the robot dynamics into consideration, the relationships
between the desired velocities and the real velocities are described by the following
first-order differential equations.

)()( tt ca ϖϖϖτ =+ (18)

)()( tvtvv cv =+τ (19)

where τa, τv are two positive constants.
  A time step t=0.05s is selected for the simulation and the time step for learning
control is 0.2s. Since only lateral control of the vehicle is considered, the robot
forwarding velocity is set to a constant v=0.4m/s.
  The reference model is chosen as

dd byy −= (20)

where b=0.2. The reward function has the following form:









<−
≤−≤−

>−−−
=

05.0,0

1.005.0,5.0

1.0,2

d

d

dd

t

yy

yy

yyyy

r (21)

The other parameters of the learning PD controller are selected as: λ=0.6,P0=0.1I,
β=0.2. A CMAC network is used in the critic, which has 4 tilings and 7 partitions for
each input. The number of physical memory units in the CMAC is set as 40 so that a
linear basis function with 40 features is employed in the critic network. Two multi-
layer neural networks are used as the actor networks which have 6 sigmoid neurons in
the middle layer and one output neuron in the output layer. There are 4 inputs for the
critic and the actor networks, which are the lateral error e1, the direction error e2 and
their derivatives. The variable PD gains determined by the actor networks have the
following form:                                            

)5.0( −×=∆ iii ck ϖ ,  i=1,2 (22)

where ω1 and ω2 are the stochastic exploration actions given by (8), c1=0.4, c2=0.8.



32      X. Xu, X. Wang, and D. Hu

In the simulation, the path-tracking performance of conventional PD controllers
with fixed PD gains is also studied. The reference path is a straight line with initial
lateral error e1=2.0m and initial direction error e2=0. The simulation results are shown
in Fig.2 and Fig.3. In Fig.2, the lateral tracking errors of a conventional PD controller
and the adaptive-critic learning PD controller are compared. The conventional PD
controller has fixed gains k1=0.2, k2=0.4, which are manually optimized. The learning
PD controller has the same initial gains as the conventional PD controller and its
performance is measured after a learning process of 10 trials. For each trial, the state
of the control system is re-initialized. In Fig.2, it is shown that the learning PD
controller obtains better tracking performance with shorter rising time and smaller
overshooting. In Fig.3, the variation of the lateral gain of the learning PD controller is
depicted, which clearly shows that the learning controller has the ability to adjust its
PD gains automatically so that better performance can be obtained.

   

     Fig. 2. Lateral tracking errors after 10 trials     Fig.3. Gain variation of learning controller

5   Experiments on a Real Robot

In this section, we will present experimental results on a real wheeled mobile robot to
study the performance of the proposed adaptive-critic learning PD controller. The
mobile robot is a six-wheeled robot based on the LABMATE platform manufactured
by TRC Inc. Fig.4 shows the closed-loop path-tracking control system of the robot.
There are two control loops in the system. One is the inner loop of the HP motion
controller for the motor speed and the other is the outer loop of the path-tracking PID
controller.

The path-tracking task of the robot is as same as that in the simulation. The initial
position error e1=0.25m. The velocity of the robot in the experiment is set as a
constant v=0.35m/s. The learning algorithm and parameters are almost as same as
those employed in the simulation except that the sampling time for the controller is
400ms.  The experimental results are shown in Fig.5 and Fig.6, where the solid line in
Fig.5 shows the tracking error of the learning PD controller after 2 trials and the solid
line in Fig.6 shows the learning tracking error after 4 trials. The dotted lines in Fig.5
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Fig. 4. The closed-loop control system of the robot

      

Fig. 5. Tracking errors after 2 trials                Fig. 6. Tracking errors after 4 trials

and Fig.6 are the tracking errors of a conventional PD controller. The results clearly
illustrate the adaptive optimization ability of the reinforcement learning PD control
method.

6 Conclusion and Future Work

In this paper, an adaptive-critic learning PD control method is proposed for mobile
robot path tracking problems so that the uncertainties in robot control can be
compensated automatically by reinforcement learning. By modeling the performance
optimization of PD controller as an MDP, the adaptive critic learning structure using
the Fast-AHC algorithm based on RLS-TD learning prediction is employed to
estimate the near optimal policy of the MDP efficiently. Simulation and experimental
results illustrate the effectiveness of the proposed method. Since stability is one of
main concerns of controller design, further work needs to be done to develop the
stability mechanism as well as theoretical analysis of the self-learning PD controller.
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Abstract. In view of the collision avoidance problem of multi-moving-
obstacles in path planning of mobile robot, we present a solution based on
reinforcement learning and ART2 (Adaptive Resonance Theory 2) neural
network as well as the method of rule-based collision avoidance. The
simulation experiment shows that the solution is of good flexibility and can
solve the problem on random moving obstacles.

1 Introduction

Recently, one of the hottest topics in robotics is mobile robot system. A key point in
the research of mobile robot system is collision avoidance. Mobile robot can get the
obstacles position by sensors, also can plan path using graphic method, free space
method, grid method, artificial potential field method and so on. These methods are
effective in static environments, but are difficult to solve the problem on dynamic
environments.

Chun-Ta Chen [1] presented a collision avoidance system (CAS) based on the
research of cockroach avoiding to be caught. He solved the problems by recognizing
moving-obstacle and selecting collision avoidance behavior (for short as CAB), but
the system failed to solve the problem of avoiding multi-obstacles.

In this paper, we propose a method of rule-based robot collision avoidance. We
use reinforcement learning (RL) to acquire collision avoidance rules (for short as
CAR) automatically and adopt ART2 neural network to integrate RL and neural
network to decrease the memory required for rule storing.

2   Rules-Based Collision Avoidance Method of Mobile Robot

2.1    The Acquisition of Obstacle Moving States

According to the mechanism of collision avoidance proposed by [1], we suppose that
the moving velocity and direction of mobile robot (R) are known. According to the
information of obstacle (O) position relative to R, CAS can compute the moving state
of O, such as moving direction, velocity, present position and so on (shown as Fig. 1).
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The velocity VR and direction θ R of R relative to Cartesian coordinate are known.
The angel (θ old, θ new) and the displacement (dold, dnew) of O relative to R in time t and
(t+ ∆ t) can be measured by sensors, the velocity Vo and direction θ o of O relative to
Cartesian coordinate can be computed by regular mathematic formulation.

2.2 The Definition of Collision Avoidance Rules (CAR)

R acquires the O’s position information through sensors and adopts corresponding
CAB (collision avoidance behavior) based on the position state. But the behaviors of
R (including acceleration, deceleration, deflection and so on) is limited. We disperse
CABs of R into a set of behavior space. A CAB is composed of deflection angle and
motion acceleration. The problem can be simplified as the selection of a CAB from
behavior table according to O and R’s state. A CAR (collision avoidance rule) is
composed of O state, R state and a behavior of robot collision avoidance, which can
be formally defined as:

Rij: IF state parameter of R, state parameter of O, THEN deflection angle of R,
acceleration of R.

When R collides with O, R selects a proper CAB from behavior space table based
on rules stored in system. R will select a new rule according to new state. In this way,
R can arrive at destination without collision by repeating this process.

2.3 Evaluation and Selection of Reinforcement Learning (RL) Based CAB

RL is another machine learning method different from supervised learning and
unsupervised learning. It can optimize the decision of behavior via estimating
feedback signals got from interactive process with environment, so it is more valuable
in solving complex optimization control problem. We use it to automatically evaluate
and select CAB. The flow chat of RL is shown as Fig. 2.

Completed Learning 

Updating 

Rule Acquirement 

Rule 
Library 

Avoiding behavior choosing 

Behavior Evaluation 

Evaluation based Learning 

           Fig. 1. System State of CAS                                     Fig. 2. Flow chat of RL

We define an evaluation score table composed of an evaluation score Sij for each
possible CAB in the behavior space. Where i represents the ith motion deflection
angle, j represents the jth acceleration. Mobile robot selects a minimum PBij of CAB
in present state according to formula (1).

PBij= ∆δ diri + ∆ϕ spj +η /Sij (1)
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Where △diri is the change value of present collision avoidance acceleration, △spj

is the change value of deflection angle; Sij is the evaluation score of CAB, δ , ϕ ,η  are
their corresponding weight vector, respectively. PBij is the integrated evaluation value
of CAB in present state.

In the state of initial learning, each CAB has the same initial evaluation score.
Every R selects a CAB with minimum PBij in both initial learning and subsequent
learning, and uses evaluation function E to evaluate the behavior based on feedback
information of environment. E is defined as formula (2).
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Where α and β are the weight parameters of each standard. |△dir| and |△sp| are
the change values of present acceleration and present deflection angle, γ  and λ  are
positive constant.

When a CAB is selected and executed, Sij is recomputed as formula (3).

Snew=Sold+E (3)

If collision happens, E is negative which decreases the score of present behavior;
otherwise E is positive which increases the score. So the meaning of E is that if there
is no collision happens, the behavior with minimum change of motion state will get
maximal score.

3   ART2 Neural Network Based Collision Avoidance System

With the increase of obstacles and parameters, the number of control rules increases
exponentially. Therefore, large memory is needed to store rules if we use traditional
way to implement above RL solution. In order to decrease memory space, we propose
an ART2 neural network based CAS with RL (for short as ART2CAS) to realize
machine learning and store CARs.

3.1   The Structure of ART2CAS

ART2 is designed for classifying arbitrary sequence model and simulating input
model. It can classify input vector in any precision. The structure of ART2CAS is
shown as Fig. 3.
Neural network controlling: It is composed of an ART2 neural network shown in
Fig. 4, whose main function is to store control rules and do the inference based on
input state. The inputs of F1 layer represent linguistic variables of precondition,
namely the state of robot and obstacles, and each class of F2 layer represents
linguistic variable of conclusion for each rule, namely a group of CABs.
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Fig. 3. System structure of ART2CAS                 Fig. 4. ART2 neural network structure

Rule executing and state collecting: Executing the rule and taking charge to collect
system state information for the use of other modules.
Reinforcement learning evaluation: The main function of this module is to provide
the evidence of evaluation for RL algorithm. It analyzes the conclusion of present rule
and gives the value of evaluation function E to other modules based on formula (2).
The RL algorithm needs to continuously evaluate the system capability to confirm the
intensity of award or punishment; thereby the optimal control output is acquired.
Automatic rules selecting: This module provides a RL algorithm based neural
network learning process without input and output samples knowledge. The input of
module is the system state and the value of evaluation function E. If E is larger than
some given threshold, the system selects the present rule. Otherwise, the system does
the reasoning again and selects a group of CABs by neural network, moreover
executes the CABs by the executing module. Then the module of RL evaluation
evaluates system to get E.  The process is repeated.

3.2   The Learning Algorithm of ART2 Neural Network

The typical learning algorithm of ART2 neural network is unsupervised. After given a
uniform threshold, neural network shown in Fig 4 can automatically classify the
inputs. In order to automatic acquire CARs, we modify the learning algorithm. For
each group of input state, ART2 neural network relearns the state no longer based on
uniform threshold, but based on a changeable evaluation function E for each input.
This is the process of the rule generation of collision avoidance.

The modified learning algorithm of ART2 neural network is as follows:

(a) Initializing the linked weight matrix and gain control G1.
(b)Given a input state, namely given the neural network input X=(x1, x2,…,xn),
x∈{R}n.
(c) The input layer Cp exports vector C=X and weights the weight vector of
competitive layer Rg from bottom to top, gets the total input uj=CBj,j∈{1,2, …,m}
of jth node in Rg layer.
(d) Nodes of Rg layer compete based on the competitive learning rules. The system
selects the node with the maximal input value

),,2,1{
* }max{

mj
jj

uu
…∈

= , i.e. the jth node of Rg layer

win the competition.

The module of

automatic rules

The module of
reinforcement
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(e) Information evaluation.  The system selects the CAB of present winning node as
system output, the module of RL evaluation computes the E based on the information
acquired from outside. If the result is larger than given threshold, the system takes j*
as the winning node, (i.e. a rule defined by present state and CAB), the algorithm
turns to step (f), otherwise system sends reset signal, sets j* node to be inhibition state
and turns to step (c).
(f) Modifying the weight vector of network. The system modifies the weight vector
sent by the winning node of Rg layer from top to bottom and from bottom to top.
When the input which is similar to X appears again, it will win easily.
(g) Getting rid of the inhibition state of the node setting in step (e) and turn to step (b)
to wait for the next input.

In the simulation program of our research, evaluation function E has been
simplified to be two kinds of evaluation, one for successful collision avoidance and
the other was for failure one. If no collision, the neural network modified weight
vector in order that present rule is more possible to be selected when similar input
state happens next time, otherwise restrain present optimal matching rule and select a
new optimal rule which can avoid collision successfully.

4     Simulation Experiment and Analysis

In our simulation environment, mobile robot R and moving obstacles O1, O2 are
moving on a 20×20 unit plane. The R’s velocity is 0.5 units, and its moving direction
is π/2 in polar coordinates and keeps constantly. The position of O1 and O2 are
distributed at random, and their velocity and direction value are also produced at
random.

In simulation one, we place two obstacles, the maximum deflection angle is ±300,
and the maximum acceleration is ±0.02 unit. In the behavior space table, Robot can
only change its angle in 50, and acceleration is 0.005 units. Each obstacle’s state can
be described as four parameters (velocity, direction, x coordinate, y coordinate). The
F1 layer of ART2 neural network has 12 nodes corresponding to 12 state variables of
robot and obstacles. The F2 layer has 117 nodes corresponding to robot’s 117 CABs.
Fig. 5(a) shows that collision is inevitable when ART2CAS is not active. After using
our ART2CAS, robot chooses the optimal behavior after 6 times RL shown as Fig.
5(b). At that time robot’s deflection angle is 250, and its acceleration is zero. The
robot avoids the obstacles O1 and O2 successfully with the CAR selected by RL and
stores CAR in neural network (shown as Fig. 5(c)).

                                                                 

     Fig. 5.(a) Situation of Collision                            Fig. 5.(b)  Learning of ART2CAS

In simulation two (shown as Fig. 6), there are two obstacles, the nodes of each
layer in neural network is the same as simulation one. The motion states of obstacles
(initial position, velocity and direction) are at random in order to produce enough
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         Fig. 5.(c) Successful learning of           Fig. 6.  Learning of Multi-obstacles
        ART2CAS                                       collision avoidance

collision states. After using our ART2CAS to learn and train repeatedly, the robot
stores enough CARs so as to avoid two obstacles with random velocity and random
position successful.

In case of more obstacles or mobile robots, we just need to respectively modify
the node number of F1 layer based on the obstacles and mobile robots as well as the
node number of F2 layer based on the redefined CAB space table of robot in order to
set up new neural network structure. Our ART2CAS can handle the collision
avoidance problem with the corresponding number of obstacles completely.

5   Conclusion

The paper has given a collision avoidance system based on RL algorithm and ART2
neural network (ART2CAS) against the collision avoidance problem of robot on the
condition of multi-motion-obstacle. The simulation experiment indicated that
appropriative memory space of the system was far decreased and the system could
solve the problem of collision avoidance of any motion obstacles. The system can
deal with the collision avoidance problem on the complex condition of having static
and dynamic obstacles at the same time, since the static obstacle can be viewed as a
dynamic obstacle with zero velocity.
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Abstract. Based on Feedback-Error-Learning (FEL), an adaptive dynamic in-
verse control approach for single-axis rotational maneuver of spacecraft with
flexible appendages by use of on-off thrusters is discussed. This approach uses
a conventional feedback controller (CFC) concurrently with a Nonlinear Auto-
Regressive Exogenous Input (NARX) neural network, and the NARX neural
network can act dynamic adaptive inverse feed-forward controller, which is
adapted on-line using the output of the CFC as its error signal, to improve the
performance of a conventional non-adaptive feedback controller. The neural
network (NN) does not need training in advance, and can utilize input and out-
put on-line information to learn the systematic parameter change and unmo-
deled dynamics, so that the self-adaptation of control parameter is adjusted.
However, the CFC should at least be able to stabilize the system under control
when used without the neural network. The numerical simulations have shown
that the control strategy is effective and feasible.

1   Introduction

Modern spacecrafts often employ large flexible structures such as solar arrays, while
requirement for attitude control performance becomes more stringent. For attitude
operations that require small control actions, reaction or momentum wheels are used.
However, during orbital correction maneuver, the required torque is normally too
high for reaction wheels. Therefore, thrusters are normally used for attitude control
during these maneuvers. Thrusters are on-off devices and are normally capable of
providing only fixed torque. Achieving high attitude control performance using
thrusters is a challenging task for flexible spacecraft, where thruster firings could
excite modes resulting attitude control instability or limit cycles. Research toward this
end has been focused mainly to seek efficient methods to convert continuous input
commands to on-off signals suitable for controlling on-of thruster. Pulse modulators
are commonly employed due to their advantages of reduced propellant consumption
and near linear duty cycle in Refs. [1-2]. On-off thruster firing, no matter the method
of modulation, will introduce vibration to the flexible structures to some degree,
which will reduce the precision pointing of the onboard payloads. The investigation
of methodologies using artificial neural networks for control of light weight materials
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with distributed flexibility in advanced space applications has been the subject of
intensive research in the recent years in Ref. [3-5]. Based on their inherent learning
ability and the massively parallel architecture, neural networks are considered prom-
ising controller candidates, particularly for nonlinear and uncertain systems. These
characteristics have motivated the present research towards the development of neural
network control methodologies that make use of real time controller tuning and of
output measurements to cooperate the CFC to increase performance. Song et. al. [6]
have proposed a hybrid controller for gas tubine applications by using Multilayer
Perceptron (MLP) neural network with classical LQG/LTR controller. Apolloni et. al.
[7] have proposed a hybrid control strategy in satellite attitude control using a PID
and MLP neural network. But in their approach a neural network was being trained in
an off-line manner. Kawato et. al [5] proposed a feed-forward controller learning
scheme, which uses a feedback signal as the error for training a NN model. They call
this learning method feedback-error-learning. As for the structure of the neural net-
work, the dynamic neural network NARX neural network in Ref. [8] is general
enough to approximate any nonlinear dynamical system in Ref. [9], and has self-
feedback to be adapted using a method such as Real-Time Recurrent Learning [10] or
Back-Propagation Through Time [11]. A feed-forward neural network is one whose
input contains no self-feedback of its previous outputs. Its weights may be adapted
using the BP algorithm.

In this paper, based on NARX neural network acting as a feed-forward controller,
we propose an adaptive inverse control approach using FEL that is based on the out-
put of a previously adjusted conventional feedback controller (CFC) with fixed pa-
rameters. The neural network aims to improve the performance of a conventional
non-adaptive feedback controller. Nevertheless, The CFC should at least be able to
stabilize the system under control when used without the neural network.

2   Mathematical Modeling

The slewing motion of a rigid hub with appendages attached to the hub is graphically
presented in Fig.1. [12]. The rotational motion only without any translation of the
center of mass of the whole structure is considered in this paper. The center rotation is
denoted as θ, and the deflection of the appendage is represented by w(x,t). The gov-
erning differential equations of motion can be derived from the extended Hamilton’s
principle which states that

( )d 0L W tδ δ+ =∫ (1)

Where L=T-U represents system Lagrangian as a difference between kinetic and
potential energy of the system, and δW=δθu is the virtual work by non-conservative
control torque applied at the center body. Therefore, the governing equations of mo-
tion for the spacecraft model are given by
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where Ic is the moment of inertia of the center body, ρ is linear mass density of the
appendage, EI is the elastic rigidity of the flexible structure, mt is the tip mass, b is the
radius of sphere l is the distance from the center origin to the tip of the flexible struc-
ture, and u is the control torque applied by the actuator located at the center hub.

Fig. 1. Spacecraft model with single-axis rotation

The flexible dynamics are also governed by the boundary conditions at the root and
tip of the structure such as

( , )
( , ) 0   at  

w x t
w x t x b

t

∂= = =
∂

(3a)

2 3 2

2 3 2

( , ) ( , ) ( , )
0     at  t

w x t w x t w x t
EI EI m l x l

x x t
θ ∂ ∂ ∂= = + = ∂ ∂ ∂ 

(3b)

The target maneuver is single axis rotational rest-to-rest maneuver about body axis
with simultaneous vibration control. The solar array is under bending deflection only
and tends to vibrate due to the coupling effect with the rigid body rotation. The dy-
namics are therefore coupled motion between the center body rotation and flexible
deflection of the solar array model.

3   Control Strategy

In this section, a dynamic adaptive inverse feed-forward controller design method
using FEL algorithm, based on NARX neural network, is presented for the single-axis
rotational maneuver control of spacecraft with flexible appendages. This control law
design needs two steps. The first step is to design a classical controller, PD controller,
which should be able to stabilize the system under control when used without the
neural network. Then a dynamic adaptive inverse feed-forward controller is to design
to improve the performance of a conventional non-adaptive PD controller.
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3.1   PD Controller Design Based on Lyapunov Technique

The Lyapunov control design process starts with a choice of a candidate Lyapunov
function. The choice here is taken as the following form, which is a modification of
the form used in Refs. [13,14].
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where θf is a final target attitude, and it is obvious by inspection that imposing
a1,a2>0, guarantees that V≥0 and that the global minimum of 0V =  occurs only at the
zero state. The Lyapunov function is a combination of the structure energy and error
energy with respect to an equilibrium point
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Time derivative of the Lyaounov function with the governing equations and boundary
conditions yields

[ ]2 3 1 2
( ) ( )

f
V u a a bM Mθ θ θ= + − + − (6)

where a3=a1-2>-2 is parameters to guarantee positiveness of the Lyapunov function,
and
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A simple choice of the controller design can be written the following form

4 2 ( )fu a aθ θ θ= − − − (8)

where 
3

0a = ,and 
4

0a >  is another design parameter for which 2

4
0V a θ= − ≤ .

The control law in equation (8) is a typical PD controller using center body angular
information The controller is therefore robust, and easy to implement. Stability of the
closed-loop system is guaranteed irrespective of mathematical modeling errors. How-
ever, even though stability is guaranteed by the control law with two feedback gains,
the performance requirement of the closed-loop system may not be satisfied auto-
matically, which will be discussed later on.
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3.2   Adaptive Dynamic Inverse Feed-Forward Controller

The neural network controller adopts three layers NARX neural network, which is
general enough to approximate any nonlinear dynamical system in Ref. [13]. The
control strategy structure is shown in Fig.2. Generally speaking, a feed-forward neu-
ral network is one whose input contains no self-feedback of its previous outputs. Its
weights may be adapted using the popular back-propagation algorithm. For the
NARX neural network, it has self-feedback and must be adapted using a method such
as RTRL, or BPTT. Although compelling arguments may be made supporting either
algorithm, we have chosen to use RTRL in this work, since it easily generalizes as is
required later and is able to adapt neural network used in an implementation of adap-
tive inverse control in real time. In term of the results in Ref. [3] how to adapt a feed-
forward neural network and how to compute Jacobians of a neural network, it is a
simple matter to extend the back-propagation algorithm to adapt NARX filters. The
presentation is as follows. An NARX filter computes a function of the following
form:

1 1 2( , , , , , , , , ) k k k k n k k k my f x x x y y y W− − − − −= (9)

To adapt using the familiar “sum of squared error” cost function, we need calculate
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where the first term ∂yk/∂W is the direct effect of a change in the weights on yk, and is
one of the Jacobians calculated by the back-propagation algorithm. The second term
is zero, since dxk-1/dW is zero for all k. The final term may be broken up into two
parts. The first, ∂yk/∂yk-1, is a component of the matrix ∂yk/∂X, as delayed versions of yk

are part of the network’s input vector X. The back-propagation algorithm may be used
to compute this. The second part, dyk-1/dW, is simply a previously calculated and
stored value of dyk/dW. When the system is “turned on,” dyk-i/dW are set to zero for i =
0,-1,-2,…, and the rest of the terms are calculated recursively from that point on.

Note that the back-propagation procedure naturally calculates the Jacobians in
such a way that the weight update is done with simple matrix multiplication. Let
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(11)

The latter is simply the columns of corresponding to the feedback inputs to the net-
work, and is directly calculated by the back-propagation algorithm. Then, the weight
update is efficiently calculated as
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According to the general back-propagation algorithm, the adaptation signal used
to adjust neural network controller is error signal of input to plant. Search suitable
adaptation signals used to train network being important problem. The advantage of
the BPTM (back-propagation through model) approach in adaptive inverse control
theory is that nonlinear dynamic inversion may be computationally intensive and
precise dynamic models that may not be available in Ref. [3]. However, it is conven-
ient for FEL to adopt directly output of a feedback controller with fixed parameters to
adapt a NARX neural network, without the need of the plant’s model. Combined
these characteristic, adaptive dynamics inverse control scheme based on the FEL
algorithm using NARX network is proposed in this paper.

Fig. 2. Adaptive inverse control approach Feedback-Error-Learning

In Fig.2, let Φ(.) be the function implemented by the NARX network controller

1 2 1( , , , , )k k k k m k k k q Cu u u u r r r W− − − − −= Φ (13)

The learning rule used is based on Hebbian learning scheme in the following form:
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where η is the adaptive learning rate, uFB is the learning error. The NARX neural
network can self-adapt to minimize the feedback error uFB. Using (14) and the chain
rule for total derivatives, the learning algorithm adopting RTRL can be made the
following form
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where the first term is the Jacobian ∂uk/∂uk-j, which may be computed via the back-
propagation algorithm. The next term, duk-j/dWc is the current or a previously com-
puted and saved version of duk/dWc, computed via (15). Here duk/dWc as expanded in
(15) has the same in form as (10) and can be computed in the same way.
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4   Simulation Results

In order to test the proposed control schemes, numerical simulations have been per-
formed. The numerical model of the spacecraft is from the Ref. [12]. The low-
frequency modes are generally dominant in a flexible system, in this paper, and the
first two modes frequency are 3.161rad/s and 16.954rad/s, respectively.

The model is placed into state space in preparation for digital simulation using
the MATLAB/Simulink software package. The original hybrid differential equation
of the motion can be discretized into a finite dimensional mathematical model. The
mathematical model is developed for simulation study and the model-based control
law design. The flexible displacement is approximated as

2

1

( , ) ( ) ( )i i
i

w x t x tφ η
=

=∑ (16)

where φi(x) i=1,2 is the ith shape functions to be obtained by solving a characteristic
equation for a cantilevered beam problem, and ηi is the ith generalized coordinates for
the flexible deflection. The finite dimensional equations of motion in matrix form can
be written as

0 0 1

0 0

cI M
u

M M K
θη

ηθ ηη ηη

θθ
ηη

+ =
        
        

       
(17)

element mass and stiffness matrices (Mθη, Mηη, Kηη) are computed by using La-
grange’s equation, and η=[η1 η2]

T is the flexible coordinate vector. The state-space
representation of the system equation is

,        .x Ax Bu y Cx Du= + = + (18)

where the state vector is defined as [ ]x θ η θ η= . The output y is the vector of

the states; hence, C is an 6×6 identity matrix, and the feedback values of angular
position and rate are measured exactly.

In the simulation, the neural network controller adopts three layers NARX network
with with 3 regressive exogenous input and 50 delay input version. The hidden and
output network layers used hyperbolic tangent and linear functions respectively. The
adaptive learning rate in (14) is of the following form in the simulation:

0 .

0

/(1 )| tanh( ) |
k

n

k i
i

K eηη η −
=

= + ∑ (19)

where Kη=10, n=3 and η0=0.001.
These parameters were adjusted empirically. And the choice of the PD parameter

is based on Lyapunov technique considering the stability of the system, the time of
convergence and the final performance. The single-axis rotational maneuver com-
mand is 60 degree. Fig.3(a) shows the angle slew of the flexible spacecraft when the
PD controller is used alone, and the amplitude of the angle error at the end of maneu-
ver is about 1.6 degree, and the angle velocity is about 0.2deg/s shown in Fig.4(a),
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which is a poor results and can not satisfy the requirement of the precision pointing of
the onboard payloads. This results from the coupled motion between the center body
rotation and flexible deflection of the solar array model, and the vibration of the
modes will reduce the precision pointing. It should be noted that there still exists
some room for improvement with different design parameter sets of PD. But there is
not much improvement in the maneuver angle and angle velocity response using on-
off thruster.

In order to improve the precision pointing, we use the PD controller concurrently
with a NARX neural network acting dynamic adaptive inverse feed-forward control-
ler, which is adapted on-line using the output of the PD controller as its error signal.
The angle slew of the flexible spacecraft with PD and NN controller is shown in
Fig.3(b), and the error of the angle at the end of maneuver is about 0.06 degree, and
the angle velocity is about 0.02deg/s shown in Fig.4(b).

Fig. 3. (a) 60° Slew with PD control (left) and (b) with PD+NN control (right)

Fig. 4. (a) Angular velocity response with PD control (left) and (b) with PD+NN control (right)

Fig. 5. (a) The first two modal displacements η1, η2 with PD control (left) and (b) with PD+NN
control (right)

For comparative purposes, the displacements of the first two modes are also shown
in Fig.5(b) and Fig.5(a), respectively, for the PD+NN case and the PD controller
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alone. The PD+NN control strategy can effectively suppress the vibration of the
flexible modes, which mean that the NN was able to filter out the higher frequency
mode vibration of the flexible solar array.

5   Conclusions

A single-axis rotational maneuver control of spacecraft with flexible appendages
using a conventional feedback controller (CFC) concurrently with a NARX neural
network is discussed in this paper. Based on Feedback-Error-Learning scheme, the
NARX neural network acts dynamic adaptive inverse feed-forward controller, which
is adapted on-line using the output of the CFC as its error signal, to improve the per-
formance of a conventional non-adaptive feedback controller. It is shown how the
network can be employed as a multivariable self-organizing and self-learning con-
troller in conjunction with a PD controller for attitude control of a flexible spacecraft.
In contrast to the previous classical approaches, the designed controller can utilize
input and output on-line information to learn the systematic parameter change and
unmodeled dynamics, so that the self-adaptation of control parameter is adjusted. The
problem of accuracy and speed of response has all been addressed and through an
example, the capability of the proposed control scheme is illustrated.

Future research will investigate the performance of this neural control approach
when used to suppress vibration in real time, and is planted to study the digital im-
plementation of the control scheme on hardware platforms for attitude control ex-
perimentation.
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Abstract. The control of an unknown multivariable nonlinear process
represents a challenging problem. Model based approaches, like General-
ized Minimum Variance, provide a flexible framework for addressing the
main issues arising in the control of complex nonlinear systems. However,
the final performance will depend heavily on the models representing the
system. This work presents a comparative analysis of two modelling ap-
proaches for nonlinear systems, namely Artificial Neural Network (ANN)
and Gaussian processes. Their advantages and disadvantages as building
blocks of a GMV controller are illustrated by simulation.

1 Introduction

The control of a nonlinear multivariable system is a difficult task due to the num-
ber of variables involved and the complex coupling among inputs and outputs.
This problem is even worse if the model of the system is unknown.

The use of a flexible modelling technique, such as artificial neural networks
(ANN), for controlling Multivariable Nonlinear systems has been addressed from
a theoretical point of view and illustrated by simulation in [4]. A design method-
ology based on the idea of a model reference and ANN is also developed. Gener-
alized Minimum Variance control approach is a versatile and very popular for-
malism for designing linear self-tuning controllers [1], Gawthrop has also shown
that model reference and self-tuning controllers are closely related. The GMV
controllers can be enhanced to deal with nonlinear systems if nonlinear models
are considered. ANN models, in this context, were first proposed by [2]. In [3]
an extension to a multivariable system is presented, but in this case a linear
model extended by a ANN was considered. A typical assumption used in these
approaches is the ”Certainty Equivalence principle” under which the controller
is designed in terms of the identified model as if the model were the real process.

There has been an increase of interest in the use of Gaussian Process priors as
alternative to ANN [9,5,8]. Mackay describes in his seminal paper the similarity
� This work was supported by Fondecyt project 1040486
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and differences of both approaches from a statistical perspective [5]. In [6] a MV
adaptive controller for single-input single-output system based on GP is pre-
sented. One of the main advantages of this modelling approach is that provides
a direct estimation of the output variance, which is normally ignored by other
methods. This is a relevant information for control design, since it allows the
design of self-tuning controllers without resorting to the Certainty Equivalence
principle.

Without losing generality, this work considers the MIMO systems as multi-
loop systems, consisting of several SISO systems where coupling effects are con-
sidered as disturbances.

This paper is organized as follows: section 2 describes the GMV approach
for control design. Section 3 presents briefly models used to approximate the
system and the resulting expression for GMV controllers. Section 4 illustrates by
performing simulations, the main characteristics of both modelling approaches.
Some final remarks are given in section 5.

2 Multivariable Generalized Minimum Variance
Controller

Let us consider the Multivariable nonlinear system described by the following
affine in the control structure:

Y(k + 1) = F (X(k)) + G(X(k))U(k) + Ξ(k) (1)

where Ξ is a vector of Gaussian zero mean random noise, Y(k) = [y1(k) . . . yn(k)]T ,
U(k) = [u1(k) . . . um(k)]T , n the number of outputs and m the number of inputs.
The vector X represents a vector with all the past information as described by:

XT (k) = [Y(k)T Y(k − 1)T . . .Y(k − r)T U(k − 1)T U(k − 2)T . . .U(k − s)T ]
(2)

The integers r and s are the number of delayed inputs and outputs respectively
necessary for describing the system. As pointed out in [2] the affinity property
represents more an advantage for designing the controller, rather than a mod-
elling constraint. In the generalized minimum variance control approach, the
performance index is:

J = E{E(k + 1)T QE(k + 1)} + U(k)T R(q−1)U(k) (3)

where E(k +1) = Yd(k +1)−Y(k +1), the matrix Q is definite positive matrix
and R is polynomial matrix in the backward shift operator q−1 . The expected
value of the quadratic error term can be expanded in terms of the variance and
the mean values as follows:

E{E(k + 1)T QE(k + 1)} = (4)
(Yd(k + 1) − µY (k + 1))T Q(Yd(k + 1) − µY (k + 1))

+
n∑

j=1

qjjvar{yj(k)} +
n∑

i=1

n∑

j=1

qijcovar{yi(k)yj(k)}
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where µY represents a vector having the mean value of each output; i.e. µY =
[µy1 . . . µyn ]T .

Without losing generality we will consider Q = diag[q1 . . . qn] and R(q−1) =
diag[R1(q−1) . . . Rn(q−1)]. The necessary condition for ui(k) being a minimum
of the cost function 3 is:

E(k + 1)T Q
∂E(k + 1)

∂ui(k)
+ Ri(q−1)ui(k) +

n∑

j=1

qjj
∂var{yj(k)}

∂ui(k)
= 0. (5)

3 Modelling Approaches

3.1 ANN Models

Every output of the nonlinear system is represented by a set of ANNs structured
as follows:

yj(k + 1) = NNj,0(k) +
m∑

l=1

NNj,l(k)ul(k) (6)

where

NNj,l(k) = Wj,lσ(Vj,lX(k)). (7)

The uncertainty associated with each output can be estimated by several stan-
dard confidence bound estimation algorithms [7], [10] which normally gave sat-
isfactory results. However, the size of the estimated confidence interval could be
biased [11]. A more important issue that hamper the application of these esti-
mates in a control algorithm is the fact that they depends on a Jacobian matrix
in a very complex form, making impossible their use in the control algorithm. In
addition, they are usually expressed as uncertainty of parameters (even though
the parameters often have no physical interpretation), and do not take into ac-
count uncertainty about model structure, or distance of current prediction point
from training data used to estimate parameters. Thus, we will consider the out-
puts of the ANN as if they were the real output; i.e. we will apply the “certainty
equivalence principle”. In this way, equation (5):

n∑

j=1

qjj

[
yd

j (k + 1) − NNj,0(k) +
m∑

l=1

NNj,l(k)ul(k)

]
NNj,i + Ri(q−1)ui(k) = 0

(8)

From this set of equations we can obtain the control as follows:

U(k) = M(k)−1




∑n
j=1 qjj

[
yd

j (k + 1) − NNj,0(k)
]
NNj,i(k) − R̄1(q−1)u1(k)

...∑n
j=1 qjj

[
yd

j (k + 1) − NNj,0(k)
]
NNj,m(k) − R̄m(q−1)um(k)




(9)
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M(k) =




r10 +

∑m
j=1 qjjNNj,1(k)2 . . .

∑m
j=1 qjjNNj,m(k)NNj,1(k)

...∑m
j=1 qjjNNj,1(k)NNj,m(k) . . . rm0 +

∑m
j=1 qjjNNj,m(k)2





(10)

where R̄i(q−1) = ri0 + ri1q
−1... is a polynomial of order p.

3.2 GP Models

Let us consider the jth output of the system be described as:

yj(k + 1) = Fj(φ(k)) + εi(k) (11)

where φ(k)T = [XT (k) UT (k)]T . Instead of parameterising the system (1) as a
parametric model, we can place a prior directly on the space of functions where
Fj is assumed to belong. A Gaussian process represents the simplest form of
prior over functions, we assume that any p points have a p-dimensional multi-
variate Normal distribution. Let the input and output sequence be stacked in the
following matrix ΦN and vector yN , respectively. We will assume zero mean, so
for the case with partitioned data yN and y(k +1) we will have the multivariate
Normal distribution,

[
yN

y(k + 1)

]
∼ N (0,CN+1) , CN+1 =

[
CN K
KT κ

]
. (12)

where CN+1 is the full covariance matrix. Like the Gaussian distribution, the
Gaussian Process is fully specified by a mean and its covariance function, so
we denote the distribution GP (µ, C). The covariance function C(φ(k), φ(l)) ex-
presses the expected covariance between y(k +1) and y(l+1). We can therefore,
infer y(l +1)’s from the N data pairs ΦN and yN ’s rather than building explicit
parametric models.

As in the multinormal case, we can divide the joint probability into a marginal
Gaussian process and a conditional Gaussian process. The marginal term gives
us the likelihood of the training data,

P (yN |ΦN ) = (2π)− N
2 |CN |− 1

2 e(− 1
2yT

NC−1
N yN). (13)

The conditional part of the model, which best relates to a traditional regression
model is therefore, the Gaussian process, which gives us the output posterior
density function conditional on the training data ΦN ,yN and the test points
φ(k),

P (y(k + 1)|ΦN ,yN , φ(k)) =
P (y(k + 1),yN )

P (yN )
=

1
(2πσ̂2

y)
1
2
e
− (y(k+1)−µ̂y)2

2σ̂2
y ,

where, as in the straightforward multinormal case described earlier,

µ̂yi = KT C−1
N yN var{yi} = σ̂2

y = κ − KT C−1
N K, (14)
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so we can use µ̂(φ(k)) as the expected model output, with a variance of σ̂(φ(k))2.
These expressions can be simplified [6] to obtain:

µ̂yj = ωj,0 +
m∑

l=1

ωj,lul(k) = ωj,0 + ΩT
j U(k) (15)

var{yj} = σj,0 +
m∑

l=1

γj,lu(l) +
m∑

i=1

m∑

l=1

σj,ilul(k)ui(k) (16)

= σj,0 + U(k)T Γj + U(k)T ΣjU(k). (17)

where σj,0, ωj,0, Γj , and Σj are all functions of time depending on the data
gathered up to time k and the set of parameters associated to the covariance
functions. Thus, the control signal is obtained as:

U(k) = M(k)−1




∑n
j=1 qjj

[
yd

j (k + 1) − ωj,0(k)
]
ωj,1(k) + γj,1 − R̄1(q−1)u1(k)

...∑n
j=1 qjj

[
yd

j (k + 1) − ωj,0(k)
]
ωj,m(k) + γj,m − R̄m(q−1)um(k)




(18)

M(k) =




r10 +
∑m

j=1 qjjωj,1(k)2 + σj,11 . . .
∑m

j=1 qjjωj,m(k)ωj,1(k) + σj,1m

...∑m
j=1 qjjωj,1(k)ωj,m(k) + σj,m1 . . . rm0 +

∑m
j=1 qjjωj,m(k)2 + σj,mm




(19)

Notice that equations (18) and (19) have additional terms compared to (9) and
(10). As pointed out in [6] these terms provide extra robustness in the face of
uncertainty in the output estimation.

4 Simulations

In order to illustrate the main characteristics of both models, the following mul-
tivariable nonlinear system was considered:

y1(k) = 0.7y1(k−1)y1(k−2)
1+y1(k−1)2+y2(k−2)2 + 10−4u2(k−1)

1+3y1(k−2)2+y2(k−1)2 + u1(k − 1) + (20)

.25u1(k − 2) + 0.5u2(k − 2)

y2(k) = 0.5y2(k−1)sin(y2(k−2))
1+y2(k−1)2+y1(k−2)2 + 0.5u2(k − 2) + .3u1(k − 2) + (21)

+u2(k − 1)(0.1u2(k − 2) − 1.5)

The nonlinear functions were approximated by four ANNs with 8 units in the
hidden layer and the following structure :

yi(k) = NNi,0(k − 1) + NNi,1(k − 1)ui(k − 1) i = 1, 2 (22)

where
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NNj,l(k) = Wj,l tanh(Vj,lX(k)) l = 0, 1 j = 1, 2 (23)

and X = [y1(k) y1(k−1) y2(k) y2(k−1) u2(k−1) u1(k−1)]T . The initial param-
eters were all set to small positive random numbers. The algorithm for updating
the parameters was a standard backpropagation algorithm. The weighting poly-
nomial associated with the control signal was selected as: R(q−1) = λ(1 − q−1);
i.e. weights the control deviations, the parameter was λ = .05. This model struc-
ture is suitable for on-line learning, as shown in the simulations. The polynomial
R(q−1) introduces a certain degree of regularization on the control signal, avoid-
ing extremely large excursions of the system output. Nevertheless, we can still
see in figure 1(a) some large values. The convergence is quite slow and after
800 sampling steps the controller does not quite compensate for the coupling
between the systems.
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Fig. 1. Simulation results for both models

The GP model considered two covariance function with the following struc-
ture for each output:

C1(φ1(i), φ1(j)) = C(X(i),X(j); Θ1,0) + u1(i)C(X(i),X(j); Θ1,1)u1(j) (24)
C2(φ2(i), φ2(j)) = C(X(i),X(j); Θ2,0) + u2(i)C(X(i),X(j); Θ2,1)u2(j)

where φ1(k) = [y1(k) y1(k − 1) y2(k) y2(k − 1) u2(k − 1) u1(k − 1) u1(k)]T ,
φ2(k) = [y1(k) y1(k − 1) y2(k) y2(k − 1) u2(k − 1) u1(k − 1) u2(k)]T , and

C(X(i),X(j); Θlz) = vlze
− 1

2

∑p
k=1 αk,lz(xk(i)−xk(j))2 + alz. (25)

The parameters of the covariance function were adjusted by maximizing a like-
lihood function two times during the simulation, at time k = 15 and k = 25.
In addition, the first ten samples were used to do an off-line identification and
after that the control loop was closed. Figure 1(b) shows these initial steps. It is
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worth pointing out that, in this case, with very few observations, the controller
is able to handle the system quite well. It can also be noticed that there are no
abrupt changes when the controller enters in operation; this is due to the extra
terms that provide a regularization of the control signal. As seen in figure 1(b)
the long run behaviour of the controller is also quite acceptable.

5 Conclusions

The comparative study carried out in this paper shows that GP models are
suitable models to be used as building blocks of a GMV controller. The use
of ANN, in this context, is limited since it is not possible to have a simple
expression of the uncertainty bounds associated with the output. The use of the
weighting polynomial plays an important role in smoothing the control action
in both approaches.
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Abstract. Many of nonlinear control systems are sampled-data sys-
tem, i.e. the continuous-time nonlinear plants are controlled by digital
controllers. So it is important to investigate that if the solution of the
discrete-time output regulation problem is effective to sampled-data non-
linear control systems. Recently a feedforward neural network based ap-
proach to solving the discrete regulator equations has been presented.
This approach leads to an effective way to practically solve the dis-
crete nonlinear output regulation problem. In this paper the approach
is used to sampled-data nonlinear control system. The simulation of the
sampled-data system shows that the control law designed by the pro-
posed approach performs much better than the linear control law does.

1 Introduction

We consider the control problem of a benchmark system, inverted-pendulum on
a cart that is a well known unstable nonlinear system. The motion of the system
can be described by [1]

(M + m)ẍ + ml(θ̈cosθ − θ̇2sinθ) + bẋ = u

m(ẍcosθ + lθ̈ − gsinθ) = 0

where M is the mass of the cart, m the mass of the block on the pendulum, l
the length of the pendulum, g the acceleration due to gravity, b the coefficient
of viscous friction for motion of the cart, θ the angle the pendulum makes with
vertical, x the position of the cart, and u the applied force. With the choice
of the state variables x1 = x, x2 = ẋ, x3 = θ, x4 = θ̇, and using Euler’s
method with T as sampling period, the inverted pendulum on a cart system can
be discretized into a discrete time nonlinear system as follows.

x1(k + 1) = x1(k) + Tx2(k)
� The work described in this paper was partially supported by a grant from the Rese-
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x2(k + 1) = x2(k) +
T

M + m(sinx3(k))2
(u + mlx2

4(k)sinx3(k)

− bx2(k) − mgcosx3(k)sinx3(k))

x3(k + 1) = x3(k) + Tx4(k)

x4(k + 1) = x4(k) +
T

l(M + m(sinx3(k))2)
((M + m)gsinx3(k)

− ucosx3(k) + bx2(k)cosx3(k) − mlx2
4(k)sinx3(k)cosx3(k))

y(k) = x1(k) (1)

where the parameters are given by b = 12.98Kg/sec, M = 1.378Kg, l = 0.325m,
g = 9.8m/sec2, m = 0.051Kg.
The control objective is to design a state feedback control law for this system
such that the position of the cart can asymptotically track a reference input
yd. Since this system is nonminimum-phase, it is impossible to solve this prob-
lem by using conventional inversion based control methods such as input-output
linearization[1]. We have to solve the problem using output regulation method.
Output regulation problem has been extensively studied since 1970’s (interested
readers may refer to references in [2]). It is known that the solvability of the
discrete time nonlinear output regulation problem relies on a set of algebraic
functional equations called discrete regulator equations. Due to the nonlinear
nature, the discrete regulator equations cannot be solved exactly. Many efforts
have been made on developing numerical methods to solve the regulator equa-
tions approximately. Recently, we proposed a neural network approach to solve
the discrete output regulation problem [2]. Since most of the nonlinear control
systems are sampled-data control systems, it is important to consider if the
method can achieve good performance for sampled-data systems. In this paper,
we will design a neural network based discrete-time control law using the ap-
proach given in [2] and conduct a series simulations to investigate if this approach
is effective to sampled-data systems.

2 The General Formulation of the Discrete-Time Output
Regulation Problem

Consider a class of discrete-time nonlinear plant described below,

x(k + 1) = f(x(k), u(k), v(k)), x(0) = x0, k ≥ 0

e(k) = h(x(k), u(k), v(k)) (2)

where x is the state, u the input, e the error output representing the tracking
error, and v the reference input and/or a class of disturbances generated by the
following exogenous system.

v(k + 1) = a(v(k)), v(0) = v0 (3)

In the sequel, we assume all the functions f(.,. ,. ), h(.,. ,. ) and a(.) are sufficiently
smooth for x ∈ X ⊂ Rn, u ∈ U ⊂ Rm, and v ∈ V ⊂ Rq and satisfy f(0, 0, 0) = 0,
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h(0, 0, 0) = 0, and a(0) = 0. Here X, U , and V are open neighborhoods of the
respective Euclidean spaces.

The output regulation problem aims to design a feedback control law such
that the equilibrium of the closed-loop system is locally asymptotically stable,
and the output e(k) of the plant vanishes asymptotically, i.e., limk→∞ e(k) = 0
for all sufficiently small initial conditions. Under some standard assumptions,
the problem is solvable if and only if the following algebraic functional equations
are solvable.

x(a(v)) = f(x(v),u(v), v), (4)

0 = h(x(v),u(v), v) (5)

Equation (4) and (5) are known as the discrete regulator equations. If the
solutions of equations (4) and (5) are found out, either state feedback or output
feedback control law can be readily synthesized. However, due to the nonlinear
nature of equation (4) and (5), it is almost impossible to obtain the exact solution
for the discrete regulator equations. In this paper, we will use the approximation
method given in [2] to solve the discrete nonlinear functional equation (4) and
(5).

The approach will be based on the well known universal approximation the-
orem. Let the pth component of x(v) and u(v) be denoted as xp(v) and up(v),
respectively. The neural network representations of xp(v) and up(v) can be given
as follows:

x̂p(W xp, v) =
Nxp∑

j=1

wxp
j φ(

r∑

i=1

wxp
ji vi + wxp

j0 ), (6)

ûp(W up, v) =
Nup∑

j=1

wup
j φ(

r∑

i=1

wup
ji vi + wup

j0 ) (7)

Thus the solutions of the regulator equations (4) and (5) can be approximately
represented as follows:

x̂(Wx, v) =




x̂1(W x1, v)

...
x̂n(W xn, v)



 , û(Wu, v) =




û1(W u1, v)

...
ûm(W um, v)



 (8)

where Wx, Wu are the weight vectors consisting of all W xp and Wup respectively.
Our goal is to find integers Nxp, Nup, and weight vector W such that, for a given
compact set Γ ⊂ V and a given γ > 0,

sup
v∈Γ

||x̂(a(v)) − f(x̂(Wx, v), û(Wu, v), v)‖ < γ (9)

sup
v∈Γ

||h(x̂(Wx, v), û(Wu, v), v)|| < γ (10)

Next, let

J(W, v) =
1
2
‖x̂(a(v))−f(x̂(Wx, v), û(Wu, v), v)‖2 (11)

+
1
2
‖h(x̂(Wx, v), û(Wu, v), v)‖2
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and

J(W ) =
∑

v∈Γ

J(W, v) (12)

Finally we can find the desirable weight W by solving the parameter opti-
mization problem, minW J(W ). Existence of such a weight is guaranteed by the
Universal Approximation Theorem.

3 Solution to the Inverted Pendulum on a Cart System

Given yd(k) = AsinωkT as the reference input for the control problem of the
inverted pendulum on a cart system given in Section 1, we introduce the following
exosystem

v(k + 1) = Sv(k), v(0) = [0, A]T (13)

where

S =

[
cosωT sinωT

−sinωT cosωT

]
, v(k) =

[
v1(k)
v2(k)

]

Clearly, v1(k) = AsinωkT . Thus, we can define the error equation as follows

e(k) = y(k) − v1(k) = x1(k) − v1(k)

The discrete regulator equations associated with this tracking problem is
given as follows:

x1(Sv) = x1(v) + Tx2(v)

x2(Sv) = x2(v) +
T

M + m(sinx3(v))2
(u + mlx2

4(v)sinx3(v)

− bx2(v) − mgcosx3(v)sinx3(v))

x3(Sv) = x3(v) + Tx4(v)

x4(Sv) = x4(v) +
T

l(M + m(sinx3(v))2)
((M + m)gsinx3(v)

− ucosx3(v) + bx2(v)cosx3(v) − mlx2
4(v)sinx3(v)cosx3(v))

0 = x1(v) − v1 (14)

With equation (14) ready, we can define J(W ) as in (12). But for this example,
we can further simplify our problem. In fact, by inspection, we can partially
solve (14) as follows

x1(v) = v1 (15)

x2(v) = [(cosωT − 1)v1 + sinωT ∗ v2]/T (16)

x4(v) =
1
T

(x3(Sv) − x3(v)) (17)

u =
M + m(sinx3(v))2

T 2 [cosωT − 1, sinωT ](Sv − v) − mlx2
4(v)sinx3(v)

+
b

T
[cosωT − 1, sinωT ]v + mgcosx3(v)sinx3(v)) (18)
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with x3(v) satisfying following equation.

x3(S2v) = 2x3(Sv) − x3(v) +
T 2

l(M + m(sinx3(v))2)
((M + m)gsinx3(v)

− mgcosx3(v)2sinx3(v)) +
cosx3(v)

l
[cosωT − 1, sinωT ](v − Sv) (19)

Therefore the only unknown function is x3(v). Assume x̂3(W, v) is the neural
network representation of x3(v), and define

F (W, v) = −x̂3(W, S2v) + 2x̂3(W, Sv) − x̂3(W, v) +
T 2

l(M + m(sinx̂3(W, v))2)

( (M + m)gsinx̂3(W, v) − mg(cosx̂3(W, v))2sinx̂3(W, v))

+
cosx̂3(W, v)

l
[cosωT − 1, sinωT ](v − Sv) (20)

and let

J(W ) =
∑

v∈Γ

1
2
(F (W, v))2 (21)

Then we can minimize (21) using the gradient method. After some trial and
error, we have obtained a feedforward neural network x̂3(W, v) with r = 2 and
N = 15, respectively. The resulting weight vector W satisfies J(W ) < 10−4. In
our design, we have selected the circumference v1

2 + v2
2 = A2 as the domain

Γ of v1,v2. In terms of x̂3(W, v) , we can get x̂4(W, v) and û(W, v) by (19) and
(18). Let

x̂(W, v) = [x1(v),x2(v), x̂3(W, v), x̂4(W, v)]T (22)

Then the control law can be approximated as follows

u(k) = û(W, v(k)) + L[x(k) − x̂(W, v(k))] (23)

where L is such that all the eigenvalues of ∂f(0,0,0)
∂x + ∂f(0,0,0)

∂u L are inside the unit
circle. Now we can test the corresponding control law with the sinusoidal input
AsinωkT . We select all the eigenvalues of ∂f(0,0,0)

∂x + ∂f(0,0,0)
∂u L at Z = 0.8187 or

Z = 0.9048, where Z = 0.8187 and Z1 = 0.9048 correspond to the point s = −4
on the S-plane for T = 0.05 and T = 0.025 respectively. Thus we get

L = [7.8997 21.6948 51.9021 9.3280]; for T = 0.05 (24)

L = [9.6092 23.0741 56.0933 10.1023]; for T = 0.025 (25)

In our simulations, the discrete-time control law is used to control the
sampled-data inverted pendulum on a cart system. To assess the performance of
the control law, we make a comparison with the performance of the control law
obtained by the conventional discrete-time linear controller design (linear con-
troller). Both the control laws designed by nonlinear approximation approach
and linearization method can track the reference input but the nonlinear control
law can achieve much smaller tracking error than the linear control law does. As
ω increases, the tracking error of linear controller increases drastically. But the
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Table 1. Maximal steady state tracking errors

ω T A NN NN linear linear
(abs) (%) (abs) (%)

π .1 0.6 .4076 67.94 .7186 119.77
π/2 .05 2.5 .2663 10.65 .4943 19.77
2.5 .025 1.0 .0872 8.72 .2273 22.73
3 .025 1.0 .0999 9.99 .4958 49.58
3 .01 0.6 .0152 2.54 .0919 15.31
3 .01 0.8 .0183 2.29 .2074 25.92
3 .01 1.0 .0329 3.29 .4055 40.55

control law designed by nonlinear approximation approach can keep the tracking
errors at a relatively small level. On the other hand, as expected, reducing the
sample period T makes control performance better.

Table 1 lists the maximal steady state tracking errors of the closed-loop
system for the reference inputs at several different amplitudes with different ω
and T .

4 Conclusions

A simulation study is conducted on the output regulation problem of the bench-
mark system, inverted-pendulum on a cart system, in sampled-data case. The
discrete-time control law is designed using the neural network based approach
proposed in previous papers. Then the controller is used to control the sampled-
data inverted-pendulum on a cart system at different sampling period T to study
its effectiveness to sampled-data nonlinear systems. The simulations demonstrate
that the control law designed by the proposed approach can achieve a much bet-
ter performance than the linear control law does. This investigation not only
gives a practical solution to one of the most important control problems, but
also shows the great potential of the neural networks techniques in engineering
applications.
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Abstract. In this study, we introduce a new neurogenetic approach to the de-
sign of fuzzy controller. The development process exploits the key technologies
of Computational Intelligence (CI), namely genetic algorithms and neurofuzzy
networks. The crux of the design methodology is based on the selection and
determination of optimal values of the scaling factors of the fuzzy controllers,
which are essential to the entire optimization process. First, the tuning of the
scaling factors of the fuzzy controller is carried out, and then the development
of a nonlinear mapping for the scaling factors is realized by using GA based
Neuro-Fuzzy networks (NFN). The developed approach is applied to a nonlin-
ear system such as an inverted pendulum where we show the results of compre-
hensive numerical studies and carry out a detailed comparative analysis.

1   Introduction

Fuzzy control is one of the useful control techniques for uncertain and ill-defined
nonlinear systems. Control actions of a fuzzy controller are described by some lin-
guistic rules. This property makes the control algorithm easy to understand. Heuristic
fuzzy controllers incorporate the experience of knowledge into rules, which are fine-
tuned based on trial and error. The intent of this study is to develop, optimize and
experiment with the fuzzy controllers (fuzzy PD controller or fuzzy PID controller)
when developing a general design scheme of Computational Intelligence. One of the
difficulties in the construction of the fuzzy controller is to derive a set of optimal
control parameters of the controller such as linguistic control rules, scaling factors,
and membership functions of the fuzzy controller. Genetic algorithms (GAs) can be
used to find the optimal control parameters. However, evolutionary computing is
computationally intensive and this may be a point of concern when dealing with
amount of time available to such search. For instance, when controlling a nonlinear
plant such as an inverted pendulum of which initial states vary in each case, the
search time required by GAs could be prohibitively high when dealing with dynamic
systems. As a consequence, the parameters of the fuzzy controller cannot be easily
adapted to the changing initial state of this system such as an angular position of the
pendulum. To alleviate this shortcoming, we introduce a nonlinear mapping from the
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initial states of the system and the corresponding optimal values of the parameters.
With anticipation of the nonlinearity residing within such transformation, in its reali-
zation we consider GA-based Neurofuzzy networks. Bearing this mind, the develop-
ment process consists of two main phases. First, using genetic optimization we deter-
mine optimal parameters of the fuzzy controller for various initial states (conditions)
of the dynamic system. Second, we build up a nonlinear model that captures a rela-
tionship between the initial states of the system and the corresponding genetically
optimized control parameters. The paper includes the experimental study dealing the
inverted pendulum with the initial states changed.

2   Design Methodology of Fuzzy Controller

The block diagram of fuzzy PID controller is shown in Fig. 1. Note that the input
variables to the fuzzy controller are transformed by the scaling factors (GE, GD, GH,
and GC) whose role is to allow the fuzzy controller to properly “perceive” the exter-
nal world to be controlled.

+Ref

-

G D

G E

G H

G C
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∆ 2 E

∆ Ε
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∆ u

Z-1

+
+

Fig. 1.  An overall architecture of the fuzzy PID controller

The above fuzzy PID controller consists of rules of the following form, cf.  [3]
Rj : if E is A1j and ∆E is A2j and ∆2E is A3j then ∆Uj is Dj

The capital letters standing in the rule (Rj) denote fuzzy variables whereas D is a
numeric value of the control action.

3   Auto-tuning of the Fuzzy Controller by GAs

Genetic algorithms (GAs) are the search algorithms inspired by nature in the sense
that we exploit a fundamental concept of a survival of the fittest as being encountered
in selection mechanisms among species[4]. In GAs, the search variables are encoded
in bit strings called chromosomes. They deal with a population of chromosomes with
each representing a possible solution for a given problem. A chromosome has a fit-
ness value that indicates how good a solution represented by it is. In control applica-
tions, the chromosome represents the controller’s adjustable parameters and fitness
value is a quantitative measure of the performance of the controller. In general, the
population size, a number of bits used for binary coding, crossover rate, and mutation
rate are essential parameters whose values are specified in advance. The genetic
search is guided by a reproduction, mutation, and crossover. The standard ITAE ex-
pressed for the reference and the output of the system under control is treated as a
fitness function [2].
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Fig. 2. The scheme of auto-tuning of the fuzzy PID controller involving estimation of the
scaling factors

The overall design procedure of the fuzzy PID controller realized by means of GAs is
illustrated in Fig. 2. It consists of the following steps
 [Step 1.] Select the general structure of the fuzzy controller
 [Step 2.] Define the number of fuzzy sets for each variable and set up initial control
rules.
 [Step 3.] Form a collection of initial individuals of GAs. We set the initial individuals
of GAs for the scaling factor of fuzzy controller.
[step 4]  Here, all the control parameters such as the scaling factors GE, GD, GH and
GC are tuned at the same time.

4   The Estimation Algorithm by Means of GA-Based Neurofuzzy
Networks (NFN)

As visualized in Fig. 3, NFN can be designed by using space partitioning in terms of
individual input variables. Its topology is concerned with a granulation carried out in
terms of fuzzy sets being defined for each input variable.

x1
fi(x i)

µ ij(x i)

w i1

w ij

w in

ŷ

x i

N

N

N

N

N

N

∑

∑

∑

w 11

a ij

a ij

Fig. 3. NFN architecture

The output of the NFN ŷ  reads as

1 1 2 2
1

( ) ( ) ( ) ( )
m

m m i i
i

ŷ f x f x f x f x
=

= + + + = ∑ (1)

with m being the number of the input variables(viz. the number of the outputs fi’s of
the “∑” neurons in the network). The learning of the NFN is realized by adjusting
connections of the neurons and as such it follows a standard Back-Propagation (BP)
algorithm.
As far as learning is concerned, the connections change as follows
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( ) ( )w new w old w= + ∆ (2)

where the update formula follows the gradient descent method

p
ij

ij

E
w

w
η

 ∂
 ∆ = ⋅ − ∂ 

ˆ ( )
ˆ ( )

p p i i

p i i ij

E y f x

y f x w
η

∂ ∂ ∂= − ⋅ ⋅
∂ ∂ ∂

ˆ2 ( ) ( )p p ij iy y xη µ= ⋅ ⋅ − ⋅ (3)

with η being a positive learning rate.
Quite commonly to accelerate convergence, a momentum term is being added to the
learning expression. Combining (3) and a momentum term, the complete update for-
mula combining the already discussed components is[5,6]

ˆ2 ( ) ( ) ( ( ) ( 1))ij p p ij i ij ijw y y x w t w tη µ α∆ = ⋅ ⋅ − ⋅ + − − (4)

(Here the momentum coefficient, α, is constrained to the unit interval).
In this algorithm, to optimize the learning rate, momentum term and fuzzy member-
ship function of the above NFN we use the genetic algorithm.

5   Experimental Studies

In this section, we demonstrate the effectiveness of the fuzzy PID controller by ap-
plying it to the inverted pendulum system. Our control goal here is to balance the pole
without regard to the cart’s position and velocity[7], and we compare the fuzzy PID
controller and the fuzzy PD controller with the conventional PID controller under
same conditions to validate the fuzzy PID controller and the fuzzy PD controller.

– Tuning of Control Parameters and Estimation
We get control parameters tuned by GAs because the control parameters have an
effect on the performance of controller. GAs are powerful nonlinear optimization
techniques. However, the powerful performance is obtained at the cost of expensive
computational requirements and much time. To overcome this weak point, first, we
select several initial angular positions and obtain the auto-tuned control parameters by
means of GAs according to the change of each selected initial angular positions, then
build a table. Secondly, we use GA-based NFN to estimate the control parameters in
the case that the initial angular positions of the inverted pendulum are selected arbi-
trarily within the given range. Here we show that the control parameters under the
arbitrarily selected initial angular position are not tuned by the GAs but estimated by
the estimation algorithm of GA-based NFN. Table 1 shows the estimated scaling
factors of the fuzzy PID controller and describes performance index (ITAE, Over-
shoot(%), Rising time(sec)) of the fuzzy PID controller with the estimated scaling
factors in case that the initial angles of inverted pendulum are 0.1849(rad),
0.4854(rad), 0.38878(rad) and 0.7133(rad) respectively.
In case of the fuzzy PD controller, the estimated scaling factors and performance
index are shown Table 2.
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In case of the PID controller, the estimated scaling factors by means of neuro-fuzzy
model are shown in Table 3 .

Table 1. The estimated parameters by means of the GA-based NFN and performance in-
dex(ITAE, Overshoot(%), Rising time(sec)) of the fuzzy PID controller

Case
Initial

Angle(rad)
GE GD GH GC ITAE

Over
Shoot(%)

Rising
Time(sec)

1 0.184900 4.107681 65.87493 203.5847 1.936434 0.069752 0.000000 0.091611
2 0.485400 1.840316 60.66174 181.5137 1.892224 0.553420 2.293559 0.144283

3 0.388780 2.230318 62.79905 183.0733 1.867487 0.329704 2.612525 0.126850

4 0.713300 1.303365 49.17086 159.8879 1.742495 1.496100 2.290066 0.186604

Table 2. The estimated parameters by means of the GA-based NFN and performance in-
dex(ITAE, Overshoot(%), Rising time(sec)) of the fuzzy PD controller

Case
Initial

Angle (rad)
GE GD GC ITAE

Over
Shoot(%)

Rising
Time(sec)

1 0.184900 8.840099 0.399971 3.912999 0.060869 0.000000 0.08198996
2 0.485400 4.566366 0.278876 3.872337 0.518902 0.035730 0.14340339

3 0.388780 5.315691 0.308264 3.776772 0.312420 0.000000 0.12621812

4 0.713300 3.064440 0.211538 3.837129 1.466210 2.028139 0.18146067

Table 3. The estimated parameters, ITAE, Overshoot(%) and Rising time of the PID controller

Case
Initial

Angle(rad)
K Ti Td ITAE

Over
Shoot(%)

Rising
Time(sec)

1 0.184900 129.29765 253.00385 0.098317 0.182383 3.127633 0.15356993
2 0.485400 129.29129 248.09918 0.101459 0.759869 2.092925 0.17871029

3 0.388780 129.52347 251.77655 0.095975 0.512037 3.624664 0.16010507

4 0.713300 128.20747 249.20142 0.093086 1.822047 3.968492 0.19895169
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Fig. 4. Pole angle for initial angle (a)θ = 0.1849(rad) (Case 1) and (b)θ = 0.7133(rad) (Case 4).

Fig. 4 demonstrates pole angle for initial angle (a)θ = 0.1849(rad) (Case 1) and (b) θ
= 0.7133(rad) (Case 4)
From the above Figures 4, we know that the fuzzy PD and fuzzy PID are superior to
the PID controller from the viewpoint of performance index. The output performance
of the fuzzy controllers such as the fuzzy PD and the fuzzy PID controller including
nonlinear characteristics are superior to that of the PID controller especially when
using the nonlinear dynamic equation of the inverted pendulum.
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6   Conclusions

In this paper, we have proposed a two-phase optimization scheme of the fuzzy PID
and PD controllers. The parameters under optimization concern scaling factors of the
input and output variables of the controller that are known to exhibit an immense
impact on its quality. The first phase of the design of the controller uses genetic com-
puting that aims at the global optimization of its scaling factors where they are opti-
mized with regard to a finite collection of initial conditions of the system under con-
trol. In the second phase, we construct a nonlinear mapping between the initial condi-
tions of the system and the corresponding values of the scaling factors. We investi-
gated a number of alternatives there by looking at GA-based Neuro-fuzzy networks
model. While the study showed the development of the controller in the experimental
framework of control of a specific dynamic system (inverted pendulum), this meth-
odology is general and can be directly utilized to any other system. Similarly, one can
envision a number of modifications that are worth investigating. For instance, a de-
sign of systems exhibiting a significant level of variability could benefit from the
approach pursued in this study.
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Abstract. This paper examines explicit rate congestion control for data net-
works. A neural network (NN) adaptive controller is developed to control traf-
fic where sources regulate their transmission rates in response to the feedback
information from network switches. Particularly, the queue length dynamics at
a given switch is modeled as an unknown nonlinear discrete time system with
cell propagation delay and bounded disturbances. To overcome the effects of
delay an iterative transformation is introduced for the future queue length pre-
diction. Then based on the causal form of the dynamics in buffer an adaptive
NN controller is designed to regulate the queue length to track a desired value.
The convergence of our scheme is derived mathematically. Finally, the per-
formance of the proposed congestion control scheme is also evaluated in the
presence of propagation delays and time-vary available bandwidth for robust-
ness considerations.

1   Introduction

Asynchronous Transfer Mode (ATM) as the paradigm for broadband integrated
service digital networks (B-ISDN) provides different services to multimedia sources
with different traffic characteristics by statistically multiplexing cells of fixed length
packets with specified quality of service (QoS). However the flexibility to accommo-
date these sources may cause serious network congestion and result the severe buffer
over flow. In this case the cells, which are stored in the buffer and are intended to
transmit through it may by discarded. Then this causes the degradation of QoS such
as cell loss, excessive queuing delay. Thus an appropriate congestion control is re-
quired. In order to avoid congestion the queue length should be controlled around a
desired level, which is related to cell queuing delay and resource utilization.

The above queue management strategy can be carried out as a feedback scheme. In
the context of ATM available bit rate (ABR) service, the sources send a control cell
(resource management cell) once every N data cells, which can be used by switches to
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convey feedback. The control cells travel to the destination and are returned to the
sources in the same path. Then the sources adjust their sending rate according to the
feedback signal in the form of binary or an explicit rate (ER) value. The rate-based
control with explicit feedback is chosen as the standard flow control scheme in ATM
networks Forum.

The challenging aspects of congestion control are the no stationary, uncertain, and
even nonlinear characteristics of network flow with long transmission delays. In most
cases, only parts of the problem are taken into account. The direct method to over-
come the effects of time delay in congestion control is predictive principle (see for
example [5]). However the similar literatures are based on the known linear queue
length dynamic differential equation. In facts the linear model is not accurate system
model in congestion control. To surmount the nonlinear characteristics of queue
length dynamics in [1] the authors divided the global nonlinear dynamics into several
local linear operating regions using fuzzy IF-THEN rules, and then they derived the
optimal ABR traffic fuzzy adaptive predictive control. In [3] Jagannathan et al. also
considered the buffer dynamics at the network switch as a nonlinear process. Then a
novel adaptive congestion control scheme was developed using a one layer neural
networks (NN). But they assumed the round trip time (RTT) delay to be zero for
simplicity. Ignoring RTT is usually not practical in high-speed networks, where the
bandwidth-delay product can be very large. This characteristic will crash some ideal-
ized algorithms in some severe operations.

In this paper, despite the RTT delay, nonlinear dynamics in buffer and uncontrol-
lable traffic we aim to achieve high utilization of resources while maintaining QoS in
terms of user requirements (cell-loss, cell-delay and cell-delay variation). We propose
to achieve this by controlling queue levels to stationary values by making use of out-
put feedback with NN due to its universal approximation capability. We particularly
focus on controlling the ABR sources to response the congestion and idle resource
states. Since the desired the feedback control contains future information due to time
delay, we transform this unreachable information into causal forms. Then we use
current and previous queue length as well as previous ER values to tune the weights
of high order NN (HONN) to generate an adaptive explicit congestion feedback con-
trol. The closed-loop convergence of ER and queue length as well as the weights is
proven using Lyapunov analysis.

The paper is organized as follows. In section 2 we describe the congestion control
problem in a single buffer. In section 3 we design the adaptive NN flow controller
and discuss the closed-loop convergence mathematically. In section 4 we demonstrate
the functionality of the proposed solution through simulations. The concluding re-
marks come from section 5.

2   ATM Switch Nonlinear Dynamic Model

Now that physical systems are inherently nonlinear, we model the dynamic charac-
teristics in the single buffer as an unknown nonlinear discrete model.
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( ) 1111 ,,,,,, +−+−−−+−+ += τττ kkmkknkkk Tucuuqqfq , (1)

where n ≥ m, n ≥ τ ≥ 1, ℜ∈kq  is the queue length at time instant k, T is the sampling

time, and ℜ∈kk cu , is the controllable traffic accumulation rate and service rate re-

spectively. τ denotes the average round trip propagation delay between sources and
destinations. f (·) is an unknown smooth nonlinear function of queue length, traffic
input rate and available capacity for ABR traffic.

Remark 1. The nonlinear queue model (1) is similar with the one in [3], except for our
concern with delay. Besides, (1) can be viewed as a general form of M/M/1 queue
model in [6].

In order to get the explicit form of desired flow control, which can drive queue
length to desired value qd. Moving (1) (τ-1) steps ahead results in

( )( ) Tcuuqqfqu kmkknkkdk 1111

* ,,,,,, −++−−+−−+−= τττ , (2)

By means of (2) the desired control includes unknown function f (·), unknown out-
put q

k+τ −1
, · · ·, q

k+1
 and future available bandwidth for ABR sources. In the following,

the HONN will be applied for dealing with this problem.

3   HONN Traffic Rate Controller Design

In order to predict the future queue length and ER value in (2), it is necessary to select
a large number of past values of input and output. The number of past values is care-
fully selected based on (2)

( ) [ ]T

nkkk
qqqkq 11 +−−= , ( ) [ ]T

mkkk uuku 111 +−−−− = τ

( ) [ ]T

kkk ccckc 21 −+−+= ττ

( ) ( ) ( )[ ]TT

k

T kukqk 1−=η , ( ) ( )[ ]T

d

T qkk ηη =

Following (1) we know qk+1 is a function of q(k), uk−τ+1, · · ·, uk−τ −m+1 and ck. Simi-
larly, qk+2 can be represented as a function of q(k) , uk−τ+2, · · ·, uk−τ −m+1,  ck and ck+1. Con-
tinue the iteration recursively, it’s easy to prove qk+τ −1 is a function of η(k) and c(k).
Finally, qk+τ can be expressed as

( ) ( )( ) kk TukckGq +=+ ,ηττ , (3)

where Gτ(·) is a smooth function. Using mean value theorem (3) can be further written
as Taylor’s formula

( )( ) ( ) kk TukkGq ++=+ φηττ 0, , (4)
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where ( ) ( ) ( ) ( )kckkcc
Gk

T






 =∂
∂= 1ϕφ τ , ( ) ( )( )kcLk ,01 ∈ϕ  and ( )( )kcL ,0  is a line

defined by

( )( ) ( ) ( ) ( ){ }10,,0 <<== kckkkcL ϕϕ , (5)

Since Gτ(·) is smooth and c(k) is physically limited, we can assume ( ) 0φφ <k ,

which is viewed as disturbance. To approximate the optimal ER control (2) combined
with (4), we introduce the following HONN (see [4] for detailed expatiation) adaptive
control law

( ) ( )( )kSkWu T

k ηˆ= , (6)

( ) ( ) ( )( ) ( ) ( )[ ]1111
ˆˆ1ˆ kWqqkSkWkW dk ση +−×ℑ−=+ + , (7)

where ℑ  is a positive defined diagonal gain matrix, ( ) lkW ℜ∈ˆ  is an adjustable syn-

aptic weight vector , 0>σ  and 11 +−= τkk . The number of HO connection is l and

every entry of ( ) lℜ∈⋅S , which is mapped by hyperbolic tangent function, belongs to

(-1,1). Since (6) with adaptive law (7) is only valid when the ER and queue length

and ( )kW
~

 is bounded, where ( ) ( ) *ˆ~
WkWkW −= . *W  is the ideal HONN weight

vector, i.e. ( )( ) ηδη += kSWu
T

k

** , where ηδ  means the approximation error. We will

show this can be guaranteed by the following theorem.

Theorem 1. Consider the traffic input for (1) as (6) with adaptive law provided by

(7). There exist ( ) ,0
0 qqq Θ⊂Θ∈  ( )

WW
W ~

0
~0

~ Θ⊂Θ∈  and the design parameters are

chosen as *ll > , *σσ < , *γγ <  and γ  being the largest eigenvalue of ℑ  with

( )*** 11 Tll ++<γ , ( )**** 1 lTγγσ +< , then the closed-loop flow control system is

semi-globally uniformly ultimately bounded.

Proof.   Define the Lyapunov function candidate

( ) ( ) ( ) ( )∑ ∑
−

=

−

=

− +ℑ+++=
1

0

1

0

12 ~~τ τ

j j

T

q jkWjkWTjkekV ,
(8)

where ( ) dkq qqke −= . Considering (4) (6) and the desired control law using HONN

approximation we obtain

( ) ( ) ( )( ) ( )kdkSkWTke T

q +=+ ητ ~
, (9)

where ( ) ( ) ηδφ Tkkd −=  satisfying ( ) 0dkd < . Substituting the adaptive law (7) and

error (9) into the first difference of (8) results in
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( ) ( ) ( ) ( ) ( ) ( ) ( )
( )( ) ( )( ) ( ) ( )( ) ( ) ( ) ( )

( ) ( ) ( ) ( ) ( ) 2
2

2

2
22

22

ˆ11
1

ˆˆ2

ˆ~
22

kWlT
T

ke
kelTl

T

kWkekWkSkekSkS

kWkWTkekdTkeTkekV

q

q

q
T

q
T

T
qqq

γσγσσϖτγγγ

στηστηη

σττ

−−−+−+−−−−≤

++ℑ++ℑ+

−++−+−=∆ (10)

where
2*2

0 Wld σγϖ += . If the design parameters are to be chosen as

lTTll γγ
σγ

+
<

++
< 1

,
1

1
 then 0≤∆V  once the queue tracking error ( )keq  is

larger than ϖT , which implies the boundedness of ( )keq  and qkq Θ∈+1  if

( )
0

0 qq Θ∈ . In the following, we will show the convergence of the NN weight error

and traffic input ku .

Subtracting *W  on both sides of (7) and noting (9) leads to

( ) ( ) ( )( ) ( ) ( )( ) ( )( ) ( )( )[ ]
( )( ) ( )( )[ ] ( ) ( )( ) ( )11111

*
111111

~

~~~
1

~

kdkFSkWkSkTS

WkWkdkSkWTkSkWkW
T

T

ησηη
σηη

−ℑ−ℑ=

+++×ℑ−=+

Ｉ－

(11)

According to the circle theorem, it’s easy to show

( )( ) ( )( ) 111 <ℑ−ℑ σηη kSkS T
ＴＩ－ (12)

From lemma 1 in [2], the convergence of ( )kW
~

 is guaranteed. Since ku  can be

written as ( ) ( )( ) ( ) ( )( ) ηδηη −+=+= kSkWukSWkWu T

k

TT

k

~
)

~
( ** . Since *

ku , ( )kW T~

are bounded, ηδ  can be arbitrarily small by increasing l, thus ku  can be assured to be

boundedness. From the definition 2.1 in [2] we state the closed-loop flow control
system is semi-globally uniformly ultimately bounded.

4   Simulation Study

In this section we will make a performance comparison between our HONN schemes
with one-layer NN flow control in [3]. We assume the network model is the same as
one in [3], except that we set the propagation delay to be not zero but 3 time units.
For HONN the following parameters are chosen, l=6, 003.0=σ ,

( ) 00ˆ =W , cellsqd 50= , I02.0=ℑ , n=6, m=2, T=30ms. We also assume the initial

queue is empty. The parameters of one-layer NN and performance index are chosen
as suggested in [3].  The performance index is referred as cell loss rate under the time
varying service rate. Although both schemes have low cell loss ratio shown in fig. 1,
HONN is better than one-layer NN especially between 300ms~800ms. This period
corresponds to the lower service rate, which means the severe congestion may occur.
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Fig. 1. Cell loss ratio during congestion and time-varying available bandwidth for ABR

By means of HONN, to overcome delay effects we feedback not only queue length
but also previous ER values. Since the queue length is the accumulation of the arrival
cell, one layer NN using queue length only cannot respond to the time varying net-
work condition quickly.

5   Conclusions

This paper proposes an adaptive HONN ABR flow controller. We first model the
dynamics in buffer as an unknown nonlinear process with delay. After some trans-
formation we get a causal form of the optimal control law, we use the HONN adap-
tive law to approximate the ideal ER control. Stability of this closed-loop system is
investigated by Lyapunov arguments. Simulation studies show the effectiveness of
the newly proposed scheme under transmitting delay.
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Abstract. By using differential neural networks, we present a novel ro-
bust adaptive controller for a class of unknown nonlinear systems. First,
dead-zone and projection techniques are applied to neural model, such
that the identification error is bounded and the weights are different
from zero. Then, a linearization controller is designed based on the neuro
identifier. Since the approximation capability of the neural networks is
limited, four kinds of compensators are addressed.

1 Introduction

Feedback control of the nonlinear systems is a big challenge for engineer, espe-
cially when we have no complete model information. A reasonable solution is to
identify the nonlinear, then a adaptive feedback controller can be designed based
on the identifier. Neural network technique seems to be a very effective tool to
identify complex nonlinear systems when we have no complete model informa-
tion or, even, consider controlled plants as “black box”. Neuro identifier could
be classified as static (feedforward) and dynamic (recurrent) ones [10]. Most of
publications in nonlinear system identification use static networks, for example
Multilayer Perceptrons, which are implemented for the approximation of nonlin-
ear function in the right side-hand of differential model equations [7]. The main
drawback of these networks is that the weight updating utilize information on
the local data structures (local optima) and the function approximation is sen-
sitive to the training dates [4]. Differential neural networks [11] can be regarded
as dynamic NN, which can successfully overcome this disadvantage as well as
present adequate behavior in presence of unmodeled differentials, because their
structure incorporate feedback [8] [12] [16].

Neurocontrol seems to be a very useful tool for unknown systems, because
it is model-free control, i.e., this controller is not depend on the plant. Many
kinds of neurocontrol were proposed in recent years, for example, Supervised
Neuro Control [3], Internal Model Neuro Control [5], Direct neuro control [10],
indirect neural adaptive control [12]. Several neural adaptive controllers based
on differential neural networks have been studied in [11] [13] [15], there are
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two problems: (a) zero weights can cause infinity control enforce because the
controller includes the inverse of the weights, (b) the identification error can
make the tracking error bigger. In this paper we extend our previous results. A
special weights updating law is proposed to assure the existence of neurocontrol.
Four different robust compensators are proposed. By means of a Lyapunov-like
analysis we derive stability conditions for the neuro identifier and the adaptive
controller.

2 Neuro Identifier

The controlled nonlinear plant is given as:

·
xt = f(xt, ut, t), xt ∈ �n, ut ∈ �n (1)

where f(xt) is unknown vector function. In order to realize indirect neural con-
trol, a parallel neural identifier is used as in [11] and [15] (in [12] the series-parallel
structure are used):

.

x̂t = Ax̂t + W1,tσ(x̂t) + W2,tφ(x̂t)γ (ut) (2)

where x̂t ∈ �n is the state of the neural network, W1,t, W2,t ∈ �n×n are the
weight matrices, A ∈ �n×n is a stable matrix. The vector functions σ(·) ∈ �n,

φ(·) ∈ �n×n is a diagonal matrix. Function γ(·) is selected as ‖γ(ut)‖2 ≤ u., for

example γ(·) may be linear saturation function, γ(ut) =
{

ut if |ut| < b
u if |ut| ≥ b

. The

elements of the weight matrices are selected as monotone increasing functions.
Let us define identification error as ∆t = x̂t − xt. Generally, differential neural
network (2) cannot follow the nonlinear system (1) exactly. The nonlinear system
may be written as

.
xt = Axt + W 0

1 σ(xt) + W 0
2 φ(xt)γ(ut) − f̃t (3)

We use the following assumptions.
A1: The unmodeled differential f̃ satisfies f̃T

t Λ−1
f f̃t ≤ η, Λf is a known

positive constants matrix.
A2: There exist a stable matrix A and a strictly positive definite matrix Q0

such that the matrix Riccati equation

AT P + PA + PRP + Q = 0 (4)

has a positive solution P = PT > 0. This conditions is easily fulfilled if we
select A as stable diagonal matrix. Next Theorem states the learning procedure
of neuro identifier.

Theorem 1. Subject to assumptions A1 and A2 being satisfied, if the weights
W1,t and W2,t are updated as

·
W 1,t = st

[−K1P∆tσ
T (x̂t)

]
,

·
W 2,t = st Pr

[−K2Pφ(x̂t)γ(ut)∆T
t

]
(5)
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where K1, K2 > 0, P is the solution of Riccati equation (4), Pri [ω] (i = 1, 2)
are projection functions which are defined as ω = −K2Pφ(x̂t)γ(ut)∆T

t

Pr [ω] =






ω
if

∥
∥
∥W̃2,t

∥
∥
∥ < r

or
[∥
∥
∥W̃2,t

∥
∥
∥ = r and tr

(

ωW̃2,t

)

≤ 0
]

ω + ‖W̃2,t‖2

tr(W̃ T
2,t(K2P )W̃2,t)

ω otherwise

(6)

where r <
∥
∥W 0

2

∥
∥ is a positive constant. st is a dead-zone function: st = 1, if

‖∆t‖2
> λ−1

min (Q0) η, otherwises = 0, then the weight matrices and identification
error remain bounded, for any T > 0 the identification error fulfills the following
tracking performance

1
T

∫ T

0
‖∆t‖2

Q0
dt ≤ κη +

∆T
0 P∆0

T
(7)

where κ is the condition number of Q0 defined as κ = λmax(Q0)
λmin(Q0)

Remark 1. The weight update law (5) uses two techniques. The dead-zone st

is applied to overcome the robust problem caused by unmodeled differential
f̃t. In presence of disturbance or unmodeled differentials, adaptive procedures
may easily go unstable. Dead-zone method is one of simple and effective tool.
The second technique is projection approach which may guarantees that the
parameters remain within a constrained region and does not alter the properties
of the adaptive law established without projection [6]. We hope to force W2,t

inside the ball of center W 0
2 and radius r. If

∥
∥
∥W̃2,t

∥
∥
∥ < r, we use the normal

gradient algorithm. When W2,t − W 0
2 is on the ball and the vector W2,t points

either inside or along the ball i.e., d
dt

∥
∥
∥W̃2,t

∥
∥
∥

2
= 2tr

(

−ωW̃2,t

)

≤ 0, we also keep

this algorithm. If tr
(

−ωW̃2,t

)

> 0, tr

[(

−ω + ‖W̃2,t‖2

tr(W̃ T
2,t(K2P )W̃2,t)

ω

)

W̃2,t

]

< 0,

so d
dt

∥
∥
∥W̃2,t

∥
∥
∥

2
< 0, W2,t are directed toward the inside or the ball, i.e. W2,t will

never leave the ball. Since r <
∥
∥W 0

2

∥
∥ , W2,t �= 0.

3 Robust Adaptive Controller Based on Neuro Identifier

From (3) we know that the nonlinear system (1) may be modeled as

·
xt = Axt + W1,tσ(x̂t) + W2,tφ(xt)γ(ut) + dt (8)

where dt = f̃ + W̃1,tσ(x̂t) + W̃2,tφ(xt)γ(ut) + W ∗
1,tσ̃t + W ∗

1 φ̃γ(ut). If updated
law of W1,t and W2,t is (5), W1,t and W2,t are bounded. Using the assumption
A1, dt is bounded as d = sup

t
‖dt‖ . The object of adaptive control is to force the
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nonlinear system (1) following a optimal trajectory x∗
t ∈ �r which is assumed

to be smooth enough. This trajectory is regarded as a solution of a nonlinear
reference model:

ẋ∗
t = ϕ (x∗

t , t) (9)

with a fixed initial condition. If the trajectory has points of discontinuity in some
fixed moments, we can use any approximating trajectory which is smooth. In
the case of regulation problem ϕ (x∗

t , t) = 0, x∗(0) = c, c is constant. Let us
define the sate trajectory error as ∆∗

t = xt − x∗
t . Let us select the control action

γ (ut) as linear form γ (ut) = U1,t + [W2,tφ (x̂t)]
+

U2,t, where U1,t ∈ �n is direct
control part and U2,t ∈ �n is a compensation of unmodeled differential dt. As
ϕ (x∗

t , t) , x∗
t , W1,tσ(x̂t) and W2,tφ (x̂t) are available, we can select U1,t as

U1,t = [W2,tφ (x̂t)]
+ [ϕ (x∗

t , t) − Ax∗
t − W1,tσ(x̂t)] . (10)

where [•]+ stands for the pseudoinverse matrix in Moor-Penrose sense[1]. We
choose φ (x̂t) different from zero, and W2,t �= 0 by the projection approach in

Theorem 1. So [W2,tφ (x̂t)]
+ = [W2,tφ(x̂t)]T

‖W2,tφ(x̂t)‖2 . So the error equation is

·
∆

∗
t = A∆∗

t + U2,t + dt (11)

Four robust algorithms may be applied to compensate dt.

(A) Exactly Compensation. From (8) we have dt =
(

·
xt −

·
x̂t

)

−
A (xt − x̂t) . If

·
xt is available, we can select U2,t as Ua

2,t = −dt, i.e., Ua
2,t =

A (xt − x̂t) −
(

·
xt −

·
x̂t

)

. So, the ODE which describes the state trajectory er-

ror is
·
∆

∗
t = A∆∗

t . Because A is stable, ∆∗
t is globally asymptotically stable,

lim
t→∞ ∆∗

t = 0.

(B) Approximate Compensation. If
·

xt is not available, a approximate
method may be used as

·
xt = xt−xt−τ

τ + δt, where δt > 0, is the differential
approximation error. Let us select the compensator as

U b
2,t = A (xt − x̂t) −

(
xt − xt−τ

τ
−

·
x̂t

)

(12)

So U b
2,t = Ua

2,t + δt, (11) become
·
∆

∗
t = A∆∗

t + δt. Define Lyapunov-like function
as Vt = ∆∗T

t P2∆
∗
t , P2 = PT

2 > 0. The time derivative is

·
V t ≤ ∆∗

t

(
AT P2 + P2A + P2ΛP2 + Q2

)
∆∗

t + δT
t Λ−1δt − ∆∗T

t Q2∆
∗
t

where Q is any positive define matrix. Because A is stable, there exit Λ and Q2
such that the matrix Riccati equation

AT P2 + P2A + P2Λ
−1P2 + Q2 = 0 (13)
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has positive solution P = PT > 0. Defining the following semi-norms ‖∆∗
t ‖2

Q2
=

lim
T→∞

1
T

∫ T

0 ∆∗
t Q2∆

∗
t dt, where Q2 = Q2 > 0 is the given weighting matrix, the

state trajectory tracking can be formulated as the following optimization prob-
lem Jmin = min

ut

J, J = ‖xt − x∗
t ‖2

Q2
. Note that lim

T→∞
1
T

(
∆∗T

0 P2∆
∗
0
)

= 0, based

on the differential neural network (2), the control law (12) and (10) can make
the trajectory tracking error satisfy the following property ‖∆∗

t ‖2
Q2

≤ ‖δt‖2
Λ−1 .

A suitable selection of Λ and Q2 can make the Riccati equation (13) has positive
solution and make ‖∆∗

t ‖2
Q2

small enough if τ is small enough.

(C) Sliding Mode Compensation. If
·

xt is not available, the sliding
mode technique may be applied. Let us define Lyapunov-like function as Vt =
∆∗T

t P3∆
∗
t , where P3 is a solution of the Lyapunov equation AT P3 + P3A = −I.

Using (11) whose time derivative is

·
V t = ∆∗

t

(
AT P3 + P3A

)
∆∗

t + 2∆∗T
t P3U2,t + 2∆∗T

t P3dt (14)

According to sliding mode technique, we may select u2,t as

U c
2,t = −kP−1

3 sgn(∆∗
t ), k > 0 (15)

where k is positive constant, sgn(∆∗
t ) =

[
sgn(∆∗

1,t), · · · sgn(∆∗
n,t)

]T ∈ �n. So
·
V t ≤ − ‖∆∗

t ‖2 − 2 ‖∆∗
t ‖ (k − λmax (P ) ‖dt‖) . If we select k > λmax (P3) d, where

d is the upper bound of dt, then
·
V t < 0. So. lim

t→∞ ∆∗
t = 0.

(D) Local Optimal Control. If
·

xt is not available and
·

xt is not ap-
proximated as (B). In order to analyze the tracking error stability, we intro-
duce the following Lyapunov function: Vt (∆∗

t ) = ∆∗
t P4∆

∗
t , P4 = PT

4 > 0. Be-
cause A is stable, there exit Λ4 and Q4 such that the matrix Riccati equation
AT P4 + P4A + P4Λ4P4 + Q4 = 0. So

V̇t ≤ −
(

‖∆∗
t ‖2

Q4
+

∥
∥Ud

2,t

∥
∥

2

R4

)

+ Ψ
(
Ud

2,t

)
+ dT

t Λ−1
4 dt (16)

where Ψ
(
Ud

2,t

)
= 2∆∗T

t P4U
d
2,t + UdT

2,t R4U
d
2,t. We reformulate (16) as:

‖∆∗
t ‖2

Q4
+

∥
∥Ud

2,t

∥
∥

2

R4
≤ Ψ

(
Ud

2,t

)
+ dT

t Λ−1
4 dt − V̇t.

Then, integrating each term from 0 to τ , dividing each term by τ , we have

‖∆∗
t ‖2

Q4
+

∥
∥Ud

2,t

∥
∥

2

R4
≤ ‖dt‖2

Λ−1
4

+ lim
T→∞

1
T

∫ T

0
Ψ

(
Ud

2,t

)
dt

It fixes a tolerance level for the trajectory tracking error. So, the control goal now
is to minimize Ψ

(
Ud

2,t

)
and ‖dt‖2

Λ−1
4

. To minimize ‖dt‖2
Λ−1

4
,we should minimize

Λ−1
4 . If select Q4 to make the matrix Riccati equation have solution, we can

choose the minimal Λ−1
4 as Λ−1

4 = A−T Q4A
−1. To minimizing Ψ

(
Ud

2,t

)
, we
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assume that, at the given t (positive), x∗ (t) and x̂ (t) are already realized and
do not depend on Ud

2,t. We name the Ud∗
2,t (t) as the locally optimal control,

because it is calculated based only on “local“ information. The solution of this
optimization problem is given by

{
Ψ

(
ud

2,t

)
= 2∆∗T

t P4u
d
2,t + UdT

2,t R4U
d
2,t

subject: A0(U1,t + Ud
2,t) ≤ B0

It is typical quadratic programming problem. Without restriction U∗ is selected
according to the linear squares optimal control law: ud

2,t = −2R−1
4 P4∆

∗
t .
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Design of PID Controllers Using Genetic Algorithms
Approach for Low Damping, Slow Response Plants
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Abstract. Proportional-Integral-Derivative (PID) controllers are widely used in
process control industry for years. Those plants are in general, slow-response
with moderate or low damping characteristics. Zeigler-Nichols(ZN) tuning
methods are some of design approaches for finding PID controllers. Basilio and
Matos(BM) pointed out a systematic way to design PID to meet transient per-
formance specifications. As for the low-damping, slow-response plants, the BM
approach also failed to find the controller. We suggest two approaches to over-
come this afore-mentioned difficulty. These two approaches are approach of
using approximate 2nd order zeros to cancel the embedded plant poles, and GA-
based fine-tuning approach.

1   Introduction

Proportional-Integral-Derivative (PID) controllers are widely used in process control
industry for years. Those plants are ,in general, slow response with moderate or low
damping characteristics. Zeigler-Nichols(ZN)[1],[2],[3] tuning methods is some of
design approaches for finding PID controllers. Basilio and Matos(BM)[4] pointed out
a systematic way to design PID to meet transient performance specifications. As for
the low-damping, slow response plants, the BM approach also failed to find the con-
troller. First of all, we define the PID controller form as one of the equation (1) as
follows:

C(s)=Kp + Ki/s + Kd*s (1)

It is difficult to identify its math. model of a high-order, complex plant with low
damping, slow step response. BM design approach uses the formulae obtained from
vibration point of view with high accuracy in determining damping coefficient and
natural frequency, in general, than those used in control textbook. Equations for BM
approach are

ζ=
2))^ln(/2(1

1

dπ+

(2)
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ωn=
2^1

2

ς
π
−Tp

(3)

d=
yssMp

yssMp

−
−

1

2 (4)

Tp=Tp2-Tp1 (5)

Fig. 1 shows the definitions of variables/parameters used in equations above. Mp1
is the first overshoot and the Mp2 is the second overshoot. Yss is the steady-state
value of the output. Both Mp1 and Mp2 values must be large than yss. Under this
condition, the estimated damping ratio and natural frequency are closed to the true
response characteristic of the plant. However, if Mp2 is missing as shown in Fig. 2,
BM approach failed to apply for a PID design because d is not determined then.

Fig. 1.  Definitions for BM approach
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Equations (6--8) are those formulae from Control textbook[7]  as

ζ=
2)^ln(2^

)ln(

MO

MO

+
−

π
(6)

ωn=
2^11 ς

π
−Tp

(7)

                                            MO=(Mp1-yss)/yss
(8)

Fig. 2.  Mp2 can not be obtained in this case

From Fig. 2, we truly find that Mp1 is the overshoot with damping ratio greater
than 0.5 if it were a 2nd-order system, however, the true damping from true response is
less than 0.5. In this case, formulae with Control textbook are not good enough than
those used in Vibration theory. In the contrary, equations (6--8) are the only formulae
for us to estimate damping ratio and natural frequency of the complex plant with
response curve as in Fig. 2. Due to those other slow-response poles in the plant, com-
plex pole pair/pairs is/are not dominant ones any more. Estimate of those complex
pole pair with accuracy is not necessary. So we use equations (6--8) to place zeros of
PID controller design. This is the first approach (Proposed #1) we choose to over-
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come the difficulty of using BM approach to the slow-response, low damping re-
sponse. From the root locus point of view, zeros of PID controller are placed more to
the left of imaginary axis than poles of the plant(Although we do not know exact
where they are). These two zeros can attract slow poles of the plant to the left with
more fast response. So Proposed #1 can get better PID controller design than BM
approach. Secondly, we even modify (reduce) the PID gains accordantly of a plant
without any transport lag  for the same plant with a transport lag if Proposed #1 ap-
proach used. With transport lag in the plant, BM approach is not good enough to find
proper PID gains any more.

2   Design of PID Controllers for Plants with Underdamped Step
Responses

Since Genetic Algorithm (GA) [5], [6] is an aided toolbox for optimization problems
with possible global optimum found. Our second approach (Proposed #2) is the use of
GA to estimate the form of the unknown plant by assuming a 4th order transfer func-
tion as shown in equation (10). ωn and ζare derived from Proposed #1 approach.
Once G(s) is estimated and obtained from fitting the damped step response by GA, it
can be used for GA again to find the optimal PID controller gains. Detail structure of
G(s) is shown in Fig. 3. Maximum overshoot in GA search is limited to 2% only.
Performance index minimization is performed on time-absolute error product.

Fig. 3. Block diagram (above) used for GA search. Identified Plant Subsystem is enlarged
(below). Kb=1
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G(s)=K* 
1)(2^)(
1)(2^)(

++
++

spbspa

szbsza

2^**22^
2^

wnswns

wn

++ ς
*

2^
1

wn

(9)

Example 1: Use the following transfer function to get the open-loop step response.

G(s)=

16.143.432^86.643^52.674^78.465^47.176^
2.1893.62^5.28

++++++
++

ssssss

ss (10)

The open-loop step response is shown in Fig. 1 with definite Mp1 and Mp2 values.
Table 1 indicates the parameters used for PID controllers and the corresponding char-
acteristics obtained. OV is the overshoot, and Ts is the settling time.

Table 1. Parameters and time characteristics of Example 1

 Approach ζ     ωn       Kp       Ki       Kd  OV(%)    Ts
 BM 0.116  0.983  0.033  0.140  0.143  3.48        20.7
 Proposed #1 0.603  0.440   0.412  0.150  0.778  0.35        15.8
 Proposed #2                        0.890  0.250  1.103  2.00        13.5

Table 2. Parameters and time characteristics of Example 2

Approach ζ     ωn       Kp       Ki       Kd  OV(%)    Ts
 BM   0.116  0.983  0.027  0.114  0.117  49.60     98.0
 Proposed #1  0.603  0.282   0.265  0.062  0.778    0.00     35.0
 Proposed #2                        0.283  0.079  0.423  2.00     20.0

If the plant response has an apparent transport lag, even we reduce the total gains of
PID, BM approach can not find good PID gains with good step response. Using Pro-
posed #1 approach, we get different PID gains from those with no transport delay. If
the closed-loop step response shows too large overshoot, Kp, Ki, Kd are reduced
simultaneously to get a reasonable response as the fine-tuning process. This is the
extra step for Proposed #1 approach. Based on the gains obtained from Proposed #1
approach, genetic search (Proposed #2) is used to do the 2nd step fine tuning to get the
optimal PID controller design.

Example 2: G(s) is the same as in Example 1 but with a transport lag of 5 seconds.
Table 2 indicates the parameters used for PID controllers. Fig. 4 shows step responses
under control.

Example 3: Given a 5th order plant as

G(s)=
170.112^18.173^41.254^58.165^

32.212^2.25
+++++

++
sssss

ss (11)
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The open-loop step response is shown in Fig. 2 with definite Mp1, but no Mp2
value. Table 3 indicates the parameters used for PID controllers. Fig. 5 shows the
closed-loop step response under PID control.

Table 3. Parameters and time characteristics of Example 3

Approach ζ      ωn       Kp       Ki       Kd  OV(%)    Ts
 BM                 Not available
 Proposed #1  0.636  0.984  0.426   0.328   0.333    20.0      17.3
 Proposed #2                        0.572   0.130   0.436   2.0       13.0

Fig. 4. Step responses for different approaches for Example 2

Example 4: G(s) in Example 3 with a transport lag of 5 seconds. Table 4 indicates the
parameters used for PID controllers and the corresponding characteristics obtained.

Table 4. Parameters and time characteristics of Example 4

Approach ζ      ωn       Kp       Ki       Kd  OV(%)    Ts
 BM                 Not available
 Proposed #1   0.636 0.446  0.103   0.036   0.181     10.0     51.0
 Proposed #2                        0.082   0.023   0.012     2.0     40.0
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Fig. 5. Step responses for different approaches for Example 3

3   Conclusions and Future Study

Most chemical process control systems have slow-response characteristics. For a
monotonic step response, either Zeigler-Nichols tuning or Basilio-Matos tuning ap-
proach can be used for coarse tuning of PI/PID controller gains. However, to those
plants with low damping characteristics, only Basilio-Matos approach can be used for
the PID design as shown in Example 1. In case of additional transport lag appended to
the plant, Basilio-Matos is also failed to find a proper PID controller. We have dem-
onstrated two approaches to overcome the trouble with the plants with either an addi-
tional transport lag in Example 2, 4, or with a strange transient response in Example
3, 4. Better closed-loop poles locations used in Proposed #1 approach and fine-tuning
of PID gains derived from Proposed #1 by using Genetic Search approach can suc-
cessively solve strange plants or plants with transportation delays. Our approaches
can remedy the difficulty occurred in Basilio-Matos (BM) design.

Either linear time-invariant or nonlinear plants can be learnt by using Artificial
Neural Networks (ANN) if the learning process and the result are satisfied. We can
identify an ANN model as the plant, hence, GA can be used for finding better PID
gains by simulation design step. After that we can apply the PID controller to the real
plant directly rather than using trial-and-error PID tuning approach. Future study will
be the learning of ANN before controller design.
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Abstract. Accurate multi-step state predication is very important for the fault
tolerant control of nonlinear systems with input delay. Neural network (NN)
possesses strong anti-interference ability at multi-step predication, but the
predication accuracy is usually not satisfactory. The strong tracking filter (STF)
can reduce adaptively estimate bias and has the ability to track changes in
nonlinear systems. Thus in this paper the STF and the NN are combined
together to provide more accurate multi-step state predication. Based on the
state predication an active fault tolerant control law is then proposed against
sensor failures of nonlinear time delay systems. Simulation results on a three-
tank-system show the effectiveness of the proposed fault tolerant control law.

1 Introduction

As a special structure parameter, time delay is much different from the system order
and system parameters, it exists almost everywhere in the control field [1]. A self-
learning neural network time lag compensation and fuzzy control approach for the
controlled uncertain objects with time delay was presented in [2], but the results were
not extended to fault tolerant control. Fault tolerant control of systems with time delay
has been studied in the literature [3,4], but all these results focus on linear systems
only.

In this paper, for a class of nonlinear systems with input time delay, based on the
strong tracking filter (STF) [5], and a neural network predicator, an active fault
tolerant control scheme against sensor failures is proposed.

2 Control of Nonlinear Systems with Input Time Delay

Consider a class of nonlinear systems with input time delay

( ) ( ) ( ) ( )
( ) ( )

:
t t T

A
t

= −


=

x f x g x u

y h x

� ＋
(1)
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where n∈x R , m∈u R , n∈y R . ( )⋅f , ( )⋅g and ( )⋅h are continuous, nonlinear func-

tions with respect to x . Their partial derivatives about x also exist. 0T > , is the
known, input time delay. The discrete form of system (1) can be described by

( ) ( ) ( )( ) ( )( ) ( )( ) ( )
( ) ( )( ) ( )

1 /

1 1, 1 1

k k t k k k T t k

k k k k

  + = + ∆ + − ∆ +  


+ = + + +

x x f x g x u Γv

y h x e＋
(2)

where t∆  is the sampling interval. T N t= ∆ , where N  is a nonnegative integer.
q∈v R  and n∈e R are zero-mean, Gaussian white noise with covariances Q and R ,

respectively. v and e are assumed to be independent of each other. Γ is a matrix
known with proper dimension. Based on the STF, the method presented in [5] can be

used to estimate the state variable ( )kx  to get ( )ˆ k kx .

In classical optimal control, output y  is usually designed to track a fixed reference

trajectory [6]. Accordingly, we define a reference trajectory as follows

* *
1 2 0
( ) ( )d

t

r r r t= − + −∫y K y y K y y� (3)

Then we get the following optimization problem [6]

0
min [ ( , ) ( , )]d

. .

( ) ( ) ( )

( )

t T

u
t

s t

t T

α≤
= + −
=

∫

�

a x u Wa x u

u

x f x g x u

y h x

where

( ) ( ) ( ) ( ) ( ) ( )( ) ( ) ( )* *
1 2 0

d
t

r, t t t T t
∂∆ − = + − − − −
∂ ∫
h

a x u y y f x g x u K y y K y y
x

� �
－ (4)

W  is a proper symmetrical weighting matrix and α  is the control constraint. When
the required control constraint is satisfied, the above optimization problem is

equivalent to ( , ) 0=a x u . Suppose ( ( ))k
∂
∂
h

g x
x

is non-singular, let /T t d∆ = , and use

predicted ˆ( | )k d k+x  to replace ( )k d+x , we obtain the control law as:

( ) ( )( ) ( ) ( )( ) ( )

( ) ( )( )

1
* *

1 2
1

ˆ |

ˆ |

k d

j

k k d k k d k d t j

j k d k

− +

=

∂  = + ⋅ + − + + ∆  ∂  
∂ − − +  ∂ 

∑h
u g x K y y K y

x

h
y f x

x

(5)

To realize this control law, we need to predict the state and output at 1, ,k k d+ +" .



Neural Network Based Fault Tolerant Control of a Class of Nonlinear Systems         93

3 Neural Network Based State Predication of Nonlinear Systems 
with Input Time Delay

Since neural network (NN) can possess strong anti-interference ability [7] in multi-
step predication at time k j+ ( )1 j d≤ ≤ , we propose

( ) ( ) ( ) ( )ˆ ˆ| |p m mk d k k d k k k k k d+ = + + − −x x x x (6)

where ( )|m k d k+x is the predicted ( )k d+x  at time k  by NN, ( )ˆ p k d k+x  is the

corrected ( )|m k d k+x . ( )ˆ k kx  is the state estimation at time k  by the STF.

( ) ( ) ( ) ( ) ( )ˆ| , 1 , 2 , ,m k d k NNP k k k k k M + = − − − x x u u u… (7)

where NNP means neural network predicator.

Substitute ( ) ( )( )ˆ ˆ
p pk d k d k+ = +y h x  into (5), the control law can be realized

finally by

( ) ( )( ) ( ) ( )( ){

( ) ( ) ( ) ( ) ( )( )

1
*

1 2

* *
2

1 1

ˆ ˆ

ˆ ˆ

p p

k k d

p p
j j k

k k d k k d k d t

j j t j j k d k

−

+

= = +

∂ = ⋅ + − + + ∆ ∂ 
∂   − + ∆ − − +     ∂ 

∑ ∑

h
u g x K y y K

x

h
y y K y y f x

x

＋

(8)

Feed-forward NN is used for predication in (7), which can be trained with the

improved BP algorithm. Samples are given as ( ){ },i iX Y ( )1,2, ,i N= " . To accelerate

the convergence of the BP algorithm, momentum factor is introduced as

( 1) ( ) ( ) ( )k k k kη α+ = + + ⋅ ∆W W G W (9)

lR∈W  is the weights vector of the NN. η  is a constant representing the step size,

which can be regulated. Momentum factor α  is between 0 and 1, 0 1α< < . ( )kG is

the negative gradient of error function ( )E W .

( )
2

1

1

2

N

i i
i

E
=

= −∑ ˆW Y Y , ( ) ( ) ( 1)k k k∆ = − −W W W (10)

4 Fault Tolerant Control of Nonlinear Systems with Input Time 
Delay

With state augmentation techniques, the system (2) with sensor failures can be
modeled by
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( ) ( ) ( ) ( )( ) ( )
( ) ( )( ) ( ) ( )

0

0

1 , , , ,

1 1, 1 1 1

e e ek k k k k k

k k k k k

 + = +


+ = + + + + +

x f u x y Γ v

y h x y e＋
(11)

( ) ( ) ( )( ) ( ) ( )( ) ( )( ) ( )
( )0

0

, , ,e

k t k k k d
k k k k

k

  + ∆ + −  =
  

x f x g x u
f u x y

y

e
×

 
=  
 m q

Γ
Γ

0

(12)

0
m∈y R  is the deviation of the sensor, is unknown and time-varying, and it can be

estimated by the STF. And ( ) ( ) ( )01 1 1
TT T

e k k k + = + + x x y .

Based on (11), we can obtain the estimated sensor deviation 0
ˆ ( )ky  online with the

STF [5]. Comparing 0
ˆ ( )ky with a threshold vectorε , we can detect possible sensor

failures. When a sensor failure is detected at k λ= , the output of the sensor is not

valid anymore. Substitute ( )ky  in (8) by ( ) ( )( )ˆ ˆk k k=y h x , we can finally get the

following fault tolerant control against sensor failures

( ) ( )( ) ( ) ( )( ){ ( )

( ) ( ) ( ) ( ) ( ) ( )( )}

1 1
* *

1 2
1

* *
2 2

1

ˆ ˆ

ˆ ˆ ˆ
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k k d

p p
j j k

k k d k k d k d t j

j t j j t j j k d k

λ

λ

− −

=

+

= = +

∂  = ⋅ + − + + ∆ −  ∂ 
∂   + ∆ − + ∆ − − +     ∂

∑

∑ ∑

h
u g x K y y K y

x

h
y K y y K y y f x

x

＋

(13)

After all the elements of the sensor deviation vector are less than their thresholds,
the control law will be switched back to (8).

5 Simulation Study

A modified mathematical model, coming from the setup DTS200, is adopted for
computer simulations. For details, see [8].

The system can be modeled by the following discrete model

( ) ( ) ( )( ) ( )( )
( ) ( ) ( ) T

1 2

1 /

1 1 1

k k t k k t

k k k

τ  + = + ∆ + ⋅ − ∆ 


+ = + +   

x x A x B u

y x x
(14)

In the control algorithm, we choose 1 20.05=K I , 2 20.0015=K I . In the STF

algorithm [5], we choose 32 0.01= ×Q I ， 20.01=R I ， 5β = , [1,1,1]diag=α .The

initial liquid levels 1 25cmh = ， 2 3 10cmh h= = ; time-delay 10sτ = ; sampling

interval is 1st∆ = , and the simulation time is 800s. At the time of 550s, change the
set-point of T2 to 14cm; at the time of 600s, change the set-point of T1 to 18cm.
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The neural network used for predication is described as (7), where M=3. The input
layer has 9 neurons, the hidden layer has 7 neurons and the output layer has 3
neurons. We adopt improved BP algorithm as NN’s training algorithm. This BP NN

has 3 layers. Choose the Sigmoid function ( ) ( )1/ 1 xf x e−= +  to describe the neurons.

When1 10,k≤ < ( ) 0;k =u 10 100,k< ≤ ( ) [100 (1),100 (1)] ,Tk rand rand= ∗ ∗u

where (1)rand  represent a random number between 0 and 1. With open-loop system

(14), we can get 100 samples for the NN’s training.
Two initial weights vectors are produced randomly after we get the samples for

training. Adjust the weights with (9), in which 0.7η = , 0.6α = .

Train the NN with the algorithm introduced in Section 3 until ( ) 0.1E <W . Then

we get two weighting matrices, they are not shown due to the limit of space.
When the system runs normally, the simulation results is shown in Fig.1, where

curves 1 and 3 represent the real liquid levels of T1 and T2 respectively and curves 2
and 4 represent the predicted results of the liquid levels. This simulation result shows
that we can predict the system’s state quite well with the NN algorithm.

When the system is under sensor failure, ( ) ( ) ( ) T

1 21 1 1k k k+ = + +  y F x x ,

where 
0 0

0 1

 
=  
 

F  is a matrix representing the sensor failure. As an example, we

suppose the sensor failure happens between the time of 250s and 350s. The sensor
failure can be detected by comparing ( )0

ˆ| |ky  with the threshold 1 1ε＝ , 2 0.5ε ＝ .
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Fig. 1. NN prediction results in normal case
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Fig. 2. Simulation results under sensor failure F



96       M. Liu, P. Liu, and D. Zhou

In Fig.2, curves 1 and 3 show the results when the proposed fault tolerant control
law is not adopted under sensor failure F . It is shown that great fluctuation of the
liquid level of T1 occurs. Curves 2 and 4 show the results when the proposed fault
tolerant control law is adopted under sensor failure F . It is clearly that failure F
does not have much effect on the liquid levels of the tanks.

Simulation results are also satisfactory under sensor failure on 2x , the figures are
omitted due to space limitation.

6   Conclusions

In this paper, an active fault tolerant control law against sensor failures for a class of
nonlinear time delay systems is proposed on the basis of the STF and a NN predictor.
Simulation results illustrate the effectiveness of the proposed approach.
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Abstract. Recurrent neural network (RNN) is used to model product quality of
batch processes from process operational data. Due to model-plant mismatches
and unmeasured disturbances, the calculated control policy based on the RNN
model may not be optimal when applied to the actual process. Model prediction
errors from previous runs are used to improve RNN model predictions for the
current run. It is proved that the modified model errors are reduced from run to
run. Consequently control trajectory gradually approaches the optimal control
policy. The proposed scheme is illustrated on a simulated batch reactor.

1 Introduction

It is very important for good optimal control performance of batch processes to obtain
an accurate model capable of providing accurate long range predictions [1]. To
overcome the difficulties in developing mechanistic models, empirical models based
on process operational data can be utilized. Neural networks have been shown to be
able to approximate any continuous nonlinear functions and have been proposed as a
promising tool for identifying empirical models [2]. If properly trained and validated,
these neural network models can be used to predict steady-state and dynamic process
behavior reasonably well [3]. As a non-linear regression tool, neural networks have
been increasingly used in modeling and control of chemical processes, especially
complex non-linear processes where process understanding is limited. In this paper,
recurrent neural networks (RNN) [4] are used to represent the non-linear relationship
between product qualities and control trajectory of batch processes.

In practice, the effort of batch process optimization is often hampered by model-
plant mismatches and unknown disturbances. “Optimal on the model” may not
necessarily mean “optimal on the process”. Since batch processes are of repetitive
nature, it would be possible to use information of previous runs to improve the
operation of the current run. This is referred to as “run-to-run” or “batch-to-batch”
optimization [5,6]. Recently, iterative learning control (ILC) has been introduced to
directly update input trajectory [7,8]. But the ILC type approach can not be used
directly to product quality control of batch processes, because it is usually more
difficult to set the reference trajectories of product qualities during a whole batch run.
However, the main interest in batch process is on the final product qualities and/or
quantities, and the desired values of product qualities at the end of a batch are usually
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known. This makes it still possible to improve the product qualities from run to run.
In this study, the idea of ILC is combined with iterative optimization to improve
product quality from run to run. RNN model predictions are iteratively modified by
using errors of RNN model during previous runs. Updated control policy is calculated
for each run using the modified model predictions. By such a means, model errors
based on modified predictions are gradually reduced with respect to the number of
batch runs and control policy gradually approaches the optimal trajectory.

2 Batch Process Modeling Using Recurrent Neural Networks

A batch process is considered here where its run length (tf) is fixed and divided into N
equal intervals, and input and product quality sequences are defined as Uk=[uk(0),…,
uk(N-1)]T, Yk=[yk(1),…, yk(N)]T, where k is the batch run index, y∈Rn are product
quality variables, u∈Rm are the input (manipulted) variables for the product quality. In
this study, RNN models are used to model the non-linear relationship between uk and
yk as shown in Fig 1 for modeling a second order nonlinear system.

ŷk(t+1) = RNN [ ŷk(t), ŷk(t-1), uk(t), uk(t-1) ] (1)

ŷk(t+1)

uk(t)

ŷk(t-1)

q-1

ŷk(t)

uk(t-1)

q-1

q-1

ŷk(t+1)

uk(t)

ŷk(t-1)

q-1

ŷk(t)

uk(t-1)

q-1

q-1

Fig. 1.  A globally recurrent neural network. The neuron activation function in the hidden layer
is sigmoidal function whilst in the output layer it is linear. The lagged network output •

k
(t+1) is

fed back to network input nodes as indicated by the back-shift operator q-1. In this way,
dynamics are introduced into the network.

Given the initial conditions and the input sequence Uk, a RNN model can predict
recursively output at the end of a batch, which can be formulated as ŷk(tf) = fRNN (Uk),
where fRNN is a nonlinear function related to the RNN model. Thus the predictions
from a RNN model are long range or multi-step-ahead predictions. The RNN network
can be trained in the “back-propagation through time” fasion [9] using the Levenberg-
Marquart optimization algorithm to minimize its long-range prediction errors.
Therefore a RNN model can usually offer much better long-range predictions than a
feed-forward neural network [4]. However, due to model-plant mismatches,
prediction offsets of RNN models can occur. Since batch processes are intended to be
run repeatedly, it is reasonable to correct the RNN model predictions by adding
filtered model errors of previous run [10]. As the dynamics of product quality
variables are usually non-linear and measurement noises always exist, information of
prediction errors in all previous runs should be utilized in deciding the input change



Run-to-Run Iterative Optimization Control of Batch Processes         99

for the next run. In this study, the average model errors kê (tf) of all previous runs are
used to modify the RNN model predictions for the current run, which is defined as

∑∑
==

−==
k

i
fifi

k

i
fifk tyty

k
te

k
te

11
))(ˆ)((

1
)(ˆ

1
)(ˆ (2)

where )(ˆ fi te  is RNN model error, yi(tf) and )(ˆ fi ty are the measured and predicted

product qualities at the end time tf of the ith batch, respectively. By filtering this
average model error, the modified prediction of a RNN model is defined as

1
~

+ky (tf) = ŷk+1(tf) + α kê (tf) (3)

where α is an adjustable filter parameter.

3 Run-to-Run Iterative Optimization Control

The aim of run-to-run iterative optimization control is to find an update mechanism
for the input sequence Uk+1 of a new run based on the information from previous runs
so that the measured yk+1(tf) at the batch end converges asymptotically towards the
desired yd(tf). When the input degrees of freedom are deficient, the offsets are
minimized as dictated by a quadratic objective for run-to-run optimization [7,8]. The
run-to-run iterative optimization for product quality control can be formulated as

1

min
+k

J
U

 = || yd (tf) − 1
~

+ky (tf) ||
2
Q

 + || Uk+1 − Uk ||
2

R (4)

where Q=λq⋅In and R=λr⋅IN are weighting matrices. The quadratic objective in Eq(4)
penalizes the input change instead of the input, and it has an integral action for the
input with respect to the run index k and achieves the minimum achievable error in
the limit [8].

The modified prediction error at the end time tf between measured product quality
and modified prediction is calculated by εk+1(tf) = yk+1(tf) − 1

~
+ky (tf). Considering Eq(3),

it can be rewritten as εk+1(tf) = êk+1(tf) − α kê (tf). Eq(2) can be reformulated as

)(ˆ
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)(ˆ
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)(ˆ 1 fkfkfk te
k

te
k

k
te +−= −

(5)

Then εk+1(tf) can be rewritten further as

εk+1(tf) =
k

k 1− εk(tf)+ηk+1(tf)
(6)

ηk+1(tf)  = êk+1(tf) −
k

k α+−1  êk(tf)
(7)

As k approaches infinity, it indicates in Eq(5) that

)(ˆ)(ˆ
1

lim)(ˆ
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lim)(ˆlim 1 tt
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k
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k
k

k
k

k
∞∞→−∞→∞→

=+−= eeee
(8)

The RNN model predictions at the end of the (k+1)th batch run can be approximated
by the first order Taylor series approximation as
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ŷk+1(tf) = fRNN (Uk+1) = fRNN (Uk) + 
1+∆
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where ∆Uk+1=Uk+1−Uk. It is reasonable to assume that the iterative optimization
produces no worse solutions since the trivial solution ∆Uk+1=0 can ensue this. Under
this assumption, it holds 0≤ ||yd(tf)− 1

~
+ky (tf)||

2
Q ≤ ||yd(tf)− ky

~ (tf)||
2
Q. As k approaches

infinity, it follows )(~lim)(~lim 1 fk
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= . From Eq(3) and Eq(9), it holds that
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It follows from the above equation that

0lim 1 =∆ +∞→ k
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U ,     i.e.   ∞∞→+∞→
== UUU k

k
k

k
limlim 1 (11)

Therefore the iterative optimal control scheme converges with respect to the batch run
number k. It also indicates from Eq(7) that

∞→k
lim ηk+1(tf) =

∞→k
lim êk+1(tf) −

k

k
k

α+−
∞→

1
lim êk(tf) = ê∞(tf) − ê∞(tf) = 0 (12)

Therefore from Eq(6), it holds that

∞→k
lim εk+1(tf) =

k

k
k

1
lim

−
∞→

εk(tf) + 
∞→k

lim ηk+1(tf) = ε∞(tf) (13)

The procedure of run-to-run model-based iterative optimization is outlined as follows:
At the current run k, input trajectory Uk is implemented into the batch process and
outputs yk(tf) are obtained after the completion of batch. RNN model predictions for
the next batch are modified by using prediction errors of all previous runs. Based on
the modified predictions, the optimization problem is solved again and a new control
policy Uk+1 for the next run is calculated. This procedure is repeated from run to run.

4 Simulation on a Batch Reactor

The typical batch reactor is taken from [11]. Its reaction scheme is CBA kk →→ 21 ,
and the equations describing the reactor are:

2
1

1 )/2500exp(4000 xT
dt

dx
−−=

2
52

1
2 )/5000exp(102.6)/2500exp(4000 xTxT

dt

dx
−×−−=

(14)

where x1 and x2 represent the dimensionless concentrations of A and B, T is the
temperature of the reactor and is scaled to dimensionless value as Td = (T-Tmin)/(Tmax-
Tmin), tf is fixed to be 1.0 h, and the values of Tmin and Tmax are 298K and 398K,
respectively. The initial conditions are x1(0)=1 and x2(0)=0, and the constraint on the
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control u=Td is 0≤Td ≤1. The performance index is to maximise the concentration of B
at the end of batch x2(tf). In this study, the above mechanistic model, Eq(14), is
assumed to be not available for process optimization control and a recurrent neural
network model is utilized to model the non-linear relationship between y=x2 and u.

Fig. 2. Long-range predictions of RNN model           Fig. 3.  Convergence of input trajectory U
k

Fig. 4. Convergence of modified prediction errorε
k
(t)    Fig. 5. Convergence of tracking error e

k

f

Fifteen batches of process operation under different feeding policies were
simulated from the mechanistic model. Normally distributed random noises with zero
means were added to all the “measurements” to simulate the effects of measurement
noises. Among these data, 10 batches were used as training data, 4 batches were used
as validation data, and the remaining 1 batch was used as unseen testing data to
evaluate the developed network. Different networks were trained on the training data
and determined by cross-validation. The network with the least sum of squared errors
on the validation data was chosen as the best network. After RNN training and
validation, the final selected model is of the form as Eq (1). The appropriate number
of hidden neurons was found through cross-validation as 8. Long-range predictions of
y from this RNN model on the unseen testing batch are shown in Fig 2. It can be seen
that the prediction errors increase as the prediction horizon increases. Neverthless, the
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RNN model prediction at the end of the batch can be considered as being quite
accurate.

To investigate the performance of the proposed control strategy, three cases are
studied: Case 1 – mechanistic model based optimization; Case 2 – only RNN model
based optimization; and Case 3 – RNN model based run-to-run iterative optimization.
The sequential quadratic programming (SQP) method is used to solve the non-linear
optimization problems. Here the batch length is divided into N = 10 equal stages. The
parameters in Case 3 are chosen as follows: yd(tf) is set to 0.610, α = 0.25, λq=2000,
and λr=10. In Case 1, the value of actual final product concentration under its
calculated optimal control policy is 0.6105. But due to RNN model-plant mismatches,
the value in Case 2 drops to 0.596, a 2.38% reduction. To carry out the run-to-run
iterative optimization scheme, the calculated control profile in Case 2 is used as the
control policy of the first run in Case 3, as shown in Fig 3. After run-to-run iterative
optimization for 15 batch runs, the actual product concentration is improved to
0.6062. The convergence of temperature (input) trajectory Uk is shown in Fig 3. Fig 4
shows the convergence of modified prediction errors εk(t). It is demonstrated that εk(tf)
is converged under the iterative optimization scheme. Fig 5 shows that tracking error
ek

f = yd(tf) - yk(tf) is gradually reduced from run to run. It can be seen that after 9
batches ek

f is lower than 0.0038.

5 Conclusions

A model-based run-to-run iterative optimization scheme for product quality control in
batch processes is proposed in this paper. Recurrent neural network model is built to
represent the operation of a batch process and its model predictions are modified using
prediction errors of previous runs. A quadratic objective function is introduced to the
optimization problem of product quality control. Using run-to-run iterative
optimization, it has been demonstrated that model errors are gradually reduced from
run to run and the control trajectory converges to the optimal policy. The proposed
scheme is illustrated on a simulated batch reactor.
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Abstract. A time-delay recurrent neural network (TDRNN) model is presented.
TDRNN has a simple structure but far more “depth” and “resolution ratio” in
memory. A TDRNN controller for dynamic systems is proposed. A dynamic
recurrent back-propagation algorithm is developed and the optimal adaptive
learning rates are also proposed to guarantee the global convergence. Numeral
experiments for controlling speeds of ultrasonic motors show that the TDRNN
has good effectiveness in identification and control for dynamic systems.

1   Introduction

Artificial neural network (ANN) has been applied widely in many fields [1,2].
“Depth” and “resolution ratio” in memory are main characteristics to scale dynamic
performance of neural network [3]. “Depth” denotes how far information can be
memorized; “resolution ratio” denotes how much information in input series of neural
network can be held.The popular neural networks have much defect on dynamic
performance [4]. This paper proposed a novel time-delay recurrent network model
which has far more  “depth” and “resolution ratio” in memory for dynamic systems
control. The  proposed control scheme is examined by the numerical experiments for
controlling speeds of ultrasonic motors.

2   Time-Delay Recurrent Neural Network (TDRNN)

Denote the outputs of input nodes as N
iiI 1}{ ==I , the outputs of the context neurons

as N
iiz 1}{ ==z , the outputs of the hidden neurons as H

iix 1}{ ==x , and the output of the

neural network as R
iiu 1}{ ==u . The output of the context neuron in time k is

)...,,2,1(,0)0(),1()()( Nizkzkbkz iiii ==−+= λ (1)
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where )(...)1()()( MkIkIkIkb iiii −++−+= αα , 1=+ λα  and M is the step number of

time delay. Taking expansion for ),1( −kzi ),2( −kzi … etc. by using Eq. (1), we have

)()()1(...)1()()( 1 kBkAbkbkbkz i
k

iii +=++−+= −λλ (2)

where )(...)1()()( MkIkIkIkA iii −++−+= ， ∑ −
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Fig. 1. Time delay recurrent neural network structure proposed in this paper

Although introducing some context and delay neurons in TDRNN, the weights
have not increased. Furthermore, from the term )(kA and )(kB in Eq. (2) it can be seen
that the context neurons includes all previous inputs, it has far more memory “depth”.
In additon, context neurons memory accurately the inputs from k-M to k time, this is
quite different from the memory performance of popular recurrent neural network. If
M is moderate large, the TDRNN has high more memory “resolution ratio”. Good
dynamic memory performances of TDRNN render it fit to apply to dynamic systems.

3   Time-Delay Recurrent Neural Networks Based Control System

In this paper, an approach of identification and control of dynamic system using
TDRNN is presented. For simplicity, the dynamic system is assumed to be a single
input-output system. Both NNI and NNC use the same TDRNN architecture shown in
Fig.1. The block diagram of dynamic system control proposed in this paper is shown
in Fig. 2.

3.1   Dynamic Training Algorithm of NNI

The outputs of the neurons in the hidden and output layers of the NNI are



106         X. Xu, Y. Lu, and Y. Liang
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The error function is defined as 2/)()( 2 kekE II = , let )(kDµ  be the learning rate for

the weight vector D  and )(kcµ  be the learning rate for the weights C . The

modification of the weight of NNI are

jIIdjIdj DkykekDkEkD ∂∂=∂∂−=∆ )()()()()( µµ (4)

ijjjIcijIcij CkxDkekCkEkC ∂∂=∂∂−=∆ )()()()()( µµ (5)
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Fig. 2. Block diagram of the control scheme

Supposing that the sampling interval is small enough, then we have

ijjijijijj CkxkbkfkzkfCkx ∂−∂+′≈′=∂∂ )1()()()()()( λ (6)

According to the B-P algorithm, the update rules of the weights of the NNI are

),...,1;,...,1(),()1()(),()1()( HjNikCkCkCkDkDkD ijijijjjj ==∆+−=∆+−= (7)

3.2   Dynamic Training Algorithm of NNC

Denote the outputs of the input nodes in the NNC as
cN

i
c
i

c kIk 1)}({)( ==I , the outputs of

the context neurons as
cN

i
c
i kzk 1)}({)( ==cz , the input of the ith context neuron

as { } cN

i
c
i

c
i kbk 1)()( ==b , and the outputs of the hidden neurons as 

CH
i

c
i kx 1)}({ ==cx . The

inputs to the NNC are the reference input )(kyd and the previous system

output )1( −ky . According the the B-P algorithm, we have

),...,1;,...1(),()1()(,)()1()( cc
ijijijjjj HjNikAkAkAkBkBkB ==∆+−=∆+−= (8)
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where )()()()( kxYkekkB c
jucBj µ=∆ , ij

c
jjucAij AkxkBYkekkA ∂∂−=∆ )()()()()( µ , )(kBµ  is

the learning rate for the weight vector B associated with the hidden and output
neurons, )(kAµ  is the learning rate for the weights A associated with the context and

hidden neurons. ∑ =
′=

H

j
jjju kCkfkDY

1
1 )()()( , and the value of ij

c
j Akx ∂∂ )(  satisfies

that ij
c
j

c
ijij

c
j AkxkbkfAkx ∂−∂+′=∂∂ )1()()()( λ .

3.3   Convergence Analysis

Theorem 1: Suppose that the modification of the weights of the NNI is determined

by Eq.(7). If learning rate )(kDµ is adopted as 
2

)1( D∂∂+= IIIDD EEEλµ  and

)(kcµ is adopted as 
2

)1( C∂∂+= IIIcc EEEλµ , then global convergence of the

update rules (7) is guaranteed. Where 0>Dλ  0>Cλ  are the minimal learning rates of

weights D and C, respectively. ⋅ represents the Euclidean norm.

Proof: Because the error of identification is determined by the weights D and C, the

error during the learning process can be represented as ),( DCII EE = , then we have

CC ∂∂−= Ic Edtd µ and ,DD ∂∂−= ID Edtd µ  so
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Eq. (9) can be written as ( ) dtEEdE IIII λ−=+ )1( . Let 0E is the identified error at

initial time, then integrating it we obtain that )exp()1( 0 tEEE III λ−=+ . It can be seen

that when ∞→t ， IE  is such that 0→IE . According to the Lyapunov stability

theory, we have shown that the identified error converges to the zero point as ∞→t .
This completes the proof of Theorem 1.

Theorem 2: Suppose that the modification of the weights of the NNC is determined

by Eq. (8). If 
2

)1( B∂∂+= cccBB EEEλµ and 
2

)1( A∂∂+= cccAA EEEλµ , global

convergence of the update rules (8) is guaranteed.

Proof: Define control error of system is 2)()( 2 kekE cc = , in a similar way to the proof

of Theorem 1, we can complete the proof of this theorem.

4   Numerical Simulation Results and Discussions

Numerical simulations are performed based on the proposed scheme in this paper for
the speed control of a longitudinal oscillation USM [5].
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Figure 3 shows the speed control curves using the scheme base on DRNN [6] and
the proposed scheme in this paper. From the figure it can be seen that the time of
convergence using the proposed method is much less than that using the method base
on DRNN. In addition when a parameter of the USM varies suddenly, the large
fluctuation can be eliminated after a short time control using this scheme.
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Fig. 5. Average errors using different methods

Figures 4 show the case of the fluctuation using the method base on DRNN [6] and
the proposed scheme in this paper, where the fluctuation is defined as

%100/)( minmax ×−= averVVVζ , and minmax , VV  and averV  represent the maximum,

minimum and average values of the speeds. It can be seen that the control precision
can be increased around 3 times when the proposed method is employed.

Figure 5 shows the comparison of the average errors using different neural
networks in the control system. From the comparison it can be seen that the time and
precision of convergence using the proposed method is much superior to that obtained
using the methods based on DRNN and BP network.
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5   Conclusions

This paper constructs a time-delay recurrent neural network with better performance
in memory than popular delay neural networks and recurrent networks. A TDRNN
controller is utilized for controlling dynamic systems. A dynamic recurrent back
propagation algorithm and the optimal adaptive learning rates are presented to
guarantee the global convergence. Numeral experiments for controlling speeds of
ultrasonic motors show that the TDRNN has good effectiveness in the identification
and control for dynamic systems.
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Abstract. A neural network is used as the feedforward controller in a feedfor-
ward-feedback combined system. The network is trained by the feedback out-
put that is minimized during training and most control action for disturbance
rejection is finally performed by the rapid feedforward action of the network.
The neural feedforward controller is independent of the model of plant and self-
adaptive to time-variable system. The dynamic architecture of the neural con-
troller is chosen, and the methods for delay time treatment and training network
on line are investigated. An application to oxygen replenishment of an under-
water plant is used to prove the effectiveness of the scheme and the simulation
shows that the dynamic performance of the oxygen control is greatly improved
by this neural combined control system.

1   Introduction

In the industrial plant, the feedforward-feedback combined control system is often
applied to achieve good control effect. When the disturbances are measurable, the
feedforward control is rapid, intellect, and sensitive, which can greatly improve the
dynamic control performance of the plant. Meanwhile, the uncertain disturbances and
model mismatch can be compensated by the feedback control.

However, lack of precision of the model makes it difficult to design the model-
based feedforward controller for plants with time delays, strong interactions and non-
linearities. Normally, it is necessary to adjust the dynamic parameters of the feedfor-
ward controller on industrial site. However, a perfect and simple method to correct the
parameters has still not been found up to now.

Artificial neural network can be used to provide promising control solution to those
very complicated systems [1,2,3]. The dynamic relationship between the disturbances
and feedforward actions can be learned by neural network, and the network can be
used directly as the feedforward controller once the training is accomplished. In addi-
tion, the change in time-variable system can also be adapted by neural network. And
fault tolerance is also provided since damage to a few links of the network would not
significantly impair the overall performance of the network.

Generally, Using neural network to identify a nonlinear model of the plant requires
a large number of input-output training pattern, the training procedure may be very
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complicated and time-consuming for a neural feedforward controller. In this paper, a
more convenient method is used. The neural network is trained by minimizing the
feedback control output. As we know it, the feedback output would be zero if the
plant has been compensated perfectly by the feedforward action. Conversely, if the
neural network is trained and generates an output to force the feedback output to
approach zero, the trained network will achieve the characteristics of the feedforward
controller.

The neural architecture suitable for dynamic system identification and training
methods on-line are discussed. The delay time estimation for the neural feedforward
controller is researched. Finally, this neural feedforward algorithm is applied to
closed cycle diesel (CCD) oxygen replenishment and the effectiveness of the scheme
is proved.

Fig. 1. Neural feedforward control learning system

2   Neural Feedforward Control Learning System

Based on a feedback control system, the neural network is incorporated as the feed-
forward controller to form a combined control system that is shown in Figure.1.

2.1   Neural Feedforward Controller

The disturbance q imposed on the plant is measured and used as the input signal of
the network NN (see Figure.1). Then, the neural network output nn is added to the
PID output u to form the manipulated variable uc to regulate the process. The purpose
of training the network is to find the connection weights with which the network
produces the control action to minimize the PID output, that is, to make the u close to
zero.  To achieve the purpose, some schemes have to be found to train the network. In
fact, the feedback output itself or the deviation y-yd could be used as the error signal
to train the network. Because the aim of the training is to reduce the training error, if
the training could be accomplished successfully, the feedback output used as the
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training error would be decreased and approximate to zero. Thus, in the proposed
neural combined control system, the PID output u is used to train the network NN,
and finally the output nn of the network will perform the major control action.

2.2   Architecture of Neural Network and Learning Algorithm

Generally, the dynamic relationship between disturbance patterns and feedforward
control actions learned by neural network can be characterized by nonlinearities and
time delays. Hence the dynamic characteristics of the feedforward compensation
model can be expressed by a finite impulse response (FIR) system such as:

))(,),1(()( dmkqdkqfknn −−−−= (1)

where nn(k) is the output of the system, q(k) is the input of the system, f is the un-
known nonlinear function estimated by neural network, m is the structure orders of
the system and d is the time delay. The dynamical nature of the network can be iden-
tified either by recurrent neural network or by using a static feedforward network that
is presented with past states as inputs. In this paper, the latter is used.

Usually, the back-propagation (BP) network can be used to estimate any nonlinear
function. However, some difficulties are encountered in application of the BP net-
work to control system because of its long training time and local minimum problem
etc. When the feedforward controller is coupled with the feedback controller, it is
possible to use an approximate model for feedforward controller because the model
mismatch could be compensated by the feedback control. Based on that, the adaptive
linear element (Adaline), a linear two-layered neural network with one neuron can
serve as an alternative of the BP network that is more suitable for real-time training
and control.

If the feedforward compensation model consists of large delay, the application of
feedforward control scheme is more difficult because the delay time discrimination is
troublesome. So a method is used to deal with the time delay in this neural-network-
based feedforward control scheme. The transport delay time is covered by the input
sample sequence of the network. For instance, if the delay time is 2s, and the sam-
pling time interval is 0.1s, then the input of the network can be: q(k-14) , q(k-15),

 … ,
q(k-23), q(k-24). The simulation shows that a good compensation effect can be
achieved by this scheme supported by the adaptability of neural network although
inaccurate input signals are supplied.

The network is trained on line with feedback controller output and disturbance
patterns, and the connection weights of the network are updated (accordingly the
feedforward output of the network is also updated) at each sample time. That implies
training and control are simultaneously carried out during the training period.

As Adaline network is used and trained on-line, the weights at (k+1) th learning
step could be updated by using the Widrow-Hoff rule:

jjj qkukwkw ⋅⋅+=+ )()()1( η (2)
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Where u(k) is the feedback controller output, η  is the learning rate coefficient, q is

the input of the network.
The following steps are taken as training is performed:
1. Initializing the connection weights W with sufficiently small random numbers.
2. Taking a sample q(k) from the disturbance.
3. Calculating the digital PID controller output u(k) according to the deviation

between the plant output and desired value.
4. Renewing the connecting weights W and the output nn(k) of the network with

u(k) and the past values of the disturbance ( d steps time delay) that have been
stored.

5. Adding nn(k) to u(k)to form the manipulated variable, and applying it to the
process.

6. Return to 2

3   Application on Closed Cycle Diesel Oxygen Replenishment

The closed cycle diesel (CCD) is developed for extended endurance submarines. To
finish the closed cycle, a certain number of CO2 is removed from the exhaust gas and
the oxygen consumed during combustion is replenished. Since the oxygen consump-
tion is related to fuel provision and fuel rack is measurable, the feedforward compen-
sation can be used to improve the CCD oxygen control. However, the CCD system is
very complex because of the nonlinear effects associated with the combustion and
mass transfer processes, and the transport delay associated with the respective pipes
connecting the parts of the system. For this reason, the conventional model-based
feedforward control algorithm is difficult to be used

The neural feedforward control is used to overcome the difficulties discussed
above and the simulation is carried out to verify the effectiveness of the method

A lumped parameter model [4,5] is established by the gas thermodynamics, mass
conservation, fluid flow characteristics and mass transfer formulas. The engine ther-
modynamic subsystem, scrubber mass transfer subsystem and mixing chamber sub-
system with the additional associated control models are involved which reflect the
innate characters of nonlinearities, time delays and complex interaction of the CCD
system. The MATLAB SIMULINK tool is used to accomplish the simulation and the
s-function is used to create a block for neural feedforward controller.

A (12,1) two-layered Adaline network is used and the size of the network is se-
lected according to a rough estimate of the complexity of the problem and simulation
results. The initial connection weights of the network and the learning rate coefficient
are chosen sufficiently small to ensure the stability of the system. In the simulation,
the sampling time interval is 0.1s, and the learning rate coefficient is 0.005. During
the training period, the step load change is imposed upon the closed system, and re-
peated until the desired performance is achieved.
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Fig. 2. Change of integral square error

The training period including one step load change is considered one training cy-
cle. The integral square error (ISE) of training for one training cycle is recorded at
each training cycle. Figure 2 shows changes in the integral square error vs. the num-
ber of training cycles. As the outputs of PID are used as error signals for training the
network, the decrement  of  the  integral  square  error indicates that PID outputs are
minimized during training process, which also proves that the PID outputs can pro-
vide the correct gradient direction for training. The integral square error of training
decreases greatly during the period of only a small number of training cycles. After
10～20 times’ training, the integral square error are nearly approach fixed which
implies that the training can be completed within limited training cycles and makes it
convenient to apply this neural feedforward strategy in practice

The changes in the output of Adaline network and that of the PID are shown in
Figure.3. As training proceeds, the output of PID becomes small and small. Mean-
while the network keeps configuring its connecting weights and its output becomes
large gradually. The feedback control action, which initially performs the major con-
trol, is gradually shifted to the feedforward action of the network.

The changes in oxygen volumetric concentration in response to the step load are
shown in Figure.4, in which the control effect of the combined neural control system
is compared to that of the PID controller. It can be seen that when a fast great load
change is imposed upon the CCD system, the dynamic response of the oxygen volu-
metric concentration is unsatisfactory when only the feedback controller is used (dash
line), because of the slow response of the oxygen sensor and nonlinear factors in
valves. However, as the feedforward action of the network is formed after training,
the dynamic performance of the oxygen control is greatly improved (solid line).

The results of simulation prove that the neural scheme is workable.
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Fig. 3. PID, NN Output as Training Proceeds

Fig. 4. Response of Oxygen Concentration

4   Conclusion

The feedforward-feedback control is popular in industry. This paper tries to solve its
application problems using neural network. The dynamic relationship between distur-
bance and feedforward control action is not trained by large number of input-output
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training patterns, but attained by the output or input deviation of feedback controller.
The neural combined controller is powerful as tool but easy as used in practice. The
training on line can keep the good performance of control. The application of the
neural feedforward control to the oxygen replenishment of CCD system proves that
the scheme is effective.
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Abstract. The cerebella model articulation controller (CMAC) neural network
control scheme is a powerful tool for practical real-time nonlinear control
applications. The conventional leaning controller based on CMAC can
effectively reduce tracking error, but the CMAC control system can suddenly
diverge after a long period of stable tracking, due to the influence of
accumulative errors when tracking continuous variable signals such as
sinusoidal wave. A new self-learning controller based on CMAC is proposed. It
uses the dynamic errors of the system as input to the CMAC. This feature helps
the controller to avoid the influence of the accumulative errors and the stability
of the system is ensured. The simulation results show that the proposed
controller is not only effective but also of good robustness. Moreover, it has a
high learning rate, which is important to online learning.

1   Introduction

The cerebella model articulation controller (CMAC) was proposed by Albus [1].
CMAC has many excellent properties, which make it a real alternative to
backpropagated multilayer networks (MLPs). The speed of learning of CMAC may
be much higher then that of a corresponding MLP using backpropagation training
algorithm. The classical binary CMAC can be implemented without using multipliers,
so it is especially suited to digital hardware implementation, ideal network
architecture for embedded applications. This neural network is capable of learning
nonlinear functions extremely quickly due to the nature of its weight updating, so it is
a powerful and practical tool for real-time control. Miller et al [2,3,4] proposed a
feasible control scheme to combine the CMAC and a traditional controller for robot
manipulator control. However, the Miller scheme can be unstable[4],the reason is that
the structure of the controller is imperfect. A new control scheme for CMAC control
is present in this paper, which improve the stability of the CMAC control system
significantly.

2   CMAC Neural Network

The structure of CMAC neural network [4] is shown in Fig.1. The input vectors in the
input space s are a number of sensors in real world. Input space consists of all
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possible input vectors. CMAC maps the input vector into C points in the conceptual
memory A. As shown in Fig.1, two “close” inputs will have overlaps in A, the closer
the more overlapped, and two “far” inputs will have no overlap. Since practical input
space is extremely large, in order to reduce the memory requirement, A is mapped
onto a much smaller physical memory A' through hash coding. So, any input
presented to CMAC will generate C physical memory locations. The output Y will be
the summation of the content of the C locations in A'.

Fig. 1. Block diagram of CMAC

From the above, we can see that the associative mapping within the CMAC network
assures that nearby points in the input space generalize while distant points do not
generalize. Moreover, since from A' to Y is a linear relationship but from s to A' is a
nonlinear relationship, the nonlinear nature of the CMAC network perform a fixed
nonlinear mapping from the input vector to a many-dimensional output vector.
Network training is typically based on observed training data pairs s and Yd, where Yd

is the desired network output corresponding to the input s, using the least mean square
(LMS) training rule. The weight can be calculated by:

C

sFY
kwkw d ))((

)()1(
−+=+ η

(1)

where η is the learning step length, F(s) is the output of the CMAC network.
Thus, if we define an acceptable error ε , no changes needed for the weights when

ε≤− )(sFYd . The training can be done after a set of training samples being tested
or after each training sample being tested.

3   Control Problem and Schemes

The old CMAC control system proposed by Miller[3] is shown in Fig. 2, which is a
class of supervisor control structure. The CMAC network is used as a feedforward
controller, which learns the inverse dynamics of the plant. The system to be controlled
is

))(),(()1( kUkYGkY =+ (2)

The control U(k) is generated by
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)()()( kUkUkU pc += (3)

where 
))()(()( kYkrPkU p −=

is the output of the traditional constant gain controller,

P is the proportional gain and r  is the desired system output. )(kUc is the output of

the CMAC module for the input vector ))(),1(( kYkr + . Then the CMAC is updated
by the following gradient-type learning rule:

))()(()()1( kUkU
C

kWkW cii −+=+ η
(4)

where C is the size of generalization, Wi is the content of the ith memory location,

and η  is the learning rate. In essence, in this scheme, the constant gain controller
helps the CMAC to learning the inverse of the plant. However, these two controllers
are independent, and the conflicts between them are the source of the instability[4].

Fig. 2. Original scheme of CMAC controller

Fig. 3.  New scheme of CMAC controller

The structure of the new scheme, as shown in Fig. 3, where de is the desired error, the
structure is similar to which is proposed by Miller[3], the difference between them is
that the input of CMAC in new scheme is the tacking error of the system rather than
the desired output and the system output. Instead of having the system inverse solely
learned by the CMAC, the constant gain controller and the CMAC are integrated, and
will be used to approximate the system inverse together. In other words, the CMAC
will be used to learn the difference between the system inverse and the constant gain
control.
There are tow schemes for CMAC network controller input vector as follow:

a) using vector ( )1( +ke , )(ke ) as CMAC input

In this case, all value of CMAC weight is set to zero at first. At control stage, the

desired error of next step )1( +ked , which is zero usually, and the system error )(ke
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are quantized and input to the CMAC to get the output of the CMAC network )(kUc ,

plus the constant gain controller output 
)(kU p ,i.e. 

)()()( kUkUkU cp +=
, is applied

to the plant. Then, at learning stage, the actual error of system )1( +ke and )(ke are

input to the CMAC network to calculate the output )(' kUc , and to adjust its weight
according to:

))()(()()1( ' kUkU
C

kWkW cii −+=+ η
(5)

b) using vector ))(),1(( kYkY +  as CMAC input
In this case, the constant gain control has to be calculated based on the same input
vector as is applied to the CMAC. Since the input vector to the CMAC is

))(),1(( kYkr + , the proportional control pU
is modified to be

))()1(()( KYkrPkU p −+=
. After the control 

)()()( kUkUkU cp +=
is applied to the

plant, the CMAC goes through the learning process according to

))()()(()()1( kUkUkU
C

kWkW cpii −−+=+ η
(6)

Note that, in (6), 
)(kU p is calculated by 

))()1(()( KYkrPkU p −+=
, and )(kUc is

generated from the input vector ))(),1(( kYkY + , where )1( +kY is the actual system

output at time step 1+k .
In both two cases, an appropriate cost tolerance ε  is set for cost function. When the
cost is less than ε , then the learning stage is terminated , otherwise, it is started.

Fig. 4. Result using old scheme with 02.0=η

4   Simulation Results

As in [5], the nonlinear system used in the simulation is ( 1) 0.5 ( )Y k Y k+ =

sin( ( )) ( )Y k U k+ + . The reference input signal is the command )400/2sin( kπ . The
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Fig. 5. Result using old scheme with 05.0=η

Fig. 6. Result of scheme (a)

Fig. 7. Result of scheme (b)

parameters of CMAC network are: active elements, C = 15; Learning rate η  =0.9;
memory size = 2000; tolerance of the cost function for LMS learning scheme is 1e-6.

Using the old scheme, when 05.0>η , the system becomes unstable. The results
using the old scheme are shown in Fig 4 and Fig 5, with maximum epoch is 30. The
results using the two new schemes are shown in Figs.6 and 7, respectively. In Figs 6
and 7, the CMAC network is added into the system at 400th and 300th sample point,
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respectively. Before that, only the constant gain controller is in charge. One can
observe that the CMAC quickly and dramatically reduces the tracking error once it
takes effect.

5   Conclusions

The better stability in the new scheme is due to the fact that the destabilizing
interactions between the CMAC and the constant gain controller in the original
scheme have been eliminated. Although the new CMAC scheme is demonstrated by
simple examples, the ideas can be extended to sophisticated and practical nonlinear
control problems.
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Abstract. This paper extends pole placement control of conventional linear
systems to a class of nonlinear dynamical systems via neural networks. An
application of typical inverted pendulum illustrates the design method. Multi-
layer neural networks are selected to approach nonlinear components
arbitrarily, and then are represented by linear difference inclusion (LDI) format.
With pole placement regions formed in linear matrix inequalities (LMIs),
quadratic stability theory is used as a basic analysis and synthesis methodology.
Pole placement controllers via state feedback are derived by numerical
solutions of a set of coupled LMIs. Applying common back propagation
algorithm (BP) for networks training and interior point computation for LMI
solving, some simulation results show the validity of pole placement control.

1   Introduction

Pole placement is the most popular technique in control system design. It specifies
not only the stability but also the transient responses of closed-loop systems. For
linear time-invariant systems, pole locations bound the maximum overshoot, the
delay time, the rise time, the settling time, and etc. For linear time-varying uncertain
systems, instead of exact pole location, it is often sufficient to place poles in a
prescribed region of complex plane [1]. Since linear matrix inequality (LMI)
technique is widely used as a power tool for controller design, pole regions are
significantly defined by the LMI formulation [2], which cover half-plane, disks,
sectors, and vertical strips as special cases.

However, how about nonlinear systems? In general, pole placement is only the
notion of linear systems. Motivated by robust pole placement of linear time-varying
systems [3], a feasible method dealing with pole placement design of nonlinear
systems is based on Takagi-Sugeno fuzzy models [4], [5]. In this paper, another
method will be presented, which applies neural networks to model nonlinear systems.
It is well known that neural network has universal approximation capability and self-
learning ability [6], [7]. By now, neural networks were already used in closed-loop
control systems by different ways [8], [9]. Recent years, one of interesting neural
network-based design approach for nonlinear systems was by means of linear
difference inclusion (LDI) representation [10], [11].

In this paper, a typical inverted pendulum is used to illustrate pole placement
method via neural networks. Firstly, nonlinearity of inverted pendulum is
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approximated by multi-layer neural networks in LDI representations. Then, based
Lyapunov quadratic stability theory, sufficient conditions for existence of state
feedback controller with specified pole placement region constraint are given in terms
of a set of LMIs. The controller can be directly obtained by searching the common
solutions among the set of LMIs, and the simulation results show its feasibility and
validity.

2   Pole Placement and Nonlinear Systems

In control engineering practices, satisfactory transient response or performance
requirements can often be guaranteed by forcing the closed-loop poles into a suitable
region. In general, good damping, fast decay and settling time may be imposed by
limiting the poles in a disk, a conic sector, a vertical strip or their intersection [12].
For linear time-invariant dynamical system Axx = , while given a poles region D  of
the complex left-half plane, pole placement design means that all eigenvalues of the
matrix A  lie in the region D . For example, condition of all closed-loop poles on the
left-half plane within vertical strip }0,)Re(:{ >−<∈= ααzCzD , will force the closed-

loop transient response not slower than te α− , and the larger the value of α  is, the
faster the transient response will be. A more general region D  [2] can be defined as

}0)(:{ <∈= zfCzD D , where T
D MzzMLzf ++=)( is characteristic function and

ML, are real matrices with LLT = . For given L  and M , the LMI condition for
closed-loop systems to satisfy region D  are

0 <⊗+⊗+⊗ PAMPAMPL TT . (1)

where ⊗ denotes the Kronecker product of matrices and P is positive symmetric
matrix .

While a class of nonlinear dynamical systems is modeled by LDI, it appears in
uncertain linear system form. This gives a way to present so-called pole placement
concerning nonlinear systems. Although the analytical relations between transient
behaviors and above so-called pole placement remain open by now, pole placement
control, from the point of view of engineering, provides some useful help to adjust
system behaviors. Considering nonlinear dynamics )(xfx = , the nonlinear functions

)(xf  can be approximated arbitrarily by multi-layered neural networks in compact
representation described as following [11]: ]][[[)( 1122 xWWWxf LL ΨΨΨ≈ , where

the activation function vector of i-th layer has the form ii nn
i RR:][⋅Ψ  defined as

T
nni ii

)](,),([][ 11 ξψξψξ =Ψ , Li ,,1= . All the connecting weight matrices

1−×∈ ii nn
i RW  from the 1−i th layer to the i -th layer will be determined via learning

algorithm, such as back propagation (BP). In most cases, activation functions jψ ,

inj ,,1= , of neurons in all L layers adopt sigmoid type or line type. Denoting the

minimum and maximum values of jψ  as 0jδ  and 1jδ  respectively, it follows
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∑
=

=
1

0k

jkjkj h δψ , which is so-called min-max form of activation functions, where jkh

is real number associated with jψ  satisfying 0>jkh  and 1
1

0

=∑
=k

jkh . Define a set of

index vector of the i -th layer as { }ij
n

n njR i
i

,,1},1 ,0{ =∈∈=Γ νν , which indicates

that the i-th layer with in  neurons has in2  combinations of binary indicator with

1 ,0=k . Obviously, all the elements of index vectors for all L-layers neural network

have 12 222 nnnL ×  combinations in the set 
Lnnn Γ⊕Γ⊕Γ=Ω

21
. Substitute in the

min-max formed iΨ , nonlinear functions )(xf  can be rewritten in linear difference

inclusion (LDI) form as

∑∑ =Ψ≈
Ω∈ ν

νν
ν

ν µννµ xAxWAxf ii ),,()()( * , (2)

where νA  is a set of the matrices of appropriate dimensions, which can be computed

by optimal weighs *
iW , activation functions iΨ  and all index vectors ν . Coefficient

νµ  is a product of real number jkh  of all neurons in whole neural network,

obviously, 0>νµ , 1=∑
ν

νµ , for Ω∈ν .

For dynamical systems with nonlinear function )(xf  as in (2), considering state
feedback controller Kxu = , we introduce following definition based on (1): Given
region D  with selected gain matrices ML, , the poles of dynamical systems with
nonlinear )(xf  will be restricted in D , if there exists a positive symmetric matrix P

satisfying

0)()( <+⊗++⊗+⊗ ∑∑ PBKAMBKAPMPL TTTT

ν
νν

ν
νν µµ , (3)

where B is the gain matrix of control input. Pre- and post-multiply above (3) by
1−⊗ PI , let XP =−1 , YKP =−1 , and keep in mind the coefficient νµ  defined in (2),

above inequality (3) is guaranteed by following condition in term of a set of LMIs

0)()( <+⊗++⊗+⊗ TT BYXAMBYXAMXL νν . (4)

Different from condition (1), which deals with linear systems, above LMIs (4) can
deal with nonlinear systems. In other words, for nonlinear dynamical systems
formulated in LDI, if there exists positive symmetric matrix X and matrix

Y satisfying LMIs (4), we can always find a feedback controller xYXu 1 −=  such that
the so-called poles of resulting closed-loop systems are forced into a region D  with
gain matrices ML, .
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3   Application Study

Consider a simple model of inverted pendulum given by [13]


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


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221

2

2

1 1
)sin( , (5)

where 81.9=g , 0.1=l , 0.1=m , 0.2=k , θ=1x  is the angle (in radians), θ=2x  is
the angular velocity (in radians per second), and u  is the control input. The model is

easily rewritten as )(xfBuAxx ++= , where 







−

=
20

10
A , 








=

)(

0
81.9)(

1xf
xf ,

[ ]TB 10= , )sin()( 11 xxf = .

Introduce a 3-layered neural network to approximate nonlinear function )( 1xf , and

its middle hidden layer has three neurons 1z , 2z  and 3z . From input layer 1x  to

output layer )( 1xf , the weight matrices are given by [ ] T
zi wwwW  

131211= ,

[ ]232221 wwwWoz = . Here, the hidden layer and output layer define the same

sigmoid type activation function, i.e. 1
1

2
)(

2
−

+
=

− ξξψ
e

j , inj ,,1= , ji, ∀ . The

maximum and minimum values of jψ  are 11 =jδ , 00 =jδ , with hidden layers

( 3,2,1=j ) and output layer ( 4=j ). Applying basic back propagation learning
algorithm, for input/output data )sin( 11 xx → , all the weights among the layers are

obtained as 2282.011 =w , 0345.212 =w , 8581.013 =w , 4883.821 −=w , 6492.122 −=w ,

9209.633 =w  and ]][[)( 1121 xWWxf zioz ΨΨ= . Using min-max form of activation

functions, the three neurons of hidden layer can be formulated as

     11
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0

110011 )( xwhxwhhz j

i

jijijjjjjj

j

jj∑
=

=+= δδδ , 3,2,1=j . (6)

Similarly, the output layer of neural network follows
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Obviously, ∑∑∑∑∑
= = = =

=
1

0

1

0

1

0

1

0

1234

4 3 2 1

1234

i i i i

iiii hhhh
ν

νµ , T
ozziiiii WWA •=  ]    [

3214 3214 δδδδν ,

where •  denotes array multiplication and the subscript ν is given by

} 4 ,3 ,2 ,1 },1  ,0{|]      {[ 4
4321 =∈∈= jiRiiii jν .
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Thus, by computing, we get 01 0 0 0 =A , 9388.51 1 0 0 =A , 3553.31 0 1 0 −=A ,

5835.21 11 0 =A , 9370.11 0 0 1 −=A , 0018.41 1 0 1 =A , 2923.51 0 1 1 −=A , 6465.01 11 1 =A .

As simulation examples, consider a disk of radius d  and center )0,( q−  with

characteristic function 







−+
+−

=
dzq

zqd
zfdk )( , assume 9== qd , by solving LMIs (4)

with 







−

−
=

99

99
L  and 








=

00

10
M , a pole placement controller is obtained as

[ ]4424.138317.61 −−=K . The transient response of the inverted pendulum displays

in Fig.1, compared with cases 20== qd  and 50== qd . Consider vertical strip
α−<)Re(z  with characteristic function 02)( <++= αzzzfvs . Assume 2.0=α , by

solving LMIs (4) with 4.0=L  and 1=M , the transient response displays in Fig.2,
compared with cases 0=α  and 1=α . From Fig.2, obviously, the large the value of
α  is, the faster the transient response is.
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Fig. 1. Disk constraints and transient response
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Fig. 2. Vertical strip constraints and transient response

Furthermore, by intersecting above special regions, the poles may be restricted in
more general region. For example, for region }0)(,0)(:{ <<∈= zfzfCzD vsdk , the

pole placement controller may be obtained by coupling LMIs (4) with different LM ,

on common matrices YX , .
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4   Conclusion

By means of linear difference inclusion (LDI), the design methodology of pole
placement with LMI region is applied to nonlinear dynamical systems approximated
by neural networks. Compared with similar T-S fuzzy-based approach, neural
networks-based approach needs less information about nonlinearity. In other ways,
neural networks in LDI representation requires common positive symmetric matrix
and controller gain. This brings biggish conservation.
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Abstract. Based on neural networks, a robust control design method is pro-
posed for strict-feedback block nonlinear systems with mismatched uncertain-
ties. Firstly, Radial-Basis-Function (RBF) neural networks are used to identify
the nonlinear parametric uncertainties of the system, and the adaptive tuning
rules for updating all the parameters of the RBF neural networks are derived
using the Lyapunov stability theorem to improve the approximation ability of
RBF neural networks on-line. Considering the known information, neural net-
work and robust control are used to deal with the design problem when control
coefficient matrices are unknown and avoid the possible singularities of the
controller. For every subsystem, a nonlinear tracking differentiator is introduced
to solve the “computer explosion” problem in backstepping design. It is proved
that all the signals of the closed-loop system are uniform ultimate bounded.

1   Introduction

Nonlinear adaptive control has been developed rapidly during last ten years [1~3],and
mostly results limited to the systems in which parametric uncertainties are linear , can
be linearized and the uncertainties satisfy the matched conditions. As a breakthrough
of the difficulties, adaptive backstepping design method can deal with the so-called
mismatched uncertainties [4]. For strict-feedback nonlinear systems, backstepping is a
systematic design method. However, for a class of nonlinear systems in block stan-
dard forms, it is more difficult, fewer results are obtained up to now. Block control
principle is developed on the basis of “block control standard form”. Based on the
block control principle, some design methods are proposed in recent years [5-7].

RBF NN is a typical local approximator and finds wide applications in control sys-
tem design. Generally, only the weight values are updated in most applications, which
is difficult to get ideal approximation when one doesn’t know much about prior
knowledge on the system. In order to solve the problem, reference [8] made some
modifications on the NN updated laws. The author derived the tuning rules for all the
parameters of RBF NN (weights, width and centers of Gaussian functions), but its
implementation of the tuning rules is on the basis of gradient optimization, which
cannot guarantee the stability of the overall system [3]. References [10] and [11] pro-
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posed design methods of neural network adaptive control for a class of nonlinear sys-
tems with general uncertainties. But there exist drawbacks in their design method: a)
only can deal with scalar systems at each step of backstepping, cannot be extended to
multi-variable sub system, and controller design of multi-variable system with un-
known control coefficient matrix is a difficult problem; b) highly rely on the ap-
proximation ability of NN and don’t take use of known information efficiently.

In this paper, we discuss the design of Backstepping for a class of nonlinear sys-
tems in block control form and with mismatched uncertainties, solve the problems
mentioned above.

2   Fully Tuned RBF NN

Defination 1. Fully tuned RBF NN: all the parameters of RBF NN (including
weights, widths and centers) are updated.

Assumption 1. Function vector 
rRΩ∆ :f , Ω belongs to a sub-compact set of

nR . ∀  [ ]Trεεε 21=ε , 0>iε , there always exist an optimal Gaussian base

function vector 
ln RR:*φ  and weight matrix 

rlR ×∈*W  such that

εφWf +=∆ **T , Ω∈∀x , (1)

where 
T

ll 













 −−






 −−= 2*2*2*

1

2*
1

* /exp.../exp σσ µςµςφ , lii ,...,2,1,* =µ

is the optimal center, l  is the number of hidden layer nodes, lii ,...,2,1,* =σ  is the

optimal affect size, nR∈ς  is the input of RBF NN, and ε  is the construction error of
NN.

The errors between the optimal values and estimated values will have influence on
the system. The influence is stated in Theorem 1.

Theorem 1. Define *ˆ~
WWW −= , *ˆ~ φφφ −= , *ˆ~

iii µµµ −= , *ˆ~
iii σσσ −= ,

li ,...,2,1= . The output approximate error of fully tuned RBF NN can be expressed

as:

( ) ( ) u
TTTT dσφµφWσφµφφWφWφW '

σ
'
µ

'
σ

'
µ +∗+∗+∗−∗−=− ~.ˆ~.ˆˆˆ.ˆˆ.ˆˆ~ˆˆ ** , (2)

where the up bound of ud  is:

TTTTT
u l ***** ˆ.ˆˆ.ˆˆˆˆˆ WσφWµφWφWσφWµd '

σ
'
µ

'
σ

'
µ +∗+∗++≤ . (3)

The meaning of the symbols used in (3) can be founded in reference [12].
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3   NN-Based Adaptive Control

3.1   System Description

Consider the following nonlinear system

( ) ( ) 211111 XXgXfX += , ( ) ( ) 322222 XXgXfX += , (4)

   , ( ) ( )uXgXfX nnnnn += , (5)

where [ ]TT
i

T
i XXX 1= , ( )T

ii Xf , ( )T
ii Xg  are uncertain functions in the sys-

tem, [ ]Tinii i
xx 1=X , ni ,,1= , in  is the order of the i th sub-block, and pR∈u .

In fact, we can divide the uncertain function into two parts, namely, the nominal part

and the uncertain part: ( ) ( ) ( )iiiiii XfXfXf ∆+= 0 , ( ) ( ) ( )iiiiii XgXgXg ∆+= 0 ,

where ( )ii Xg  is invertible, ( )ii Xf 0 , ( )ii Xg 0  are the nominal values, and

( )ii Xf∆ , ( )ii Xg∆  are uncertain terms.

3.2   Controller Design and Stability Analysis

The goal of the controller design is to cancel the influence of uncertainties on system
performance and track the desired signal idX .

Introduce a new error state in
i R∈z , and define

idii XXz −= , ni ,,1= , (6)

where idX  is the desired state trajectory. From (4) - (6), the error state dynamics can

be expressed as

( ) ( ) d1211111 XXXgXfz −+= . (7)

Step 1: Considering and rearranging the system (7), we have

( ) ( ) 1121101101 XXXgXfz −−+= d , (8)

where ( ) ( )( )211111 XXgXf ∆+∆−=  is introduced by general uncertainties. We ap-

ply a fully tuned RBF NN to compensate the affect. Assume that

( ) 11
*
1

*
11 εZφW += T

, (9)
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where [ ]TTT
211 XXZ = is the input of NN, subscript i  in iW , iφ , ijµ , ijσ  denotes

the NN parameters of the i th sub-system, and 1ε  is the construction error of NN.

Taking 2X  as a virtual control of (7), there exists an ideal virtual control

( ) ( ) ( )[ ]11
*
1

*
11111101

1
10

*
2 εZφWzXXfXgX −−+−−= − T

dd k , (10)

such that ( )( )*
22110111 XXXgzz −+−= k , where 01 >k  is a design parameter. Be-

cause *
2X  is not available, we choose the desired virtual control as

( ) ( ) ( )[ ]11111111101
1

102 ˆˆ vZφWzXXfXgX −−+−−= − Td
d k , (11)

where 1Ŵ , 1φ̂  are estimates of *
1W  and *

1φ  respectively, and 1v  is a robust term, de-

fined by (22). Choose Lyapunov function as

[ ] ( ) ∑+∑++=
=

−

=

−− l

i
i

l

i
i

T
i

TT ΓtrV
1

2
1

1
1

1
1

1
111

1
1111

~
2
1~~

2
1~~

2
1

2
1

1
σσµW µΓµWΓWzz , (12)

where *
111

ˆ~
WWW −= , *

111 ˆ~
iii µµµ −= , *

111 ˆ~
iii σσσ −= , i1µ̂ , i1σ̂  are the estimates of

*
1iµ  and *

1iσ  respectively, li ,,1= , 0
11

>= T
WW ΓΓ , 0,0 111 >>= σµµ ΓΓ ΓT  are

design parameters. According to Theorem 1, the derivative of 1V  is given by

( )( ) 



+−+−+−= −

1
1

11111221101
2

111
~~

1
WΓWεzdzXXXgzz W

TT
u

T
d

T trkV

( ) ( )[ ]1
'
11

'
111

'
11

'
1111

~.ˆ~.ˆˆˆ.ˆˆ.ˆˆ~ σφµφWσφµφφWz σµσ ∗+∗+∗−∗−+ TTT
µ

( ) ∑Γ++∑+
=

−

=

− l

i
ii

T
l

i
i

T
i

1
11

1
111

1
1

1
11

~~~~ σσσvzµΓµ µ

(13)

Let the parameter adaptive laws of NN be

( ) T
11

'
11

'
111 ˆ.ˆˆ.ˆˆˆ

1
zσφµφφΓW σµW ∗−∗−−= , ( )iii 11

'
111

ˆˆˆ zWφΓµ µµ−= , (14)

( )iii 11
'
111

ˆˆˆ zWφ σσσ Γ−= , li ,,1=  , (15)

where 0,, 111
>σµW δδδ  are parameter to be designed, 

i

i
i

1

1'
1ˆ µ
φ

∂
∂

=
ϕ

µ , i
'
1ˆ σφ  and

( )i11
ˆ zW  denote the i th element of '

1
'
1 ˆ,ˆ σµ φφ  and 11

ˆ zW . Choose the robust term as

1

2

1
'
1

2

1
'
1

2
'
11

2
'
1111 /ˆ.ˆˆ.ˆˆˆˆˆ η






 ∗+∗++−= σφµφφWφWzv σµσµ

TT , (16)
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with 01 >η . Substituting (14)-(16) into (13) and assuming that H11 ε≤ε , we can

get that

( ) 121101
2

111 ckV T ++−≤ zXgzz , (17)

where 
( )[ ] 2

1
1

2*
1

1
2*

1
1

2*
1

1
1 4444

2
H

Tl
c εηηηη ++++= σµW .

Step 2: Choosing Lyapunov Function as

[ ] ( ) ∑Γ+∑+++=
=

−

=

−−
−

l

j
iji

l

j
iji

T
iji

T
ii

T
iii i

trVV
1

21

1

11
1

~
2
1~~

2
1~~

2
1

2
1 σσµΓµWΓWzz µW (18)

Similar to the Step 1, we have

( ) ( )  1

1
101

2
∑+++++∑−≤
−

=
+=

i

j
jui

T
ii

T
iiHiiii

T
i

i
j jji ckV dzvzzzXgzz ε

( ) ( )∑∑
=

+=
++−≤

j
jiiiij jj ck

1
101

zXgzz ,

(19)

where 
( )[ ] 22*2*2*

4444

2
iH

i
i

i
i

iT
i

i
i

l
c εηηηη ++++= σµW .

Step n : Choosing Lyapunov function as

[ ] [ ]gg
T
gn

T
nn

T
nnn trtrVV

n
WΓWWΓWzz W
~~

2
1~~

2
1

2
1 11

1
−−

− +++=





+ −

gngn
T
gntr WΓW

~~ 1 .

(20)

Taking its time derivative

( ) ( ) 



+





 −−++= −

− n
T
nnndnnnn

T
nnn n

trVV WΓWXuXgXfz W
~~

 ˆ 1
01 (21)

where ( ) 



 −+∆−= ndndnnn XXXf ˆ

0 . Denoting ( ) ( ) ( )nnnnnn XgXgXg ˆ:ˆ 0 ∆+=

and assuming that it is invertible. Denoting [ ] ( )nnijb Xg 1ˆ −= , nnji ,,1, = . For the

simplicity, uncertainties in the sub-system are approximated by RBF NN that only
weight matrix is updated

( ) Wnnnndndnn εφWXXXf +=−+∆ *ˆˆ , ( ) gggnn εφWXg +=∆ * ,

( )[ ] ( )lnnl
T
gijg

nn

WW
×××

=
1

, ( )nngn diag φφφ ,,= . Choosing control law as

( ) ( )[ ] ( ) ( ) ( ) 



 −−++−+−= −−−

−
nnnnnn

T
nnnndnnnggnn k vZφWzXgzXXfZφWXgu ˆˆˆ

)1()1(0)1(0

1

0
, (22)

where [ ]Tnnnn n
vvv ,,1= , ( ) ( )∑+=

=

nn

j
gijninifini DzUzDv

1
max sgnsgn εε , fiDε ,
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gijDε , nnji ,,1, =  are the up bounds of the NN approximated errors, and

0max >U . From (22), we have

( ) ( ) ( )
j

n

j
nnnnnn

T
nnnndnniji

n

kbu ∑ 



 −−++−=

=
−−−

1
)1()1(0)1(0

ˆˆ vZφWzXgzXXf . (23)

Let

( ) ( ) ( )∑
=

−−− 







+++=

nn

j
jnn

T
njnn

j
ndjnnijni kba

1
)1()1(0)1(0

ˆ zXgzXXfX

( )∑
=





 ++

nn

j
fi

j
nn

T
nij Db

1

ˆ
εZφW , ( ) ∑ ∑=

= =

n nn

j

n

l
gjlijni Dbh

1 1
εX , where 

j
⋅  denotes the ab-

solute of the j th element. Because gjlDε  can be arbitrary small, following the idea of

reference [14], we can assume that ( ) 10 <≤ nih X . With (23), we can get

( ) ( ) ( ) ( )nninnii UhUau XXXX maxmax ≤+≤ ,

( ) ( )
( )






−

≥
= ni

ni

ni
n h

a
U

n X

X
X

1
max

,,1
max .

(24)

Equation (21)can be rewritten as

( ) ( ) ( )[ ] ( ) ( )[ ]  ˆˆˆ001 




 ∆−∆+−−∆+++≤ − uXgXgXuXgXgXfz nnnnnndnnnnnn

T
nnn VV ,





+



+ −−

gg
T
gn

T
n trtr

n
WΓWWΓW W
~~~~ 11

(25)

Because nŴ , gnŴ  cannot be guaranteed in the bounded closed set in control process,

we apply the project operator in [15]. Assuming that the feasibility sets of the pa-
rameter space are







 ≤∆Ω Wnn

T
nnWn β

2

0
ˆˆˆ WWW ,







 +≤∆Ω WnWnn

T
nnWn .

2
ˆˆˆ λβWWW ,

where, 0>Wnβ , 0>Wnλ , 






 ≤∆Ω Wgg

T
gggn β

2

0
ˆˆˆ WWW ,







 +≤∆Ω WgWgg

T
gggn λβ

2
ˆˆˆ WWW , with 0>Wgβ , 0>Wgλ .

The parameter adaptive laws are chosen as:

( )WnnnW ΦWΓW ,ˆprojˆ = , ( )ggggW ΦWΓ ,ˆprojˆ = (26)

Defining the project operator as
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( )












>>






 −

−=

lsewise ,

,0ˆ  nd  ˆ  ,ˆ
ˆ

ˆˆ

,ˆproj
2

2

2

e

aif

M

T
MM

M

T
MM

M
M

Φ

MΦMM
M

MΦM
ΦΦM β

δ

β

where gn WWM ,= , T
WnnnW n

φzΓΦ W=  and T
g

T
ngWg φuzΓΦ −= . Using the results

of [15], we have

( )∑+∑−≤
−

==

1

11

2 n

j
j

n

j
nn ckV z , (27)

where { }j
nj

kk 2min
,,1=

= . From (27), we can conclude that all the signals in closed-loop

system are UUB. So we can assume that

[ ] [ ] ∞<






 +∑= −

=

−
gg

T
g

n

j
j

T
j

WWW

trtrc
j

gn

WΓWWΓW W
~~

2
1~~

2
1

sup 1

1

1

ˆ,ˆ,,ˆ
0

1

. Let 0kccn =  and

∑=
=

n

j
jcc

1
. (27) can be rewritten as c

k
eVtV kt 1

)0()( +≤ − , 0≥∀t . Consider (20), we

can conclude that

( )1
min

2

1

)(2~
−=

≤∑
j

tVn

j
j

WΓ
W

λ
 , ( )1

min

2

1

)(2~
−=

≤∑
µΓ

µ
j

n

j
j

tV

λ
, ( )1

min

2

1

)(2~
−= Γ

≤∑
σλ j

n

j
j

tVσ , (28)

∑≥
=

n

j
jtV

1

2

2
1

)( z (29)

From (27) and (29), we have c
k

tV
n

j
j +∑−≤

=1

2

2
)( z . Integrating it yields

( ) [ ] ktcVdt
j /)0(2

2

0 +≤∫ ττz , nj ,,1= . (30)

From the discussion above, we have the following result,
Theorem 2. Considering the system (4)-(5), if Assumptions 1 holds, using the pro-
posed approach, the following results hold,
(1)The state tracking error of the system jz  and the parameter estimated error of NN

are bounded and converge to the neighborhoods of the origins exponentially,

( ) ,

1
)0(2

~
,

1
)0(2~,~,

~
,

1
min

2

11

2













 +

≤∑



 +∑ ≤=Ω −==

j

c
k

V
c

k
V

n

j
j

n

j
jjjjjj

WΓ
WzσµWz

λ
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( ) ( )









Γ





 +

≤∑




 +

≤∑ −=−= 1
min

2

1
1

min

2

1

1
)0(2

~,

1
)0(2

~

σλλ j

n

j
j

j

n

j
j

c
k

Vc
k

V
σ

Γ
µ

µ
, nj ,,1=

(2)The following inequalities hold,

( ) kcd
t

t
j

t
/2

1
lim

2

0 ≤∫
∞→

ττz , 



 +∑ ≤

=
c

k
V

n

j
j

1
)0(2

1

2
z .

Remark 1. From the result (1) of the Theorem 2, we know that adjusting the values of

ik ,
iWδ , µδ i , σδ i ,

iWΓ , µΓ i , σiΓ , iη , we can control the convergence rate and the size

of the convergence region.

4   Simulation Example

The missile model with general set of uncertainties considered hereafter is a three-
axes , highly nonlinear model of a BTT missile, The nonlinear dynamic equations are
given as follows:

( ) ( ) ( )uxhxxbxfx 11211111 ++= , ( ) ubxxfx 22122 , += , (31)

where [ ]Tx φβα=1 , [ ]Trqpx =2 ,
[ ]Tzyxu δδδ=

. The meaning
of the symbols used in this paper can be founded in [12].

In order to validate the effectiveness and validity of the proposed method, nonlinear
6-DOF simulation results for a BTT missile model are presented, The solid lines rep-
resent the command signals, The dotted lines and the dash-dotted lines represent the
simulation results of the adaptive controller under uncertain air parameters with 50
percent (up and down) uncertainty, It is shown that the control system has good sta-
bility, performance and robustness even if the large model uncertainties exist.

  

Fig. 1. yn  tracking curves      Fig. 2. β  tracking curves        Fig. 3. φ  tracking curves
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5   Conclusions

The main contribution of this paper are: a) relaxed the requirement of SISO in refer-
ences [10] and [11]; b)took the prior knowledge of the system into consideration and
successfully solved the design problem for a class of multi-input multi-output nonlin-
ear systems when the control coefficient matrix is unknown; c)avoided the possible
singularities of the controller; d)Applied Lyapunov stability theory, the parameter up-
dating laws of the fully tuned RBF NN was derived, which guaranteed the stability of
the overall systems; e) by introducing nonlinear tracking differentiators and NNs, the
“computation explosion” is reduced.
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Abstract. A model reference control algorithm based on Support Vector
Machine (SVM) for discrete nonlinear systems is proposed in this article. It
uses SVM as regression tools to learn the feed forward controller from input
and output data. Further more, a compensator is used as the feed back controller
to make the whole system more robust. Advantages of SVM and the robust
compensator help the method perform excellently as shown in the experiments.

1 Introduction

Model Reference Control (MRC) is a very important and practical method in
nonlinear control field. The popular way of MRC nowadays might be learning the
controller from input and output data with neural networks. However, despite many
advances, there are numerous weak points for this classic neural networks approach,
for example, the existence of many local minima solutions, the problem to select
hidden units and so on. Major breakthroughs at this point might be Support Vector
Machine (SVM) [6], successfully both theoretically and in applications. There are a
lot of examples [1,3,6], which reported excellent performances of SVM in regression
and nonlinear modeling area. In this paper, we propose a MRC method based on
SVM, which would show that SVM is also a wonderful choice in MRC field.

2 Model Reference Control

For MRC as shown in figure 1, plant P is the system to be controlled, and M is the
reference model (always designed as a simple linear system) to generate reference
output signal d, which satisfies our requirements under the input of r. Controller C is
to be learned to generate proper signal u for the plant, so that the output y of the plant
could track reference output d. More details about MRC could be found in references
[4,5]. A standard assumption in MRC is that: Plant P and the inverse system P-1 are
both stable. Another assumption is to assume the relative degree of the reference
model M is greater than or equal to that of the plant P.
If we know the exact model P, we could compute the controller as:

-1 .C M o P= (1)
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Fig. 1. Model Reference Control Scheme

It guarantees the satisfaction of the MRC objective. However, in many applications
we might not get the exact model P, or could not compute the controller C from
model P because of intensive computation loads, so a more practical way is to learn
the controller from the data. Often, researchers use BP neural networks to do that. The
weights of neural networks are adapted to minimize the risk function:

2
,

1

( ) ( ( ) ( ) ) .
N

i j
t

R w y k d k
=

= −∑
(2)

3   SVM for Regression

In this section, we would introduce only the basic idea of SVM for regression. For
complete details, please refer to reference [6].
Consider regression with the following function set:

f (x) =(w . (x) ) +b , x , : , , .h hn nn nR R R w R b Rφ φ∈ → ∈ ∈ (3)

with given training data {xi, yi} (i=1…l) , (
ix nR∈ is input data;

iy R∈ is output

data). The nonlinear mapping : hnnR Rφ → maps the input data to a so-called high-

dimensional feature space. In fact, with some kinds of mapping φ , the function set

described by equation (3) could approximate all the continuous function up to any
desired accuracy [6]. SVM tries to solve the optimization problem according to the
SRM (structure risk minimization) rule:
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Function | |ε⋅ is called insensitiveε − function, defined as:
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εφ φ ε

φ ε

− ⋅ − − ⋅ − ≤

− ⋅ −

웞0 웍 if ;

웞 웎 웍  otherwise.

(5)

After rewrite the optimization problem and use the Lagrangian method [1,6], we
could get the final dual problem:
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For any given input data x , the output is:

*

1

f(x )= w (x )+ b= ( ) ( , ) .
N

i i i
i

K x x bφ
=

⋅ ∂ − ∂ +∑
(7)

The kernel function K corresponds to:

T( , ) ( ) ( ) .i j i jK x x x xφ φ= (8)

4 MRC Based on SVM

4.1 Use SVM in MRC

The MRC method introduced in section 2 could not directly use SVM to learn the
controller, since SVM would use the “target” (“labeled”) output of the controller,
which is unknown in that scheme. However, for linear SISO system, Widrow [7] once
proposed an alternative method, which could be developed to use SVM to learn the
controller: the plant is placed in front of the controller when learning, but placed after
the controller when controlling. For linear control, exchanging their places would
theoretically not change the control result. However, if P is nonlinear, theoretically we
could exchange the place of C and that of P to get the same control result if only the
reference model is a unit mapping or pure time delay system. So another scheme of
model reference control both suitable for linear and nonlinear system, is provided in
figure 2.
In figure 2, the parallel reference model M0 is a unit mapping or delay system so that
the controller C learns to approximate the inverse system P-1of the plant P. Moreover,
a forward reference model M is used to generate the reference output satisfying our
requirements. To learn the controller in figure 2, we could use the learning scheme
shown in figure 3. Since the NARMA model of the controller could be described as:

z (k+n)= f ( z (k+n-1),…,z (k), u (k+m),…,u (k) ) . (9)

Our task is to find the function f with the data: z(k) = q(k) and u (k)=s (k), k=1…N(
Here, q is the output of the parallel reference model M0 and s is the output of plant
under the same input v, as shown in figure3. The input v is usually selected to cover a
wide range in frequency domain). The order of the controller (m and n) is often
appointed by prior knowledge, posterior error or other methods. Let :

y(k) = q (k + n) ; (10)

x (k)=[ q (k + n - 1),…,q (k),s (k + m),…,s (k)]T (k = 1…N-n) . (11)
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The problem of learning the controller equals to find the regression function y = f (x)
with data set:{ x (k), y (k)},k=1…N-n. It could be solved with SVM directly in the
same form as introduced in section 3.

C (Controller) P (Plant)

M0 (Parallel Reference Model)

r (k) y (k)

d (k)

M (Forward Reference Model)

Fig. 2. New Model Reference Control Scheme

M0 (Parallel Reference Model)

v (k) s (k)

q (k)

C (Controller)P (Plant)

Learning Machine

Fig. 3. Scheme to Learn the Controller in MRC

4.2   Robust Compensator

Since MRC based on SVM introduced above is open-loop control, to make it more
robust, we use a robust compensator [2] as the feedback controller. As shown in
figure 4, suppose G is the real transfer function from r to y in MRC control scheme of
figure 2, and suppose G0 is the transfer function of M. In our method, G is expected to
approximate G0, but there might be differences between them because of learning
error. Moreover, noises might exist in the system. Concerning all the noises, errors
and disturbances, y could be viewed as the output of G0 with the artificial equivalent
noise e:

y = G0r + e . (12)

All the impacts of errors, disturbances and noises are included in the artificial
equivalent noise e. The main idea of the robust compensator is to compensate or
counteract e as follows:

r = u – v . (13)

v = G0

-1 e = G0

-1 ( y - y0 ) = G0

-1 (y - G0 r) = G0

-1 y - r . (14)
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However G0

-1 is non-causal and could not be realized. A way out to this problem is to
use a linear low-pass filter F to make it causal .The relative order of F is designed to
be higher than that of G0:

v = F G0

-1 e = FG0

-1 y – Fr . (15)

The framework of our method is shown in figure 4.

Robust Compensator: v=FG0
-1y - Fr

u

v

r y
Scheme of Model Reference Control based on SVM

y

Fig. 4. Framework of MRC based on SVM with robust compensator

a) b)

Fig. 5. The simulations of control8ß results. a) Comparing the control result of MRC based on
SVM with the control result of MRC based on neural networks under the same input. The
dotted line is the reference output; the dash-dotted line is the output of MRC based on neural
network; and the solid line is the output of MRC based on SVM, which approximate the
reference output more accurately. b) The result of our control method with uniform noises of

2 5S N R ≈ in the input of the plant. The dotted line is the reference output and the solid line is
the real output of plant.

5 Simulations

The plant to be controlled is a nonlinear system as follows:

y(k+1) = 2.5y(k)y(k-1)/(1+ y2 (k)+ y2 (k-1)) + 0.3cos(y(k) + y(k-1))+1.2u(k). (16)
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When learning, 50 data is used as training set and another 50 data as the test set. In
our method, the kernel type of SVM is RBF kernel with σ=5, and C= 20. The order
of controller is determined by learning error on the test set.
As shown in graph a) of figure 5, we compare our control method with the classic
MRC method based on neural networks. Obviously, MRC based on SVM works more
outstandingly than MRC based on neural networks.
As shown in graph b) of figure 5, even when strong noises exist, our new method still
works quite well.

6    Conclusions

A new MRC method based on SVM for linear and nonlinear system is investigated
and some exciting results are achieved. Though we only discuss the method for SISO
system in this article, it is easy to extend this algorithm to make it suitable for MIMO
system. However, some future work must be done to make the method more sound in
theory and practical in applications. For example, the methods for non-minimum
phase system still need more investigation.
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Abstract. The paper provides a new style of PID controller that is based on
neural network according to the traditional one’s mathematical formula and
neural network’s ability of nonlinear approximation. It also discusses the
corresponding learning algorithm and realizing method. This new controller is
proven highly practical and effective in the simulation test. This new controller
has more advantage than the traditional one, such as more convenient in
parameter regulating, better robust, more independence and adaptability on the
plant, etc.

1 Introduction

The traditional PID control is widely applied to industrial produce process, for its
control mode is direct, simply and robust. But, there are some disadvantages of PID
control. Firstly, it is difficult to regulate the three parameters of PID controller: KP,
KI and KD in some control systems. Secondly, the traditional PID control used in
nonlinear, time varying or large inertia systems will be not very effective.

Artificial neural networks (ANN) have been used in various control field of with
the characteristics of self-adapting and learning, nonlinear mapping, strong robustness
and fault-tolerance. In this paper, an ANN PID controller which is based both ANN
and the traditional PID control is presented. The simulation proves the controller is
applicable, and it is easily realized and more convenient to regulate parameters.

2   Traditional PID Control with Artificial Neural Network

It is well known, there are two traditional PID controller modes, one is locational
mode, and the other is incremental mode. The ANN realization of locational mode
PID is shown below. It can be referenced to get the one of incremental mode.
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k = , dd kTk = }, T is the sampling period, )k(u is the output of the

controller, )k(e is the deviation.
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For equation (1), )k(u is the linear combination of )k(e , ∑
=
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Feed-forward ANN is used to construct an ANN PID controller. Generally, a three-
layered feed-forward ANN with appropriate network structure and weights can
approach to any random continuous function. The ANN is designed with three layers
in consideration of the control system real time requirement.

Obviously, there are three nodes in input layer, the deviation )k(e , the cumulation

of deviation ∑
=

k

0j
j )k(e and the variety of deviation )k(e∆ . Only one node in output layer,

that is, the output of the controller )k(u . In order to simplify the structure of the ANN,
hidden layer nodes, which can correctly reflect the relationship between the input and
the output of the ANN, are designed as few as possible, and 8 nodes is assumed in this
paper.In practice, hidden layer nodes which can be acquired by test method or
experience. The neuron activation function of input layer is assumed linear

function x)x(f i = ; that of hidden layer is assumed the Sigmoid function
xh

e1

1
)x(f

−+
= ;

and that of output layer is assumed linear function x)x(fo = . So a 3-8-1 network is

constructed, which can take the place of traditional PID controller.

3  Rule of Neutral Networks PID Weights Adjusting

The capability error function J of the network constructed above can be written as
follows:

2
p )]1k(y)1k(y[

2

1
J +−+= (3)

Steepest descent method is used to regulate weights to make J least.

The networks inputs of input layer are )}k(e∆,)k(e),k(e{
k

0j
j∑

=
. Corresponding weights

are }T1,T,1{ .
Input of hidden layer’s jth neuron can be written as follows:

∑=
=

3

1i
iijhj XωI (4)

Where ijω  is the weight which connect jth(j=1,2…8) neuron in hidden layer with

ith(i=1,2,3) neuron in input layer; iX (i=1,2,3) are the outputs of input layer, that is:
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j2 )k(eTX ,
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Output of the jth neuron in hidden layer is
)I(fO hjhhj = (5)

Input of the neuron in output layer is

∑=
=

8

1j
hj1j1o OωI (6)
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1jω (j=1,2…8)is the weight which connects the only neuron in output layer with the jth

neuron in hidden layer.
Output of the neuron in output layer is

1o1oo1o I)I(fO == (7)
Output of the neutral network PID controller is

( ) 1o1o1o IIfO)k(u === (8)

3.1  Adjusting of Output Layer’s Weights

Weight learning rule is

1j
1j ω

Jηω∆
∂
∂−= (9)

Where η is learning speed, it commonly is (0, 1).
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Where 
)k(u

)1k(y

∂
+∂ is unknown which denotes system’s input-output relationship. For

most systems, its signal is definite.
)k(u

)1k(y

∂
+∂  is replaced with )
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∂
+∂ , and learning

speed η is used to equalize the calculate error. Adjusting rule of output layer’s
weights 1jω  is:
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3.2  Adjusting of Hidden Layer’s Weights

Weight learning rule is
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Where 
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∂
+∂ is replaced by )
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∂
+∂ , learning speed η is used to equalize the

calculate error. Corresponding adjusting rule of hidden layer’s weights ijω is:
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4   PID Control System Based on Neural Network

As shown in the following figure, r is system referenced input, y is system output,
u is controlling output of neural network PID. Deviation e , cumulation of deviation
∑e and variety of deviation e∆ are applied as the inputs of the network in neural
network PID controller which adapt the weights according to the following steps:
1. Decide network structure at first. Because the nodes of network input layers and

output layers are known, only the nodes of hidden layers remained undecided.
2. Initialize the weights of hidden layers ijω and the ones of output layers 1jω with less

random number, select the speed of learning η;

3. Sample the system, get )k(e , calculate ∑
=

k

0j
j )k(e and )k(e∆ , which are the network

inputs;
4. Calculate the outputs of hidden layer and output layer, get the controlling

amount u ;
5. Calculate the system output and get )1k(y + ;
6. According to the weights adapting rule of output layer and hidden layer, regulate

each connection weight of output layer and hidden layer.
7. Go to (3).

Fig. 1. Neural network PID control system

5   Simulation Results and Conclusion

During the simulation, a typical second-order system, which model is
)1s(s

1
)s(G

+
= , is

taken as the controlled object. The NN PID controller with the 3-8-1 network
structure and the traditional controller are applied respectively. When the input signal
is unit step signal and the sampling period is T=0.05s, the corresponding response
curves are shown in Fig.2.
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Fig. 2. The curves of simulation system

It can be drawn that the NN PID controller is obviously applicable. Its number of
the adaptable parameter is only one, i.e. the learning speed η of network. So the
parameter regulating of this controller is much more convenient than traditional PID
controller. From the figure, it is obvious that the learning speed η have a strong
impact on the system. The response curves with different characters can be achieved
by adapting the learning speed η, because the regulation range of the weights depends
on it. The regulation range of the weights is smaller, when η is small. While, it is
bigger, when η is bigger. In the figure following, the influence is well shown.

The model of the controlled object is
1s0002.0s0001.0

1
)s(G

2 ++
= The input signal is

unit step signal, the sampling period is T=0.05s, the learning speed is η=0.01 and
η=0.03 respectively. And the response curves for the unit step signal are shown in
Fig.3.

Fig. 3. The response curves of the system with different η

Obviously, in the case of bigger learning speed, the regulation range of weights is
greater, and systematic adapting time would be relatively shorter. While the
appropriate learning speed is selected, a satisfying control quality would be obtained.

The time-varying nonlinear model of the controlled object is

)1k(y1

)1k(u)1k(y)k(a
)k(y

2
0

−+

−+−
=

Where a0(k) is )
25

πk
sin(1.01)k(a 0 += .With the controlled object used above, the systemic

response to the square wave signal is also investigated. The amplitude of square wave
signal is 1, and the period is 10s. The response curve of the neural network PID
controller with 3-8-1 structure is shown in Fig.4. The learning speed η=0.03, sampling
period T=0.05s. The system has better input signal trace ability and excellent
robustness.
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Fig. 4. Response curve of second-order system for square wave signal

According to the above curves, the NN PID controller is more independent and
adaptability on the model of the controlled object. This also exactly reflects the
outstanding learning and retaining ability and self-adapting ability of neural network.
In addition, the initial weights of network also have great influence on the
performance of the system, because they not only impact on whether the network
output could reach minimum, but also affect learning time of the network heavily.

6   Conclusion

The advantages of the ANN PID controller are summarized as following:
1. The mathematics model for the controlled object is not necessary;
2. It is easy to regulate the parameters;
3. The structure of the controller and the algorithm are simple, it is convenient to

apply them to online real-time control;
4. It is more robust. The method can be applied to industrial process control, and take

full advantage of both neural network and traditional PID.
5. The initial weights of network have great influence on the performance of the

system, which is selected by test or experience in the actual control.
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Abstract. A nonlinear predictive control algorithm based on fuzzy model is
presented for a family of complex system with severe nonlinearity such as Pro-
ton exchange membrane fuel cell (PEMFC). In order to implement nonlinear
predictive control of the plant, the fuzzy model is identified by learning offline
and rectified online. The model parameters are initialized by fuzzy clustering,
and learned using back-propagation algorithm offline. If necessary, it can be
rectified online to improve the predictive precision in the process of real-time
control. Based on the obtained model, discrete optimization of the control ac-
tion is carried out according to the principle of Branch and Bound (B&B)
method. The test results demonstrate the effectiveness and advantage of this ap-
proach.

1   Introduction

The nominal operating temperature of PEMFC is about 80℃,which impacts the im-
portant index such as the traits of the voltage and current density. Consequently, it’s
crucial that the temperature can be controlled in an appropriate range. However, it is
known that the dynamics of PEMFC system is a nonlinear system with complex
chemical and electro-chemical reactions. And it is very difficult to model PEMFC
system using the traditional method. In last several decades, fruits of the PEMFC
stack model have been obtained. However, most of them are based on mass, energy
and momentum conservation laws. And their expressions are too complicated to be
used to design a control system, especially in the design of the on-line control [5].

A fuzzy predictive control algorithm, based upon discrete optimization and fuzzy
model identified, is a relatively simple and effective identification approach and is
proposed as a nonlinear model predictive control (NMPC) strategy in this paper [1],
which can fit and predict nonlinear system characteristics of complicated industrial
process with severe nonlinearity such as PEMFC, so it can be applied to complex
nonlinear systems effectively. A fuzzy Takagi-Sugeno(T-S)[4]predictive model is
viewed as a feed-forward network, whose weight coefficients are directly correlated
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with the parameters of the fuzzy model, and then have clear physical meanings. The
fuzzy rule parameters are learned offline through back-propagation (BP) algorithm.
To lessen the possibility of the parameters trapping into local optimum, the initial
value of the premise parameters is set by fuzzy clustering, which is more reasonable
than the initializing method used by Wang [7]. When the obtained offline model is
used in real-time control, consequent parameters of the rules, but not all the parame-
ters, can be rectified online to insure the real-time predictive precision.

Based on the predictive model and the principle of the B&B method, a structured
search technology is used to search optimal control action in the discrete space for the
modeling and control of the stack of the PEMFC avoiding the internal complicity
[1,2].

The paper is organized as follows: Section 2 introduces the method of fuzzy mod-
eling PEMFC. Section 3 presents the discrete optimization and application in the
control of the PEMFC stack. The final conclusion is given in the section4.

2   Structures and Algorithm of Identification of the PEMFC Stack

2.1   Descriptions and Analysis of PEMFC Stack

The operating process of fuel cell is the reverse reaction of electrolyzed water. Ac-
cording to the PEMFC dynamic characteristic, the temperature of the stack can be
impacted by the adjustment of the speed of the hydrogen and cooling water. To fa-
cilitate model and control design, we use the form as a model of the stack:

( 1) [ ( ), ( ), ( ), ( )]w a cT k T k V k V k V tφ+ = (1)

where ( )wV k , ( )aV k  and ( )cV t denote the speed of the cooling water , hydro-

gen, and the air respectively, and ( )T k denotes the operating temperature of the

stack,φ  denotes the nonlinear relation between ( )T k , ( )wV k , ( )aV k
and ( )cV t with K being discrete variant[6].

2.2   Structure of the Multi-input and Multi-output Fuzzy Model

Consider a multi-input and multi-output (MIMO) system y = F ( u ) with input

vector u
n jU R∈ ⊆ and output vector y noY R∈ ⊆ . It can be regarded as a sys-

tem consisting of on  coupled (multi-input and single-output) MISO subsystems, each

of which can be fit by a fuzzy T-S model independently. We define

0{ ( )} [ ( ), .., ( 1)]( 1, ..., ),nuj
j j j ju k u k u k nuj j n= − + = (2)
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0{ ( )} [ ( ),..., ( 1)]( 1,..., )nyl
l l l oy k y k y k nyl l n= − + = (3)

with nuj and nyl  being the order of ju  and ly  respectively, and then each multi-

input and single-output (MISO) subsystem can be denoted as:

( 1) ( ( ))ly k f x k+ = , 1,..., ol n= . (4)

1 1
1 0 0 1 0 0( ) [{ ( )} ,...,{ ( )} ,{ ( )} ,...,{ ( )} ]

nun nynnu nyj o
n nj o

x k u k u k y k y k= (5)

( )x k 1[ ( ),..., ( )]nx k x k= is the regression data vector consisting of input/output

data at the thk  instant and before. The T-S model employed to fit the MISO subsys-
tem in this paper is a collection of fuzzy rules, which is in the form of “if…then…”

The thi rule of the thl output is given by ,l iR : If ( )x k is ,l iA Then

^
,0 ,1 1 ,, ( 1) ( ) ... ( ), 1,...,l l l

i i i n nl iy k p p x k p x k i c+ = + + + = (6)

In this model, what is to be partitioned is the whole space spanned by regression data
vectors, but not the single variable space presented by Takagiet al [4].

From Eq (7), the membership function of fuzzy set jA  is defined as the Gaussian

product function. The weighted average defuzzifier is in the form of Eq (8) and Eq
(9).
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where, mx is the thm data vector, 1,...p n= , n is the dimension of the data vec-

tor, 1[   ... ]i i ip inυ υ υ υ=  and 1[   ... ]i i ip inσ σ σ σ=  are the membership function

parameters to be identified. Here,θ = [ 1,0
lp … ,0

l
cp  1,1

lp … ,1
l
cp … 1,

l
np … ,

l
c np ] T is

the consequent parameter vector to be identified, c is the number of fuzzy rules and

iw is match degree of the 1[ ... ]m m mnx x x=  with respect to the thi rule.
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2.3   BP Learning of Model Parameters

The above fuzzy logic system can be represented as a feed-forward network, whose
weight coefficients have clear physical meanings and can be leaned by back-
propagation of output predictive error [7]. A collection of training

data 1{ ,..., ,..., }m tX x x x= ( t is number of training data) produced by the controlled

plant, find a parameter set of fuzzy system that minimizes the output predictive error:
^

2
, ,

1

( ) / 2
t

l m l m
m

E y y
=

= −∑ (10)

where, ,l my is the actual output of system with respect to the mx , 
^

,l my is the predic-

tive output of fuzzy system. From the above, we can determine gradient of E  with
respect to design parameters of the fuzzy system and obtain the learning algorithms of

,i iυ σ and ip .

, , , ,
, ,

( 1) ( ) ( ) , ( 1) ( ) ( ) i p i p i p i p
i p i p

E Ek k k k k kυ υ α σ σ αυ σ
∂ ∂+ = − + = −

∂ ∂ (11)

,0 ,0 , ,

,0 ,

,( 1) ( ) ( ) ( 1) ( ) ( )  
l l l l
i i i p i pl l

i i p

E Ep p p pk k k k k k
p p

α α∂ ∂+ = − + = −
∂ ∂ (12)

Here,α  is the learning factor, and 1,...p n= .

The BP tends to fall into local optimum, so the initialization of the design parame-
ter is very important. Here, the fuzzy c means (FCM) [3] clustering is used to initial-
ize the premise parameters iυ  and iσ . Using FCM, we can obtain the cluster centers

1[ .... ]( 1,..., )i i inc c c i c= =  and fuzzy partition matrix c tU × ( imU  is the match de-

gree of mx to the tht  cluster.), which are used to determine the initial value:

1 1

 , * ( * )      1,...
t t

i i i im m i im
m m

c U x c U i cυ σ β
= =

= = − =∑ ∑ (13)

where, β is a coefficient and should be determined in advance. Apparently, this ini-

tializing method is more reasonable than the one used by Wang [7], in which the first
c  data vectors in training data set are used as initial parameters.

2.4   Consequent Parameters Rectification Online

For a complex system that operates over a wide range of operating conditions, if the
predictive precision of the model can’t satisfy the need of real-time control, the con-
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sequent parameters l
ip  should be rectified online. From Eq. (8), the Recursive Least

Squares (RLS) is used to rectify the parameter vectorθ .
The modeling algorithm is employed to identify the PEMFC stack by T-S fuzzy

model. Fig.1 shows that the fuzzy model can imitate the dynamic temperature re-
sponse of actual stack, and the maximal error is not beyond 0.8℃.

Fig. 1. Schematic of variant operating temperature

According to the requirement of the technics, the test results have shown that the
modeling accuracy is high and the fuzzy model can be established fast avoiding com-
plicated physical conversation law and differential equations groups to describe the
stack. The T-S fuzzy model can be used to predict the temperature responses on-line
that make it possible to design online controller of PEMFC stack.

Fig. 2. Schematic of the obtained tracking curves

3   Control Based on Branch and Bound of PEMFC Stack

Based on the fuzzy model and discrete search space of the B&B principle, an optimal
control sequence is found to minimize the objective function [2]. The PEMFC stack is
controlled by the algorithm above. And the obtained tracking curves are shown in
Fig.2. From the simulation and effect, the results of the test enter the stable state
much more quickly than the factual control, which is perhaps due to the disturbance,
lag and other uncertain factors in the factual process. In a word, the control algorithm
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can adjust the operating temperature to the value set, make the fluctuation of the tem-
perature least, and obtain the satisfied controlled effectiveness.

4   Conclusions

In this paper, a nonlinear predictive control algorithm based on fuzzy model is pre-
sented for the modeling and control of PEMFC stack. Fast convergence of the model
identified and effectiveness of the optimization method make the system output track
the reference trajectory steadily and quickly. The test results show the validity and
advantage of this approach avoiding the complexity of the internal system, which lays
for the on-line control of PEMFC system well. Moreover, it can be extended to the
state of the multivariate and constrained system conveniently.
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Abstract. This paper presents an adaptive control system using wavelet neural
networks (WNN) for an induction servo drive motor with complex of non-
linear, multivariable, strong coupling, slow time-varying properties, etc., and
many uncertainties such as mechanical parametric variation and external
disturbance. The motivation of developing a new method is to overcome the
limitation of conventional control methods which depends on the accurate
model and cannot guarantee satisfactory control performance. The proposed
scheme with on-line learning has the good tracking and dynamic performance,
the ability of adaptive learning from the process and good robustness to
uncertainties. Simulation results demonstrate the effectiveness of the proposed
method.

Keywords: Servo induction motor; Wavelet neural network; Adaptive learning
control.

1 Introduction

The induction motor is a multivariable nonlinear coupling system. In the last three
decades, different vector control methods have been proposed for better dynamic
performance during transient process, such as field-oriented control (FOC), field
acceleration method (FAM), universal field orientation (FUO), direct self control
(DSC) and so forth [1]. However, because of computation complex, these methods are
very difficult to be realized in real application. Direct torque control (DTC) is a high
performance control method after vector control and used widely [2]. It directly
decouples rotor flux and torque fully by detecting stator voltage and stator current.
Differential geometry is introduced into electric drive field. But its decoupling control
theory based on differential geometry needs complex mathematics knowledge, such
as differential geometry, Lee algebra and etc. It cannot be extended to use. It uses
dynamic feedback linearization method to decouple the system in the global range.
Under parametric variations and uncertain disturbance, in order to guarantee system
robustness, sliding mode control is also introduced in electric drive. Once the system
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states enter into sliding mode moving, the system will be insensitive to any
disturbance [3]. The merits of the new technique will be valued in the control fields.
However its inherent chattering problems are not solved very well, it is difficult to be
used in real applications.

In the past few years, the neural network control has been also studied in electric
drive. Much research has been done on wavelet neural networks combining the
capability of neural networks in learning from processes and the ability of wavelet
multi-resolution [4, 5].

A new control scheme based on wavelet neural networks for induction servo motor
is proposed in this paper. The proposed scheme with on-line learning has the good tracking
performance, the ability of adaptive learning from the process and good robustness to
uncertainties. Simulation results demonstrate the effectiveness of the method.

2 Model of Induction Servo Motor Drive

The Laplace transform of the mechanical equation for an induction servo drive
described in Ref. [5] as follows

( ) ( ) 














 +−
+

= ξθ l
t T

J
sU

J

K

JBss
s

111
(1)

where J  is the moment of inertia, B  is the damping coefficient, θ  is the rotor

position, lT  represents the external load disturbance, ξ  represents the effects of

parametric variation, external disturbance, U is torque current as the control input

and tK  is the torque constant, respectively. The nominal model of the plant can be

depicted in Fig.1.

Fig. 1. Block diagram of the plant

3   Design of an Adaptive Controller Based on WNN

3.1   Wavelet Neurocontroller

The wavelet neurocontroller (WNC) is used to drive the unknown dynamic system so
that the error between the actual output of the plant and the desired output is
minimized gradually. A three-layer WNN shown in Fig.2 is comprised of an input
layer, a hidden layer and an output layer. Action functions in hidden layer neurons and
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output layer adopt wavelet functions and linear functions, respectively. The block
diagram of the WNN based control system is shown in Fig.3. In the hidden layer, each
node performs a wavelet from the translations and dilations of the mother wavelet,
which is the second derivative of a Gaussian function, i.e.

( ) ( ) 22

2

1
x

exx
−

−=ψ (2)

So the active function of the neuron in the hidden layer can be gained by the
translations and dilations of the mother wavelet in the following
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The number of neurons in the hidden layer is five. To realize the control object, define
the tracking error as ( ) ( ) ( )kykrke −= , where ( )kr  and ( )ky  represent a desired

trajectory and the plant output, respectively. The inputs to the WNC are the tracking
error and the increment of the error, i.e. ( ) ( )( )[ ]11, −−= zkekex .

3.2   Online Learning Mechanism

The parameters of WNN needing to learn consist of dilations, translations and the
weights between hidden layer and output layer. To describe the on-line learning
mechanism, the energy function is defined as

,yre −= 2

2

1
eJ = (4)

Each parameter is adjusted from back layer to fore one by the negative gradient of the
energy function in (4). To describe on-line learning mechanism, define the neurons in
every layer as follows

Fig. 3. Block diagram of WNN based control
system

Fig. 2. Wavelet neural network
architecture
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The first layer (i.e. the input layer):

,11
ii xnet = ( ) ,1111

iiii netnetfy == 2,1=i (5)

The second layer (i.e. the hidden layer):

,
2

1

222 ∑
=

=
i

ikik xwnet ( ) ( ),2222
kkkkk netnetfy ψ== 5,,1…=k (6)

The third layer (i.e. the output layer):
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In the output layer, the weight is updated by the amount
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and the error term to be propagated is given by
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In the same way, the weight in the hidden layer is updated by the amount
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In addition, the parameters of wavelets are also adjusted equally according to the
negative gradient method. First the update law of the dilations is
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and the update law of the translations is
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where aη  and bη  are the learning rates of the dilation and the translation,

respectively.

Fig. 4. All the learning rates are set 0.1
without any disturbance.

Fig. 5. A variation is inflicted at 0.8 second

Fig. 6. All the learning rates are set at 0.9

Rotor position

Wavelet neural network
PID

Neural network

Fig. 7. Dynamic response curve of the
control system with different control
methods
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    Since the plant is normally unknown, the sensitivity term 3
oyy ∂∂ is unknown.

Though this unknown value can be estimated by using the identifier, the amount of
the computation is required [6]. To solve this problem, an approximation law is
adopted as follows:

eo ≈3δ (16)

4   Simulated Results

The parameters of the plant model follow as

AmNK t 5.0= 23105 smNJ ⋅⋅×= − radsmNB ⋅⋅×= −3105 (17)

Case 1: The on-line adaptive ability of WNN based control system: In this simulation,
all the learning rates are 0.1 without any disturbance. The output of the system
tracking the square wave as the reference input is shown in Fig.4.
Case 2: The robust to disturbances: In this example, all learning rates are the same as
in Case 1, except a disturbance is inflicted on the input at 0.8 second, shown in Fig.5.
Case 3: The relations between the performances of the WNN based control system
and the learning rates. In this study, all learning rates are set 0.9. The effect is shown
in Fig.6.
Case 4: Dynamic response characteristics of the system with WNNC, PID and NNC.
The compared effectiveness is shown in Fig.7.

5   Conclusions

This paper presented a wavelet neural network based control system, i.e. wavelet
neurocontroller. Due to the orthogonality of wavelets, this design is more efficient
than conventional controllers based on neural networks. During learning process, the
error between the reference output and the real output is chosen as the unknown
sensitivity, which lessens the amount of computation.

Simulation shows the effectiveness of the proposed control system by tracking
square wave trajectory and the better dynamics by comparing with other control
methods. The virtues of this design are that the system still keeps steady under
disturbances and that convergence of the tracking error can be guaranteed without
prior knowledge of the controlled plant. Otherwise, the update law is more adaptive to
on-line applications and the proposed method is easy to be extended for any nonlinear
control problem.
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Abstract. In this paper, an adaptive single neuron-based PID controller for the
Triaxial and Torsional Shear Apparatus is proposed. Considering variations of
the control precision, the single neuron adaptive PID controller is used to con-
struct the control system to achieve the adaptive control of triaxial and torsion
testing. The single neuron adaptive PID controller using hybrid Supervised-
Hebb rule is proposed to tune control parameters. The testing results of actual
application show that the single neuron adaptive PID controller makes better
improvement in the control precision and robustness of control system.

1   Introduction

Triaxial experimental technique is significant in the soil mechanics, especially in the
study of the strength of the soil and constitutive relationship. It is an important means
in the determination of the strength, stress-strain feature, and other mechanical char-
acteristics of soil. Most of the existing dynamic triaxial apparatus are single torsion or
single axle direction apparatus, which do not reflect the influence of initial principal
stress coefficient and initial principal stress direction. They can not realize many com-
plicated stressing condition, such as the successive rotation of the principal stress di-
rection. A Soil Static and Dynamic Universal Triaxial and Torsional Shear Apparatus
was imported from SEIKEN INC, Japan in 2001 by Dalian University of Technology.
It overcomes some of the disadvantages of the past testing apparatus. For the reason
that the PID parameters are fixed, the apparatus does not work well for different fre-
quency control signal. It is an urgently concerned problem to improve control level of
the triaxial apparatus. Various types of modified PID controllers have been developed,
such as self-tuning PID controllers [1], and fuzzy PID controllers [2]. Self-tuning pro-
vides a systematic and flexible approach for deal with uncertain, nonlinear, and time-
varying parameters.

The triaxial apparatus is a complex, multivariable and uncertain with time-varying
plant. How to get appropriate control parameters is very difficult. In this paper, we use
neural network theory to improve the precision and robustness of the system and make
the system gain exact control effect under different frequency control signals. The
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core of principle for single neuron adaptive PID control is based on PID control,
adaptive and self-learning of single neuron. Based on adaptive neural network, we de-
signed a control system, which can real-time tune the PID parameters.

2   Brief Introduction of the Control System

The control system of the improved triaxial testing apparatus has two parts. One con-
trols the axial loading, the other controls the torsion loading. Each part consists of two
loop closed control loop: (1) Hydraulic power system with the control of servo-valve.
This system controls the servo-valve based on the signals from the control system,
and then controls the hydraulic power system to execute axial loading and torque onto
the samples. (2) Analog PID closed control loop. The loop is a main control loop of
existing system. As it has perfect hardware protection circuit, emergency chain pro-
tection design, signal anti-interference design and outstanding power amplification
circuit design, this circuit is kept. (3) Adaptive PID control loop of single neuron. It is
the main control loop of the improved system. It performs the adaptive control of pa-
rameter and makes the system gain better control precision and robustness. As an
identifying model, the neural network is a physical implement for actual system. The
algorithm of single neuron is simple and can be used for on-line real-time control.

3   The Design of Adaptive PID Control System of Single Neuron

Traditional PID control algorithms have the advantages of intuitive structure and al-
gorithm. However, they are not very efficient for nonlinear and time-varying systems,
since the PID coefficients are often fixed. Adaptive PID control system of single neu-
ron is the main part of the testing apparatus. Preserving analog PID closed-loop con-
trol and adding an adaptive closed-loop control of single neuron to make it become a
pair of closed-loop control system. The self-tuning of system parameters are realized
using the neural network.

3.1   The Principle of the Algorithm of Adaptive PID Control System of Single
Neuron

In recent years, the current interest has been focused on design of self-tuning control-
ler by using neural network. Neural network is an information processing paradigm
that is inspired by the way of biological nervous systems, such as the brain, process
information. The key element of this paradigm is the novel structure of the informa-
tion processing system. Several dozen kinds of network models, such as BP net, Hop-
field net, etc. have already been proposed. The models have been applied widely in
pattern-recognition and artificial intelligence. In the automatic control field, adaptive
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PID control with neural network has got very great development during the past few
years [3-8]. These algorithms synthesize the advantages of the neural network and
PID control, keep some traits of traditional PID control structure and overcome some
shortcomings of traditional PID. Single neuron is the basic unit of neural network, and
has the similar capability of adaptation like neural network. From the structure and
function points of view, an artificial neuron can be regarded as a nonlinear multi-
input and multi-output processing unit. In addition, the structure of a single neuron is
simple, and it is therefore easy to realize by software in real-time cases. Because the
network is made up of single neuron, the computation load is low and the structure is
simple and the convergence speed can be accelerated greatly, which assures the sys-
tem to realize online self-tuning.

3.2   The Proposed Algorithm

We propose an adaptive single neuron-based PID controller, which has the inputs:

1X is system-error ( )e k , 2X is first order difference of system-error ( )e k∆ , and 3X  is

second order difference of system error 2 ( )e k∆ :

1 ( ) ( )X r k y k= − (1)

2 ( ) ( 1)X e k e k= − − (2)

3 ( ) 2 ( 1) ( 2)X e k e k e k= − − + − (3)

where ( )r k  is the reference enactment signal of the system, )(ky  is the real-time

signal that the sensor gathers. Neuron controller output ( )U k  is:
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where iW  is the input weight and )(kK  is proportional coefficient of neuron. In or-

der to ensure convergence and robustness, standardization learning algorithm can be
adopted:
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Fig. 1. Structure of single neuron adaptive PID controller

Fig. 1 is the structure of single neuron adaptive PID controller. In the single neuron
adaptive PID control algorithm, the key is the learning rule of input weight. This trait
is applied to self-tuning of the parameters of adaptive PID control system. Considering

iW  should be concerned with the correlative functions of input, output and output er-

ror of neuron, hybrid Supervised-Hebb rule is adopted:

( ) ( 1) * ( )* ( )* ( )i i i iW k W k X k e k U kη= − + (7)

where iη is the learning rate of the system.

In the single neuron adaptive PID control algorithm, the value of iη  decides di-

rectly the convergence speed of control system. The bigger learning rate is, the faster
convergence speed is, but the system is apt to over-adjustment. However, if the
learning rate is too small, the system response will be slow. At the same time, if the
learning rate is a fixed value during the whole learning process, the system control
performance will be limited. So the following algorithm is introduced into the system
to optimize the enactment of the learning rate and to make it change with the system
state. The adjustment criterion is to check whether learning rate iη  will reduce the er-

ror for the revision value of weighting value ( )iW k . If the value is reduced, it means

that learning rate is small, an additional value needs to be added.
In single neuron adaptive PID control algorithm, optimizing the proportion param-

eter K can improve control performance. The optimizing function )(kK  is the key of

the whole algorithm. If )]1(sgn[)](sgn[ −= keke , then

( 1)
( ) ( 1)

( 1)v

K k
K k K k c

T k

−= − +
−

(8)

2( ) ( 1) sgn[ ( ) ( 1) ( ) ]v v vT k T k L e k T k e k= − + ∗ ∆ − − ∆ (9)

where 0.05 0.1L≤ ≤ , 05.0025.0 ≤≤ c . If )]1(sgn[)](sgn[ −≠ keke

( ) 0.75 ( 1)K k K k= − (10)
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4   Operation Result and Analysis of Performance

The single neuron adaptive PID control algorithm is applied to the Triaxial and Tor-
sion Shear Apparatus. We keep hardware analog PID closed control loop, software
closed control loop based on single neuron adaptive control algorithm is outside ana-
log PID closed control loop. The single neuron adaptive control algorithm is realized
in MS VC++. Fig.2 is the comparison of responding curves under the function of step
signal before upgrading and after upgrading. Fig.3 is the comparison of responding
curves of the testing system under the function of dynamic enactment signal before
upgrading and after upgrading. Initial parameters of the single neuron adaptive PID
control system are:

0.000001, 0.00004, 0I P Dx x x= = = (11)

1 2 3(0) 1, (0) 3, (0) 0, (0) 2w w w K= = = = (12)

Fig. 2. The step response of system   Fig. 3.  The dynamic response of system

From the diagrams above, we can see that responding speed is accelerated for the
same input of step signal after adding single neuron adaptive PID control closed loop.
There is 2.5 seconds at least from step change to steady state before upgrading. But
there is only 1.0 to 1.5 seconds after upgrading. So the systematic residual error be-
fore upgrading is removed totally after upgrading. In the comparison of responding
curves under the same dynamic enactment signal, improved ability of dynamic
tracking can be shown after adding single neuron adaptive PID controller.

5   Conclusions

In this paper, single neuron adaptive algorithm has been proposed to improve the pre-
cision and robustness of control system. The algorithm takes the advantage of the
neuron ability of self-organizing and self-learning to optimize parameters of control-
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ler. The control system based on neural network has the ability to tune the parameters
of the controller. The improved Triaxial and Torsion Shear Apparatus has already
been in operation and better operation results have been achieved.
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Abstract. In plastic injection molding, the ram velocity plays an important role
in production quality. This paper introduces a new method, which is a combi-
nation of the current cycle feedback control and neural network (NN) learning,
to control the ram velocity in injection process. It consists of two parts: a PD
controller (current cycle feedback control) is used to stabilize the system, and
the feedforward NN learning is used to compensate for nonlinear/unknown dy-
namics and disturbances, thereby enhancing the performance achievable with
feedback control alone. The simulation results indicate that the proposed NN
learning control scheme outperforms the conventional PD controller and can
greatly reduce tracking errors as the iteration number increase.

1   Introduction

Recently, a number of new control techniques were applied for plastic injection
molding processes. It is agreed that the control of the injection is the most important.
In particular, since the injection ram velocity controls the rate of the molten material
entering the mold cavity, controlling the ram velocity is very important [1-2]. In fact,
many part quality problems, such as weld line, burn, jetting, short-shot and flash, can
be eliminated by properly controlling the injection velocity [3-4]. Learning control
methodologies make use of the repetitive nature of tasks to obtain improved perform-
ance without the necessity of a parametric model of the system. Hence, this technique
is suitable for plastic injection molding process, which essentially carry out repetitive
tasks and the accurate model of injection molding machines (IMM) is normally un-
available. The ability to learn a non-linear mapping and the non-requirement of a
priori information about the system model make the NN an attractive alternative to
the conventional learning control scheme [5]. The most popular control scheme is one
that utilizes the learning ability of NN to identify the system inverse and thus generate
control input to the plant [6-7]. As for the training method, some theoretical results
are examined in [7-9] on the weight updating law and the convergence performance
of NN controller.
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In this paper, we propose a new NN learning control scheme based on a feedback-
feedforward configuration. The feedforward component applies the multi-layer NN to
estimate the inverse dynamics of the IMM. Thus, when it is employed in the neural
learning control scheme, the repeatable structured and unstructured uncertainties of
IMM can be compensated. The rest of the paper is organized as follows: Section 2 is a
study on the IMM. Section 3 describes the proposed NN learning control scheme.
Section 4 shows the simulation results. Finally, Section 5 contains the conclusions.

2   A Study on the IMM

Detailed discussions on injection molding process can be found in many manufac-
turing technology monographs, such as [1]. Briefly, an injection molding cycle con-
tains three stages: injection, holding and plasticating, as well as ejection of the part.
The injection stage starts when the molds are closed and the plastic melt is being
injected into the mold. The screw, not rotating at this point, is pushed forward so that
the plastic melt in front of the screw is forced into the mold. In the holding and plasti-
cizing stage, two actions occur at the same time. In this study, we will focus on the
injection phase, in particular, the ram position control in the injection phase. How-
ever, controlling the ram position is rather difficult. Experiments indicate that even
under a same working condition, the ram velocity may be different. In other words,
the ram position must be precisely controlled to ensure the part quality.

In order to control the ram trajectory, first it is necessary to develop the dynamic
model. In this study, the model developed in [2,3] is adopted with a slight modifica-
tion, as detailed in Appendix. Fig. 1 shows the block diagram for the ram position
control, where P1 is the hydraulic pressure, P2 is the actuator pressure, and Q1 is the
material flow from control valve to the line, Q2 is the material flow from the line to
the actuator, and Xram is the ram position. From the figure, it is seen that the inputs
include the pressure of the pump (Psup), the nominal material flow (Qnom) and the initial
ram position (X0).

Qnom
Q  1 P 1 Q  2 P 2

Xram
Psup

X0

Fig. 1. The block diagram for the ram position control

3   NN Learning Control Scheme

This new control method is illustrated in Fig. 2(left). From the figure, it is seen that
the two controllers work in parallel. The feedback PD controller is used to stabilize
the system, which takes the system output to be near the desired trajectory; then the
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feedforward NN controller is used to predict the desired control input and achieve
precision tracking. Assuming )(tyd  is the desired ram trajectory, then the control

scheme can be described as

))()(())()((

)()()(

1 tytyKtytyKu

tututu

kddkdp
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k
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k
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−+−+=
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where the subscript k  of each variable indicates its value at the k th iteration.

))()(())()(( tytyKtytyKu kddkdp

fb

k −+−=  is the feedback term. The iterative neural

learning controller is operated in two process periods: training period and control
period. During the training period, universal approximation property of the NN is
exploited to estimate the IMM inverse dynamics off-line based on input-output pairs
gathered in the )1( −k th operation cycle [5]. During the control period, the weights of

the well-trained NN controller are fixed and provide feedforward control signal,

)(tu ff
k , to compensate for the repeatable uncertainty and nonlinear effects. After

each operation of the IMM, the NN will be retrained with the operation data obtained
from previous iteration.
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Fig. 2. The proposed NN learning control scheme (left) and the multi-layer NN (right)

Fig. 2(right) shows the structure of the multi-layer NN. During the training period,
the input to the NN is the actual operation vector Tyyyx ][= . Each input state

passes through a nonlinear threshold activation function as

)1(1)( 4 xexh ⋅−+= λ  . (2)

where 0>λ  is a constant parameter. The overall control system has a learning-then-
control feature, which may look similar to the other learning control schemes [5].
However, the difference lies in the NN training method. To ensure the convergence of
the NN, we apply a three-layer NN and a modified weight-tuning algorithm using
dead-zone technique to reject noise referring to [5,7]. Note that since the teaching
data of NN are recorded from the actual operation, such input-output pairs definitely
represent the actual inverse dynamics of IMM, which include repeatable structured
and unstructured uncertainties. The success of the iterative neural learning control
scheme depends largely on whether the NN model can converge the actual system
inverse dynamic model. This condition can be guaranteed by the well-known univer-
sal approximation property of NN [8]. Thus repeatable uncertainties, which can be
learned during the training process, can be compensated.
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4   Simulation Results

A simulation study is conducted using the proposed new method to control the ram
position of a plastic IMM. Many plastic IMM have build-in ram position sensors, but
not ram velocity sensors. Therefore, the control focuses on the ram position. Herein,
as shown in Fig. 3, the desired ram trajectory is given below:

( )









≤<−+
≤<−−
≤<−−

=
− 62)1(255.2

21)1(5.1240

102/)2sin(2060

)(
1

2

tt

tt

ttt

tx

ππ
 . (3)

Then, we select 5,100 −=−= dp KK  as PD controller gains in simulation. The

control period for each iteration is 6s with sampling time selected as 5ms. First, we
employ the PD controller alone to bring the ram position into the neighbourhood of
the desired trajectory. Using the operation data obtained from the results of the PD
controller we employed a three-layer NN with three input neurons, seven hidden
neurons and one output neuron to estimate the inverse dynamics of the IMM off-line.
The referred weight-tuning algorithm with dead-zone is employed in the training
process [5,7]. After finishing the training of the NN, we implement the iterative
learning controller as described in Fig. 2(left). Note that the weights of the NN are
fixed during control process and the desired trajectory is the input to the NN. After
the control process, the NN is retrained based on the teaching signal obtained from
the previous operation data and the new weights of NN are obtained. The simulation
results are shown in Fig. 3(left). From the figure, it is seen that the PD controller
alone fails to trace the desired trajectory. The proposed new method, on the other
hand, is able to minimize the tracking error step by step. In particular, at the fifth
iteration, the tracking error is very closely to zero.

Fig. 3. Ram position tracking performance

To illustrate the robustness of the new control method, we assume that the effec-

tive bulk modulus of the plastic material, )12sin(105.1)( 5
1 tt ×=β , is changing with

respect to time. This is rather common for smaller plastic IMM, since the heating
would take longer time. Fig. 3(right) shows the simulation results. From the figure, it
is seen that the use PD controller alone cannot eliminate the tracking error. The new
method, on the other hand, can greatly reduce tracking errors as the iteration number
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increase. In particular, at the seventh iteration, the tracking error is very closely to
zero.

5   Conclusions

This paper presents the new method for controlling the ram position of IMM. The
new method is based on a combination of the conventional current cycle PD control
and feedforward NN learning control. The scheme applies a NN to construct feedfor-
ward control signal by making use of the previous operation input-output data. The
computer simulation indicates:
1. The new method can greatly reduce the tracking errors, and significantly outper-

form the conventional PD controller, which achieves satisfactory tracking per-
formance after a few iterations;

2. The new method has a learning-then-control feature thus it avoids the disadvantage
of heavy on-line computation.
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Appendix: The Dynamic Model for the Ram Position Control

In this paper, the simulation is conducted based on the dynamic model developed in
[2,3]. The model is for ram position control in plastic IMM. As shown in Fig. 1, the
injection molding process model can be decomposed into four functional blocks.
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1. The flow from the pump to the valve, Q1:

)(1sup

1 τ−
−

= t
C

PP
QQ nom . (A.1)

where, Q1 is the material flow through flow control valve into the line; C = 1/7.997
is a constant related to the plastic fluid density and discharge coefficient; P1 is the
hydraulic pressure; Psup is the pump supply pressure and 2500 psi at maximum;
Qnom is the nominal flow, it is a function of flow control voltage.

2. The pressure in the line, P1:

saturationQQ
V

P *)( 21

1

1
1 −= ∫

β
 . (A.2)

where, β1 is the bulk modulus (= 5.75× 107 Pa in this study) and V1 is the volume (=
0.002 m3); Q2 is the material flow from line into the actuator.

3. The flow to the cylinder, Q2:

212 PPCvQ −=  . (A.3)

where, Cv is the orifice coefficient (= 6.0 × 10-6).
4. The pressure in the actuator, P2:

)( 22
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V
P ram
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β

 . (A.4)

where, P2 is the actuator pressure and Xram is the position of the ram; Aa is the area
of the ram cylinder (= 0.02 m2); CL is the leakage coefficient (= 3.0 × 10-11); V2 the
actuator volume (=0.003m3).

In addition, the pressure in the nozzle is:
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 . (A.5)

where Pn is the pressure of barrel nozzle and An is the area of nozzle; Qp is the
polymer melt flow rate ( =10 L/min); β2 is the nozzle bulk modulus (=5.0× 107 Pa).

And the ram velocity is:
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where, rv  is the ram velocity; M is the actuator mass (= 80 kg); Rn is the nozzle ra-

dius (=0.0175 m); n is the power law index for polymer melt (= 0.8); η is the vis-
cosity of the material (= 460); Kr is the ratio between screw radius and nozzle ra-
dius (= 0.9); X0 is the initial length of screw (= 0.1 m).
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Abstract. For a discrete-time nonlinear MIMO system, a multiple models
neural network decoupling controller is designed in this paper. At each
equilibrium point, the system is expanded into a linear and nonlinear term.
These two terms are identified using two neural networkss, which compose one
system model. Then, all models, which are got at all equilibrium points,
compose the multiple models set. At each instant, the best model is chosen as
the system model according to the switching index. To design the controller
accordingly, the nonlinear term and the interactions of the best model is viewed
as measurable disturbance and eliminated by the use of the feedforward
strategy. The simulation example shows that the better system response can be
got even when the system is changed around these equilibrium points.

1   Introduction

In recent years, for linear multivariable systems, researches on adaptive decoupling
controller have made much success. As for nonlinear Multi-Input Multi-Output
(MIMO) systems, few works have been observed. Ansari et al. simplified a nonlinear
system into a linear system by using Taylor’s expansion at the equilibrium point and
controlled it using a linear adaptive decoupling controller accordingly [1]. However,
for a system with strong nonlinearity, it can not get good performance. In [2], an exact
linear system can be produced utilizing a feedback linearization approach. But
accurate information, such as the parameters of the system, must be known precisely.
Furthermore, a variable structure controller with sliding mode was proposed [3] and
industrial experiment in binary distillation columns was presented [4], which requires
the system was an affine system. Although the design methods above can realize
nonlinear decoupling control, there were too many assumptions required on the
system so that they can not be used in the industrial process directly. To solve this
problem, Neural Network (NN) decoupling controller was proposed. In [5], two NNs
were needed to identify the linear and nonlinear term expanded using Taylor’s
formula at the origin. Unfortunately, when the equilibrium point was far from the
origin, the system lost its stability.

                                                       
∗ This work is supported by 863 High Technology Project (2002AA412130, 2003AA412310).
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In this paper, a multiple models NN decoupling controller (MMNNDC) is
designed. At each equilibrium point, by using Taylor’s formula, the system is
expanded into linear and nonlinear terms. These two terms are identified using two
NNs respectively, which compose one system model. All models, which are got at all
equilibrium points, compose the multiple models set. At each instant, one best model
is chosen out as the system model. To control the system, the nonlinear term and the
interactions of the above model is viewed as measurable disturbance and eliminated
by the choice of the polynomial matrices. The simulations illustrate the effectiveness
of the method.

2   Description of the System

The system is a discrete-time nonlinear MIMO system of the form

]),(,),([)1( ttt uyfy =+ , (1)

where )(tu , )(ty are 1×n  input, output vectors respectively and ][⋅f  is a vector-

based nonlinear function which is continuously differentiable and Lipshitz.
Suppose that ( ) ( ) ( )mmll yuyuyu ,,,,, 11  are m  equilibrium points. At each

equilibrium point ( )ll yu , , using Taylor’s formula, it obtains
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Then system (2) can be rewritten as
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)()()()1()( 11 ttztz vuByA ll +=+ −− . (10)

3   Design of MMNNDC

For unknown system, two NNs are employed to identify the linear and nonlinear term
of the system (10). These two NNs compose one system model. Similarly, at all
equilibrium points, all NNs employed compose the multiple models set. At each
instant, the best model is chosen out according to the switching index and the
corresponding controller is designed, in which the nonlinear term and the interactions
is viewed as measurable disturbance and eliminated using the feedforward strategy.

3.1   Foundation of Multiple Models Set

At each equilibrium point ),( ll yu , the system (10) is excited using white noise. One

BP network NN1 is trained off-line to approximate the system’s input-output mapping.

So )(ˆ 1−zlA  and )(ˆ 1−zlB , the estimation of the )( 1−zlA  and )( 1−zlB , are obtained.

Then another BP network, NN2, is employed to approximate )(tv  online, i.e.

 )](,[)(ˆ tNNt xWv = , (11)

where ][⋅NN  means the structure of the neural network and W is the weighting

value. So the model at the equilibrium point ),( ll yu  is obtained. Similarly, the

models at all equilibrium points can be set up and compose the multiple models set.

3.2   The Switching Index

To the models in the multiple models set, at each instant, only one model is chosen as
the system model according to the switching index, which has the form

22

)()()( tttJ ll

l yye −== , (12)

where )(tle  is the output error between the real system and the model l. )(tly  is the

output of the model l. Let mlJj l ,,1),min(arg ==  correspond to the model whose

output error is minimum, then it is chosen to be the best model.

3.3   Multiple Models Neural Network Decoupling Controller Design

For the best model, to realize the decoupling control, the interaction between the input
)(tu j  and the output )(tyi ,( ij ≠ ) is viewed as measurable disturbance. Then (10)

can be rewritten as

=+− )1()( 1 tz yAl )()()()()( 11 ttztz vuBuB ll ++ −− , (13)
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where [ ])(diag)( 11 −− = zz l
ii

l BB  is a diagonal polynomial matrix with a known

nonsingular matrix l
0B , )()()( 111 −−− −= zzz lll BBB . For a simple case,  )( 1−zlA  is

assumed to be a diagonal matrix.
Because the nonlinear system is rewritten as a linear equation in (13), the linear

adaptive decoupling controller can be designed to control the system, in which the
nonlinear term is viewed as measurable disturbance and eliminated with the
interaction by the choice of the polynomial matrices. Like the conventional optimal
controller design, for the model j , the cost function is of the form

21
2

1
1

111 )()()()()()()()()()( tztztztzktzJ c vSuSuQwRyP −−−−− +++−+= , (14)

where )(tw  is the known reference signal,  ),(),(),( 111 −−− zzz RQP ),( 1
1

−zS  )( 1
2

−zS
are weighting polynomial matrices respectively. Introduce the identity as

)()()()( 11111 −−−−− += zzzzz GAFP . (15)

Multiplying (13) by )( 1−zF  from left and using (15), the optimal control law can be

derived as follows

)()]()()([)()]()()([)()( 1
1

111111 tzzztzzztz uSBFuQBFyG −−−−−−− ++++
)()()]()([ 11 ttzz RwvSF 2 =++ −− ,

(16)

combing (16) with (13), the closed loop system equation is obtained as follows

[ ] =++ −−−−− )1()()()()( 11111 tzzzz yABQP [ ] )()()()()( 1
1

1111 tzzzz uSBBQ −−−−− −
[ ] )()()()( 1

2
111 tzzz vSBQ −−−− − )()( 1 tz wR −+ .

(17)

To eliminate the nonlinear form and the interactions of the system exactly, let

)1()( 1
1 BRQ =−z , (18)

)1()( 1
1

1 BRS =−z , (19)

1
1

2 )( RS =−z , (20)

)1()1()( 1
1 ARPR +=−z , (21)

where 1R  is a constant matrix and decided by the designer to guarantee the stability

of the closed loop system. So 1
1),( RP −z  are selected off-line to satisfy

1z     0)()()1()( 111

1
11 >≠+ −−−−− zzz APRBB . (22)

Although the second )(tu  is the interaction of the system and viewed as
measurable disturbance, to obtain the control input, it must be included. So the control
law is rewritten from (16) as

+++ −−−− )()]()()()([ 1
1

111 tzzzz uSQBF
)()()]()([)()( 111 ttzztz RwvSFyG 2 =++ −−− .

(23)
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Remark 1. Equation (23) is a nonlinear equation because )(tu  is include into the

nonlinear term )(tv . Considering )(tu  will converge to a constant vector in steady

state, then substitute )(tu  in the nonlinear term )(tv with )1( −tu and solve (23).
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4   Simulation Studies

A discrete-time nonlinear multivariable system is described as follows
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which is the same as the simulation example in [5]. The known reference signal w  is
set to be a time-varying signal. When 0=t , 1w  equals to 0 and when t  is 40, 80,

120, 160, 200, it changed into 0.05, 0.15, 0.25, 0.35, 0.45 respectively, while 2w

equals to 0 all the time.
In Fig.1 and 2, the system (24) is expanded only at the original point )0,0(  and a

Neural Network Decoupling Controller (NNDC) is used. In Fig.3 and 4, the system is
expanded at six equilibrium points, i.e. T]0,0[ , T]0,1.0[ , T]0,2.0[ , T]0,3.0[ ,

T]0,4.0[  and. Note that the equilibrium points are far away from the set points. The

results show that although the same NNDC method is adopted, the system using
NNDC loses its stability (see Fig.1 and 2), while the system using MMNNDC not
only gets the good performance but also has good decoupling result (see Fig.3 and 4).

5   Conclusion

A MMNNDC is designed to control the discrete-time nonlinear multivariable system.
At each equilibrium point, one NN is trained offline to identify the linear term of the
nonlinear system and the other neural network is trained online to identify the
nonlinear one. The multiple models set is composed of all models, which are got from
all equilibrium points. According to the switching index, the best model is chosen as
the system model. The nonlinear term and the interaction of the system are viewed as
measurable disturbance and eliminated using feedforward strategy. The simulation
example shows that the effectiveness of the controller proposed.
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Abstract. An algorithm of the feedback-assisted iterative learning control
(FBAILC) was proposed for a batch repeatable operation process. Control law
of FBAILC was based on the inverse of process model, added the filter
polynomial in iterative learning and analyzed the convergence of FBAILC
algorithm. On-line estimator method of the process parameters was introduced
in application, which achieved the parameter self-tuning of controller. The
effectiveness of the proposed method was demonstrated by simulation results.

1   Introduction

A batch polymerization reactor is a typical device of petroleum chemical process.
Dual-model control is used in the traditional industry, which heats up system by the
maximum heat flow at initial state, and switches to the PID control when it reaches
preset point temperature. Dual-model control can be considered to be an industrial
application of bang-bang time-optimal control, however, it exists in a common
drawback, i.e. it lacks adaptability to the process changes. Antonio [1] introduced an
adaptive control technique to heat-up control, indicated identifying the process model
on-line, and calculating the optimal switching time on-line. This approach hinders its
industrial application because the repeatable process leaves behind the lead-time for
the identification in each repeatable process is insufficient. Applying the predictive
control to the polymerization reactor had been employed in numerous researches and
applications [2], but the predictive control depends on the predictive model which is
significant different at each batch, such as the difference of catalyst activation and
fouling products on the reactor wall will influence on the performance of the
predictive control.

Iterative learning control (ILC) is a novel control algorithm, which handles
especially the partial repeatable operation process, has been successful used in the
industrial robot, machine tool of numerical control and batch chemical device [3~5].
It makes use of the previous process data of control system to attain an ideal control
input trajectory through ILC algorithm according to the process output and desire
reference trajectory. ILC was open-loop control at original, then combined with
feedback control and better control performance was obtained [6~7] .
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In this paper, Feedback-assisted iterative learning control is applied to
temperature control of a batch polymerization reactor. The following improvements
on control algorithms: Firstly, the process model is identified on-line through the
maximum initial heat-up process, and realizes self-tuning on-line for the parameters
of controller. Secondly, the reference trajectory is built on-line to make sure the
asymptotic convergence of iterative learning. Thirdly, the filter is introduced in
FBAILC algorithm to improve robustness of the control algorithm.

2   Process Description

Fig.1 shows the procedure of the heat-up. The temperature in the reactor will be close
to the circumstance’s temperature  (the temperature is difference with the season)
after the injected material is finished. Ratio of heat-up indicates system properties of
this repeatable process, such as material quality and catalyst activation, however,
these properties are indefinite and relevant to partial repeat of the previous process.
The system switches to the feedback control (the controller is usually PID) when
temperature reaches some range. PID controller parameters by initial value are tuned
formidably because the properties of each batch process are different.

Fig. 1. Diagram of heat-up process control

3  Feedback-Assisted Iterative Learning Control

3.1   FBAILC Law

Consider a minimum-phase SISO discrete-time system defined:

)()()()( 1 tdtuqpty += −
 , ),,1,0( nt …∈ (1)

where u •yy and d denote the input, output of the process and unknown disturbance,
respectively. The first-order FBALC [8] algorithm can be written as follows:

)]()()[()]()()[()()( 1
01

1
11 tytrqHtytrqHtutu kkkk −+−+= −

−
−

−
(2)
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where the subscript k , r denote the batch numbers and the reference trajectory of the
process output, and H0 and H1 are transfer impulse functions for the feedback
controller and the learning, respectively. In (2) the first two terms on the right side
constitute the learning part, which generates an current bias control signal from the
previous batch data, and the last term represents the feedback control signal on this
batch process. For an unknown repetitive disturbance, to make sure process (1)
convergence conditions based on (2) control law is satisfied:

)()(1)()(1 1
0

11
1

1 −−−− +<− qHqPqHqP (3)

more precisely, we can have:

0lim
2

=−
∞→ k

k
yr (4)

where jwheq = , ],0[ π∈wh , h is the sampling interval.

There are many possibilities for choosing H1. Among them H1=P-1 gives the
fastest convergence, obtaining zero tracking error at all frequencies, however, the
exact process model is practically unavailable, so the inverse of an approximate
model of process P  substitutes for H1.  (3) can be rewritten as:

)(

)(
1

1

1

−

−

−
qP

qP
)()(1 1

0
1 −−+< qHqP

(5)

We can see that the process can make sure convergence of algorithm if the
relative model uncertainty is smaller in (5). When the high frequency noise is present
in the output yk-1(t), uk(t) may have large spikes due to the learning control. At the
same time, depending on the process, (5) may pose strict restrictions on the allowable
model uncertainty. To assure stabilization of algorithm is to introduce a low-pass
filter F(q-1), control law (2) can be rewritten as:

)]()()[()]}()([)(){()( 1
01

1
1

1 tytrqHtytrPtuqFtu kkkk −+−+= −
−

−
−

− (6)

Note that F(q-1) is be introduced, not only enlarges stabilization region, but also
reduces the convergence speed of iterative learning.

3.2   Convergence Analysis

The process model is:

)()()( 1 tuqPty kkk
−= (7)

Rewritten (6) by the subscript k of reference trajectory, we have:

)]()()[()]}()([)(){()( 1
011

1
1

1 tytrqHtytrPtuqFtu kkkkkk −+−+= −
−−

−
−

− (8)

Substituting (7) into (8), omitting ( ⋅ ) and attaining equation:
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where ek=rk-yk , ek-1=rk-1-yk-1.  For ∞→k  as 0)( →tek , the following two conditions

should be satisfied:
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3.3  On-Line Parameters Estimation for Process Model

Condition (10) may be satisfied if the process does not change much, but convergence
condition (11) cannot be satisfied unless the process model and reference trajectory
are suited. We can obtain Fig.2a curve for heat-up process, the reactor temperature is
related to the jacket temperature by a first-order delay model with unit steady state
gain. Pure delay time of process isτ=t1-t0, we have:
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)( su
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P +
= (12)

where TP denotes time constant of the process, y=Tr-Tro , u=Tj-Tro, Tr and Tj denote the
reactor and jacket temperature, Tro is lower than the reactor target temperature Tr

SP  at
the FBALC is started. If the process gain and pure delay time are invariable, Kp=1,
dynamic properties of the process are realized by a parameter TP, Rearranging (12),
we can have:
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Choosing reference trajectory as follows:
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where N is a constant,α  is the slope of the tangent line that is denoted by the
following equation:
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Because of 1)( =ωjF , condition(11) can be rewritten:
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Applying the initial and final value theorems to (16):

011

0

=















=







 −−

= t

k
P

k

P
k

t

k

dt

dr

T

T

dt

dr
•

∞→

−

∞→







=








t

k

t

k

dt

dr

dt

dr 1
(17)

where the reference trajectory is [ ] 0=∞→tk dtdr . The above equation is illustrated that

the reference trajectory is satisfied with convergent condition (11) at the initial and
finial time.

3.4  Parameters Self-Tuning for Feedback Controller

The feedback controller is used PID control law, u0, Kc, Ti , Td need be tuned, that are
the initial value of output, proportional gain, integral time and differential time,
respectively. The tuning process is:

)( 000 αα −+∆=∆ ukuu , uuu ∆−= max0
(18)

where 0u∆ , 0α  are the initial value change of controller output in the normal

circumstance and the slope of the heat-up tangent line, respectively. kuo is a given
tuning coefficient. In Fig.1, u∆ is tuned automatically according toα . The formulation
of Kc, Ti, Td self-tuning are:
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(19)

The above equations on the right side are from estimate values of section 3.3.

4   Simulation Analysis

The model of simulation process is used by follows: 1.2e-5s/(20s+1), the iterative
learning filter is: 2/)5.05.01()( 211 −−− ++= qqqF , umax=85, 0u∆ =10, Tr

SP=75, Tr0=65, the

sharpness coefficient of reference trajectory N=1, the slope of heat-up mass flow
0α =3.19, the tuning coefficient of PID initial value kuo=4.5. The curves of ideal

control are shown in Fig.2b.
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Fig. 2. Diagram of process parameters estimation and control

Fig. 3. Control curve of FBAILC for measuring noise

4.1   Simulation Analysis for Disturbance

Control curves of FBAILC for measuring noise are given in Fig.3. Fig.3 curve of k=1
is PID control, curves of k=2~10 are FBAILC. Fig.3a, the constant disturbances
(+5℃ and -5℃, respectively) are added to the measurement at 70min and
160min.With the increase of repetitive number, the tuning time is gradually fast to the
constant disturbances of the same magnitude. Fig.3b, the increasing disturbance by
1℃/min is added to the measurement at the beginning of 70min, but the descending

Fig. 4. Control comparison of time-varying parameters
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disturbance is added to the measurement at 160min in the reverse way. Thought it is
exaggerated to added disturbance, the magnitude of control variable reduces with the
increase of trial numbers. Fig.3c, ±1℃ magnitude of random disturbances are added
in measurement, however, FBAILC algorithm is the same as PID control, cannot
improve on random disturbance.

4.2   Simulation Analysis for Moved Parameters of Process

Fig.4 is shown the simulation curves of time constant and gain moving for process.
Fig.4a, the time constant of process is increasing at magnitude 1+2+…+k of
PID(kc=2.5, ti=6.0, td=1.0) control curve, Fig.4b is shown about corresponding
FBAILC curve. Fig.4c, the gain of process is increasing at magnitude 1+2+…+k of
PID (kc=2.5, ti=6.0, td=1.0) control curve, Fig.4d is shown about corresponding
FBAILC curve. Form simulation curve, we can attain that FBAILC algorithm is
preferable adaptive ability and robustness.

5   Conclusion

FBAILC improves the control performances on feedback control for the repetitive
disturbance, makes sure convergence of algorithm by the reference trajectory build
on-line. Furthermore, estimation of the process parameters on-line and parameters of
controller self-tuning on-line are introduced to improve stabilization and robustness of
algorithm. Simulation analyzes the performance of FBAILC, and the effectiveness of
FBAILC was demonstrated by simulation results.
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Abstract. Artificial neural networks (ANNs) have found many potential appli-
cations in power systems operation and control recently. This paper presents a
categorization of the main significant applications of neural networks, which
includes power system controller design, power system security assessment and
load forecasting. It is desired that they are helpful to the construction of more
efficient, robust ANNs to solve a broader range of problems in power systems.

1   Introduction

Power system blackouts are rare events. However, when they occur, the effects on
commerce, industry, and everyday life of the general population can be quite severe.
In order to prevent a blackout, it is important to develop some strategies to meet the
load demand and satisfy the stability and reliability criteria. Due to the increasing
complexity of modern power systems, it is always attractive to employ intelligent
system technology. The term “intelligent system” is often used to represent any com-
bination of artificial neural networks (ANN’s), expert systems, fuzzy-logic systems,
and other emerging technologies, such as genetic algorithms. This paper concentrates
on applications of ANNs to power systems and presents an overview on main signifi-
cant applications of neural networks in recent years, which include power system
controller design, power system security assessment and load forecasting.

2   An Introduction to Artificial Neural Networks

An ANN can be seen as a union of simple processing units, based on neurons that are
linked to each other through connections similar to synapses. Many different types of
ANN’s are described in the technical literature. The main types of networks that have
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been used in power system applications are classified as: 1) Multilayer perceptrons;
2) Hopfield networks; 3) Kohonen networks; 4) Other networks. In this section, due
to its very widespread application (over 80%), we concentrate on the overview of
applications of the multi-layer perceptron (MLP) network. A multilayered perceptron
(MLP) was used and trained with a supervised learning algorithm called back-
propagation. A MLP consists of several layers of processing units that compute a
nonlinear function of the internal product of the weighted input patterns. These types
of networks can deal with nonlinear relations between the variables; however, the
existence of more than one layer makes the weight adjustment process for problem
solution difficult. In the original version, the back-propagation learning algorithm
adjusts the weight of the connections one pattern at a time. The input patterns are
represented by a vector 1 2( , , , )p p p pNX x x x=  and are submitted to the ANN

through the input layer that simply redistributes them to the following hidden layer.
Each neuron of the following layer receives the weighted signals (signal multiplied by
a weight) and generates an output signal to the following layer. This process is re-
peated until the output layer is reached, where the neurons will generate the output of
the ANN for the given input vector. With the output of the ANN obtained, the weight
adjustment of the connections will begin in the direction from output layer to input
layer. The weight adjustments are realized in order to minimize the error function for
a certain pattern. Equation (1) illustrates the error function

21
( )

2p pj pj
j

E d y= −∑ ,
(1)

where pd  is the desired output for input pattern p and py  is the actual output pattern.

Equation (2) mathematically defines how the connection weights of the network are
modified

( 1) ( )ij ij j it t yω ω ηδ+ = +  , (2)

where jiω  is the weight of the connection between neurons i and j, and η  is the

learning rate. ( )j pj pjd yδ = −  if neuron j is an output layer unit and j k jk
k

δ δ ω=∑  if

neuron j is a hidden layer unit. The choice of an appropriate learning parameter η
will considerably influence the convergence rate of the algorithm [1]. For more de-
tails about neural networks, one can refer to [1].

3   An Overview on Recent Applications

ANN applications can be broken into two main categories: 1) curve fitting and re-
gression and 2) pattern recognition and classification. While in many ways these two
categories are the same, regression analyses often require some type of a priori
knowledge of the general trends involved and the variables that significantly influ-
ence the trends. Examples of ANN applications to a variety of power system prob-
lems that are pertinent to industrial and commercial power systems can be found in
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[2]–[18]. Note that these references are intended to be representative only; a very
large number of successful applications are omitted for the sake of brevity.

3.1   Power System Controller Design

A synchronous generator in a power system is a nonlinear fast-acting multiple-input–
multiple-output (MIMO) device. Conventional linear controllers (CONVCs) for the
synchronous generator consist of the automatic voltage regulator (AVR) to maintain
constant terminal voltage and the turbine governor to maintain constant speed and
power at some set point. These controllers are designed to control, in some optimal
fashion, the generator around one particular operating point; and at any other point
the generator’s damping performance is degraded. Artificial neural networks (ANNs)
offer an alternative for the CONVC as nonlinear adaptive controllers. Researchers in
the field of electrical power engineering have until now used two different types of
neural networks, namely, a multilayer perceptron network (MLPN), or a radial basis
function network (RBFN), both in single and multimachine power system studies [3]–
[7]. Proponents of each type of neural network have claimed advantages for their
choice of ANN, without comparing the performance of the other type for the same
study. The applications of ANNs in the power industry are expanding, Park et al [3 ]
compared the performances of a multilayer neuralcontroller (MLPNC) and a radial
basis function neuralcontroller (RBFNC) for back-propagation via time based indirect
adaptive control of the synchronous generator. The results show that the RBFNC
improves the system damping and dynamic transient stability more efficiently than
the MLPNC. They also further proposed a novel optimal neurocontroller that replaces
the conventional controller (CONVC)[4], which consists of the automatic voltage
regulator and turbine governor, to control a synchronous generator in a power system
using a multilayer perceptron neural network (MLPN) and a radial basis function
neural network (RBFN). Changaroon et al [5] presents the development of a neural
network based power system stabilizer (PSS) designed to enhance the damping char-
acteristics of a practical power system network representing a part of Electricity Gen-
erating Authority of Thailand (EGAT) system. The proposed PSS consists of a neuro-
identifier and a neuro-controlIer which have been developed based on Functional
Link Network (FLN) model. In addition, Lim [6] also proposed a neural network-
based control scheme in conjunction with a coherency recognition technique to en-
hance the damping characteristics of multi-machine power systems.

3.2   Power System Security Assessment

Power system security assessment deals with the system’s ability to continue to pro-
vide service in the event of an unforeseen contingency. Neural networks have shown
great promise as a means of predicting the security of large electric power systems
[8]–[12]. Neural networks offer several advantages over traditional techniques in-
cluding the ability to learn from examples. The first step in applying neural networks
to power system security assessment is the creation of an appropriate training data set.
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A common approach is to simulate the system in response to various disturbances and
then collect a set of pre-disturbance system features along with the corresponding
system security index. Possible security indices include the Critical Clearing Time
(CCT) and the system Energy Margin (EM). Paucar and Fernandes [8] also proposed
an ANN methodology to compute the critical clearing time (CCT) of power system
transient stability. Simulation results show that the maximum testing error in the cal-
culation of the critical clearing time is below 5%. One of the most important aspects
of achieving good neural network performance has proven to be the proper selection
of training features. Proposed methods for selecting an appropriate subset of features
are numerous. For example, Jensen et al investigated the use of Fisher’s linear dis-
criminant function, coupled with feature selection techniques as a means for selecting
neural network training features for power system security assessment. A case study
was  performed on the IEEE 50-generator system to illustrate the effectiveness of the
proposed techniques [9]. An alternate to feature selection is feature extraction. Fea-
ture extraction can offer sensitivity information to help the identification of input
features best suited for control action. Moulin et al [10] presented a new learning-
based nonlinear classifier, the Support Vector Machines (SVMs) NNs, showing its
suitability for power system transient stability analysis (TSA). It can be seen as a
different approach fo cope with the problem of high dimensionality due to its fast
training capability, which can be combined with existing feature extraction tech-
niques. SVMs’ theoretical motivation is conceptually explained and they are applied
to the IEEE 50 generator system TSA problem. Aspects of model adequacy, training
time and classification accuracy are discussed and compared to stability classifica-
tions obtained by Multi-Layer Perceptrons (MLPs). A novel two-layer fuzzy hyper-
rectangular composite neural network (FHRCNN) was developed [11]. The process
of presenting input data to each hidden node in a FHRCNN is equivalent to firing a
fuzzy rule. An efficient learning algorithm was developed to adjust the weights of an
FHRCNN. From simulation tests on the IEEE 39-bus system, it reveals that the pro-
posed novel FHRCNN can yield a much better performance than that of conventional
multilayer perceptrons (MLP’s) in terms of computational burden and classification
rate. Also a hybrid pattern classifier that combines neural networks and decision trees
has been proposed to assess a multi-machine power system based on phasor meas-
urements with classification rates of over 99% for the training set and over 94% for
the test set [12].

3.3   Load Forecasting

Short-load forecasting has always been the essential part of an efficient power system
planning and operation. Now artificial neural network becomes to be the most popular
approach for its self-learning, generalization and non-linear mapping abilities. Several
approaches have been studied using neural networks for load forecasting [13]–[19].
Senjyu et al proposed a one-hour-ahead load forecasting method using the correction
of similar day data [13]. In the proposed prediction method, the forecasted load power
is obtained by adding a correction to the selected similar day data. The correction is
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yielded from the neural network. Since the neural network yields the correction which
is a simple data, it is not necessary for the neural network to learn all similar day’s
data. Therefore, the neural network can forecast load power by simple learning.  If the
forecast day is changed, the neural network is retrained and it can obtain the relation-
ship between load and temperature around the forecast day. Therefore, it is possible
to deal with seasonal change by using the proposed neural network. Neural network
are suitable for load forecasting because of their approximation ability for nonlinear
mapping and generalization. Most of these neural network based methods, reported so
far uses weather information, load power of the day before forecast day and day type
for input variables [14]. However there are many factors that influenced the precision
of load forecasting directly or indirectly, and it is hard to determine the uncertainty
between load and various factors. Therefore, the forecasting process has become even
more complex, and more accurate forecasts are needed. Now data mining, a newly
emerging technology, can solve the uncertainty that arises from inexact, noisy, or
incomplete information. It provided an effective way for us to solve the difficulties.
Rough set theory [15] as the most typical algorithm of data mining has been applied
in expert system, decision support systems, and machine learning. In machine learn-
ing, rough set is used to extract decision rules from operation data; in neural network,
rough set is used in knowledge discovery, data pre-processing  and modeling knowl-
edge-based neural network [16-17]. In order to improve the performance of load
forecasting, a novel model integrated with a fuzzy neural network has been presented
for short-term load forecasting [18]. In the model fuzzy sets are employed to handle
linguistic input information and ambiguity in output decision, while rough set extracts
the relevant domain knowledge to the load, and then the network structure and initial
weights are auto-adjusted by the knowledge encoded in the neural network. Data
mining, integrated with neural networks, could be a promising approach for accurate
load forecasting.
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Abstract. This paper proposes a novel fermentation control method. Two
stages are involved. First, propose the fermentation time model and the optimal
fermentation temperature model based on RBF Neural networks. Second, on the
base of the two models, propose the novel fermentation control method by
which different fermentation batch can adopt different optimal fermentation
temperature trajectory which fits itself. Using this method, each fermentation
batch can be fermented at optimal fermentation temperature trajectory and will
improve average product proportion. The practical application showed that this
method can improve average product proportion %3  effectively.

1   Introduction

Control to fed-batch microbiological fermentation process is a very difficult task since
many uncertainties and nonlinearities  are encountered. Neural networks have super
capability in the aspect of identification and approximation to the nonlinear system.
Because of this reason, neural networks’ application[1,2] in the field of fermentation
process is getting more and more.

This paper proposes a novel fermentation control method on the base of RBF
neural networks. This method can simply the modeling greatly and avoids the
theoretical derivation and the identification of the complex fermentation model. The
application of this method have gotten success and showed that this method has great
application and promotion value. This research to microbiological fermentation is
carried out with avermectin’s fermentation process in Shenghua Biok Biology Co.,
Ltd.

2   The Fermentation Time Length and the Optimal Fermentation
Temperature Trajectory

In the microbiological fermentation process, there exists such phenomenon: in
different fermentation batch, though all fermentation technical parameters were
controlled primarily, the fermentation time length and the product proportion are
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different from each other.(The technical parameters are temperature, pH value,

pressure, ventilation quantity, electromotor rotate speed and so on. )
In fermentation factory, all fermentation technical parameters are constant in

different fermentation batch. We knew:
(1)The fermentation time length of the avermectin is about 15~10  days.
(2)Looking over avermectin’s statistic among manufacture, there are one average

product proportion and one maximal product proportion.
maximal product proportion - average product proportion %20~%15∈ .
Why does this thing happen?
After analyzing the whole fermentation process carefully, we can see that the main

difference of different fermentation batch is that there exist a little difference of
fermentation preliminary parameters in different fermentation batch. The abamectin’s
fermentation preliminary parameters of a fermentation batch contain seeds’
preliminary parameters and the culture medium’s  preliminary ingredient proportion
in this fermentation batch.

So, we can conclude that the difference of fermentation preliminary parameters
leads to the different fermentation time length and the different product proportion in
different fermentation batch.

On the base of the conclusion, we can get two deductions as following:
(1)The fermentation time length of a fermentation batch is only determined by

preliminary parameters in this fermentation batch.
(2)There exists optimal fermentation technical parameters to a fermentation batch.

A fermentation batch’s optimal fermentation technical parameters are optimal to itself
and not optimal to other fermentation batches. A fermentation batch’s optimal
fermentation technical parameters are only determined by preliminary parameters in
this fermentation batch.

This paper only researches the temperature technical parameters.
The abamectin’s fermentation time length and the optimal fermentation

temperature trajectory varying with time of a fermentation batch are only determined
by preliminary parameters in this fermentation batch.

3   The Fermentation Time Model and the Optimal Fermentation
Temperature Model

In fermentation process, suppose the temperature is T , the time variable is t ,the
fermentation time length is TimeLength , seeds’ preliminary parameters are

mzzz ,,, 21 , culture medium preliminary ingredient  proportion are nkkk ,,, 21 ,

then the fermentation preliminary parameters  are nm kkkzzz ,,,,,,, 2121 .

According above discussion, there exist mapping relationship as following :
The fermentation time length is

),,,,,,,(_ 2121 nm kkkzzzTLFunctionTimeLength = (1)

The optimal fermentation temperature trajectory varying with time is
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),,,,,,,,(_)( 2121 tkkkzzzTFunctiontT nm= (2)

],0[ TimeLengtht ∈

Formula(1) is the fermentation time model and Formula(2) is the optimal
fermentation temperature model.

4   The Principle of the Novel Fermentation Control Method

The novel fermentation control method is that different fermentation batch should
adopt different optimal fermentation temperature which fits itself. Using this method,
each fermentation batch can be fermented at optimal fermentation temperature and
will improve average product proportion.

Two stages are involved. First, build the fermentation time model and the optimal
fermentation temperature model based on RBF neural networks. Second, on the base
of the two models, get the optimal fermentation temperature trajectory varying with
time before the fermentation’s beginning of a fermentation batch. So, different
fermentation batch can adopt different optimal fermentation temperature which fits
itself and the fermentation temperature will always be optimal in the fermentation
process of a fermentation batch and will improve average product proportion.

The specific operation procedure of the novel  fermentation control method is as
following:

(1)Get the  fermentation time model based on RBF neural networks and historical
fermentation data.

(2)Get the optimal fermentation temperature model base on RBF neural networks
and historical fermentation data.

(3)Before the fermentation’s beginning of a fermentation batch, using the
preliminary fermentation parameters and the fermentation time model, we can get this
fermentation batch’s fermentation time length. Using the preliminary fermentation
parameters, the fermentation time  length and the optimal fermentation temperature
model, we can get the optimal fermentation temperature trajectory varying with time.
The fermentation time length will be used to be the practical fermentation time length.
The temperature trajectory will be used to be the optimal fermentation temperature
setting value trajectory in the temperature control. So, during the practical
fermentation process, the practical fermentation temperature trajectory varying with
time will be the optimal fermentation temperature setting value trajectory and the
fermentation temperature will always be optimal and will improve average product
proportion.

5   Application Method

In a fermentation batch, suppose the fermentation time length is TimeLength and the

fermentation preliminary parameters  are nm kkkzzz ,,,,,,, 2121 .
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(1)Get the fermentation time model TLFunction _
We use a RBF neural networks to get the fermentation time model.
Let the preliminary fermentation parameters nm kkkzzz ,,,,,,, 2121  as input

and the fermentation time length as output to construct a RBF neural networks which
has )( nm +  inputs and single output.( This paper adopts the RBF neural networks’

learning algorithm in reference 3.)
We adopt supervised training method to train this RBF neural networks to get the

fermentation time model. Training data are from historical batch reports. The training
input sample set adopts preliminary fermentation parameters data of each
fermentation. The training output sample set adopts each fermentation’s time length.
After training, we can get the fermentation time model TLFunction _ .

 (2)Get the optimal fermentation temperature model  TFunction _
Looking over all fermentation batches process or experimentation process records

up to now, the fermentation process which has maximal product proportion is
considered as the optimal fermentation process. Namely, the function relationship
between the preliminary fermentation parameters and the fermentation temperature
trajectory varying with time in this fermentation batch is considered as optimal
fermentation model. If finding a fermentation process which has more product
proportion, we should adopt data in this fermentation batch.

We use a RBF neural networks to get the optimal fermentation temperature model.
Let the preliminary fermentation parameters and time variable t ( ],0[ TimeLengtht ∈ )

as inputs and the optimal fermentation temperature trajectory varying with time as
output, construct a RBF neural networks which has )1( ++ nm  inputs and single

output.
We adopt supervised training method to train the RBF neural networks to get the

optimal fermentation temperature model. Training data are from the optimal
fermentation process. The training input sample set adopts preliminary fermentation
parameters and  time variable t ( ],0[ TimeLengtht ∈ ). The training output sample set

adopts the temperature curve data in the optimal fermentation process. After training,
we can get the optimal fermentation temperature model  TFunction _ .

 (3)Get the  fermentation time length
),,,,,,,(_ 2121 nm kkkzzzTLFunctionTimeLength =

 (4)Get the optimal fermentation temperature trajectory varying with time

),,,,,,,,(_)( 2121 tkkkzzzTFunctiontT nm= ]),0[( TimeLengtht ∈

So, before the fermentation’s beginning of a fermentation batch, we can obtain the
fermentation time length and the optimal fermentation temperature trajectory varying
with time. The fermentation time length will be used to be the practical fermentation
time length. The temperature trajectory will be used to be the optimal fermentation
temperature setting value trajectory in the temperature control. So, during the
practical fermentation process, the practical fermentation temperature varying with
time will be the optimal fermentation temperature setting value trajectory and the
fermentation temperature will always be optimal and will improve average product
proportion.



198         X. Yang, Z. Sun, and Y. Sun

Fig. 1.  Fermentation temperature curve varying with time in the optimal fermentation process

6   Practical Application

The avermectin’s preliminary fermentation parameters which is in the optimal
fermentation process are as following:

the preliminary seeds’ quality parameters  and their real values:

1z   seed cell shape index1                                     0.8

2z   seed  culture medium   pH                            6.9

3z  seed   culture medium miscellaneous bacteria contamination and phagocytosis

index2                                                                                                          0.01

culture medium preliminary ingredient proportion(fermentation tank’s effective
capacity  is 38 tons)

1k      yeast                                                           1.169%

2k   amylum                                                     7.792%

3k     bean cake powder                                       1.169%

4k     corn plasm                                                  0.91%

5k     earthnut  cake powder                                1.2%

The fermentation temperature curve varying with time in the optimal fermentation
process is showed as figure 1.

                                                          
1 Indicate the growth status of seeds. Its range is from 0 to 1 and indicate the growth status of

seeds from bad to good.
2 Indicate the extent that seed culture medium  is contaminated by miscellaneous bacteria and

phagocytosis. Its range is from 0 to 1 and indicate the extent from bad to good.
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The abamectin fermentation time in optimal fermentation process is 285 hours.
Namely, fermentation time 285=TimeLength .

Above all parameters are gotten by measure instrument.
We controlled the fermentation process according to the application method in 5

practically and the practical application showed that this method can improve average
abamectin product proportion %3 .

7   Conclusion

This paper proposes a novel fermentation control method by which different
fermentation batch can adopt different optimal fermentation temperature which fits
itself. Using this method, each fermentation batch can be fermented at optimal
fermentation temperature and will improve average product proportion. The practical
application showed that this method can improve average product proportion %3
effectively and has great application and promotion value.
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Abstract. A study is performed to investigate the state evolution of a kind of
recurrent neural network. The state variable in the neural system summarize the
information of external excitation and initial state, and determine its future re-
sponse. The recurrent neural network is trained by the data from a dynamic
system so that it can behave like the dynamic system. The dynamic systems in-
clude both input-output black-box system and autonomous chaotic system. It is
found that the state variables in neural system differ from the state variable in
the black-box system identified, this case often appears when the network is
trained with input-output data of the system. The recurrent neural system
learning from chaotic system exhibits an expected chaotic character, its state
variable is the same as the system identified at the first period of evolution and
its state evolution is sensitive to its initial state.

1 Introduction

In recent years, RNN (Recurrent Neural Network) has been introduced to model and
control dynamic system, there are typically two types RNN model for dynamic sys-
tem modeling, the first one is input-output based RNN model, which is well known as
NARX (Nonlinear AutoRegresisve eXogenous) neural network or parallel model [1]
or output error model, the second one for dynamic system modeling is state-based
RNN, this kind of the RNN use state feedback instead of output feedback. To make a
multi-step prediction using NARX neural network, the output is feedback [2]. The
well known state-based RNN is Elman network [3][4]. In Elman network the hidden-
layer output is feedback and delayed as the input of the hidden-layer. Up to now, El-
man type network is a popular network model in the field of control and modeling.

Each state neuron is computed with a single hidden neuron in Elman network, and
this constraint leads generally to a non-minimal state-space representation [5]. J.M.
Zamarreno proposes a 5-layer state space neural network [6], the model only contains
one time delay in the state layer, which is similar to the hidden layer delay in the El-
man structure. The neural state space network with 3-layer weights is extensively
studied by J.A. Suykens [7]. The state equation and output equation are respectively
implemented by two MLPs(Multi-Layer Perceptron) in [6][7], and J.M. Zamarreno's
network is a cascaded MLPs state space neural network and the network in the [7] is a
parallel MLPs state space neural network. When the two mappings are implemented
by a single MLP, the network becomes the model discussed by I. Rivals in [5].
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The state of a dynamic system is defined as a set of quantities that summarizes all
the information about the past behavior of the system that is needed to uniquely de-
scribe its future behavior, except for the pure external effects arising from the applied
input (excitation). In this paper, an empirical study is preformed on the state variable
of the neural system, and the emphasis is focused on the relationship between the neu-
ral system and the system identified, and the influence of the initial condition on the
evolution of system. The state space neural network is implemented by a single MLP,
and the systems under investigation include both input-output black-box system and
autonomous chaotic system.

Section 2 gives the structure of neural network and the dynamic system for further
discussion. Section 3 is our discussion on the evolution of the state variable, and we
draw our conclusion in Section 4.

( )kY

ˆ ( 1)k +Xˆ ( )kX

( )kU

1

1Z −

1Z −

σ

σ

Fig. 1. Structure of the Recurrent Neural Network

2 The Recurrent Network and Dynamic System

The model to be discussed can be described by equation (1), its input m∈U \ and its

output q∈Y \ , ˆ n∈X \  acts as state variable (see Fig.1).
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where ( ) ( 1)
2 1,n q N N n m+ × × + +∈ ∈W W\ \ , and 1 2( ) { ( ), ( ), ( )}Ndiag x x xσ σ σ=σ X …， .

when ( )xσ is a sigmoid function, It is called nonlinear state space neural network. Let
( 1)

1
N n× +∈W \ and 2

n N×∈W \ , an autonomous neural system is produced and given

by:
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 

X
X W σ W (2)

The model is called linear state space network when transfer function ( )σ ⋅  is linear
function, and the linear neural system is given by:
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For modeling black-box dynamic system, the equation (1) or (3) is used, and the
system input output data are presented for network learning. An autonomous neural
system (2) can be used to model a chaotic system such as Rossler attractor. In the first
example, a predefined linear system is learned by the equation (3), and the system in-
put output data are used to train the neural model, and then the obtained neural system
is compared with the predefined system. In the second example, Rossler attractor is
learned by a neural network (2), the training data are the three state variables sampled
at fixed time intervals in the Rossler equation from a specified initial condition. We
focus our attention on the evolution of the state variable of the neural system.

3 Simulation of Dynamic System Modeling

3.1 Simulation Example 1

For a given linear discrete dynamic system as follows:

2.8201 -1.9981 0.057736
( 1) ( ) ( )

4.2227 -3.0201 0.081220

( ) [-0.49571 0.62325] ( ) 0.040001 ( )

k k k

k k k

   
+ = ⋅ + ⋅   

   
= ⋅ + ⋅

X X U

Y X U

(4)

A second order state-space neural network model with W1(2×3), W2(3×2), is built
to model the dynamic system. By using numerical optimization algorithm to minimize
the error between the network output and the ideal output, W1, W2 are found as fol-
lows:

1 2

0.67903     -0.19202
0.63934 -0.69824 0.20667

, 0.47575     -0.27582
0.52390 0.72704 0.13112

0.074888    0.18704

 
   = =       

W W

The obtained state-space neural network is:

[ ]
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From the obtained state-space representation, it can be found that the state-
variables are different from the state-variables of the predefined state-space represen-
tation. The weight connections are trained to make the network approximate the tar-
get, while the state variables of the neural network are unconstrained, so the state
variables of the network go freely in the state-space to model the input-output rela-
tionship until it finds a proper organization to fit the input-output data. The pulse-
transfer function and eigenvalues of the neural network are calculated to have a com-
parison with the system identified (as shown in Table 1).



Modeling Dynamic System by Recurrent Neural Network with State Variables 203

From the comparison of the eigenvalues and pulse-transfer function between the
predefined system and the neural network model, it can be found that the eigenvalues
and pulse-transfer function of the original dynamic system are almost exactly found
back. In [6], J.M. Zamarreno also obtains the eigenvalues of the system identified, but
the pulse-transfer function is not considered, which describes the relationship between
the system input and system output.

Table 1. The comparison of Eigenvalues and Transfer-Function

Items Eigenvalues Transfer-Function

System identified [0.19934, -0.39934]
2

2

0.04000 0.03000 2.105 5

0.20000 0.07961

Z Z e

Z Z

+ + −
+ −

Neural network [0.19974, -0.39893]
2

2

0.04001 0.02997 5.402 7

0.19920 0.07969

Z Z e

Z Z

+ + −
+ −

3.2 Simulation Example 2

Equation (2) is now used to learn from Rossler equation (6). The variables x, y, z in
the equation are the state variables of the autonomous dynamic system.

)(

)(

cxzbz

yaxy

zyx

−⋅+=
⋅+−=

+−=

(6)

In the Rossler equation (6), let a=0.398, b=2 and c=4. A trajectory has been gener-
ated from the initial condition [-2.2, 1.1, 3.3] by using Runge-Kutta method with
fixed step-length (0.1). The first 250 data points are used for trajectory learning. The
number of the hidden layer neurons is 10, and the number of the state layer neurons is
3 according to the Rossler equations.

The evolutions of the z-component of the Rossler attractor (solid line) and the RNN
(doted line) are shown in Fig.2, from the time point 0 to time point 250, the neural
network has well learned the evolution of the state variable, and from the time point
251 to about 800, the neural network gives satisfying prediction result.
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Fig. 2. State variable Z of the attractor and neural network.
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Fig. 3. Prediction error of the neural network about state variable Z.

Fig. 4. Trajectory of the Rossler attractor.

Fig. 5. Trajectory generated by the neural network

Due to the chaotic nature of the system, the prediction error become larger and
larger until the prediction ability is completely lost. The prediction error is shown
from Fig.3. During the learning process, the state variable is constrained by the net-
work training because the object function is defined on the state variable. Fig.4 and
Fig.5 are respectively the trajectory of the Rossler attractor and the trajectory gener-
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ated by the neural network from the initial condition [-2.2, 1.1, 3.3], both trajectory
contain 2000 time points.

4 Conclusion

The state variable of a kind of RNN is studied in this paper. For a black-box system,
the RNN is trained with system input-output data, and its state variable has no direct
constraint by the object function. It is found that the evolution of the state variables of
the two systems differs from each other, but the eigenvalue and the pulse-transfer
function of the two systems are exactly the same in our simulation. The recurrent neu-
ral system learning from chaotic system exhibits an expected chaotic character, its
state variable is the same as the system identified at the first period of evolution and
its state evolution is sensitive to its initial state.
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Abstract. A new adaptive robust friction compensation for servo system based
on luGre model is proposed. Considered the uncertainty of steady state pa-
rameters in the friction model, a RBF neural network is adopted to learn the
nonlinear friction-velocity relationship in steady state. The bristle displacement
is observed using the output of the network. Nonlinear adaptive robust control
laws are designed based on backstepping theory to compensate the unknown
system parameters. System robustness and asymptotic results is proved and
shown in simulation results.

1   Introduction

Friction in servomechanisms is a nonlinear phenomenon that reduces positioning and
tracking accuracy. Friction is usually composed of static, coulomb, viscous friction
and Stribeck effect. There are also some dynamics characters such as varying
breakaway force and frictional lag. Counteracting the effects of friction requires a
suitable friction model. Much work has been done in paper [1][2] to characterize
nonlinear friction behavior and static models expressed as algebraic equation and
dynamic models expressed as differential equation are proposed. Static exponential
model depict most character between friction and steady velocity. To achieve higher
performance, frictional dynamics need to be considered. Canudas et al. proposed a
new analytic friction model that captures most of the frictional behaviors observed
experimentally. The friction interface is modeled as elastic bristles. Deflection of the
bristles caused by a relative motion of two surfaces gives rise to the friction force.
The steady state of this luGre model is a nonlinear function of velocity, which is
equal to exponential model.

Friction characteristics are known to change easily with environment. In applica-
tions, friction parameters usually need to be identified, which leads to a vast use of
adaptive control schemes. Traditional adaptive control schemes can’t cope with non-
linear parameter in the models. Some linearization methods are proposed for expo-
nential model in document [3]. In luGre model, the nonlinearity of friction is repre-
sented by the nonlinear function in steady state. The static friction parameters, how
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ever, is always assumed to be known via experimental in so many compensations as
in [4] and [5]. Observer is constructed under this ideal presupposition, which makes
the compensation sensitive to the changes of environment. Therefore, how to handle
the uncertainty of static parameters in luGre model becomes important.

2   LuGre Friction Model and the Observer Based on Network

The form of LuGre model is

z
vg

v
vz

)(
−= (1)

))/(exp()()( 2
0 scsc vvFFFvg −−+=σ (2)

vzzF 210 σσσ ++= (3)

where v  is the relative velocity between tow surfaces, z  is the average deflection
of bristles, 00 >σ  is the stiffness, 01 >σ  is a damping coefficient, and 02 >σ  is the

viscous coefficient. The function )(0 vgσ  determines the steady nonlinear relation

between velocity and friction. Static parameters 0>cF , 0>sF , 0>sv , represent

coulomb friction, static friction and Stribeck velocity. Normally, they are determined
by measuring the steady-state friction when the velocity is constant and are taken to
be changeless for long. Actually, these parameters always change with environment
and should be identified momentarily. We can rewrite equation (3) as follows

vzvfzF 210 )( βββ +−= (4)

where 0
)(

)( ≥=
vg

v
vf , 000 >= σβ , 011 >= σβ , 0212 >+= σσβ . )(vf  is a

nonlinear function learned by the RBF neural network. We train the network with the
measured data beforehand and adjust its weights while working.

2.1   Static Nonlinear Friction Estimation Based on RBF Neural Network

Figure 1 shows the structure of the RBF network in which TvGvG )](),([ 51=ϕ ,

]2/)(exp[)( 22
jjj cvvG δ−−= , 51=j .

ϕθ Tf =ˆ (5)

Define the optimum estimation and minimum estimation error

fvfvf −= )|(ˆmin)|(ˆ * θθ
θ (6)

)|(ˆ)( *θvfvfE −= (7)
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f̂v

θ
)(vG

Fig. 1.  Structure of RBF neural network

2.2   Observer of Bristle Deflection

It is well known that the friction state z  is not measurable. In order to handle differ-
ent nonlinearities of z , two nonlinear observers are constructed with the output of
network. The dynamics of its estimations 1ẑ  and 

2ẑ  are given as

2111 ˆˆ εkzfvz −−= (8)

2222 ˆˆ εkzfvz +−= (9)

where Eff += ˆ . The dynamics of observation errors are

21111 ˆ
~~~ εkzfzfz ++−= (10)

22222 ˆ
~~~ εkzfzfz −+−= (11)

where 2,1,ˆ~ =−= izzz ii
, fff −=~ , 0, 21 >kk .

3   Controller Design Based on Backstepping Theory

Servo system is usually described as

lTFuxJ −−= (12)

where J , u , F , 
lT  are the system inertia, control torque, friction force and load

torque.

3.1   Some Hypothesis

(1) 00 g≤β , 11 g≤β , lf ≤ .

(2) The observation error is bounded and satisfies 11
~ rz ≤ , 

22
~ rz ≤ .

(3) The estimation error of neural network is bounded and satisfies sf ≤~ .
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3.2   Controller Design

The problem derive from systematic unknown parameters can be conquered by ad-
aptations. Because we considered the uncertainties of the static parameters in the
friction model, a robust term is employed to ensure the stability of the whole system.
The adaptive robust control law is deduced step by step through backstepping design.

We rewrite the system in state space form

)(
1

2

21

lTFu
J

x

xx

−−=

=
(13)

Define the position error

dd xxxx −=−= 11ε (14)

Define a positive function 2/2
11 ε=V . So the stabilizing function is

111 εα hxd −= (15)

where 1h  is a positive constant. Introduce the error

122 αε −= x (16)

Define another positive function 2/2
212 ε+= VV . Take the derivative of 

2V  and

use (13)(15)(16)

)](
1

[

)(

112
2

11

2112
2

112212

lTFu
J

h

xhVV

−−+−+−=

+−+−=+=

αεεε

αεεεεε
(17)

Design the control law as 22211 /)(ˆˆˆ εεαε ∆++−−+= hJTFu l . where Ĵ ,

lT̂ , 
0β̂ , 

1β̂ , 
2β̂  are estimated values whose adaptive law is to be deduced later and

vzfzF 22110
ˆˆˆˆˆˆ βββ +−=  is to counteract the friction F , 

21 ∆+∆=∆  is a robust term.

It follows

212
*

1211021210

21212121010

21022110

ˆ
~

ˆ)(~~ˆ
~~

ˆ
~

ˆ)(~ˆ
~~~ˆ

~
ˆˆˆˆˆˆ

zEzzfzzfvz

zffzfzfvzz

vfzzvzfzFF

T βϕθθββββββ
ββββββ

ββββββ

+−++−−+=

−++−+−=

−+−+−=−

(18)

where 000
ˆ~ βββ −= , 

111
ˆ~ βββ −= , 222

ˆ~ βββ −= , EEE ˆ~ −= .

Let 
3V  be a positive define function of the form

}~
2

~
2

)()(
2

~
22

~

2

~

2

~

2

~

2

~
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1

2
2

2
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1
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2
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2
2

3

2
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23
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E
aaaaa
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J
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VV
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ββθθθθβ
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(19)

Take its derivation and use equation (17) and (18), we get
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})
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ˆ(
~
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~
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(20)

Take adaptive laws and the correction term in observer as follows

)(ˆ
221121 εαεε haJ +−= , 

22
ˆ εaTl −= , 

1230 ˆˆ za εβ −=

2251 ˆˆ zfa εβ −= , va 242
ˆ εβ −= , 

227 ẑa ϕεθ = , 
226 ˆˆ zaE ε=

(21)

and  substitute equation (10) and (11) into equation (20), we obtains

]
ˆ

~~ˆ
~~

[
1

]
~~
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1

2
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221

1
1

110
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hhV
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Since 
0β , 

1β , 
iz~  and f

~  are all bounded, define

srg
k

z
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1

1
1

ˆ
−=∆ , slrg
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z
21

2

2
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ˆ
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we get

0]
~~

[
1

2

2
2

2
1

1

2
102

22
2

113 ≤+−−−≤
k
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J
hhV

ββεε (24)

Therefore, the system defined by equation (1)-(3) and (12) is globally stable. It
follows from Barbalart’s lemma that )(te  and z~  asymptotically converge to zero.
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Fig. 2. (a) Result of normal compensation Based on LuGre model. (b) Result with the steady
friction identified by neural network
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4   Simulation Results

Simulation is conducted to show the superiority of our compensation compared to the
usual compensation based on LuGre Model. First, we adjust control parameters to
achieve satisfying results for both methods when the steady friction is

vvF 4.0)))001.0/(exp(5.01sgn( 2 +−+= . Then, the steady friction is turns to

vvF 4.0)))0015.0/(exp(6.02.1sgn( 2 +−+= . Results of two different methods are

presented in figure 2. The dotted line is the reference signal. We can see that our
compensation appears robust to the change in the model.

5   Conclusion

A RBF neural network is proposed to learn the steady nonlinear function of LuGre
friction model. A nonlinear adaptive robust controller is designed to handle the un-
known parameters of servo system based on backstepping theory. Asymptotic posi-
tioning results are proved in the article and robust performance is shown in simulation
results.
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Abstract. In general, RBF neural network cannot match nonlinear sys-
tems exactly. Unmodeled dynamic leads parameters drift and even insta-
bility problem. According to system identification theory, robust modifi-
cation terms must be included in order to guarantee Lyapunov stability.
This paper suggests new learning laws for normal and adjustable RBF
neural networks based on Input-to-State Stability (ISS) approach. The
new learning schemes employ a time-varying learning rate that is deter-
mined from input-output data and model structure. The calculation of
the learning rate does not need any prior information such as estimation
of the modeling error bounds.

1 Introduction

Resent results show that RBF neural network seems to be very effective to iden-
tify a broad category of complex nonlinear systems when we do not have complete
model information [10]. It is well known that normal identification algorithms are
stable for ideal plants [4]. In the presence of disturbance or unmodeled dynam-
ics, these adaptive procedures can go to instability easily. The lack of robustness
in parameters identification was demonstrated in [2] and became a hot issue in
1980s. Several robust modification techniques were proposed in [4]. The weight
adjusting algorithms of neural networks is a type of parameters identification, the
normal gradient algorithm is stable when neural network model can match the
nonlinear plant exactly [11]. Generally, we have to make some modifications to
the normal gradient algorithm or backpropagation such that the learning process
is stable. For example, in [6] some hard restrictions were added in the learning
law, in [13] the dynamic backpropagation was modified with NLq stability con-
straints. Another generalized method is to use robust modification techniques of
robust adaptive control [4]. [8] applied σ−modification, [5] used modified δ−rule,
and [15] used dead-zone in the weight tuning algorithms. The motivation of this
paper is to prove that the normal gradient law and backpropagation-like algo-
rithm without robust modifications are L∞ stable for identification error.
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Input-to-state stability (ISS) is an elegant approach to analyze stability be-
sides Lyapunov method. It can lead to general conclusions on the stability by
using input and state characteristics. We will use input-to-state stability ap-
proach to obtain some new learning laws that do not need robust modifications.
A simple simulation gives the effectiveness of the suggested algorithm. To the
best of our knowledge, ISS approach for RBF neural network was not still applied
in the literature. The adjustable RBF neural network is referred to the activation
function of RBF neural network can be updated by a learning algorithm.

In this ISS approach is applied to system identification via RBF neural net-
work. Two cases are considered: (1) For normal RBF neural network, the activa-
tion functions are assumed to be known, and learning is carried on the weights,
(2) Learning algorithm concerns both the activation functions and the weights.
The new stable algorithms with time-varying learning rates are applied.

2 Identification Using Normal RBF Neural Network

Consider following discrete-time nonlinear system in NARMA form

y(k) = f [y (k − 1) , y (k − 2) , · · ·u (k − 1) , u (k − 2) , · · · ] = f [X (k)] (1)

where X (k) = [y (k − 1) , y (k − 2) , · · ·u (k − d) , u (k − d − 1) , · · · ]T ∈ �n, f (·)
is an unknown nonlinear difference equation representing the plant dynamics,
u (k) and y (k) are measurable scalar input and output, d is time delay. A normal
RBF neural network can be expressed as

ŷ (k) = W (k) Φ [X (k)] (2)

where the weights W (k) = [w1 · · ·wn] , the activation function Φ [X (k)] =

[φ1 · · ·φn]T . The Gaussian function is φi = exp
[

−
(

xi−ci

σi

)2
]

, ci and σi are

the center and width parameters of the activation function of φi. When we have
some prior information of the identified plant, we can construct the activation
function φ1 · · ·φn. In this section we assume φ1 · · ·φn are given by prior knowl-
edge. The object of RBF neural modeling is to find the weights W (k), such
that the output ŷ (k) of RBF neural networks (2) can follow the output y (k)
of nonlinear plant (1). Let us define identification error as e (k) = ŷ (k) − y (k) .
We will use the modeling error e (k) to train the RBF neural networks (2) on-
line such that ŷ (k) can approximate y(k). According to function approximation
theories of RBF neural networks [3], the identified nonlinear process (1) can be
represented as

y (k) = W ∗Φ [X (k)] − µ1 (k) (3)

where W ∗ is unknown weights which can minimize the unmodeled dynamic
µ1 (k) . The identification error can be represented by (2) and (3)

e (k) = W̃ (k) Φ [X (k)] + µ1 (k) (4)
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where W̃ (k) = W (k) − W ∗. In this paper we are only interested in open-loop
identification, we assume that the plant (1) is bounded-input and bounded-
output (BIBO) stable, i.e., y(k) and u(k) in (1) are bounded. By the bound of
the activation function Φ, µ1 (k) in (3) is bounded. The following theorem gives
a stable gradient descent algorithm for RBF neural modeling.

Theorem 1. If we use the RBF neural networks (2) to identify nonlinear plant
(1), the following gradient descent algorithm with a time-varying learning rate
can make identification error e (k) bounded

W (k + 1) = W (k) − ηke (k) ΦT [X (k)] (5)

where the scalar ηk =
η

1 + ‖Φ [X (k)]‖2 , 0 < η ≤ 1. The normalized identification

error eN (k) = e(k)
1+max

k
(‖Φ[X(k)]‖2) satisfies the following average performance

lim sup
T→∞

1
T

T∑

k=1

‖eN (k)‖2 ≤ µ1 (6)

where µ1 = max
k

[

‖µ1 (k)‖2
]

.

Proof. We selected a positive defined scalar Lk as

Lk =
∥
∥
∥W̃ (k)

∥
∥
∥

2
(7)

By the updating law (5), we have

W̃ (k + 1) = W̃ (k) − ηke (k) ΦT [X (k)]

Using the inequalities

‖a − b‖ ≥ ‖a‖ − ‖b‖ , 2 ‖ab‖ ≤ a2 + b2

for any a and b. By using (4) and 0 ≤ ηk ≤ η ≤ 1, we have

∆Lk = Lk+1 − Lk =
∥
∥
∥W̃ (k) − ηke (k) ΦT (X)

∥
∥
∥

2
−
∥
∥
∥W̃ (k)

∥
∥
∥

2

= η2
k ‖e (k)‖2 ‖Φ [X (k)]‖2 − 2ηk ‖e (k) [e (k) − µ1 (k)]‖

≤ η2
k ‖e (k)‖2 ‖Φ [X (k)]‖2 − 2ηk ‖e (k)‖2 + 2ηk ‖e (k) µ1 (k)‖

≤ −ηk ‖e (k)‖2
(

1 − ηk

∥
∥ΦT (X)

∥
∥2
)

+ ηk ‖µ1 (k)‖2

(8)

Since ηk =
η

1 + ‖Φ [X (k)]‖2 ,

ηk

(

1 − ηk ‖Φ [X (k)]‖2
)

= ηk

(

1 − η

1 + ‖Φ [X (k)]‖2 ‖Φ [X (k)]‖2

)

≥ ηk

1+max
k

(‖Φ[X(k)]‖2) ≥ η[
1+max

k
(‖Φ[X(k)]‖2)

]2

So
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∆Lk ≤ −π ‖e (k)‖2 + η ‖µ1 (k)‖2 (9)

where π is defined as π = η[
1+max

k
(‖Φ[X(k)]‖2)

]2 , Because n min
(
w̃2

i

) ≤ Lk ≤

n max
(
w̃2

i

)
, where n min

(
w̃2

i

)
and n max

(
w̃2

i

)
are K∞-functions, and π ‖e (k)‖2

is an K∞-function, η ‖µ (k)‖2 is a K-function. So Lk admits a ISS-Lyapunov func-
tion. By [7], the dynamic of the identification error is input-to-state stable. From
(4) and (7) we know Lk is the function of e (k) and µ1 (k) . The ”INPUT” corre-
sponds to the second term of (9), i.e., the modeling error µ1 (k). The ”STATE”
corresponds to the first term of (8), i.e., the identification error e (k) . Because
the ”INPUT” µ1 (k) is bounded and the dynamic is ISS, the ”STATE” e (k) is
bounded. (8) can be rewritten as

∆Lk ≤ −η
‖e (k)‖2

[

1 + max
k

(

‖Φ [X (k)]‖2
)]2

+ η1µ (10)

Summarizing (10) from 1 up to T , and by using LT > 0 and L1 is a constant,
we obtain

η
T∑

k=1

‖eN (k)‖2 ≤ L1 − LT + Tη1µ ≤ L1 + Tη1µ

(6) is established.

3 Identification Using Adjustable RBF Neural Network

When we regard the plant as a black-box, neither the weight nor the activation
function are known. Now the object of the RBF neural modeling is to find
the weights, as well as the activation functions φ1 · · ·φn, such that the RBF
neural networks (2) can follow the nonlinear plant (1). Similar as (3), (1) can be
represented as

y (k) = W ∗Φ∗ [X (k)] − µ2 (k) (11)

where Φ [X (k)] = [φ∗
1 · · ·φ∗

n]T , φ∗
i = exp

[

−
(

xi−c∗
i

σ∗
i

)2
]

. In the case of three

independent variables, a smooth function f has Taylor formula as

f (x1, x2, x3) =
l−1∑

k=0

1
k!

[
(
x1 − x0

1
) ∂

∂x1
+
(
x2 − x0

2
) ∂

∂x2
+
(
x3−x0

3
) ∂

∂x3

]k

0
f+Rl

where Rl is the remainder of the Taylor formula. If we let x1, x2, x3 correspond
wi, ci and σi, x0

1, x
0
2, x

0
3 correspond w∗

i , c∗
i and σ∗

i ,

ŷ (k) = y (k) + µ2 +
n∑

i=1
(wi − w∗

i ) φi

+
n∑

i=1

∂(wiφi)
∂ci

(ci − c∗
i ) +

n∑

i=1

∂(wiφi)
∂σi

(σi − σ∗
i ) + R

(12)
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where R is second order approximation error of the Taylor series. Using the chain
rule, we get

∂(wiφi)
∂ci

= ∂(wiφi)
∂φi

∂φi

∂ci
= wi2φi

xi−ci

σ2
i

∂(wiφi)
∂σi

= ∂(wiφi)
∂φi

∂φi

∂σi
= wi2φi

(xi−ci)2

σ3
i

The identification error is

ek = W̃Φ + 2WD1Φ1C̃ + 2WD2Φ1Ω̃ + ζk

W̃ =W (k)−W ∗, Φ=[φ1 · · ·φn]T , ζk = R + µ2, C̃ = [(c1 − c∗
1) , · · · (cn − c∗

n)]T ,

Φ1 = diag [φ1 · · ·φn] , D1 = diag
[

x1−c1
σ2
1

, · · · xn−cn

σ2
n

]

,

D2 = diag
[

(x1−c1)2

σ3
1

, · · · (xn−cn)2

σ3
n

]

, Ω̃ = [(σ1 − σ∗
1) , · · · (σn − σ∗

n)]T

(13)

Theorem 2. If we use the adjustable RBF neural network (2) to identify non-
linear plant (1), the following backpropagation algorithm makes identification
error e (k) bounded

W (k + 1) = W (k) − ekηkΦ
C (k + 1) = C (k) − 2ekηkW (k) D1Φ1
Ω (k + 1) = Ω (k) − 2ekηkW (k) D2Φ1

(14)

where C = [c1, · · · cn]T , Ω = [σ1, · · ·σn]T , ηk = η
1+Ψk

, Ψk = ‖Φ‖2 +
4 ‖WD1Φ1‖2 + 4 ‖WD2Φ1‖2

, 0 < η ≤ 1. The average of the identification error
satisfies

J = lim sup
T→∞

1
T

T∑

k=1

e2
k ≤ η

π
ζ (15)

where π = η
(1+Ψk)2 > 0, ζ = max

k

[
ζ2
k

]

Proof. We selected a positive defined scalar Lk as

Lk =
∥
∥
∥W̃ (k)

∥
∥
∥

2
+
∥
∥
∥C̃ (k)

∥
∥
∥

2
+
∥
∥
∥Ω̃ (k)

∥
∥
∥

2
(16)

So we have

∆Lk =
∥
∥
∥W̃ (k) − ηkekΦ

∥
∥
∥

2
−
∥
∥
∥W̃ (k)

∥
∥
∥

2
+
∥
∥
∥C̃ (k) − 2ηkekWD1Φ1

∥
∥
∥

2

−
∥
∥
∥C̃ (k)

∥
∥
∥

2
+
∥
∥
∥Ω̃ (k) − 2ηkekWD2Φ1

∥
∥
∥

2
−
∥
∥
∥Ω̃ (k)

∥
∥
∥

2

= η2
k ‖Φ‖2

e2
k − 2ηkekW̃ (k) Φ + 4η2

k ‖WD1Φ1‖2
e2
k

−4ηkekWD1Φ1C̃ (k) + 4η2
k ‖WD2Φ1‖2

e2
k − 4ηkekWD2Φ1Ω̃ (k)

= η2
ke2

k

(

‖Φ‖2 + 4 ‖WD1Φ1‖2 + 4 ‖WD2Φ1‖2
)

−2ηkek

(

W̃Φ + 2WD1ΦC̃ + 2WD2ΦΩ̃
)

(17)

The remaining parts are similar to the proof of Theorem 1.
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4 Conclusion

This paper applies input-to-state stability approach to adjustable RBF neu-
ral networks and proposes robust learning algorithms which can guarantee the
stability of training process. The proposed algorithms are effective. The main
contributions are: (1) By using ISS approach, we conclude that the commonly-
used robustifying techniques in discrete-time neural modeling, such as projection
and dead-zone, are not necessary. (2) New algorithms with time-varying learning
rates are proposed, which are robust to any bounded uncertainty.
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Abstract. Artificial Neural Networks (ANNs) have provided an interesting and
labor-saving approach for system identification. However, ANNs fall short
when an explicit model is needed. In this paper, a method of getting the explicit
model by extracting it from a trained ANN is proposed. To identify a system, a
Multi-Layer Perceptron (MLP) is constructed, trained and a polynomial model
is extracted from the trained network. This method is tested in the experiments
and shows its capability for system identification, compared with the Least
Squared method.

1   Introduction

The artificial neural network (ANN) has provided us with an interesting and useful
approach for system identification. When dealing with system identification problems
one has to choose among a huge number of algorithms and thereby implement them.
With the help of ANNs the designer can be relieved from the implementation of algo-
rithms, therefore concentrate on the structure of the model itself[1]. The ANN is ir-
relevant with the training algorithm adopted, that provides adaptability to some ex-
tent.

When ANNs are to be adopted for system identification, the result is usually a
black-box model, with the parameters unknown. Therefore, ANN falls short when an
explicit model is necessary. To compensate with this problem a number of works
concerning model extraction from ANNs is proposed[2].

Among various types of ANNs, Multi-layer Perception (MLP) has proved itself as
an efficient tool for non-linear regression[3]. What is more, it is well fit for model
extraction due to its simplicity on structure.

This paper is to propose a new system identification method using ANNs and
model extraction. Section 2 discusses the auto-regressive moving average (ARMA)
model for system identification. Section 3 and 4 discuss extracting ARMA from a
trained MLP.

In Section 5, MLP is compared with Least Square (LS) though two experiments. In
the first experiment, the validity of MLP-identified ARMA is shown by comparison
with LS-identified ARMA. In the second experiment, MLP-identified ARMA has
shown its advantage to be reasonably interpreted.
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2   The ARMA Model for System Identification

In system identification, the auto-regressive moving average (ARMA) model is often
adopted. The ARMA model can be defined as:

1

0 1

( ) ( 1) ( )

( ) ( 1) ( ) ( )
y

u

d y

d u

y t a y t a y t d

b u t bu t b u t d e t

+ − + + −

= + − + + − +

(2-1)

Where y(t) and u(t) are the output and input of the system, respectively.

3   MLP model

A MLP is a feed-forward network.(as shown in Fig.3.1). When the network has only
one output it can be viewed as a Multi-Input-Single-Output (MISO) system:

ˆ ( )y f u= (3-1)

where T
muuuu ],,,[ 21=  is the input vector.

The output of the network is denoted as ŷ  to show the difference between net-

work output and the output y  out of the actual system .

Fig. 3.1. Network structure

When it comes to system identification, the input and output of a neural network is
usually adjusted to meet the requirements of the model. In case of an ARMA model,
the input and output of the network is configured as follows:

[ ( 1),...., ( ), ( ),...., ( )]T
y uu y t y t d u t u t d= − − − (3-2)
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4   Extracting ARMA Model from MLP

As[4] has pointed out, a MLP with sigmoid transfer function can be viewed as
ARMA when every neuron is working near zero.

Similarly, consider a MLP in Fig.3.1, which has transfer functions If  in input

layer, Hf  in hidden layer and Of  in output layer.

For input layer,

)(,),( 11 m
II

m
II ufyufy == (4-1)

for hidden layer:

1 1
1 1

( ), , ( )
m m
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= =

= =∑ ∑
(4-2)

for output layer:
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H
j

O
j

O ywfy
(4-3)

when If , Hf  and Of  are sigmoid functions, with input near zero, they could

be approximated by linear functions xxf =)( . Substituting into Eq.4-1 to Eq.4-3,

yields and putting the weights in hidden and output layer into matrices,
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Eq.4-3 is then

uWWy THO )(ˆ = (4-6)

As a result, if the input and output of the network are set properly, a polynomial
model could be extracted from the trained network, by multiplying the weight matri-
ces of the hidden and output layers.
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5   Experiments

In order to evaluate the technique to extract model from MLP as an ARMA model,
experiments have been conducted. They are a simulated one and a real-world one,
respectively.

In the following experiments, the proposed method is compared with the system
identification method Least Square (LS) [5]. LS is designed to minimize the MSE
criterion, Thus we use MSE to evaluate the performance of MLP, too.

2
)ˆ()ˆ,( ∑ −=

i
ii zzzzmse (5-1)

5.1 Experiment 1: A Simulation

The proposed method and LS are used to identify data generated by the ARMA in   

( ) 0.8 ( 1) 0.05 ( 2) 0.05 ( ) 0.4 ( 1) 0.4 ( 2)z k z k z k u k u k u k= − − + − + − − + − (5-2)

Where u(k) is Gaussian white noise for the convenience of system identification.
In order to minimize the effect brought by different initial states in MLP, a number

of initial network states have been tried out, and the ARMA models from those MLPs
are averaged to produce the final model.

ARMA models identified by both MLP and LS are compared in Table.5.1.1 and
Table 5.1.2. The tables have also shown a comparison of estimated output of both
ARMA models. Both noisy data (with noise amplitude 10% of amplitude of u(k)) and
noise-free data are used. In the noisy case, the noisy output z z e= +  is used for
identification and the true output z is used to calculate MSE.

Table 5.1.1. ARMA model and MSE comparison. (Noise-free data)

ARMA. MSE.
Original -0.8000 0.0500 0.0500   -0.4000 0.4000

LS -0.8000 0.0500 0.0500   -0.4000 0.4000 0

MLP -0.8124 0.0511 0.0499   -0.4041 0.4055 4.67e-5

Table 5.1.2. ARMA model and MSE comparison. (noisy data)

ARMA. MSE.
Original -0.8000 0.0500 0.0500   -0.4000 0.4000

LS -0.6020 0.0376 0.0707   -0.3988 0.3397 0.0051

MLP -0.6267 0.0217 0.0542   -0.4237 0.3859 0.0049

In the noise-free case, although ARMA model extracted from MLP is not as good
as that from LS in terms of MSE, it is still a reasonable one because it’s similar to that
from LS. In the noisy case, the performance of MLP-estimated ARMA is comparable
to that of LS-estimated ARMA.
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5.2   Experiment 2: A Real-World Problem

To evaluate the performance of the proposed method, experiment upon a real-world
data set is conducted. The data set is time series representing the load of air-
conditioning system in a building.

The model to be identified is

1 2 3( ) ( 1) ( 2) ( 3) ( )z k a z k a z k a z k bu k= − + − + − + (5-3)

Where u(k) is temperature at time k and z(k) is current load. The ARMA models
identified by both methods are normalized for interpretation. They are listed in Table
5.2.1 and their absolute values are plot as stems in  Fig. 5.2.2.
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Fig. 5.2.1 Real-world data (x-axis: time in 0.5hour; y-axis: load in MW)

Table 5.2.1. Normalized ARMA models

No. ARMA.
LS 0.8565 1.0000   -0.3382 0.0894

MLP 0.9886 0.3562   -0.1530 1.0000

0 1 2 3 4 5
0

0.2

0.4

0.6

0.8

1

Fig. 5.2.2 Absolute coefficients of Normalized ARMA models (solid: MLP-ARMA; dashed:
LS-ARMA)



A System Identification Method Based on Multi-layer Perception          223

In MLP-identified ARMA, z(k-1) and u(k) are given almost the same weight.
However, LS- identified ARMA emphasizes z(k-2). According to ground-true knowl-
edge, the load of an air-conditioning system is determined by its load in the last half
hour and current temperature instead of load one hour before. Therefore, the MLP-
identified ARMA appears to be more reasonable.

6   Conclusions

In this paper, a system identification method by extracting ARMA model from
trained MLP is proposed and evaluated. The performance of the proposed method has
been evaluated through comparison with the Least Square method.

Experiments with simulated data validate MLP-identified ARMA by showing its
similarity to LS-identified ARMA. What is more, MLP-identified ARMA has shown
its advantage over LS-identified ARMA, when both models are to be interpreted in
real-world case.
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Abstract. Based on the principle of Radial Basis Function (RBF) Neural
Network, a learning method is presented for the identification of a complex
system model. The RBF algorithm is employed on the learning and identifying
process of the nonlinear model. The simulation results show that the presented
method has good effect on speeding up the learning and approaching process of
the nonlinear complex model, and has an excellent performance on learning
convergence.

Keywords: RBF Neural Networks  learning algorithm  model identification.

1   Introduction

RBF Neural Network (RBF-NN) is usually to take three-layer structure. The mapping
from the input layer to the hidden layer is nonlinear and the linear mapping is adopted
between the hidden layer and the output layer. In the RBF Network, the radial basis
function is adopted as the mapping function. The main function of RBF is taking as
the “Base” for hidden layers so as to construct the hidden space. The input vector can
map to hidden space directly but not to use connecting weights. The mapping relation
will be confirmed as soon as the center point confirmed. But the mapping between the
hidden layer and the output layer is linear and the output of Neural Network (NN) is
the linearly weighted sum of hidden layers. The connecting weights are adjustable
parameters for Network. So, the connecting weights of network can be evaluated by
sets of linear equation or by LMS method directly. The learning speed of NN will be
more quickly. Meanwhile, the fussy calculation and the local minima can be avoided.

Usually, the multiplayer NN needs a significant amount of calculation of weights
for getting the global approach. As a result, some problems, including low learning
speed and local minima problem, might emerge. In contract, the RBF-NN is a typical
local approaching network. Only a few weights need to be adjusted for the output of
NN. Therefore, the RBF-NN could complete the learning process more quickly than
that of the BP-NN. It is obviously the RBF-NN is more effective than normal BP-NN
in approaching ability, sorting ability and identification speed. It is a powerful tool for
realizing the modeling and identifying process of the complex plants or systems.

Based on the principle of RBF-NN, this paper presents a method for the modeling
and identification of the structure-unknown complex plants or systems. An actual
identification of nonlinear model is applied to validate the effects of algorithm. The
simulation results show that the presented method has good effect on speeding up the
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training and modeling process, especially suitable for the real-time request of
complex system control. The algorithm also shows an excellent performance on
learning convergence.

2   Learning Principle of RBF-NN

2.1   RBF-NN Structure Analysis

In the structural characteristics of network, RBF-NN adopts direct mapping between
input layer and hidden layer. But the mapping between hidden layer and output layer
adopts the linearly weighted sum of hidden layers as the mapping mode (shown as in
Fig. 1). This structure of NN can reduce the complexity of computational problems so
as to speed up the learning process. It is suitable especially for accomplishing the
function approaching, model identification and sorting process quickly.
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Fig. 1.  Structure of RBF-NN

In the RBF-NN, the task of the hidden layer is different from that of the output
layer. So does the learning strategy. The hidden layer adopts the nonlinear optimizing
strategy. So, the learning speed of the function parameters will be slower accordingly.
Oppositely, the output layer adopts the linear optimizing strategy for the adjusting of
weights. The learning speed is quicker than that of the hidden layer. It is known there
are two hierarchy of learning processes for RBF-NN.

2.2   Learning Algorithm of RBF-NN

In RBF-NN, the input vectors of lower dimensions are mapped to the hidden space of
higher dimensions first. The hidden cells select the basis function to realize the vector
conversion, and then, sorted or identified by output layer. The form of base function F
can be described as:
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To take known data in
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the center point. If Gauss function is adopted as the Radial Basis Function (RBF), it
can be described as:
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where, M is the number of center, ti is the center of RBF and dm is the maximal
distance between selected centers. The mean-square-error of RBF takes Mdm 2=σ .

According to the different ways for selection of RBF center, RBF-NN is usually
applied the methods as random selection, self-organization learning (SOL) or
supervisory learning, etc. This paper applies self-organization learning algorithm to
choose the center of RBF so as to complete the network learning. In SOL algorithm,
the central position of RBF is set automatically. The weights of output layer can be
calculated by error-correction-learning algorithm. So, it is known the SOL algorithm
is a mixed learning algorithm essentially. The function of SOL is to adjust the center
of RBF to the key area of input space.

Clustering least distance is the learning goal of SOL algorithm. This paper adopts
the k-mean clustering algorithm. The input samples are decomposed to M classes and
M clustering centers are obtained. The steps of clustering algorithm are:
1  Choose randomly M samples, from the input samples Xj (j=1,2,…,N), as the initial

clustering centers ti (i=1,2,…,M),
2  Distribute input samples Xj（j=1,2,…,N）to every ti  and to form clustering setsθi

(i=1,2,…,M). The following condition are met:

                                
ij

i
i tXd −= min (3)

(j=1,2,…,N   i=1,2,…,M)
where  di is the minimal Euclidean distance.
3  Calculate the sample’s mean (i.e. clustering center ti) in θi:

                            ∑
∈

=
jjX

j
i

i X
M

t
θ

1 (4)

where  Mi is the number of input sample in θi

4 Repeat above calculation till to get the change of distribution of clustering center
less than designed valueε.

5  After the decision of RBF center, the mean square error σcan be calculated by
equation M2d m=σ  and then to get the output of hidden layer by equation (2).
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The error-correction-learning algorithm can calculate the linear weights between
the hidden layer and the output layer. Suppose that the output of the kth neuron of
output layer is kŷ  and that of the jth neuron of hidden layer is gj. The relation is:

                                        ∑ ⋅=
j

jkjk gwŷ (5)

If the actual output is yk, the error is: kkk yy ˆ−=ε .

The purpose of BP learning is to amend connecting weights so as to minimize the
error index ∑ ε= )( 2

kfE  and to meet the desired performance J. When input mode is

XP, the correcting value of wkj should be:

                                                
kj

p
kjp w

E
w

∂
∂

α−=∆
(6)

where, α is adjusting factor for learning rate.  The updating equation is:

                                kjpkjkj wkwkw ∆+=+ )()1( (7)

In order to improve the convergence of algorithm and its learning effects, a
dynamic correcting factor can be set in the correcting equation, that is:

                    )]1()()1[()()1( −+−+=+ kTkTkwkw ηηα (8)

where, 0<α<1, 0≤η <1 is a dynamic factor and T(k)= )k(w/E ∂∂−  is the direction

of negative grads in the kth time learning.
However, simulation results show that the effect of this method is not perfect for

improving the learning process. The key question is how to select the learning rate.
Sometimes it is a very difficult decision for the algorithm. The difficulty is how to
pay attention to both learning speed and the convergence of algorithm. This paper
presents an improved algorithm. It adds a rate-adaptive factor δ(k) to the learning
equation, that is:

　　                                     









⋅=
−=
+=+

λεδ
αδα

α

2

1

1

)(

)()()(

)()()()(

k

kkk

kTkkwkw (9)

where  λ= Sign [T(k)T(k-1)] is the direction of grads, δ(k) is the adaptive factor
associated with learning error ε.[5]

  Simulation results show that the improved algorithm can speed up the convergent
process (∆pwkj or ∆pwji →0) of weights learning effectively (shown as in table 1).

3   Simulation Results

From the characteristics of RBF-NN, this paper applies RBF-NN to identify the
nonlinear model via learning about the sampled data. The performance of designed
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NN is analyzed. Suppose that a nonlinear system is described as the following
equation:

Input:              




 += )()(.)(

21
2

25
2

250 32 ππ k
Sin

k
Sinku

(10)

Nonlinear plant:     [ ] [ ])1()()1(
)(1

)(
)1(

2
−++

+
=+ kukuku

ky

ky
ky

(11)

For the unknown - structure system, an RBF-NN needs to model the unknown
object and identify the behaviors of the plant by learning the sampling data. As an
example, 60 pairs of input data u(k) and output data y(k) are sampled as the learning
information. The network parameters are selected as: spread coefficient Sc=1.5,
learning errorε≤0.001。

The simulation results show that the RBF-NN accomplished the desired
identification accurately only after training for 37 epochs. The learning and
identifying processes are shown in Fig. 2 and Fig. 3. In Figure 2, ‘+’ stands for
sampling data, ‘—‘ shows the results after learning by the RBF-NN.

 

 

Fig. 2.  Learning result of RBF-NN Fig. 3. Convergent process of Learning error
of RBF-NN

Table 1. Comparisons of the training performance

Algorithm Pairs of
samples

Training
epochs

Sum-squared error
(ε≦)

BP 30 15000 0.3

Improved BP 30 450 0.1

RBF 60 37 0.001

The training results of the normal BP-NN for the same plant are shown in Fig. 4
and Fig. 5. There are only 30 pair of samples for the learning of the BP algorithm and
the learning error is onlyε≤0.3. But the sum-squared learning error cannot be
attained until 15000 epochs of training by the normal BP algorithm. The improved BP
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Fig. 4. Learning result of normal BP-NN Fig. 5. Convergent process of Learning error
of normal BP-NN

algorithm still needs 450 epochs training to attain error goal of ε≤0.1. It is
obviously that the RBF-NN accomplishes the training more quickly. Detail results are
shown in Table 1.

Simulation results show clearly that the performance of RBF-NN is superior to the
BP-NN not only in training speed but also in identifying accuracy. It proved that the
RBF-NN is more suitable for the modeling and identifying of complex plants. It is an
effective method for the prediction and control of complex systems.

4   Conclusions

The excellent characteristics of RBF algorithm are its quick convergence and accurate
learning results. This paper discussed different training algorithms respectively, i.e.
RBF-NN, BP-NN and improved BP-NN. After applying to the identification of a
typical nonlinear system and simulations, some conclusions can be obtained.

Although the improved BP-NN can speed up the learning process, the RBF-NN has
much quicker training process and much excellent learning performance. It is more
suitable for modeling and identifying of complex plants. Therefore, RBF-NN is an
effective way for the realization of the real-time control of complex systems.
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Abstract. Network topological optimization in communication network
is to find the topological layout of network links with the minimal cost
under the constraint that all-terminal reliability of network is not less
than a given level of system reliability. The all-terminal reliability is
defined as the probability that every pair of nodes in the network can
communicate with each other. The topological optimization problem is
an NP-hard combinatorial problem. In this paper, a noisy chaotic neu-
ral network model is adopted to solve the all-terminal network design
problem when considering cost and reliability. Two sets of problems are
tested and the results show better performance compared to previous
methods, especially when the network size is large.

1 Introduction

An important stage of network design is to find the best way to layout all the
components to optimize costs while meeting a performance criterion, such as
transmission delay, throughput, or reliability [1]. This paper focuses on network
design of large backbone communication networks with an all-terminal reliabil-
ity (ATR) constraint, i.e., an acceptable probability that every pair of nodes can
communicate with each other [1]. The network topology problem can be formu-
lated as a combinatorial optimization problem which is NP-hard [2]. Previous
work on this problem can be categorized to enumerative-based and heuristic
methods. Jan et al [1] developed an algorithm using decomposition based on
branch-and-bound to find the exact, optimal solution. They divided the problem
into several subproblems by the number of links of subnetworks. The maximum
network size of fully connected graphs for which a solution has been found is
12 nodes (60 links) [4]. Due to the NP-hard nature of the problem, heuristic
approaches are often adopted to solve this problem. Berna et al [3] used genetic
algorithms to solve the all-terminal network design problem. They formulate the
network design as an integer vector which is the chromosome. Each gene of the
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chromosome represents a possible link of the network. Because the network reli-
ability measure is also an NP-hard problem, instead of the exact calculation of
reliability, the network reliability is estimated through three steps. First step is
the connectivity check for a spanning tree. The next step is the evaluation of a
2-connectivity measure and the last step is to compute Jan’s upper bound [1].
The precise estimation of the reliability of the network can be obtained through
Monte Carlo simulations. Hosam et al [4] adopted a Hopfield neural network
called optimized neural network (OPTI-nets) to solve this problem. The links in
the backbone network are represented by neurons, where each neuron represents
a link. A neuron is set if its output is a nonzero value and the corresponding link
is hence selected [4]. They tested their OPTI-nets on a large network size with
50 nodes and 1225 edges.

In this paper, we use a noisy chaotic neural network (NCNN) [7]-[9] to solve
this NP-hard problem. In section II, we briefly introduce the NCNN model [7]-[9].
Section III presents the NCNN solution to the topological optimization problem.
Section IV includes the results. We draw conclusions in Section V.

2 Noisy Chaotic Neural Network

Chen and Aihara [5][6] proposed chaotic simulated annealing (CSA) by starting
with a sufficiently large negative self-coupling in the neurons and then gradually
decreasing the self-coupling to stabilize the network. They called this model
the transiently chaotic neural network (TCNN). By adding decaying stochastic
noise into the TCNN, Wang and Tian [7] proposed a new approach to simulated
annealing using a noisy chaotic neural network (NCNN). This novel model has
been applied successfully in solving several challenging optimization problems
including the traveling salesman problem (TSP) and the channel assignment
problem (CAP) [7] [8] [9]. The NCNN model is described as follows [7]:

xjk(t) =
1

1 + e−yjk(t)/ε
, (1)

yjk(t + 1) = kyjk(t) + α




N∑
i=1,i�=j

N∑
l=1,l�=k

wjkilxjk(t) + Iij


 − z(t) [xjk(t) − I0] + n(t) ,

(2)

z(t+ 1) = (1 − β1)z(t) , (3)

A[n(t+ 1)] = (1 − β2)A[n(t)] , (4)

where
xjk : output of neuron jk ;
yjk : input of neuron jk ;
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wjkil: connection weight from neuron jk to neuron il, with wjkil = wiljk and
wjkjk = 0;

N∑

i=1,i�=j

N∑

l=1,l�=k

wjkilxjk + Iij = −∂E/∂xjk : input to neuron jk

(5)

E : energy function;
t : time steps;
N : number of network nodes;
Ijk : input bias of neuron jk ;
k : damping factor of nerve membrane (0 ≤ k ≤ 1);
α : positive scaling parameter for inputs ;
β1 : damping factor for neuronal self-coupling (0 ≤ β1 ≤ 1);
β2 : damping factor for stochastic noise (0 ≤ β2 ≤ 1);
z(t) : self-feedback connection weight or refractory strength (z(t) ≥ 0), z(0)

is a constant;
I0 : positive parameter;
ε : steepness parameter of the output function (ε > 0) ;
n(t): random noise injected into the neurons, in [−A,A] with a uniform dis-

tribution;
A[n]: amplitude of noise n.

3 Applying NCNN to Topological Optimization Problem

3.1 Problem Formulation

A communication network can be modeled by a graph G = (N,L, P,C). Here
N and L are network sites and communication links, respectively. P is the set
of reliability for all links and C is the set of costs for all links. The optimization
problem is [3]:

Minimize: Z =
N−1∑

i=1

N∑

j=i+1

cijvij (6)

Subject to: R ≥ R0

where the C = {cij} is the cost of link (i, j) and V = {vij} is the neuron binary
output which is defined as:

vij =

{
1, if link (i, j) is selected for the optimized network design ;
0, otherwise.

R is the all-terminal reliability of the network and R0 is the network reliability
requirement.

We formulate the energy function of the NCNN as follows:

E = −W1R + W2

N∑
i=1

N∑
j=i+1

vijcij + W3η
ς ×

∣∣∣∣1 − R

R0

∣∣∣∣ + W4

N∑
i=1

N∑
j=1,j �=i

vij(1 − vij) ,

(7)
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where ς = u(1 − R
R0

) and u(x) is a unit step function, i.e., u(x) = 0 for x < 0
and u(x) = 1 for x ≥ 0.

W1,W2,W3, andW4 are weight factors. TheW1 term encourages the network
to increase the network reliability. The W2 term is the costs of network links to
be minimized. TheW3 term is the constraint term which discourages the network
from adding more links to increase the network reliability unnecessarily over R0
and η is the penalty factor. The W4 term is used to help the convergence of
neurons. When the energy goes toa minimum, the W4 term forces the output of
neurons to a value of 0 or 1.

The reliability term in energy function R is replaced with a upper bound in-
stead of exact calculation due to the NP-hard complexity for an exact calculation
[4]. The upper bound on the ATR is [4]:

R(G) ≤
N∏

i=1,i�=s



1 −
∏

j∈A(i)

(1 − pij)



 , (8)

where A(x) is defined as the set of vertexes connected to vertex x, pij is the
reliability of link (i, j). Node s is selected as the node with maximum node
degree [4].

From dynamic equations (2), (5) and (7), the motion equation of the NCNN
is:

yjk(t+ 1) = kyjk(t) + α {W1
∂R

∂vij
−W2cij − W3

R0
(−1)1−ς

ης ∂R

∂vij
−W4(1 − 2vij)} − z(t) [xjk(t) − I0] + n(t) , (9)

where from equation (8) [4],

∂R

∂vij
=

N∏

k=1,k�=s,i,j



1 −
N∏

l=1,l�=k

ψkl



 pij




N∏

l=1,l�=i

ψjl +
N∏

l=1,l�=j

ψil − 2
N∏

l=1,l�=j

ψlj

N∏

l=1,l�=i,j

ψli





(10)

and
ψab ≡ 1 − pab × vab . (11)

4 Results

The parameters for the energy function is determined empirically as below:
W1 = 1.5,W2 = 0.0001, w3 = 1.2, w4 = 1, η = 10.

The benchmark problems are adopted from [3] in which the results for n < 10
are verified by using the exact branch-and-bound method [1]. The problems



234 L. Wang and H. Shi

contains 20 different cases. Case 1-17 are problems concerning fully connected
networks and case 18-20 are for non-fully connected networks. The comparison
of results is listed in Table 1, where p is the link probability for each link and
R0 is the objective network reliability. The simulation of each case was run 10
times and only the best results are listed as in the references to which we shall
compare our results [1][3][4]. We compare the results with three other methods
as showed in Table 1. From the results, it can be seen that branch-and-bound
cannot be applied to problems with larger node sizes but it can obtain optimal
solution. Genetic algorithms are effective but failed to find good solutions when
the node size becomes large as showed in case 15-17. And it also can be seen
that our NCNN can find better solutions than OPTI-net does on these cases.

Table 1. Comparison of results of test cases from [3]

Case # of Nodes # of edges p R0 BnB[1][3] GA[3] OPTI-net[4] NCNN
1 5 10 0.8 0.9 255 255 255 255
2 5 10 0.9 0.95 201 201 201 201
3 7 21 0.9 0.9 720 720 720 720
4 7 21 0.9 0.95 845 845 845 845
5 7 21 0.95 0.95 630 630 630 630
6 8 28 0.9 0.9 208 208 208 208
7 8 28 0.9 0.95 247 247 247 247
8 8 28 0.95 0.95 179 179 179 179
9 9 36 0.9 0.9 239 239 239 239
10 9 36 0.9 0.95 286 286 308 286
11 9 36 0.95 0.95 209 209 209 209
12 10 45 0.9 0.9 154 156 154 154
13 10 45 0.9 0.95 197 205 197 197
14 10 45 0.95 0.95 136 136 136 136
15 15 105 0.9 0.95 317 304 304
16 20 190 0.95 0.95 926 270 202
17 25 300 0.95 0.9 1606 402 377
18 14 21 0.9 0.9 1063 1063 1063 1063
19 16 24 0.9 0.95 1022 1022 1077 1022
20 20 30 0.95 0.9 596 596 596 596

5 Conclusion

In this paper we apply the noisy chaotic neural network to solve the topologi-
cal optimization problem in backbone networks with all-terminal reliability con-
straint. The results on 20 benchmark problems show that our NCNN outperforms
other methods, especially in large problems.
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Abstract. The capacity and performance of code division multiple access
(CDMA) systems are limited by multiple access interference (MAI) and “near-
far” problem. Space-time multiuer  detection combined with adaptive wavelet
networks over frequency selective fading multipath channels is proposed in this
paper. The structure of the multiuser detector is simple and its computational
complexity mostly lies on that of wavelets networks. With numerical
simulations and performance analysis, it is shown that the proposed detector
can converge at the steady state rapidly and offer significant performance
improvement over the space-time matched filtering detector, the conventional
RAKE receiver and matched filter detector only at the time domain. Therefore,
it can suppress the MAI and solve the “near-far” problem effectively.

1   Introduction

The future generation of wireless networks will support multiple classes of traffic
with different quality of service requirements such as data rate and bit-error
rate(BER). DS-CDMA has been emerging as a popular multiple access technology for
wireless communication systems. But There exist two major obstacles in the system:
MAI and near-far problem. Recently, multiuser detection and space-time processing
techniques have been a growing interest for improving the receiver performance and
network capacity[1, 2]. By combining the two techniques,  the resulting  space-time
multiuser detectors can further improve the system capacity over traditional time-
domain detectors and enhance the quality of service provided to all the users[3, 4].

Multiuser detection can be regarded as the classification and approximation
problems. Aazhang and Kechiotis et al. proposed multiuser detectors based on BP
neural networks and Hopfield neural networks, respectively[5, 6]. But these detectors
still exist some inherent problems, e.g. slower convergence speed, more difficult
choice of bases function, and more probability of being trapped in local minima.
Wavelets show promise for both signal representation and classification[7, 8], both of
which can be viewed as feature extraction problems in which the goal is to find a set
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of daughter wavelets that either best represent the signal or best separate various
signal classes in the resulting feature space. H. H. Szu proposed a kind of feedforward
adaptive wavelets networks(AWN)[7], parameters of which are iteratively computed
to minimize an energy function for representation or classification.

In this paper, we consider the space-time multiuser detection combined with
adaptive wavelet networks(STMUDCAWN) over frequency selective fading
channels. Due to the excellent classification and approximation ability of the AWN
with highly parallel structure and adaptability to system parameters, we choose the
space-time matched filter to reduce the computational complexity of the proposed
detector. It will be shown that the STMUDCAWN can suppress the MAI and solve
the “near-far” problem effectively. On the other hand, the computational complexity
of the AWN component of the detector is linear with the number of its hidden layer.

2   Signal Model

It is assumed that there are K simultaneous users with common carrier frequency in a
cellular and the digital modulation technique is BPSK. If antenna arrays have P
elements, the receiver can be modeled as a single input and multiple output system.
So the received signal vector over frequency selective fading multipath channels is

1

0 1 1

( ) ( ) ( ) ( )
M K L

k k kl kl k k c
i k l

t w b i s t iT lT tβ τ σ
−

= = =

= − − − +∑∑ ∑r a n  , (1)

where M is the number of data symbols per user. kw , )(tsk , and kτ  denote the

amplitude, normalized signature waveform, and relative delay of the kth user,
respectively. L is the number of resolvable paths for each user. )(ibk { }1±∈  is the ith

transmitted symbol by user k. T is symbol interval. T
klPklkl aa ],,[ 1=a  and klβ  is,

respectively, the array response vector and zero-mean complex Gaussian fading gain.

( )2( ) ~ ,t σn 0 IN , where I denotes the identity matrix.

3   Space-Time Multiuser Detection Combined with Adaptive
Wavelet Networks (STMUDCAWN)

The optimal multiuser detector is a NP-complete problem[1]. With more users, it will
confront the “exponential expansion” and can hardly applied in the practical CDMA
system. Many researchers on neural networks show that neural networks can solve the
problem excellently and is easy to implement by ASIC. Adaptive wavelets networks
are highly interconnected networks of relatively simple processing units operating in
parallel[7]. The massive parallelism of neural nets and their robustness to the
characteristics of the problems under consideration make them desirable for solving
various complex tasks. The AWN with the simple structure contains the nonlinearity
of wavelets function in the artificial neurons rather than that of the standard sigmoidal
function. We consider the space-time multiuser detector combined with the AWN for
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approximating the solution to the optimal detector over frequency selective fading
channels. To reduce the computational complexity of the STMUDCAWN, we choose
the space-time matched filter with low computational load as the pretreatment. The
block diagram of the STMUDCAWN is illustrated in Fig. 1.

    Fig. 1. Block diagram of the STMUDCAWN      Fig. 2. Adaptive wavelets networks classifier

3.1   Space-Time Matched Filtering and Maximum Ratio Combining

The received signal is first matched with the estimated direction vector corresponding
to L propagation paths at the space domain. We can obtain

( ) ( )H
kl klz t t= a r  . (2)

And then the signal from L branches is correlated with respective delay version of the
signature waveform of the kth user at the time domain. It operates as the following
formula.

( ) ( ) ( )kl kl k k cq i z t s t iT lT dtτ
∞

−∞
= − − −∫  . (3)

By maximal ratio combining technique, we can obtain the output of the space-time
matched filter and maximum ratio combiner.

1

( ) ( )
L

k kl kl
l

y i q iβ ∗

=

=∑  . (4)

3.2   Adaptive Wavelets Networks(AWN) and Learning Algorithm

Representation and classification can be viewed as the feature extraction problem in
which the goal is to find a set of daughter wavelets that either best represent the signal
or best separate various signal classes in the resulting feature space. Specially, the
extraction of features is the inner products of a set of wavelets with the input signal.
And then these features can be input to classifier. The key problem is which wavelets
should be selected and how to select. We extend the AWN classifier proposed by
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H. H. Szu [7] to the multiple classification network illustrated in Fig. 2, the wavelets
feature component of which uses wavelets weights rather than wavelets nonlinearity
of the representation network.

The ith output of the network is

( )( )
1 1

( ) ( )
M K

i ij k j j
j k

y t w x t h k c aσ
= =

 
= − 

 
∑ ∑  , 1,...,j N=  , (5)

where wij, ai, and ci are the weight coefficients, dilations, and translations for each
daughter wavelet which can be optimized by minimizing an energy function. K, M,
and N are the node number of input, hidden, and output layer, respectively. ( )kx t  and

( )iy t  is the kth input and the ith output element for networks, respectively. ( )h t is the

mother wavelet function. And [ ]( ) 1/ 1 exp( )x xσ = + −  is a sigmoidal function. The

wavelets network classifier parameters wij, ai, and ci can be optimized by minimizing
the total error energy function as follows.

( )2

1 1

1

2

P N
q q
i i

q i

E d y
= =

= −∑∑  , (6)

where P is the number of the training samples, q
id  is the desired value of q

iy .We

choose 2( ) cos(1.75 )exp( / 2)h t t t= −  as the mother wavelet for classification. It can be
proved that this function confirms the frame condition[7]. Let

2( ) sin(1.75 )exp( / 2)f t t t= −  and ( ) /j jt k c a′ = −  , then the gradients of E become

1 1 1

( ) (1 ) ( )
P N K

q q
ij i i i i ij k

q i k

E w d y y y w x h t
= = =

 ′∂ ∂ = − − −  
 

∑∑ ∑  , (7)

[ ]{ }
1 1 1

( ) (1 ) 1.75 ( ) ( ) /
P N K

q q
j i i i i ij k j

q i k

E c d y y y w x f t h t t a
= = =

′ ′ ′∂ ∂ = − − − ⋅ +∑∑ ∑  , (8)

( )j jE a t g c′∂ ∂ =  . (9)

Based on the formulas above, it is straightforward to deduce the conjugate gradient
method for iteratively updating the parameters of the AWN.

4   Simulation Results and Performance Analysis

Several simulation experiments are presented to illustrate the effectiveness of the
STMUDCAWN in comparison with the space-time multiuser detector combined with
the conventional BP neural networks employing the sigmoidal function
(STMUDCBPNN), the space-time matched filter(STMF), the conventional RAKE
receiver(RAKE) which combines the multipath signal of the interesting user received
by single antenna to improve signal interference plus noise ratio (SINR) over
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multipath fading channel, and the conventional detector (CD) which directly decides
on the output of the matched filter at time domain in single antenna over single path
channels.

  Fig. 3. Total error energy versus iterations number    Fig. 4. BER versus SNR with 6 users

In the following simulation, the signature waveform of each user is Gold sequence
with the length of 31. The number of paths of each user, of antenna elements, and of
nodes in hidden layer, respectively, is 3, 3,10. The fading gain and the DOA of each
path of each user are randomly generated and keep unchanged in all experiments.
Define Signal-to-Noise Ratio(SNR) of user k as SNRk. The interesting user is user 1
while all other users are the interfering users, that’s SNRE=SNR1, SNRI=SNR2~K.
Without loss of generalization, we only demodulate the data bits of the desired user
thus letting the node number of output layer of the AWN N=1.

Fig. 5. BER versus SNR with 8 users            Fig. 6. BER versus “Far-to-Near ratio”

The convergence performance of the STMUDCAWN in the system with 8 users is
shown in Fig. 3. The SNR of the interesting user and all interfering users are 6dB and
17dB, respectively. The number of the training samples is Q=100. From the figure,
the STMUDCAWN converge at the steady state and the precision of the network is
very high after 100 iterations.

The performance of bit error rate (BER) versus SNR in the systems with 6 and 8
users, shown in Fig. 4 and 5, respectively. SNRI=17dB keeps unchanged while SNRE

changes from 1 to 10dB. Under the environment, the MAI is very strong.
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The performance of suppressing multiple access interference(MAI) and near-far
resistance in the system with 6 and 8 users is stimulated in Fig. 6, where SNRE=8dB
keeps unchanged while the “Far-to-Near ratio”(FNR), defined as SNRI / SNRE,
changes from 4 to 14dB.

From Fig. 4 to 6, we can see that the BER performance of suppressing MAI and
background noise of the STMUDCAWN is far better than that of the
STMUDCBPNN, CD, RAKE and STMF. On the other side, when the number of
users is different, we also can see that the BER performance of the proposed method
will become worse slightly as the number of users increases.

5   Conclusions

The space-time multiuser detection combined with adaptive wavelet networks over
frequency selective fading multipath channels have been presented in this paper. The
parameters of wavelet and the weight efficient of the output layer of the network can
be  adaptively computed by minimizing the energy function. The structure of the
multiuser detector is simple and the computational complexity of the detector mostly
lies on that of wavelets networks. Once the parameters of the AWN are obtained by
training, its complexity is linear with the number of the nodes of the hidden layer.
Simulation results show that the proposed space-time multiuser detector can converge
at the steady state rapidly and can suppress the MAI and solve the “near-far” problem
effectively.
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Abstract. Wireless sensor networks have recently emerged as a premier re-
search topic. They have great longterm economic potential, ability to transform
our lives, and pose many new system-building challenges. One of the funda-
mental problems in sensor networks is the calculation of the coverage. In this
paper, an optimal distribution based on Genetic Algorithm is proposed in the
initial planning of sensor network. Moreover, a new optimizing algorithm of
sensor node distribution is designed by utilizing node topology in sensor net-
work, which provides a sound effective means for the topology management of
sensor network. Simulation shows that this efficient algorithm optimally solved
the best-coverage problem raised in [1].

1   Introduction

Wireless sensor network [2][3] is a network that is composed of mobile portable
equipments, which has the ability of computing, storage and wireless communication.
The nodes in wireless sensor network are self-organize, which can collect information
or send data by multi-hop routing in special case. Because of the wireless sensor
network’s speediness, agility, robust and adaptive survival, it will be used to military
and civil field widely. In wireless sensor network, node distribution and topology are
important to improve the network’s survival. In a large-scale random scattering net-
work, for getting a better node distribution, more redundancy sensor nodes are needed
which can make sure a best coverage. But in some sensor network nodes can be set
specially, which can not only reduce the redundancy nodes, routing request and
maintenance overhead, power consuming but also expend the network’s sensing
range. So how to get the optimized node distribution is an important problem in the
wireless sensor network. And by the mobile sensor node’s adjusting to the network
topology, the network topology discovery and node position’s obtaining can effec-
tively avoid the shadow and blind point in sensing area. Then the optimization of
node distribution is an effective approach to improve the sensor network perform-
ance. Although there are a lot research about sensor network’s topology and orienta-
tion, few are about distribution optimization algorithm by the current topology.
Aimed at this problem, we give the optimal sensor node distribution and distribution
optimization algorithm in sensor network using Genetic Algorithm advantage to re-
solve the problem.
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2   Optimal Sensor Node Distribution in Sensor Network

As the limited sensing rage of nodes in wireless sensor network, obtaining a better
network coverage area must depend on reasonable node distribution. In a given object
area, how to get the better node distribution belongs to the optimal problem. Genetic
Algorithm has been attached importance to this research because of its advantage
[4][5].

Convenient for problem’s description, we define position area sensing parameter.
Firstly object area is to be discrete by some precision, a point represents a little local
area. According to geographical environment parameter and corresponding radio
propagation mode, every node is assigned a sensing parameter; different sensing
parameter means that the sensor node at this point has different available sensing
range. Optimal node distribution problem translates into that how to gain the best
coverage in the object area.

2.1   Coding Mapping of Optimal Sensor Node Distribution in Genetic Algorithm

Aimed at the problem of sensor node distribution in wireless sensor network, we
adopt a coding scheme based on node coordinate. Sensor node position in object area
is replaced by its coordinate. Using GPS, sensor network can be organized by the
translating from node coordinate to longitude and latitude. These gene expressions
match the practice project and can reflect applied environment peculiarity of sensor
node intuitively. If every chromosome of individual is composed of N genes in Ge-
netic Algorithm solution space, every gene represents the position of a sensor node.
Two genes of gene group express the X-axis direction and Y-axis direction of the
node in a coordinate respectively.

Using coding mapping, we set up the initial population in Genetic Algorithm.
Given object area:

{ }WidthyLengthxyxS ≤≤≤≤ 0     0     :),( (1)

Here, Length and Width are the length and width of the object area respectively.
The population is composed of T individuals. There are N sensor nodes, and then the
initial population is as follows:
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Here, ),( ijijji yxg = ( NjTi ≤≤≤≤ 1,1 ) is the node coordinate of the No.j gene in

No.i individual.

2.2   Crossover, Mutation, and Selection in Genetic Algorithm

Crossover can bring new population in Genetic Algorithm. To make the gene in par-
ents surviving in the offspring as possible and avoid the obtained optimal solution
losing, we adopt one approach of circle crossover. If there are K individuals to propa-
gate in parents: (Pop1, Pop2 , Pop3,… PopK); for the first time selected (Pop1, Pop2) to
be parents, the second time selected (Pop2, Pop3) to be parents,… the ith time selected
(Popi，Popi+1), then (K-1) offspring come forth. In this way, the gene of every parent
will survive in offspring as possible. The detailed process of crossover is as follows:
Select K individuals to propagate using crossover probability Pc in parents. Given
parents are (Popi，Popi+1), equipotent gene groups are gik, g(i+1)k respectively, then the
node coordinate which the equipotent gene group Chdik of offspring individual repre-
sents is as follows:
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Here, (
ikPopx ,

ikPopy ) and （
kiPopx

)1( +
,

kiPopy
)1( +
）is the coordinate of parents node;

xψ , yψ obey Gauss Distribution that average value is 0.

Mutation can bring new content for population. To avoid a big random alteration
and keep the obtained solution of optimal node distribution, we just only use mutation
to the offspring individuals which parents propagate. Select gene group to mutate by
probability Pm from gene groups which offspring individuals make up of. If the sensor
node coordinate of which the primary gene group represents is (v1, v2), it is mutated
to ),( 2211 ψψ ++ vv , here 21,ψψ  obey   Gauss Distribution.

Selection generates next generation population based on all parents and offspring,
i.e. expands sampling space. This sampling space allows improving Genetic Algo-
rithm performance using bigger crossover probability and mutation probability and
won’t bring too much random alteration.

To avoid being limited to local optimal solution because the algorithm converges
too fast, we expand the offspring sampling space to the sampling space that is com-
posed of all parents and offspring every several generations. By this transforming, one
side the better genes of parents will be kept in the offspring; on the other hand, define
the searching space newly to avoid the local optimal solution. In the initial running
stages of the algorithm, it needs a bigger searching space, but in late it needs to reduce
searching space for a fast convergence. We adopt the subsection function to ascertain
the step length of sampling space.
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Here, n is the generation number that the algorithm runs, nphase is the generation
number of phase running, phase is the generation number of sub-phase running; step1,
step2 are the step length at different phase.

3   Optimal Sensor Node Distribution in Sensor Network

In the course of forming of the sensor network, especially in some emergency or the
situation with limited condition, such as military field and remote area, usually adopt
random scattering way to finish the sensor nodes distribution of the network. Though
having a better network sensing range by a lot of redundancy nodes, to the application
of sensor network, it can avoid shadow and blind point effectively in sensing area by
the discovery of network topology, management and the localization technologies of
nodes, utilizing mobile sensor node adjustment ability to the topological structure of
the network. This is an effective approach to improve the whole performance of sen-
sor network.

3.1   Topology Discovery and Node Localization in Sensor Network

The network topological structure management of sensor network has always been a
research topic of the sensor network. Its data-centric application requires that the
nodes that obtains effective information must understand the sensor distribution cen-
tered at sink node, which makes that the gained information parameter is corre-
sponding to the practical sense environment. Traditional algorithm of sensor network
topology discovery gets the information of neighbors by radio broadcast between
nodes, and completes the topological structure by the diffusion of topology discovery
grouping of sink node [6][7].

Fig. 1. The topology discovery centered at sink node in wireless sensor network

The process of topology discovery is described in Fig.1, firstly sink node broad-
casts topology discovery group, and sensor nodes that received the group memorize
the address of sink and notice the source address, setting the timeouts at the same
time, which makes the node confirming its logical address in the topological tree.
And then transmits the broadcast notice group. If a node receives notice group from
different nodes, it adjusts the record of the upstream node to gain the minimum span-
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ning topological structure according to the number of hops in the notice. Leaf node
notices its node Id to upstream node. Every node transmits the information that is
collected form downstream nodes to its upstream nodes respectively. Thus sink node
gains the minimum spanning topological tree.

Localization technology is popular especially in military fields. In sensor network
node self-localization adopts global positioning system technology. To some applica-
tion that needn’t a high precision, it can use local position algorithm to realize local-
ization [8][9].

3.2   Optimal Sensor Node Distribution Based on Topology Discovery and Node
Localization

It can effectively adjust network structure and realize reconfiguration topology by the
aforesaid topological discovery and localization technology of the node because of
the mobile characteristic of some nodes in sensor network, which can make the net-
work having an optimal coverage. This is an important part in wireless sensor net-
work management. So, we adjust the aforementioned algorithm of sensor node distri-
bution: in the initial stage of the algorithm the stable node position or low mobility
node position is wrote down to gain the optimal node distribution solution under
some stable nodes and low mobility nodes through this algorithm. In general, the
more stable nodes exist in the network, the smaller the optimal space is and the less
the difficulty of optimal adjustment is. In extreme case, optimizing the network that
has only one stable node is very difficult. So, we simulate this case by distribution
optimal algorithm.

Fig. 2. The simulation of optimal distribution of 13 sensor nodes

There are 13-sensor nodes in a 1.5×1.5Km square object area. The initial distribu-
tion is as Fig 2(1). The sensor node in the object area centre can't move, but other
nodes can. The precision of object area dispersing is 10 m, for simplifying, we sup-
pose that the node have the same sensing parameter, namely in any discrete area, the
effective sensing radius of each sensor node is 200 meters. Using the same genetic
operation parameter, the algorithm runs for 400 generations. In Fig 2, the sensing
range of sensor node in the centre of square area is showed by undertone shadow.
Simulation shows, the algorithm can effectively adjust mobile node position to get an
optimal network topological structure and best network coverage according to stable
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node distribution. So, it can provide reliable and exact information to the manage-
ment and adjustment of practical wireless sensor network.

4   Conclusion

In sensor networks, a reasonable distribution of sensor nodes and dynamic topology
adjustment will do much good to information aggregation and network survival. To
solve this problem, an optimal distribution based on genetic algorithm is proposed in
the initial planning of sensor network. Moreover, a new optimizing algorithm of sen-
sor node distribution is designed by utilizing topology management and node local-
ization in sensor network, which provides a sound effective means for the topology
management of sensor network. Simulation shows that this algorithm can achieve
optimal node distribution in the object area. The research in the future will concen-
trates on the optimization of the route algorithm of the sensor network mainly.
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Abstract. A Fast de-hopping and FHP estimation model for Direct Se-
quence/Frequency Hopping Spread Spectrum (DS/FHSS) system is proposed.
The Neural Networks (NNs) were used to mimic the Parallel Matched Filtering
(PMF). The signal samples and its Fast Fourier Transform (FFT) were used for
Back propagation Neural Network (BNN) training. The FH patterns designated
as concatenated prime codes [8] were used for the Radial Basis Function (RBF)
training. Computer simulations show that the proposed method can effectively
identify the frequency and estimate its pattern. Small hardware resources com-
pared with PMF hardware. 

Keywords. Acquisition, Direct Sequence, Frequency Hopping Pattern, Neural
Network, Matched Filter, Fourier transform.

1   Introduction

Restricted for a long time to the military domain, SS techniques are now used in more
non-military applications. They are also proposed for many digital communication
systems. The most widely techniques used being DS [1] and FH [5]. DS techniques
use a pseudo-noise sequence PN, which is multiplied by the signal to spread it di-
rectly. FH techniques the available channel bandwidth is divided into a large number
of contiguous frequency slots, and among them one is chosen for the transmission in
any signal interval. The choice is done by a PN code. The decision of switching be-
tween acquisitions and tracking mode in DS or FH [7] receiver system is very diffi-
cult problem. FH has been extensively studied as SS technique for interference avoid-
ance as opposed to interference attenuation achieved by other SS techniques [5] using
NN [3]. The DS/FH signal can be expressed as follows:
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Where:  fn is the nth hopping frequency, ϕn is the phase, Th is the hopping time; Cnm(t) is
the DS code, Tc is the code chip duration of  PN code, dn(t) is the information data.

The received DS/FH signal as follows:
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Where, i is the user number of the system, m(t) is the DS signal (m(t)= d(t)·c(t), c(t) is

PN code and d(t) is the information signal); nϕ  is the phase; n(t) is the noise;  j(t) is

the jammer interferences; )(1 ts is the desired signal. So the )(tsr  must be    multi-

plied by the local frequency to get the de-hopped signal information. The paper is
organized as follows: The FH conventional acquisition techniques and model de-
scription are presented in Sections 2 and 3. In Sections 4 and 5, the signal frequency
recognition and FH pattern estimation subsystems are presented. The experiments of
simulations and results are presented in Section 6. The conclusions are mentioned in
Section 7.

2   Conventional Techniques for FH Acquisition

The most techniques used for FH acquisition are: (1) Serial search, which the receiver
generates the PN code that represent one of the frequency values and wait until one of
the coming frequency hop match with it. (2) Parallel search, which the receiver gen-
erates all frequencies (n hopping frequency) using n DDS and tests them with the
coming frequency at the same time using separate matched filters. Each of the
matched filters is adjusted on certain code. Often, the serial search is used although it
takes very long acquisition time. The better way to see the frequency hops at the
receiver is to use a time-frequency representation by using the FFT [3].

3   Model Description

Fig. 1 contains two subsystems for de-hopping and pattern estimation. The first one is
Signal Frequency Recognition (SFR) using the BNN, the second one for the Fre-
quency Hopping Pattern Estimation (FHPE) using the RBF.

Fig. 1. DS/FH receiver

At starting time the received signal is down converted to IF using the Wide Band Pass
Filter (WBPF) until the FHPE estimate the frequency pattern and then control the
DDS to generate the corresponding frequency of the pattern.
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4   Signal Frequency Recognition

For each signal, there are two vectors (input vector Vi and desired vector FFTi). The
vector Vi has a set of 30 sampled values and the vector FFTi has the corresponding
FFT points as described in Equations 3 and 4.
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Where i = (1,2,…,25) is the signal number and m = (1,2,…,30) is the sample number
or the FFT points.  Each sampled value at vector Vi was represented by 8 bits (A/D1
output) as in Equation 5. Also the FFTi vectors were rearranged such that the real
values and then corresponding imaginary values in one vector as in Equation 6.
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The matrixes ISSi and FFTi as in Equations 7 and 6 are used as input/desired vectors
for BNN training to recognize at any phase shift the corresponding FFT point's  vec-
tor. The BNN was trained using the normal training method, Momentum learning
method and VLR or adaptive method to improve the convergence time.

[ ]ΤΤΤ= i
m

iii ISISISISS 21 , Τi
mIS is the transpose of i

mIS . (7)

5   Frequency Hopping Pattern Estimation

The codes from concatenated prime code GF(52) [8] were used as FH patterns for the
simulation. Each pattern has different frequency values as in Equation (8).

[ ]mn fffp ,,, 21= . (8)

Where n and m = (1, 2, … , 25) is the patterns number and the frequencies number
respectively. For each pattern we got a [5×25] matrix that, the first column has the
first 5 frequencies of the pattern and the second one is the next 5 frequencies shifted
by one frequency value. After applying this algorithm for all patterns we got the ma-
trix ipp [5×625] as in Equations 9 and 10.

[ ]ΤΤΤ= nn ppppp 21 , Τ
np is the transpose of np . (9)

[ ]nppppppipp 21= , n=1,2,…,25. (10)
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So the number of columns are 625, each 25 columns related to one frequency pattern
as described in Equation (10) are used to train the RBF network.  If the RBF network
got one of these columns values, the FHPE will estimate that, it relates to the pattern
number n  and generate the next frequency.

6   Experiments and Results

Using 30 shifted sampled values for 25 signals to test the BNN trained by different
algorithm to recognize the signal. Other experiments were done to test the perform-
ance of RBF, by using ipp matrix vectors. The other RBF experiments were done
with    different parameter for FHP estimation purpose. The objectives of experiments
were measure the performance of the BNN network for frequency identification when
change the number of hidden layer neurons and changing the training method and
measure the performance the RBF for FHP estimation with signal interferences, study
the effect of using Euclidean Distance (ED) and Hamming Distance (HD) on the RBF
performance with changing the frequency space that the frequencies values of the
patterns were selected.

6.1   Experiments and Results of SFR

Table 1 shows the recognition rate against the number of hidden neurons at different
training methods. All BNN training methods made a high recognition rate at small
number of hidden neurons. The VLR with momentum algorithm is superior over the
normal, VLR without momentum and momentum algorithm.

Table 1. Recognition rate at different BNN training algorithms

    No.of neuron
Rec rate%

5 7 10 30 50 100 150 200 400 500 600

Normal 80.3% 86.0% 87.0% 100% 100% 100% 100% 100% 100% 100% 100%

VLR 90.0% 93.0% 94.0% 100% 100% 100% 100% 100% 100% 100% 100%

Momentum 84.0% 87.0% 89.0% 100% 100% 100% 100% 100% 100% 100% 100%

VLR+Mom 91.0% 94.0% 98.0% 100% 100% 100% 100% 100% 100% 100% 100%

Table 2. The time consumed in the BNN training methods using the tanh sigmoid function

     No.of  neuron
Time in min.

5 7 10 30 50 100 150 200 400 500 600

Normal 3.08 3.24 3.39 5.31 6.75  11.13 12.72 9.68 4.46 4.11 3.87

VLR 3.15 3.39 3.48 5.14 6.64 10.8  9.76 3.35 2.53 2.89 3.22

Momentum 3.06 3.29 3.58 5.05 6.68 11.18 16.10 11.2 6.23 7.34 6.88

VLR+Mom 3.04 3.18 3.36 4.95 6.48 10.84 1.97 1.14 0.64 0.69 0.81

Table 2 shows the VLR without and with momentum training methods were speed up
the convergence time especially the second one was the most speed. This speed up
convergence is noticeable at large numbers of hidden neurons.
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Fig. 2 illustrates the relation between the Mean Square Error (MSE) and time for each
BNN training method. From left to right and up to down the 4th figure show how fast
decreasing of the MSE when applying the VLR with momentum training algorithm
compared to the others training methods because of at this algorithm the momentum

coefficient and the learning rate are adapted continuously according to the MSE value
at previous iteration as shown in 5th figure.

Fig. 2. MSE against time at different training methods and the learning coefficient
against time

6.2   Experiments and Results of FHPE

625 five-element vectors were used to test the RBF to estimate the FH pattern. Fig. 3
shows that, when using large space of frequency to select the frequency values of the
FH patterns gave a lower probability of error especially if using the HD rather than
the ED and how much the probability of error was decreased when the HD rule were
used.

Fig. 3. Probability of error against the interference when using ED and HD

At 600hop/sec, the experiments have been shown that, without interference, the
FHPE can correctly estimate the FH pattern after 2Th, and with   interference is 5Th.
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7   Conclusions

An efficient and fast FH acquisition and FHP estimation techniques have been pre-
sented. First the BNN was introduced as a technique for de-hopping SS. The BNN
was trained on the samples values of 25 different signals using different learning
algorithms. Secondly, the RBF was trained by using 25 FH patterns to estimate the
pattern after five hopping. After sufficient training the experiments and results it has
been shown that the performance of the system simulates the conventional matched
filter receiver. It has been shown through simulation that the NNs for synchronization
is comparable to the parallel search synchronization. The proposed model can acquire
acquisition and estimates the FHP pattern within 5 hopping times (5Th), which are
much shorter than that of serial search technique. Using simple hardware, its realiza-
tion is simpler than parallel search technique.
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Abstract. In Time-Division-Duplex (TDD) wireless communications, downlink
beamforming performance of a smart antenna system can be degraded due to
variation of spatial signature vectors in vehicular scenarios. To mitigate this,
downlink beams must be adjusted according to changing propagation dynamics.
This can be achieved by modeling spatial signature vectors in the uplink period
and then predicting them for new mobile position in the downlink period. This
paper examines time delay feedforward neural network (TDFN), adaptive linear
neuron (ADALINE) network and autoregressive (AR) filter to predict spatial
signature vectors. We show that predictions of spatial signatures using these
models provide certain level of performance improvement compared to
conventional beamforming method under varying mobile speed and filter
(delay) order conditions. We observe that TDFN outperforms ADALINE and
AR modeling for downlink SNR improvement and relative error improvement
with high mobile speed and higher filter order/delay conditions in fixed Doppler
case in multipaths.

1   Introduction

Smart Antenna Systems (SAS) are proven to provide significant capacity increase and
performance enhancement at the base station of wireless communications [1-3].
Spatial signature vector or channel vector describes the propagation characteristics of
the signals present at an antenna array of a smart antenna system (SAS). For the
downlink beamforming in Time Division Duplex (TDD) system, the SAS
conventionally uses the last known spatial signature estimated during the uplink
interval as the weight vector. This conventional approach [4] performs well as long as
channel characteristics remain the same between consecutive time intervals. When the
mobile terminal is stationary or moving a small distance of two wavelengths, spatial
signature variations are not significant and direction of arrivals (DOAs) are almost
unchanged [5]. However, if the mobile user moves at a relatively high speed, spatial
signature vectors can change rapidly due to fast fading effects induced by Doppler
shift at each multipath [6] and each element of spatial signatures can be modeled as
the sum of sinusoids [7,8]. Under such circumstances, employing the spatial signature
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of the previous uplink time slot as the downlink weight vector for the new mobile
position may result in performance degradation. This can be avoided by accurately
predicting the spatial signatures in the downlink interval and using predicted spatial
signatures as transmission weight vectors to control downlink beams.

The aim of present work is to predict downlink weight vectors via time delay
feedforward neural network (TDFN) modeling, adaptive linear neuron (ADALINE)
network modeling [9-12], and autoregressive (AR) modeling of uplink spatial
signature vectors. We compare the performance of these models under varying mobile
speed (V) and prediction filter (delay) order (P). The performance metrics used are
downlink SNR of the received power (SNR improvement, ∆SNR) and norm of error
vector between actual and predicted spatial signatures (relative error improvement,
∆ε), which indicate the accuracy of predictions and mobile user tracking. The
simulation results show that the TDFN performs better than ADALINE network and
conventional AR filter with both ∆SNR and ∆ε under high mobile speed and prediction
filter order/delay in fixed Doppler case.

The remainder of this paper is organized as follows: Section 2 describes a spatial
signature model that is used in the predictions. In Section 3, prediction methods based
on AR modeling and neural network modelings are explained. Section 4 presents
simulation conditions and results, and concluding remarks are given in Section 5.

2   Spatial Signature Vector Model

The transmitted band-limited baseband signal s(t) from a mobile unit is received by an
M element antenna array at the base station as

)()()()((t) tttts nIax ++= (1)

where a(t) is the spatial signature vector or the channel vector corresponding to the
mobile user, I(t) is the multiple-access interference, n(t) is the complex-valued noise
vector. Transmissions from the mobile user to the antenna array typically occur with
multipaths, each associated with a direction of arrival (DOA) that forms a steering
vector. The spatial signature vector determines the physical propagation
characteristics in the wireless environment and is expressed as a weighted sum of
steering vectors [5]. The spatial signature vector a(t) corresponding to the mobile user
is given by,

∑=
=

L

1i
i

(t)jφ
ii )(θeαr(t) i νa

(2)

where L is the number of multipaths; ri is the large-scale propagation path loss; αi is
the complex attenuation caused by reflections from local scatterers; ϕi(t) is the phase
shift induced by varying path lengths due to mobile movement (Doppler effect); ν(θi)
is the Mx1 steering vector for the ith multipath component which arrives at an angle of
θi. For downlink transmission, the SAS conventionally employs spatial signature
based beamforming method in which the spatial signature vector a(t-1) obtained
during the previous time slot is used as a weight vector w(t) at current time slot,
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)1()( −= tt aw (3)

In fast fading mobile environments, using the weight vector in (3) for downlink
transmission might lead to inaccurate beams, which is directed towards the previous
mobile position, and therefore, cause degradation in the received power at the mobile
terminal. This degradation can be eliminated by updating (predicting) the downlink
weight vector and therefore steering the downlink beam for the new mobile position.
To accomplish this, the smart antenna system must observe spatial signature samples
over several uplink time slots, then construct a model for these spatial signatures in
the uplink period, and then predict the spatial signature vector to be used as a weight
vector for the downlink beamforming at current time interval.

3   Prediction Models

3.1   Autoregressive (AR) Modeling

Small movements of the mobile user cause changes in the relative phase of multipath
components due to Doppler shift, elements of the spatial signature vectors are
expressed as the sum of sinusoids. Hence, each element of the spatial signature vector
can be treated as time varying autoregressive (AR) process [13,14] given by,

M ..., 2, 1,k       j)(ta b(t)a
P

1j
jk,

*
jk,k =∑ −−=

=

(4)

where P is the model or prediction filter order and bk,j are the filter coefficients. The
prediction filter coefficients are calculated by solving the Yule-Walker equations [14].

3.2   Neural Network Modelings

In this study, we use time delay feedforward neural network (TDFN) and adaptive
linear neuron (ADALINE) network. TDFN and ADALINE network [11-13] use
tapped delay line to perform temporal processing. Both neural network structures are
used to predict the next value of the spatial signature vector as the downlink weight
vector.

The difference between two structures is that ADALINE network predicts the
vectors adaptively. It doesn’t include any training process. The weights and biases are
updated sequentially based on the new input and target vectors for each time step.
TDFN uses a training set obtained from the data set. A model is constructed by
training network on training set until minimum error is reached after a maximum of
training epochs and then the vectors are predicted using this model. The structure of
TDFN and ADALINE network structures are as illustrated in Fig.1 and Fig. 2,
respectively.
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       Fig. 1. ADALINE network structure
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Fig. 2. TDFN structure without bias

Since the spatial signature a(t) is Mx1 complex valued vector, it is decomposed
into real aRe(t) and imaginary aIm(t) parts. In ADALINE modeling, they are
recombined to input to the network as 2Mx1 vector at each sampling time t given by,

T
MM

T
MM tatatatatqtqtqtqt )](  )(    )(  )([)](  )(    )(  )([)( ImReIm

1
Re
121221 == −q (5)

In TDFN modeling, the weights and biases are adjusted using Levenberg-
Marquardt learning algorithm to train the network in the training process. Input to
TDFN as 2x1 dimensional vectors can be shown for each elements of spatial signature
vector as follows,
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4   Simulations and Results

4.1   Simulation Setup

We perform computer simulations to evaluate the performance of prediction based
downlink beamforming of a SAS in TDD mode using ADALINE network modeling,
TDFN modeling, and AR modeling. Each spatial signature vector is 7x1 complex
valued vectors because the base station has 7-element uniform linear array antenna.
We generate Q=30 spatial signature samples to be compatible with UTRA-TDD
standard [15] using the model in Equation (2) for a given mobile speed (V), the
number (L) and mean DOA (θ) of multipaths, and angle spread (∆θ). We take
duplexing time (time between consecutive samples) as 10/15 ms and the carrier
frequency is as 1.8 GHz frequency. Within each 20 ms TDD frame, we assume that L
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and θ are constant, and other parameters such as Doppler shift fd,i parameters of each
multipath are time dependent variables. We consider Doppler shifts in the multipaths
are taken as the multiple of the Doppler shift in the first multipath, as given by

L,1,i    , ==
λ
ν

if id

(7)

In ADALINE modeling, to predict the next value of a spatial signature vector, we
employ a network that has 14 neurons at output layer. The reason for using 14
neurons is because of decomposing each spatial signature vector into the real and
imaginary parts and constituting a 14x1 input vector to the network. The spatial
signature vector to be predicted at time t, q(t), enters from the left into a tapped delay
line. The previous P values of q(t) are available as outputs from the tapped delay line.
We have used very small learning rate (η=0.04). In AR modeling, for each element of
the spatial signature, an autoregressive model with order P is constructed from the
first Q/2 spatial signature samples during the uplink interval. In the downlink interval,
next Q/2 spatial signature vectors are predicted using these AR model coefficients. In
TDFN modeling, the number of hidden and output neurons is 2P and 2, respectively.
The reason for using two output neurons is that we obtain real and imaginary part of
each element of predicted spatial signature vector at the time interval. We first
identify the available parameters as learning rate (η=0.05), step size (0.005), and the
number of epochs (5000). We construct a training set and a comprehensive testing set
from the first decomposed Q/2 spatial signature samples during the uplink interval.
After training process, next Q/2 spatial signature vectors are tested (predicted) with
updated weights and biases.

4.2   Performance Metrics

We use two different measures to test the accuracy of the above prediction models for
the spatial signatures. The first measure, which indicates the proximity of the
predicted and conventional spatial signatures to the actual ones in length, is defined as
the relative error improvement ( •ε) given by,
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where aactual and apred are the actual and predicted spatial signatures, respectively, for
the current time slot (mobile position) in the downlink interval, and aconv is the spatial
signature of the previous time slot. The second measure is the signal to noise ratio
(SNR) improvement (∆SNR). It can also be viewed as the measure of how accurately the
downlink beam is pointed in the direction of the new mobile position. By substituting
predicted spatial signature in place of the conventional spatial signature in (3), we
obtain some improvement in the downlink received power (SNR) given by,
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To obtain statistically conclusive results, we performed 500 simulation runs for a
given angle spread (∆θ), mobile speed (V), prediction filters order (P), and multipath
number (L). In each simulation run, the only changing parameter in propagation
environment is DOAs of multipaths, hence mobile start point randomly change within
scattering environment. The prediction performance is averaged over 10 ms downlink
period. Thus, we have obtained 500 values for ∆SNR and ∆ε values.

4.3   Results

The performance of TDFN, ADALINE network, and AR filter prediction models are
examined for various mobile speeds (V) and filter/delay order (P). Fig. 3 represents
the cumulative distributions of simulation results which are obtained for V=100 km/h,
P=5, ∆θ=60°, L=6. Obviously, ∆ε performances of TDFN based prediction are above
those of ADALINE and AR based prediction.

Note that for each simulation run, we have averaged ∆SNR and ∆ε values over
downlink period. We observe that at the 50 percentiles (in the mean value), TDFN has
∆SNR and ∆ε values approximately 34 dB and 3.6 dB, respectively and these values are
greater than the AR (8.5 dB-3 dB) and ADALINE (18 dB-3.4 dB) prediction does.
When the prediction filter order or delay in the neural models is varied from 4 to 6
and mobile speed is fixed as V=100 km/h, similar statistics are obtained for ∆SNR and
∆ε values over 500 simulation run. In other words, TDFN performance is always
above the AR and ADALINE performance for V=100 km/h. The results for mean
values are tabulated in Table 1. Performance of three methods increases with
increasing order/delay values compared to each others. But the rate of increase in ∆ε
for TDFN modeling is larger than that for ADALINE and AR modeling.

Table 1. Mean values of ∆SNR and ∆ε for various mobile speeds for fixed Doppler case and
random Doppler case

Model V(km/h) ∆SNR (dB) ∆ε (dB)
30 -2.620 8.066TDFN

network 100 3.560 34.268
30 -0.096 2.873ADALINE

network 100 3.373 17.886
30 0.110 6.938

AR filter
100 2.9177 8.593

The mean values obtained from cumulative distributions of three methods under
fixed filter order/delay (P=5), and low and high mobile speed conditions are given in
Table 2. We observe that for low speed (V=30 km/h) and high speed (V=100 km/h)
conditions in fixed Doppler case, ∆ε performances of these methods increase with
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increasing the mobile speed. But TDFN based prediction are better than those of
ADALINE network and AR based prediction; that is, TDFN network achieves better
approximation of predicted spatial signatures to the actual ones in length than other
models do. ∆SNR performance of TDFN is affected significantly by mobile speed. As
seen from Table 2, in low mobile speed, its performance gets worse, while in high
speed ∆SNR performance becomes better.

Table 2. Mean values of ∆SNR and ∆ε for various filter order/delay for fixed Doppler case and
random Doppler case

Model P ∆SNR (dB) ∆ε (dB)
4 3.644 33.258
5 3.500 34.268

TDFN
network

6 3.547 34.792
4 3.340 15.949
5 3.373 17.886

ADALINE
network

6 3.363 15.460
4 2.905 8.398
5 2.918 8.593AR filter
6 2.985 8.946

                                       (a)                                                                         (b)

Fig. 3. (a) and (b) Cumulative distribution of ∆ε and ∆SNR in fixed Doppler case under V=100
km/h, P=5, L=6, and ∆θ =60°

5   Conclusion

For smart antenna systems that operate in Time-Division-Duplex (TDD) mode, TDFN
network, ADALINE network, and AR modeling based predictions of uplink spatial
signatures for controlling downlink beams in fast fading wireless scenarios are
studied. Performances of three models are investigated for varying mobile speed (V)
and filter order/delay (P) conditions. We found that for low mobile speed (V=30
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km/h), using TDFN modeling for spatial signature predictions has no advantage in
terms ∆SNR (or downlink beamforming accuracy). However, TDFN, ADALINE, and
AR modeling can achieve certain level of relative error improvement (∆ε) for all
mobile speed and varying filter order. But TDFN performance is always above for all
conditions. Thus, it is feasible to employ TDFN, ADALINE, or AR modeling based
prediction of spatial signatures depending on the propagation conditions and link
budget requirements.
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Abstract. It is difficult for numerical method to forecast and control the anode
shape in Electrochemical Machining (ECM) with an uneven interelectrode gap,
so this paper introduces Artificial Neural Network (NN) to solve this problem.
The experiments with different cathode shapes and minimal interelectrode gaps
are carried out and the corresponding anode shapes are obtained. Those cathode
and anode shapes are discretized and taken as the input samples of a B-P
network. Quasi-Newton algorithm is used to train this network. To verify the
validity of the trained network, results obtained by NN are compared with that
obtained by the experiments, and the results show that the former is close to the
later, which indicates it is feasible to apply NN to solve this problem.

1   Introduction

ECM has been applied in the machining of many metal parts for its advantages. In
ECM [1], the workpiece is shaped by the different metal removal rate in different area
of the anode surface, which is caused by the uneven distribution of current on the
anode surface. In the general ECM process, the cathode moves towards the anode, so
the balanced state of interelectrode gap can be obtained after a period of machining
and the final shape of the anode is determined by superposing the interelectrode gap
over the cathode shape. In this case, some numerical or empirical methods can be
used to forecast and control the anode shape [2-4]. However, the anode needs to be
shaped with a static cathode sometimes [5], in other words, there doesn’t exist the
equilibrium interelectrode gap in the machining process and the anode shape entirely
relies on the difference of the metal removal rate on its surface. Therefore, it is
necessary to study two problems under the condition of uneven interelectrode gap.
One is the forecast-problem in which the anode shape corresponding to a certain
cathode shape needs to be forecasted (in this paper, it is also named as direct-
problem), and the other is the control-problem, in which the cathode shape should be
decided and this cathode is used to obtain an expectant anode shape (in this paper, it is
also named as reverse-problem). It is difficult for the existing theory of ECM to solve
the above problems, especially the control-problem. So, it is required to introduce
new methods. NN possesses a better adaptability to the complicated circumstance and
can approach an arbitrary non-linear function with any precision, so this paper tries to
use NN to forecast and control the anode shape with an uneven interelectrode gap.
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2   Forecast and Control of Anode Shape

Fig.1 illustrates the machining process with an uneven interelectrode gap in two
dimensions. In Fig.1, z=h(x) denotes the cathode shape, z=g(x, t) denotes the anode
shape, t0 is the initial time of machining, ti is an arbitary time of machining, tn is the
end time of machining and the curves pointed by t0, ti and tn denote the anode shape at
that time, respectively.

Fig. 1. Machining process with an uneven interelectrode gap.

Supposing that the function of electric field distribution in Fig.1 is u=u(z, x), the
function of current density distribution in the normal direction of the anode curve at
time t is:
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where λ is electrolytic conductivity.
According to Faraday law, the removal depth of the anode surface is:

tiV ∆= ηω (2)

where η is current efficiency, ω is volumetric electrochemical equivalent of the
workpiece material, i is current density and ∆t is machining time.

By taking Eq.1 to Eq.2, the following equation can be obtained:

)),('),('),('),('( txgxzuxzuxzutV xzxz ⋅++∆= ληω (3)

When ∆t→0, Eq.3 denotes the removal depth distribution in the normal direction
of anode curve at time t. If Eq.3 is taken as the removal depth distribution in Z
direction, the anode curve at time ti can be described as:
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i

⋅++∆+== ληω (4)

Where ∆t=ti-ti-1 and i=1,2,3…n. Owing to the substitution of the removal depth
distribution in the normal direction for that in Z direction, an error will occur
inevitably and its value depends on ∆t. The less ∆t, the less the error.
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At the end time of machining tn, the anode curve can be described as:
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where g(x, t0)=z0 is the initial condition and the function of u is:
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Boundary conditions of Eq.6 are shown as follows:

U=0, on the cathode; u =U, on the anode; 0=
∂
∂

n

u , on the insulating walls.

From the above analyses, it is known that the final anode shape is determined by
the electric field distribution in the machining process and the total machining time.
The electric field distribution is related to the cathode and anode shape, cathode and
anode position, and interelectrode voltage closely. However, anode shape is always
changing in the machining process, which leads to a real-time change of the electric
field distribution. Namely, the anode shape and the electric field distribution interact
with each other in the machining process. When Eq.5 is solved, the electric field
distribution at time ti needs to be decided according to the anode shape at that time,
and then the anode shape at time ti+1 is decided according to the electric field
distribution at time ti. This process is cycled continually and the final anode shape is
obtained. The solving precision relies on the interval from ti to ti-1, and the less the
interval, the higher the precision. Therefore, the calculation will be complicated if a
higher precision is required.

For the control-problem, it is more difficult to be solved. When the cathode shape
is uncertain, the boundary condition of the electric field distribution on the cathode
surface couldn’t be decided and the function of electric field distribution couldn’t be
established. So it is very difficult or nearly impossible for numerical method to solve
the cathode shape.

3   Application of B-P Network

Based on the above analyses, the author introduces NN to solve this problem. NN can
avoid the complicated modeling and numerical calculation. It is especially in favor of
the reverse-problem, because the solving process of the reverse-problem is essentially
a converse mapping process of the direct-problem.

3.1   Research Method

This research is made up of three sections, ie: 1) basic experiments in which lots of
training data are obtained; 2) network training including the training of direct-problem
and that of reverse-problem; 3) random verification in which the random input data
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are taken into the network and the output data are obtained, and then the reliability of
the output data is validated by the experiments.

3.2   Data Processing

According to Eq.5 and Eq.6, the final anode shape is determined by the conjunct
actions of the cathode shape, the interelectrode gap, the interelectrode voltage and the
machining time. The interelectrode voltage and the machining time are generally
decided by the practical requirement, and in this paper, the interelectrode voltage is
20V and the machining time is 4s. For satisfying the requirements of the input and
output in NN, it is necessary to discretize the cathode and anode shape. Fig.2 and
Table.1 illustrate the method.

Fig. 2. Method to describe the cathode and anode shape.

Table 1. Data processing method

Forecast Control
Input H=[h1, …hi, …hn], s G=[g1, …gi, …gn], s

Output G=[g1, …gi, …gn] H=[h1, …hi, …hn]

In Fig.2, A1, …Ai, …An are the control points of the cathode shape, so the cathode
shape can be described by H=[h1, …hi, …hn] and l. The rule to decide H is that A1 and
An are the boundary points, hi is a random number from 0 to hi+1 and the max of hi is no
more than 0.3 mm which is decided by the practical requirement. By above rule, the
randomicity of the samples can be ensured. The value of n is decided according to the
width of the cathode and it is an integer more than 1. Likewise, B1, …Bi, …Bn are the
control points of the anode shape corresponding to that of the cathode shape and the
anode shape can be described by G=[g1, …gi, …gn] and l. s denotes the minimum of
the interelectrode gap and it is a random number from 0 to 0.3 mm, which is decided
by the practical requirement.
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In the experiments, the width of the cathode is 6 mm, so n is 7, namely l equals 1
mm. By the above method, 80 groups of combinations of different cathode shapes (H)
and the minimum of interelectrode gaps (s) are constructed randomly. The
corresponding anode shapes are obtained by the experiments and the control points of
the anode shapes (G) are measured. After normalized, the data of H, G and s are taken
as the training samples of the network.

3.3   Network Training

This paper adopts the network structure with four layers (2×20×41×1), which include
an input layer, an output layer and two hidden layers. Quasi-Newton algorithm is used
to train the network owing to its good convergence. There is the program of Quasi-
Newton algorithm in the MATLAB software and the training is accomplished by
taking the samples to this program. In this way, the trained networks of forecast-
problem and control-problem are obtained.

3.4   Verification and Evaluation of the Trained Networks

To verify the validity of the trained network of forecast-problem, twenty groups of
new combinations of the different H and s are constructed randomly. With those
combinations, the experiments are carried out and the control points of the real anode
shapes (G′) are obtained. The same combinations are inputed into the trained network
and the control points of the simulated anode shapes (G) are worked out. By
comparing G with G′, it is found that eighteen relative errors are less than 5% and the
mean of the relative errors is 2.3%.

Fig. 3. Relative errors in the forecast and control problems.

The cathode shapes (H) corresponding to twenty groups of the combinations of the
expectant anode shapes (G) and s are worked out by the trained network of the
control-problem, and then those cathodes are manufactured. The experiments with
those cathodes and s are carried out and the control points of the real anode shapes
(G•) are obtained. By comparing G with G•, it is found that sixteen relative errors are) are obtained. By comparing G with G•, it is found that sixteen relative errors are
less than 5% and the mean of the relative errors is 4.07%. The relative errors in the
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forecast-problem and control-problem are shown in Fig.3. It needs to be pointed out
that the relative error in Fig.3 is the maximum of the errors in all control points for
every anode shape. The above results indicate that the relative errors in the forecast
and control problems could satisfy the practical requirements in ECM to a certain
extent.

In Table.2, Table.3 and Fig.4, two instances of the forecast-problem and the
control-problem are illustrated.

Table 2. An instance of the forecast-problem

i 1 2 3 4 5 6 7
Simulated anode shape (gi /mm) 0.039 0.040 0.042 0.046 0.051 0.063 0.088

Real anode shape (gi′ /mm) 0.040 0.041 0.043 0.045 0.053 0.065 0.085
Relative error (%) 2.5 2.44 2.33 2.22 3.77* 3.1 3.53

3.77* is the maximal error in this instance and is shown in Fig.3 (group 13).

Table 3. An instance of the control-problem

i 1 2 3 4 5 6 7
Expectant anode shape (gi/mm) 0.034 0.038 0.040 0.042 0.050 0.062 0.067

Real anode shape (gi′/mm) 0.035 0.036 0.041 0.045 0.053 0.063 0.070
Relative error (%) 2.86 5.56 2.44 6.67* 5.66 1.59 4.29

6.67* is the maximal error in this instance and is shown in Fig.3 (group 13).

(a) In forecast-problem                           (b) In control-problem

Fig. 4. Measuring results of the real anode shapes (H=10,V=200).

From the above results, it is also found that the mean of the relative errors in the
control-problem is more than that in the forecast-problem. The reason probably is
that, for the control-problem, the cathode shape is fitted by the control points, when it
is used to machine the anode, the fitting error of the cathode shape will influence the
anode shape. But, how to improve the control precision is still a problem worth to be
further studied.

4   Conclusions

• It is difficult for the numerical method to forecast and control the anode shape in
ECM with an uneven interelectrode gap. The application of NN could avoid the
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complicated mathematic modeling and solving, so this problem could be simplified
largely.

• In this research, the anode and cathode shapes are discretized by the control points
which are  taken as the input and output data of the network. This method provides
a reference for the similar problems.

• The comparison of the results obtained by NN and that obtained by experiments
shows that the former is close to the later, which indicates it is feasible to apply
NN to forecast and control the anode shape in ECM with an uneven interelectrode
gap and this paper’s work lays a foundation for the further study.
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Abstract. Computing the Multicast QoS routing is an NP-complete
problem. Generally, it was solved by heuristic algorithms, which include
tabu search, simulated annealing, genetic algorithms (GA), neural net-
works (NN), etc. In this paper, a hybrid neural network and genetic
algorithm approach is described to compute the multicast QoS routing
tree. The integration of neural network and genetic algorithm can over-
come the premature and increase the convergence speed. The simulation
results show that the proposed approach outperforms the traditional GA
and NN algorithm in terms of both solution accuracy and convergence
speed.

1 Introduction

As the rapid development of the internet, the interest and demands of distributed
multimedia applications are increasing. These applications involve the trans-
mission of multimedia information and therefore it is essential to satisfy QoS
constraints. The challenge to multicast routing is how to build multicast tree
subjected to the QoS constraints, for building a constrained multicast tree has
been proved to be an NP-completed problem [1]. Generally, these problems are
solved by heuristic method. Several deterministic heuristic methods to solve this
problem have been proposed [2], but they are computationally expensive and
cannot be practiced for large sized networks. Methods based on computational
intelligence such as neural networks (NN) and genetic algorithms (GA) may be
a good way to solve these problems.

There are already some NN-based algorithms and GA-based algorithms to
solve the QoS-based routing problem. Chotipat et al. [3] have proposed a modi-
fied version of Hopfield neural network model to solve delay constrained multicast
routing. It can find near optimal multicast route very fast, when implemented
by hardware, while it can’t overcome the drawback of easily getting stuck in
local minim . In order to improve it, Jzau-Sheng Lin et al.[4] have used an an-
nealed Hopfield neural network with a new cooling schedule, and Su-Bing Zhang
et al. [5] have proposed a dynamic routing algorithm based on chaotic neural
network, but all these methods have a drawback: they only care about one QoS
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parameter, the energy function is hard to construct, when more than two QoS
parameters are considered. Xiang et al. [6] have presented a GA-based algorithm
for QoS routing in multicast. When the size of the destination group is large,
the representation becomes very complicated, and it is hard to practice. Wang
et al. [7] have proposed a tree data structure for genotype representation in their
GA-based algorithm, and A.T. haghighat et al. [8] have extended the algorithm
of Wang et al., but all of these GA-based approaches have a weakness: It is easy
to get into local convergence and sometimes its convergence rate is too low.

In the remainder of the paper, we propose a novel hybrid neural network and
genetic algorithm approach for the QoS multicast routing problem. Some novel
schemes are also proposed for coding, crossover, mutation and back-propagation.

2 Problem Formulations

We model the network system as a directed connected graph G(V, E), where V
is a finite set of nodes and E is a finite set of links. Each link e(u, v) ∈ E is
associated with several nonnegative additive and subtractive QoS values: cost,
delay, available bandwidth, jitter, etc. Cost is represented a function, C(l), all
the addictive QoS parameters are denoted by the QoS function, Qi(e), and the
subtractive ones are denoted by QMi(e).

For a multicast connection, the problem of QoS routing is to find a multicast
Steiner tree T (s, D), where s is the source of a multicast request and D is the
set of destinations D = {d1, . . . , dn}.

Given a multicast Steiner tree, let PTe =
n∑

i=1
P (s, di)denote all the path of

the tree. The total cost of the tree T (s, D) is defined as
∑

e∈PTe

C(e), the total

addictive value of the tree T (s, D) is represented as the sum of all the links
in the tree:

∑

e∈PTe

Qi(e), and the bottleneck value of the tree is defined as the

minimum available value at any link along the path: min(QMi(e), e ∈ PT (s, d)).
Let ∆i be corresponding addictive QoS constraints and δi be corresponding
subtractive QoS constraints that need to be satisfied. The multiple-constraint
multicast routing problem is defined as follows:






∑

e∈PTe

Qi(e) ≤ ∆i

min(
∑

e∈PTe

C(e))

min(QMi(e), e ∈ PT (s, d)) ≥ δi

. (1)

3 The Proposed Algorithm

The genetic algorithm is a highly parallel randomly searching algorithm that im-
itates life evolution in the nature, its global searching performance is very good,
while the BP algorithm does quite well in local searching, we combine these two
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algorithms to yield a better performance. Generally, to solve the combinatorial
optimization problems, there are two methods to combine the GA with the NN:
1) The GA acts as the major method, and the NN is used to help the GA to
gain the good initial population or the better offspring. 2) The NN is the major
method, the GA is used as a common training method for the NN, or is used to
help to evaluate and optimize the neural network’s parameters and structure.

Most of the studies concentrate on the latter and use the Hopfield neural
network. In this paper, we deal with the former, and our algorithm is described
as follows:

1: Code and initialize a population of chromosomes.
2: Evaluate each chromosome in the population by the fitness.
3: Generate offspring by selecting parents, applying crossover and mutation.
4: Evaluate the new chromosomes and insert them into the population.
5: Apply the back-propagation operator on the offspring, and replace the
original one with the better solution.
6: If stopping criteria are met, return the best solution. Otherwise, go to 2.

3.1 Coding and Initial Population

In the hybrid algorithm, we have used tow types of coding scheme: a floating-
point number coding scheme and a nodes-sequence coding scheme. In the nodes-
sequence coding scheme, each chromosome is coded as several nodes sequences
between every pair of source and destination node of a multicast tree. At first,
we use the nodes-sequence coding scheme for the mutation and crossover oper-
ations, after each iteration of the evolution, we use a floating-point number to
represent this chromosome, and then we apply the modified back-propagation
neural networks into the population with these floating-point numbers.

3.2 Fitness Function

GA adopts fitness value to direct the search. It means, for an individual with
larger fitness value (the multicast tree’s delay is bounded with a low cost and
other QoS metrics constraints are satisfied), it will appear in the next genera-
tion with larger possibility. In our algorithm, the constraints may be handled
through penalty function. Then the constrained optimization problem may be
transformed to unconstrained optimization. Therefore, the fitness function is
designed as follows:

F (T (s, M)) =
α(βi(

∏

d∈M

φ(Qi(P (s, d) − ∆id))+χj(
∏

d∈M

φ(QMj(P (s, d)−δjd)))
∑

e∈T (s,M)
C(e)

φ(Z) =
{

1 Z≤0

r Z>0
. (2)
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Where α, βi, χj are the positive real coefficients, which reflect how impor-
tant the cost, the addictive QoS metrics and the subtractive QoS metrics are
respectively, φ(Z)the penalty function and r the degree of penalty.

3.3 Crossover and Mutation Strategy

For each path, P (s, di), based on the total cost, we use the same penalty method
in the path as in the whole multicast tree:

F (P (s, di)) =
α(βφ(Qj(P (s, di)) − ∆jdi) + χ(φ(QMk(P (s, di)) − δkdi))∑

e∈P (s,di)
C(e)

. (3)

We compute the fitness of two paths in an individual and select the better
path, we get the set of the paths: TPO = {PO(s, d1), PO(s, d2), ..., PO(s, dm)},
then we use one of the following well-known crossover schemes for it:

One point crossover operator
One point crossover operator, with fixed probability Pc(≈ 0.6 − 0.9)
Two point crossover operator
The mutation operation is applied with the fixed probability (0.005-0.1),

Firstly, select tow nodes in the PO(s, di)randomly, say n and m, and then search
a path from n to m with the well-known randomized depth-first search algorithm.
Secondly, insert this path in to the PO(s, di), if there are any same nodes in the
new PO(s, di), delete the link between the same nodes.

3.4 Back Propagation

After the iteration of the evolution, we reconstruct every tree and code it in
floating numbers. Then we apply the modified back-propagation to it. Back-
propagation needs a teacher that knows the correct output for any input (“su-
pervised learning”). We don’t have the exact result here, so we modify the BP
a little bit, we use the difference between the best individual and every indi-
vidual in this generation to direct the error back-propagation. We also apply
momentum and variable learning rate to the BP neural network, which help to
accelerate convergence and to keep the evolution trajectory moving in a consis-
tent direction. We obtain the following equation for it:






Tj(k + 1) = Tj(k) + η∆(Tj) + α(k)Ej(k)
α(k) = 2λα(k − 1)
λ = sgn[Ej(k) − Ej(k − 1)]
∆(Tj) = [Tbigest(k) − Tj(k)] |N(0, 1)|
Ej(k + 1) = ηaccj(k)∆(Fj) + α(k)Ej(k)

accj(k) =
{

1 if the update improved cos t
0

. (4)

where Tj(k) is the variable of an jth individual at the kth generation. η is the
learning rate, αthe momentum rate, N(0, 1) denotes the normal distribution,
| · | denotes an absolute value, ∆(Tj) is the amount of change of an individual,
Ei(k) is the evolution tendency of previous evolution.
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4 Simulation Results

In this section, performance of our hybrid algorithm and other GA, NN algo-
rithms is evaluated via simulation under various random graphs. The random
graphs used in the experiments are generated by the Salama[9] graph generator.
The source and the destinations are randomly generated . We have implemented
the proposed hybrid algorithm on a P4 (1.5G), 256 MB RAM, PC in c program.

Fig. 1. Running time of the proposed Algorithm

We carried out the proposed hybrid algorithm for different kinds of networks
with different nodes as shown in Fig. 1. It shows that by increasing the network
scale, the algorithm still yields good performance: the running time of the pro-
posed hybrid algorithm grows slowly with the size of the network. It can satisfy
the real time request of the running real-time networks.

By simulations, we compare the results of our hybrid algorithm with the
traditional GA and NN method. For the sake of comparison, we use the same
parameters and set the same delay bounds and bandwidth constraints to the
multicast tree. The experiments mainly concern the convergence ability and the
convergence speed.

Table 1. Comparison of the proposed algorithm, GA and NN. CIA:Convergence it-
eration of average;P(400), P(1000): Possibility of convergence within 400 and 1000
iterations P(loc): Possibility of getting stuck into the local convergence

Algorithm CIA P(400) P(1000) P(loc)
Proposed Algorithm 353 0.78 1 0.001
GA 1602 0 0.2 0.08
NN 2116 0 0.08 0.11
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Performance behavior of proposed algorithm and GA methods for a network
with 30 nodes is shown in tabl.1. All the algorithms can converge to a good rout-
ing, while the proposed method has found a feasible route by few generations(or
iterations), and also, the propose algorithm’s possibility of getting stuck into the
local convergence is much lower than the others. Therefore, the search efficiency
of the hybrid method is better than GA and NN method.

5 Conclusions

In this paper, we have proposed a novel QoS multicasting routing approach by
combining back-propagation neural networks and genetic algorithm. The perfor-
mance evaluation via simulations shows that the proposed hybrid algorithm has
better behavior than GA and NN. From the simulation results, we conclude:

The back-propagation speeds up the convergence and jumps out of the pre-
mature convergence effectively; the proposed algorithm can find a feasible QoS
route faster than GA and NN.

The nodes sequences coding scheme simplifies the mutation and crossover
operation. The proposed algorithm has easy genetic operations;

The proposed algorithm is easy to be extended to applications with more
than two QoS constraints.
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Abstract. With dynamics property and highly parallel mechanism, recurrent
neural networks (RNN) can effectively implement blind adaptive multiuser
detection at the circuit time constant level. In this paper, the RNN based blind
adaptive multiuser detection is extended to ubiquitous asynchronous DS-
CDMA systems, and the performance of the output signal to interference plus
noise ratio, asymptotic multiuser efficiency, computational complexity,
operating time, and mismatch of the detector are quantitatively analyzed. With
performance analysis and numerical simulations, it is shown that RNN based
blind adaptive multiuser detection can converge at the steady quickly and offer
significant performance improvement over some existing popular detectors in
eliminating multiple access interference and “near-far” resistance.

1 Introduction

Direct-sequences code-division multiple access (DS-CDMA) schemes have been
considered as the attractive multiple access technique in third-generation (3G) and
future beyond 3G or 4G systems [1, 2]. In the DS-CDMA framework, multiple-access
interference (MAI) existing at the received signal creates “near-far” effects and
constitutes the main limitation. Multiuser detection (MUD) techniques can efficiently
suppress MAI and substantially increase the capacity of systems.

Recently, considerable attention has been focused on blind adaptive multiuser
detection (BAMUD) [3-6] only requiring the knowledge of the signature waveform
and timing of the desired user. BAMUD based on least mean squares (LMS),
recursive least squares (RLS), and Kalman algorithms were proposed in [3, 4, 5].
Despite their simple structures it is still difficult to implement them in real time. A
circuit implementation for BAMUD based on the recurrent neural networks (RNN)
proposed by Tank et al [7, 8] was developed in [6], which only discussed the
synchronous system and was not be involved in the quantitative performance metrics.
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In this paper, we extend the recurrent neural networks based blind adaptive
multiuser detector to asynchronous systems and its performance of the output signal
to interference plus noise ratio, asymptotic multiuser efficiency, computational
complexity, operating time, and mismatch effect is quantitatively analyzed .

2 Discrete Asynchronous Signal Model

Consider an antipodal K-user asynchronous DS-CDMA system signaling through an
additive white Gaussian noise channel. Without loss of generality, let user 1 be the
desired user, and the delay of user 1 to K satisfy 1 20 k Tτ τ τ= ≤ ≤ ≤ < , where

k k cp Tτ = , {0,1,..., 1}kp G∈ − . T and Tc, respectively, is the symbol and chip interval,

satisfying T=GTc, where G is the spreading gain. Assumed that bk(i) and Ak,
respectively, is the data bit at the ith interval and its amplitude transmitted by user k.
By passing through a chip-matched filter, followed by a chip-rate sampler, the
discrete-time output of the receiver is

( ) ( ) ( )i i i= +r SAb n  , (1)

where ks  is the signature waveform vector with size of 1G × corresponding to user k,

2 2( ) [ ( ), ( ),..., ( ), ( )]T
I K Ki d i b i d i b i=b , 1( ) [ ( ), ( )]T T

Ii b i i=b b , ( ) ( 1)k kd i b i= − , 1( , )Idiag A=A A ,

2 2( , ,..., , )I K Kdiag A A A A=A , 21 20 1 0[ , ,..., , ]I K K=S s s s s , 1[ , ]I=S s S , 0 0k k=s T s , 1 1k k=s Ts ,

0
( ) ( )k kG p G p− × −

 
=  
 

0 0
T

I 0
, 1

k kp p× 
=  
 

0 I
T

0 0
, ( )2( ) ~ ,t σn 0 IN , and I is the identity matrix.

3 RNN Based Blind Adaptive Multiuser Detection

The structure of the RNN for solving the linear programming problem [7] with M=3
inputs and N=3 outputs is illustrated in Fig. 1. When f(z)=K1z and g(u)=K2u, where K1

and K2 are amplifying gain, the obtained RNN is always stable. It can be used to solve
the Least Square (LS) problem with infinite precision in real time without the
“programming complexity” and local minimum problem inherent in Hopfield
networks [7, 8]. The blind multiuser detector based on the minimum output energy
(MOE) is 1

1 1MOE β −=w R s , where 1
1 1
Tβ −= s R s , 2 2[ ]T TE σ= = +R rr SA S I  [3, 4]. Letting the

connected strength matrix D=R and bias current p=s1 of the RNN, we can obtain

( )1 2 1 1/ /T Td dt RC K K C K C= − + +u I R R u R s  , (2)

where R and C is the resistance and capacitance. At the stable point, its output is

1 1
1 2 1 1(1/ ) T TRK K

− − = + ≈ v I R R R s R s  . (3)

The RNN based blind adaptive multiuser detector (RNNBBAMUD) can be get by

1 2 2 1
1 1 1 1/ [ ]T T

RNN β β σ− −= ≈ = +w v s v R s SA S I s  . (4)
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If R, K1, and K2 are appropriately chosen, the obtained detector can approach to that
based on the MOE criteria at any precision. Letting λ  be the forgetting factor, the
correlation matrix can be iteratively updated to track dynamic channels as follows.

( ) ( 1) ( ) ( )Tn n n nλ= − +R R r r  . (5)

4 Performance Analysis

4.1 Output Signal to Interference plus Noise Ratio (SINR), Bit Error Rate
(BER), and Asymptotic Multiuser Efficiency (AME)

After the RNNBBAMUD converges, the detector will keep unchanged and approach
to the MOE based detector. The output signal of the detector of the desired user

1 1 1 1 1 1( ) ( ) [ ( ) ( )]T T
I I Iy i Ab i i i= + +w s w S A b n  . (6)

According to the formula above, we can obtain the output SINR of user 1.

{ }2 22 2 2 2 2 2 1
1 1 1 1/ [ [ ] [ ]T T T T
theo I ISINR A β σ σ− −≈ + + +s SA S I S A SA S I s  . (7)

It is obvious to write out the expression of BER at steady state by  (6)

( )
{ }2( 1)

2(1 )
1 1 1 1

1,1

( ) 2 /
K

I

k T
I I IP Q Aσ σ

−

−

∈ −

 = − ∑
b

w S A b w  , (8)

where 
2( / 2)( ) (1/ 2 ) x

x
Q x e dxπ

∞ −= ∫ . Under the high signal to noise ratio condition

( 0σ → ), the error probability is mainly decided by the maximal term of sum in (8).
Therefore, the AME of the desired user in asynchronous systems is

( ) 22
1 1 1 0 1 1 1

2

max 0,1 / /
K

T T
asyn k k k

k

A Aη
=

  = − +   
∑ w s w s w  . (9)

4.2 Computational Complexity and Operating Time

By (2), we can know that the convergence time of the RNN is dependent on the
minimal eigenvalue minλ  of the matrix 1 2 /TRC K K C+I R R . Although the accurate

value is related to the background noise level, we can choose the lower bound as
1 RC . The corresponding circuit time constant (CTC) is equal to RC in second.

Therefore, the approximate convergence time can be obtained by 5RC. In actual
systems, since RTR and R have the same signal subspace, 4

min 1 21 /RC K K Cλ σ= +  for
the synchronous system with K G<  and it is possible that min 1 RCλ >>  for the

asynchronous system with 2K G≥ . Therefore, the RNN can converge at the steady

solution with faster speed in asynchronous systems than that in synchronous systems.
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Apart from the convergence time needed by the RNN, the iterative updating for the
correlation matrix by (5) will also consume processing time. We compare the
computational complexity and operating time of several detectors in Table 1.

Table 1. Computational complexity (CC) and operating time (OT) needed by the LMS, RLS,
KALMAN, and RNN based blind adaptive multiuser detectors by using a digital signal
processor  with the instruction period of 25 nanoseconds and programming efficiency of 50%.

Detector LMS RLS KALMAN RNN
CC 6G 4G2+7G 4G 2 - 3G 2G2 + 2G
OT (in sec.) 300G 200G 2 + 350G 200G 2 - 150G <100G2 + 100G+5RC

4.3 Mismatch Effect

Due to multipath propagation, timing error, the deviation between D and R, and the
estimation error of R, mismatch always exists in actual systems. Suppose that

1 1 1= +s s δ , T
g g= +D R ∆ , f f= +D R ∆ , and ˆ = + RR R ∆ , where 1δ , g∆ , f∆ , and R∆  are

corresponding mismatch level. Furthermore, let T
g g′ = +R∆ ∆ ∆ and f f′ = +R∆ ∆ ∆ , it

follows that T
g g′= +D R ∆ , f f′= +D R ∆ , and T

f g′ ′= +∆ R ∆ ∆ R . According to the dynamic

equation in (2), we can get the error of the RNNBBAMUD.

{ }21
opt α ζ χ−− ≤ + +w v R  , (10)

where 1
1opt

−=w R s , 1 2/opt RK Kα = w  can appropriately be adjusted by R, K1, and K2.
21

1 2/ 1opt gRK Kζ −  ′= + +  
∆ w R ∆  is induced by the estimation error of correlation

matrix and connection strength error. 1 1
1 2 1/ 1/RK Kχ − − = + R R δ  is brought about by

the signature waveform mismatch.

5 Numerical Simulation

The performance of the RNNBBAMUD in asynchronous systems with 6 users is
verified by Monte Carlo numerical simulation compared with that of the blind
adaptive multiuser detectors based on, respectively, the LMS [3], RLS [4], and
KALMAN [5] algorithms, the conventional matched filter (MF), MMSE detector, and
the performance bound of the MF in single user system, namely by single user bound
(SUB). The forgetting factor is equal to 0.997. The signature waveform of each user is
Gold sequence with G=7. 10R k= Ω  and 10C pF=  in the RNN. Define Signal-to-Noise
Ratio(SNR) of user k as SNRk. The desired user is user 1 while all other users are the
interfering users, that’s SNRE=SNR1, SNRI=SNR2~K.

The average output SINR performance versus iteration number in the dynamical
environment changing number of users is illustrated in Fig. 2. While n<300, user 1 to
4 are active users. At n=300, user 5 and 6 are added to the system. At n=700, user 3
and 4 leave the system. Furthermore, SNRE=15dB, and SNRI=25dB thus existing
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strong MAI. From the figure, the RNNBBAMUD takes on faster convergence rate
and is closer to the theoretic value than other mentioned detectors.

           Fig. 1. RNN with M=3 and N=3      Fig. 2. Average SINR versus number of iterations

Fig. 3. BER versus SNR                             Fig. 4. BER versus RNR

The BER performance versus SNR at the steady state, assumed n=1000, is
demonstrated in Fig. 3, where SNRI=18dB keeps unchanged while SNRE changes from
0 to 12dB. The performance of suppressing MAI and near-far resistance at the steady
state is stimulated in Fig. 4, where SNRE=8dB keeps unchanged while the “Far-to-
Near ratio”(FNR), defined as SNRI / SNRE, changes from -6 to 16dB. From Fig. 3 and
4, it is shown that the RNNBBAMUD demonstrates the superior ability of
suppressing MAI and background noise.

            Fig. 5. AME versus FNR               Fig. 6. Transient response of RNNBBAMUD
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The AME performance versus FNR at the steady state is presented in Fig. 5. From
the figure, we can see that the AME of the RNNBBAMUD approaches to that of the
MMSE based detector in asynchronous channel.

The dynamics property of the RNN is simulated in Fig. 6, where SNRE=10dB,
SNRI=18dB,  n=1000, and approximate theoretic CTC is 1.08ns. The figure shows
that the RNN can reach the steady state at CTC level.

6 Conclusions

In this paper, we extend the RNN based blind adaptive multiuser detection in
asynchronous DS-CDMA systems, and quantitatively analyze the performance of the
output SINR, AME, computational complexity, operating time, and mismatch of the
detector. With performance analysis and numerical simulation, it is shown that the
RNN based blind adaptive multiuser detector is superior to some famous existing
popular detectors in eliminating MAI and “near-far” resistance. Furthermore, the
detector can converge at the steady state quickly and can be implemented in real time.
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Neural Direct Sequence Spread Spectrum Acquisition
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Abstract. A neural network model is described which simulate the Parallel
Matching Filtering (PMF) for Direct Sequence Spread Spectrum (DSSS) signal
acquisition. This system is based on training the Counter Propagation Network
(CPN) in all half chip phase shifts of the Pseudo Noise (PN) code. The trained
network can be used at the receiver for the signal acquisition. The CPN
performance in Additive Wight Gaussian Noise (AWGN) channel is evaluated.
Computer simulations carried on maximal length sequences of length N=256,
show that the proposed system can effectively decide the half chip phase shift
of the received code even at much lower Signal to Noise ration (S/N) until
S/N = -27.74dB. This model has a simple architecture, so can be realized in a
simple hardware. This makes the neural network based acquisition technique
faster and more robust than the other conventional acquisition techniques. 

Keywords. Neural Network, Matching Filtering, Direct Sequence Spread
Spectrum Acquisition, Counter Propagation Network

1   Introduction

The code synchronization is required for implementation of spread spectrum systems.
In the DSSS system [1], the message signal is multiplied by a high-rate digital signal
(called spreading code) which widening the signal bandwidth. This signal then is
modulated on a carrier. The rate of the spreading code is called chip rate and it is
usually much higher than the data rate. Hence, the energy of the signal is spread over
a much higher bandwidth and the spectral density is lowered. At the receiver, the
spreading code is removed by multiplication of the received signal with a local replica
of the code. Hence, the spectral density of the information signal is raised to its
original level and the interfering signals are spread and removed using a filter. The
overall synchronization process can be divided into two stages initial synchronization
(acquisition), and tracking [2], [3]. The acquisition is more difficult than tracking [1].
Typical acquisition methods include serial, parallel and hybrid systems. Since a
common serial acquisition time is rather long [4] and detection probability also low,
so the parallel method was proposed for DSSS acquisition [5]. The purpose of the
DSSS receiver is to de-spread the received signal and to extract the information
content from the de-spread signal. The received signal can be expressed as:

)()()( tntsigtr += (1)
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).cos()()(2)( 0 θξ +++= twtwTtCtdStsig dc
(2)

Where: S is the signal power, d(t) is the data, w0, wd and θ are the carrier frequency,
the Doppler frequency and carrier phase respectively. The expression C(t+ξTc) is a ± 1
valued, with respect to an arbitrary code delayed ξTc time. The noise component n(t)
represents the AWGN. Recent years the applications of neural networks in pattern
recognition, digital signal processing, as well as in digital communications, have been
studied increasingly [6], [7]. In this paper, a neural direct sequence acquisition system
is presented using the CPN.

2   PN Code Phase Shifts Descriptions

The spreading PN code is assumed to be the maximal length sequences of period N =
256 as:

],,,,[ 1210 −= NccccPN … (3)

Each PN code bit was duplicated to make a vector of 512 bits as in equation 4. This
duplication done to make the proposed system recognize each half chip phase shift of
the PN code. The vector represents the zero phase shift sequence as:

],,,,,[ 1211100 −−= NN ccccccC … (4)

The next phase shift sequences can be formed by taking the 2N consecutive values
starting from the second value of the previous sequence as:

],,,,,[ 01212110
1 ccccccC NN −−= … (5)

All the 512 PN code phase shifts C2N were utilized for training and testing the CPN.
Also they added with AWGN in different power levels for testing the CPN. The aim
of the detector is to detect the presence of the signal sig(t) in the received signal r(t).

3   Neural DSSS Acquisition Model

The neural network models divided mainly into two categories: (1) current networks
or feed forward; (2) recurrent networks or feedback networks. The Hopfield net is
considered as a good example for the recurrent networks. The response of such
networks is dynamic since this output feedback to modify the input. However, the
stability could be problem for this network [8]. The CPN is a combination of two
well-known networks, which are the Kohonen and Grooberg networks. Fig. 1 shows
the structure of CPN. The neurons in layer 1 act as distributors to Kohonen's layer and
perform no computation.
The Kohonen's layer functions in a winner take-all manner [8]; that is, for a given
input vector, only one Kohonen's neuron outputs a logical one and all others output a
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Fig. 1. CPN structure

zero. Each neuron in layer 1 connects to every neuron in the layer 2 through a
separate weight wij, where i=j=1,2, …, 2N. The Kohonen's neuron output Ki is simply
the summation of the weight inputs and can be defined in matrix form as:
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.WCK = (6)

Where W is the weight matrix after training. The Kohonen's neuron Ki with the largest
output value should be the "winner" and its value is set to one, and all others are set to
zeros. In other words, the activation function of the Kohonen's neurons is represented
by a step function. The learning approach of this layer is a self-organizing algorithm
that operates in the unsupervised mode. The training method can be described as:

1. Initialize the weight matrix W of order 2N×2N to small random values.
2. For each PN shift, the input pattern is represented by vector of 2N elements.
3. Normalizing each input vector Ci before applying to the Kohonen's layer.
4. Adjust the weight vector such that

).( 11 −− −+= iiii WCWW α (7)

Where: α is a training rate coefficient that usually ≤ 0.7. It is apparent from
equation (7) that the training process actual selects the Kohonen's neuron Ki

whose weight vector is most similar to the input vector.
5. The above steps are repeated to each PN code phase shift to calculate W.

The only action of each neuron in the Grossberg layer is to output the value of the
weight that connects it to the single nonzero Kohonen's neuron. The job of this layer
is to mapping the winner neuron number at Kohonen layer to the PN code phase shift
number. The training algorithm of this layer can be described as:

1. Initialize the weight matrix V of order 2N×M to zero values.
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2. The desired output vector Yi of length M=9 which the PN code phase shift
numbers 512 can represented in 9 bits.

3. Let the response of each Kohonen's neuron Ki is set to one and other
components are set to zero; then the weight vector Vi is defined as:

ioldijioldijnewij Kvyvv )( −+= β (8)

Where: Ki is the output of Kohonen's neuron i (only one Kohonen's neuron is
nonzero), yj is the component j of the vector of desired outputs and β initially
is set to approximately 0.1 and is gradually reduced as training progresses.

4. The above steps are repeated for all Kohonen's neurons to calculate V.

4   Experiments and Results

The proposed model was tested using 512 vectors, all the PN code half chip phase
shifts. The experiments were done when applying all the PN half chip code shifts and
found that, the recognition rate was 100% until S/N = -27.74dB. The Kohonen
training network has useful and interesting advantage that, the ability to extract the
statistical properties of the input data (PN code shifts) [8].

Fig. 2. From left to right and upper to down are the Cross Correlations of the PN code shifts
and weight vectors respectivly

This advantage matching with the proposed model simulations which the cross
correlations between the weight vectors after training are the same cross correlations
between the PN code shift vectors as shown in Fig. 2. From left to right and upper to
down, the fist three figures are the cross correlation of the zero half chip phase shift
with itself, 5th and 50th half chip phase shifts respectively. The second three figure
related to the cross correlation of the first weight vector of the W matrix with itself, 5th

and 50th weight vector respectively.
It is well known that circular cross correlation of two discrete sequences in the time
domain equivalent to multiplication of one sequence by the conjugate of the other
sequence in the frequency domain. Fig. 3 from left to right shows that, the output
result of the Kohonen layer when applying the PN half chip code shifts number 10, 50
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and 200 without noise. Which the output of the Kohonen layer is the cross correlation
between the PN half chip code shift and the trained weight matrix vectors.

Fig. 3. From left to right the output of Kohonen layer when applying the PN code shifts No. 10,
50 and 200 respectivly

Fig. 4 from left to right shows that, the output of the Kohonen layer when applying
the PN half chip shift number 50 with different AWGN, which showed the
corresponding cross correlations between each of them with the trained weight matrix
vectors respectively.

Fig. 4. From left to rigyyht the output of Kohonen layer when applying the PN code shifts
number  50 at S/N= -5.65dB, -15.36dB and -27.74dB

5   Conclusions

A neural network detector has been described which can be used for non-coherent PN
code acquisition in a DSSS system. First the CPN was introduced as an approach for
DSSS acquisition. The CPN is trained on the PN half chip code shifts under
consideration using the self-organizing algorithm. The neural network uses 256×2
shifts as its inputs of the received sequences for training to get the weights and test. It
has been shown through simulation that the performance of the CPN is suitable for
the DSSS acquisition even at lower signal to noise ration, until S/N = -27.74dB.
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Abstract. In this paper, we consider the channel assignment problem in
cellular mobile communication systems, which assigns a channel to every
requested call with the minimum span of channels subject to interference
constraints. In this paper, a multi-stage heuristic algorithm using neural
networks for the channel assignment problem is proposed. The proposed
algorithm is devised to find first a good initial feasible assignment, then a
locally optimal assignment, and finally a overall best quality assignment.
The proposed algorithm has been applied to the Philadelphia bench-
mark instances. Experimental results show that the proposed method is
competitive with the other existing algorithms.

1 Introduction

In the last few years, demands for the cellular mobile service are growing rapidly.
Since the available electromagnetic frequency spectrum is limited, the efficient
use of frequency spectrum is regarded as of major importance. In a cellular mo-
bile network, the service area of the system is divided into a large number of
cells. When a user requests a call for this system, a channel is assigned there to
provide the communication service. However, due to the nature of radio trans-
missions, calls generated in a cell may cause interference with calls generated in
the other cells.

The objective of the channel assignment problem (CAP) is to assign a channel
to every customer’s call while satisfying the constraints imposed to avoid the
radio interference among the channels assigned to the same cell or in relatively
adjacent cells. The mathematical model for the CAP considered in this paper is
as follows:

minimize maxi,k fik

subject to |fik − fjl| ≥ cij ∀i, k, j, l(i �= j, k �= l)
fik is nonnegative integer

(1)

where N is the number of cells in the system, mi, 1 ≤ i ≤ N is the number of
channels required in cell i, cij , 1 ≤ i, j ≤ N is the channel separation constraint
between a call in cell i and a call in cell j, and fik, 1 ≤ i ≤ N, 1 ≤ k ≤ mi is
the frequency assigned to the kth call in the ith cell.
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In this paper, we propose a novel multi-stage algorithm to find a conflict-free
frequency assignment with the minimum number of total frequencies. In the first
stage, a good initial assignment is found by using a so-called frequency insertion
strategy (FIS). In the second stage, this initial assignment is adapted to a locally
optimal assignment using an adaptive local search. In the final stage, a parallel
neural-network algorithm is employed to find a better optimal assignment than
the assignment obtained from the second stage. This paper is organized as fol-
lows. In Section 2, a novel multi-stage algorithm is proposed. In Section 3, some
experimental results and comparison for the benchmark problems are discussed.
Section 4 contains a conclusion.

2 The Proposed Method

2.1 Initial Assignment Stage

In the first stage, a good initial feasible assignment is found using a frequency
insertion strategy (FIS) [4]. The FIS initially permits constraint-violating as-
signment pretending that we do not have enough frequencies and then inserts
necessary frequencies to resolve the violation by sliding the relevant calls, in-
creasing the number of frequencies required. The basic procedure of FIS is as
follows:

Step 1. Assign the frequency to a call that results in least increment of
maximum frequency.
Step 2. If the call to which the frequency assigned causes constraint viola-
tion, this violation may be avoided by using frequency rearrangement called
frequency iteration.

In step 2, to avoid constraint violations, we calculate conflicts from frequency 1
to maximum frequency and assign the calls to the minimum-conflict channel as
widening bandwidth following conflict size. A simple example of FIS is given for
illustration in Fig. 1.

2.2 Local Search Stage

The basic idea behind using local search for CAP is as follows; Given a current
ordered list of calls xp, we construct a new neighbor x′

p by selecting two calls
and swapping their positions in the call ordering list. The neighborhood N (x)
is searched in this way for a new configuration xp+1 for which f(xp+1) < f(xp).
During the local search stage, frequency exhaustive strategy (FES), which assigns
each call to the least possible frequency [2], is used instead of FIS. When it
converges to the local minimum assignment or fails to find such a solution before
limit is reached, the local-search algorithm terminates.

One distinguished feature of the proposed local search distinguished from
existing ones such as CAP3 [3] is that it obtains new call ordering from the
result of FIS and uses it as an initial call list of a local search in the Stage
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Fig. 1. A simple example of frequency assignment using FIS

II. Existing local search algorithms for CAP mostly use a node-degree ordering
heuristics [2] 2] to generate an initial list of calls, whereas the proposed method
obtains a new call list according to the order of calls assigned to ascending
frequency order obtained by FIS of Stage I. In the case of example in Fig. 1, an
initial call list for local search is not [4 4 4 1 2 3],but [4 1 3 4 2 4].

2.3 Neural Network Assignment Stage

In the final stage, neural-network assignment is employed to find a better solution
using the result of assignment in the Stage II. After releasing calls in some cells,
the calls are assigned to channels once again by using neural-network. To find the
assignment that contains no violate constraint within the M channels, we use a
hystereses McCulloch-Pitts neuron model where the output of the ith neuron Vi

as follows [6]:

Vi(t + ∆t) =






1 if Ui > UTP (upper trip point)
0 if Ui < LTP (lower trip point)

Vi(t) if LTP ≤ Ui ≤ UTP
(2)

where Ui is the input of ith neuron. To solve N -cell-M -channel CAP, a total
N ×M binary neuron is used. The motion equation of the ijth neuron in the
N -cell-M -channel problem is given by :

dUij

dt =−A(
∑m

q=1 Viq−di)−B(
∑j+(cii−1)

q=j−(cii−1)
q�=j,1≤q≤M

Viq+
∑N

p=1
p�=i

cip>0

∑j+(cip−1)
q=j−(cip−1)

1≤q≤M

Vpq) (3)

where A and B are coefficients, Vij is output of neuron#ij that represents the
assignment of channel #j to cell #i, and di is the demand of cell #i. The first
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Fig. 2. The 21-cell cellular networks of the Philadelphia problem

term has nonzero output, if a total of di frequencies are not required for cell #i.
The second term has nonzero output if the assignment of frequency violates the
constraints. All the input values Uij are updated while all the outputs Vij are
fixed. Then all the outputs Vij are updated while all the input values Uij are
fixed. The energy function E corresponding to Eq.(3) is defined as follows:

E =
A

2
(

m∑

q=1

Viq − di) +
B

2

n∑

i=1

m∑

j=1

(
j+(cii−1)∑

q=j−(cii−1)
q�=j,1≤q≤M

Viq +
N∑

p=1
p�=i

cip>0

j+(cip−1)∑

q=j−(cip−1)
1≤q≤M

Vpq)Vij (4)

The energy function E is zero when no constraints are violated. And the goal
of neural network model described by Eq.(3) is to find zero point of the energy
function E.

2.4 Algorithm

Algorithm 1 (Multi-stage algorithm using neural-network algorithm for CAP)

% Initial assignment stage using FIS
1) Set lower bound of maximum frequency, max iterate imax
2) Assign frequency using FIS algorithm. And X is a new call ordering list

obtained from the result of FIS, and fmax is max frequency.

% Local search stage
3) Select a call aik in maximum frequency cell, and a call ajl randomly

(j �= i).
4) Make new call ordering list X ′ by swapping aik and ajl from X.
5) Assign frequency to call ordering list X ′ using FES. f ′

max is max fre-
quency.

6) If f ′
max < fmax, then X ← X ′, fmax ← f ′

max.
Go to 3) until iteration number is equal to the max iterate imax,
or f ′

max = lower bound
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Table 1. Demands of Philadelphia instances

# Reuse distance Demand vector
1 (2

√
3,

√
3, 1, 1, 1, 0) (8,25,8,8,8,15,18,52,77,28,13,15,31,15,36,57,28,8,10,13,8)

2 (
√

7,
√

3, 1, 1, 1, 0) (8,25,8,8,8,15,18,52,77,28,13,15,31,15,36,57,28,8,10,13,8)
3 (2

√
3,

√
3, 1, 1, 1, 0) (5,5,5,8,12,25,30,25,30,40,40,45,20,30,25,15,15,30,20,20,25)

4 (
√

7,
√

3, 1, 1, 1, 0) (5,5,5,8,12,25,30,25,30,40,40,45,20,30,25,15,15,30,20,20,25)
5 (2

√
3,

√
3, 1, 1, 1, 0) (20,20,20,20,20,20,20,20,20,20,20,20,20,20,20,20,20,20,20,20,20)

6 (
√

7,
√

3, 1, 1, 1, 0) (20,20,20,20,20,20,20,20,20,20,20,20,20,20,20,20,20,20,20,20,20)
7 (2

√
3,

√
3, 1, 1, 1, 0) (16,50,16,16,16,30,36,104,154,56,26,30,62,30,72,114,56,16,20,26,16)

8 (2
√

3, 2, 1, 1, 1, 0) (8,25,8,8,8,15,18,52,77,28,13,15,31,15,36,57,28,8,10,13,8)
9 (2

√
3,

√
3, 1, 1, 1, 0) (32,100,32,32,32,60,72,208,308,112,52,60,124,60,144,228,112,

32,40,52,32)

Table 2. Minimum bandwidth of algorithms tested on benchmark problem

LB CRF CRR CCF CCR DRF DRR DCF DCR RSD CAP3 Proposed
1 427 543 464 460 476 543 521 475 504 485 463 427
2 427 543 468 451 501 543 466 447 495 486 463 427
3 258 360 345 296 296 346 296 304 297 299 302 284
4 258 347 285 285 273 346 270 280 269 296 271 261
5 240 302 299 275 261 295 298 280 251 296 264 249
6 179∼189 289 223 206 197 295 220 220 197 226 232 209
7 856∼857 1088 928 922 939 1088 1046 952 1003 1010 945 856
8 525∼528 646 547 582 588 646 544 586 577 626 584 544
9 1714∼1725 2178 1856 1846 1889 2178 2096 1905 2016 1956 1893 1714
Note: The boldface represent the values to reach lower bounds and underlines

represent the best solutions among the 12 algorithms.

% Neural-network assignment stage
7) Release calls in some cells which include max frequency cell.
8) Assign neural-network assignment within the fmax. If the assignment is

success, then go to 9). If the assignment fails, then stop.
9) Decrease fmax by 1 and go to 7)

3 Simulation Results

In this section, we conduct several experiments for the purpose of illustrating the
results of our paper. The proposed algorithm described in the previous section
is tested on Philadelphia benchmark problem [1] as shown in Fig. 2. Table 1
represents the demand vectors and reuse distances of all instances. dj in the
reuse distance (d0, d1, ..., dk) means that at least dj unit distance is needed to
avoid interference supposing that the difference between all pairs of assigned
frequencies is more than j. And the ith element of demand vector shows the
demand of cell i.
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Table 2 compares the quality of the solutions obtained from Sivarajan’s 8
algorithms [2], RSD [5], CAP3 [3], and our proposed method. As shown in Table
2, our method finds optimum solutions (i.e. lower bounds) for four out of nine
cases and yields the best solutions among the 11 algorithms in all the cases
except only one cases. We released 7 cells in order according to the closeness to
the maximum frequency.

4 Conclusion

In this paper, a novel multi-stage algorithm for CAP has been proposed. Firstly,
the proposed method is performed by means of FIS and local search for a
good initial point. And then after releasing the calls in cells which include
maximum frequency cell, channels are assigned using neural network algorithm.
The performance is verified through Philadelphia benchmark problems. An
application of the method to more large-scale benchmark problems remains to
be investigated.
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Abstract. A new spread spectrum communication system based on CNN is
proposed in this paper. Chaos is generated with three cell CNN, then it’s
transferred to a digital sequence. The chaotic sequence is better than gold
sequence when they are utilized in direct sequence spread spectrum system.
Compared with the traditional gold sequence system, there is 2dB improvement
in CNN chaotic sequence system when the channel is additive white Gaussian
noise channel, and there is more improvement in CNN chaotic sequence system
when the channel is multi-path channel. The structure of hardware CNN spread
spectrum system is also shown at last.

1 Introduction

Cellular Neural Network (CNN) is a powerful nonlinear processor array which is
easily realized with circuits. CNN[1,2] is locally interconnected, each cell is
connected only to its neighbor, so VLSI CNN chips is easily implemented . Most of
CNN’s application is in the field of image processing[2], the reason is the difficulty of
real-time image processing with traditional computer. There are a great deal of data to
be processed, and only parallel processing algorithm can be adopted for real-time
processing. But making a traditional parallel processing array is very difficult and
expensive. The stability of CNN is studied, and such complex phenomena as chaos
can be also performed by CNN[3]. On the other hand, study of chaotic behavior is
attractive in the field of wireless communications for its security [4,5]. Digital spread
spectrum communication is widely applied, and the spread sequence utilized in the
system is very important. The chaotic sequence has better random characteristic, and
it is employed in spread spectrum communication system[5], but it’s difficult to get
qualified real-time chaotic sequence. In this paper, a new spread spectrum
communication system based on CNN is proposed. Real-time chaotic sequence is
generated with CNN, then the sequence is modulated with DSP modulator. The
experimental results confirm the good quality of CNN chaotic sequence.

This paper is organized as follows: Section 2 describes chaos in CNN system.
We discuss the stability of CNN’s with opposite-sign template in this section, and the
chaotic attractor is shown. In section 3, the random characteristic of CNN sequence is
analyzed.  An experimental spread spectrum is shown in section 4, the experimental
result is also given in this section.  Section 5 shows some concluding remarks.
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2 Chaos in CNN

Usually representative small networks with only three cells are taken as objects for
discussing chaotic behavior in the CNN. When the characteristic of chaotic behavior
in CNN system, the Lyapunov analysis approach is employed, and cellular neural
network is regarded as a dynamic system . The CNN system can be described as :

ij
jiNlk

klijkl
jiNlk

YklijklXij
X

Xij ItuBtVAtV
Rdt

tdV
C

rr

2
),(),(),(),(

1
)()()(

1)(

σ
+++−= ∑∑

∈∈

(1)

VXij (t) is the state of cell C(i,j),

V t V t V tYij Xij Xij( ) (| ( ) | | ( ) |)= + − −
1

2
1 1

(2)

   When  three cells CNN is  studied,  it is described as:

dx

dt
x p f x sf x tf x

dx

dt
x sf x p f x rf x

dx

dt
x tf x rf x p f x

1
1 1 1 2 3

2
1 1 2 2 3

3
1 1 2 3 3

= − + − −

= − − − −

= − − + −

( ) ( ) ( )

( ) ( ) ( )

( ) ( ) ( )

(3)

When p1 =1.25, p2 =1.1, p3 =1.0,t=3.2,r=4.4,we get the strange attractor in Fig.1.

Fig. 1. The chaotic attractor of CNN

CNN work in linear region, partial saturation region or saturation region, and there is
very rich dynamical behavior in small sized networks, such as three cell CNN. These
dynamical behaviors can also be utilized. The synchronization of chaos is attractive to
wireless communication, because secure communication can be realized with a
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synchronizing chaos system. If we put the CNN chaos into an A/D converter, we will
get the digital CNN chaotic sequence.

3 Random Characteristic of CNN Chaotic Sequence

Chaos generated with CNN have complex dynamic behavior, so its random
characteristic is suitable for spread spectrum.  We can get binary CNN chaotic with a
simple A/D converter. The value of chaos is x: if x>0, the corresponding value of
binary sequence is x, then x=1;

       if x≤0, the corresponding value of binary sequence is x, then x=-1;
  The random characteristic can be described as following context:
At first, the mean value of binary sequence is zero. Because each mean value of the
cell is zero. After sampled with A/D, and the sampling frequency( Dt=1μs) is very
fast, the sequence do not change its mean value, the mean value is described as:

1

0

1
l i m 0

N

i
N

i

x x
N

−

→ ∞ =

= =∑
(4)

The next equation defines the auto-correlation function of the CNN sequence:

1 1

0 0

1 1
( ) lim ( )( ) lim

N N

i i m i i m
N N

i i

ac m x x x x x x
N N

− −

+ +→∞ →∞= =

= − − =∑ ∑
(5)

the cross-correlation function of the CNN chaotic sequence is:

1 1

12 1 2( ) 1 2( )
0 0

1 1
( ) lim ( )( ) lim

N N

i i m i i m
N N

i i

cc m x x x x x x
N N

− −

+ +→∞ →∞= =

= − − =∑ ∑
(6)

We simulates the CNN chaotic sequence with TMS320C54 DSK tools, the
following figures show the simulation results: the auto-correlation function is almost
the δ function ,the cross-correlation function is almost equal to 0.

4 The CNN Chaotic Spread Spectrum Communication System

Because the statistical characteristic of CNN chaotic sequence is similar with that of
Gold sequence: the auto-correlation function is almost the δ function, the cross-
correlation function is almost equal to 0, the CNN chaotic sequence can be employed
in direct sequence spread spectrum (DSSS).  The CNN chaotic sequence is sensitive
to initial value, so lots of different sequences can be generated. It’s attractive to DSSS
system. The transmitter of DSSS system can be described as:
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Fig. 2. DS-BPSK Modulator

In Fig.2, C(t) is  spread spectrum signal. Usually C(t) is named as direct sequence.
Both gold sequence and CNN chaotic sequence are good direct sequences, but the
quality of CNN sequence is better.

  We assume the signal pass the additive white Gaussian noise channel, so we can
describe receiver as Fig 3. Fading channel will studied in the following works:

Fig. 3. DS-BPSK demodulator

Different users employ different sequences, so CDMA system could be set up. We set
up an experimental CNN-DSSS system based on TMS320C5416 DSP.  Two kinds of
sequence are utilized in our experiment:1024 bit Gold sequence, and CNN sequence
which is divided into 1024 bit segment. The Bit error rate(BER) curve is shown in
Fig.4.

In Fig 4,* represents that DS is Gold sequence;o represents that DS is CNN chaotic
sequence. Compared the traditional gold sequence system, there is 2dB improvement
in CNN chaotic sequence system. The CNN chaotic sequence is more qualified than
Gold sequence. The channel of Fig.4 is additive Gaussian white noise channel, the
results confirm that the BER of CNN-DSSS system is better than that of traditional
Gold sequence system.  We also simulate a multi-path channel, the channel model  for
this simulation is the familiar delay line model as follows:

Modulator

Binary sequence
d(t)

Pseudo-random
sequence C(t)

Bandpass
filter

Pseudo-random

sequence )( dtc τ−

BPSK
demodulator

Estimated dataReceive signal

Coherent carrier

Carrier
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Fig. 4.  BER of DSSS system in additive white Gaussian noise channel

[ ] )()1()(
2

1
)( nntntnr η+−+= (7)

In equation 7,r(n) is the receive PN code, t(n) is the transmitted PN code, and )(nη  is

additive white Gaussian noise. Fig.5 shows the simulation results:

Fig. 5. BER of DSSS system in multi-path channel

In Fig 5, o  represents that DS is Gold sequence, *  represents that DS is CNN chaotic
sequence. The marks in these two figures are quite different because the simulation
results are gotten in different channel. Compared with the traditional gold sequence
system, there is almost 4dB improvement in CNN chaotic sequence system when the
channel described with equation (6) is utilized. The CNN chaotic sequence is
excellent in the two-path channel. The dynamic behavior of CNN is more complex
than that of traditional system, so the CNN sequence has excellent random
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characteristic. The CNN sequence is better than Gold sequence because CNN
sequence generator has very complex dynamic behaviors.

5 Concluding Remarks

In this paper, we propose a new DSSS system based on CNN, and set up an
experimental DSSS system, CNN chaotic sequence is generated with TMS320C54
DSK tools, and the DSSS system is set up with TMS320c5416 DSP.  Both CNN
chaotic sequence and the traditional Gold sequence are tested with the experimental
system. The experimental results show that the CNN chaotic sequence is more
qualified than Gold sequence
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Abstract. In ATM networks, congestion control is a distributed algo-
rithm to share network resources among competing users.It is important
in situation where the availability of resources and the set of competing
users vary over time unpredictably, round trip delay is uncertain and
constraints on queue, rate and bandwidth are saturated, which results
in wasted bandwidth and performance degradation. A neural conges-
tion control algorithm is proposed by real-time scheduling between the
self-tuning neural controller and the modified EFCI algorithm, which
makes the closed-loop systems more stable and robust with respect to
uncertainties and more fairness in resources allocation. Simulation results
demonstrated the effectiveness of the proposed controller.

1 Introduction

Congestion control has special significance in the performance of ATM networks.
ATM Forum traffic management specification version 4.1 [1] adopted rate-based
flow control as the standard methods to control congestion in which no detailed
specifications for the end system and switch was established. So many engineers
put forward to a great deal of practical methods[2] [3], and also performed the
experimental analysis by simulation [4][5][9], However, no systematic theories is
proposed for the networks in the rapid change environment and limited resource
so that there are great oscillation in cell rate, utilization and buffer queue.

In the practical networks, the round trip delay is time-varying, the accessed
users are stochastic and the high-priority traffic, such as VBR is heavily burst
and unpredicted, and the cell rate, buffer size and link bandwidth are limited
by the physical devices, therefore it is very difficult to obtain the global per-
formance even for single-node networks. And these factors are interconnected
and mixed in multiple-node networks, which make it much harder to optimize
the global performance. Kolarov[6] proposed a dual PD controller, which im-
proved the performance and obtained the global stability and steady fairness,
but it didn’t increase the computational complexity because both EFCI and
high-gain controller as well as initial rate recovery controller must be used at
the same time. Wang[7] et.al. presented a predictive controller, and they takes
the CBR and VBR into account, Benmohaned[8] extended the Kolarov’s single-
node works [6] to multiple-node. But these works may only guarantee the local
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stability because they didn’t consider the nonlinearity. Then we[9][10][11] pro-
posed a series of predictive congestion controllers by using dual PD controller or
modified EFCI algorithm, and guarantee the global stability and steady fairness.
in which the discrete-event simulation is also used to demonstrate the effective-
ness of the proposed controller, the extension to multiple-node can see [12] for the
detail. In this paper, A neural congestion control algorithm is proposed based on
self-tuning technique for multiple-node networks to compensate the unmodeled
nonlinear dynamics, which guarantee the local stability of the closed-loop sys-
tems, then modified EFCI is also presented to cancel the saturated nonlinearity.
The real-time scheduling controllers are given to make the closed-loop systems
more stable, robustness and steady fairness. The simulation results show that
the proposed controller is robust to uncertainties and steadily fair in the resource
allocation.

2 Neural Congestion Control Algorithm

2.1 Queueing Model of Multiple-Node Networks

In multiple-node networks, the nonlinear queueing model of each switch can be
described as follows[8] [12]

xi(n + 1) = SATX0{xi(n) + Ts(
Di∑

k=1

l
k

i qk(n + 1 − k) − C) + mi(n)} (1)

where X0 denotes the buffer size, and xi(n) is the incoming packets at time
slot [n, n − 1] in switch i. mi(n) = fii(n) + di(n) + νi(n), in which di(n) denotes
quantized errors and high-priority traffic, νi(n) stands for measured disturbance,
and fii(n) is the nonlinear function of the networks states Yj(n) of link j (j =
1, 2, ..., i − 1), and

Yj(n) = (xj(n) − x0, ..., xj(n − Dj) − x0, qj(n), ..., qj(n − Kj)) (2)

and the saturation function is defined by

Sata(z) =






0 z ≤ 0
a z ≥ a
z other

(3)

2.2 Neural Networks[15]

Neural networks is widely used in many research area, such as signal process-
ing, control engineering etc.. And the approximate and generalized property is
very important as a modelling tool. The networks which is most popularly used
is backward propagation (BP) neural networks. The neuron usually takes the
sigmoid function as

f(x) =
1

1 + e−x/Q
(4)



Neural Congestion Control Algorithm in ATM Networks with Multiple Node 301

when there are enough neurons, the three-layer networks can approximate any
piecewise continuous function by using backward propagation algorithm. Next,
we will use this kind of networks to modelling the nonlinear dynamics mi(n) as
in (1) and design the controller.

2.3 Neural Congestion Controller

For simplicity, we only consider the one-node queueing model (1) in the following
form

x(n + 1) = x(n) + (
Di∑

k=1

lkq(n + 1 − k) − C) + m(n)} (5)

Where we omit the index i and saturation function, and lk = Tsl
k
.

The equation (5) can be rewritten in input-output form as

∆A(z−1)x(n) = B(z−1)∆q(n) + ∆m(n) (6)

where ∆ = A(z−1) = 1 − z−1, B(z−1) =
∑Di−1

k=0 lkz−k and ∆m(n) = m(n) −
m(n − 1).

Define the following performance index

J = |E(z−1)x(n + 1) − Rx0(n) − Q(z−1)q(n) − H∆m(n)|2 (7)

and use the Diophantine equation

T (z−1) = B(z−1)E(z−1) − ∆A(z−1)Q(z−1)
E(z−1) = z−1G(z−1) + ∆A(z−1)C(z−1) (8)

when A(z−1), B(z−1), ∆m are known, the controller is given by

q(n) =
Rx0(n) − F∆m(n) − G(z−1)x(n) − C(z−1)∆m(n)

−G(z−1) + C(z−1)B(z−1)
(9)

and the closed-loop system is

T (z−1)x(n + 1) = B(z−1)[Rx0(n) − F∆m(n) − Q(z−1)∆m(n)] (10)

To cancel the static offset and the effect of nonlinear part in the steady state,
R, H may be chosen in the most simple form R = T (1)/B(1), H = Q(1)/B(1).

when A(z−1), B(z−1), ∆m are unknown, we can use the identification algo-
rithm given in [13] to online estimate the controller parameters G(z−1), C(z−1)
Q(z−1) and nonlinear function ∆m(n). Using the estimated parameter and non-
linear function, the neural congestion control algorithm may be rearranged by

q(n) =
Rx0(n) − F∆̂m(n) − Ĝ(z−1)x(n) − Ĉ(z−1)∆̂m(n)

−Ĝ(z−1) + Ĉ(z−1)B̂(z−1)
(11)

The overall structure of the closed-loop systems is shown in Fig. 1. Similar to
[12],[13], it easily known that the closed-loop system (6) and (11) is bounded
input and bounded output stable (BIBO).
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Fig. 1. Neural Control system structure Fig. 2. Phasic map of x and ∆x

2.4 Real-Time Scheduling Controller

We can conclude that the controller (11) may only guarantee the controlled
system locally stable, and once the users rapidly change and the system will run
away the equilibrium, the buffer queue will enter the nonlinear zone, and cause
the system unstable. In this section, we modify EFCI algorithm by setting the
EFCI bit not only using queue but also the rate of queue change. That is, when
the system goes into the area saturated by lower bound of the buffer and the
average rate of queue may go down (area I, II in Fig. 2), the increase algorithm
in the modified EFCI works, i.e., If x ≤ xl and ∆x = (x(k) − x(k − 1))/T ≤ µl,
then q(n) = (1 + RIF ) ∗ q(n − 1)

When the system comes near the area saturated by the upper bound of the
buffer and the average rate of queue may go down (area III in Fig. 2) , the
decrease algorithm in the modified EFCI starts, i.e., If x > xhand ∆x > µh,
then q(n) = q(n− 1)−RDF ∗PCR. The real-time scheduling controller may be
written by

q(n) =






(1 + RIF ) ∗ q(n − 1) as x ≤ xl and ∆x ≤ µl

q(n − 1) − RDF ∗ PCR as x > xh and ∆x > µh

(11) others
(12)

where RDF and RIF are the constants. So the closed-loop system will be asymp-
totically approach to the nonzero equilibrium point.

Fig. 3. Multiple-node Network topology
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3 Simulation

In this section, we test our proposed controller by simulation. The networks
topology used in the simulation is shown in Fig. 3, which consists of four ABR
sources, one VBR source and four switches, and the capacity of each output
port is set 10000cells, link capacity is set to 155.52Mb/s. The parameters of ev-
ery ABR source are: PCR=318cells/ms(135Mb/s), ICR=318cells/ms(135Mb/s),
MCR=1 cells/ms(Mb/s), RIF=1/16, RDF=1/16. The sample time is taken
Ts = 1ms, the RTT of each hop is set to ds = 1. and λ1 = 0.99, λ2 = 1.5,
x0 = 50 cells, xh = 1050cells, xl = 4cells, µh = 9500cells/s,µl = 1000cells/s. The
queue length of the buffer is shown in Fig. 4, The sending rate for four ABR
sources are given in Fig. 5, the link utilization is plotted in Fig. 6, the traffic
rate of VBR service is pictured in Fig. 7. From the simulation results, we can
see that the proposed controller has good performance as well as fairness and
rapidly respond to time-varying conditions.

Acknowledgement. This work is supported by grant of 2002AA412010 of Key
project of State 863 Plan of China and grant of 01053 of Key Scientific Research
of Ministry of Education of China.
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Abstract. In this paper, we proposed a novel and simple linear distortion com-
pensation scheme utilizing Kohonen’s neural network for digital communica-
tions. The scheme compensates the distortions that exist in modulator and de-
modulator, at the decision stage of the receiver at the same time of data trans-
mission and decision process. The scheme can compensate not only static but
also changing distortions. Computer simulations using QPSK signal have con-
firmed the effectiveness of the proposed scheme.

1   Introduction

In advanced digital communication systems,  quadrature modulator and demodulator
are necessary system devices [1].  However, in real circuits of quadrature modulator
and demodulator, the linear distortions degrade greatly the transmission quality. Thus
far, Affine transformation method has been reported to compensate such distortions
[2]. In this paper, we propose a novel linear distortion compensation method based on
Kohonen's Self-Organization Map (SOM) neural network. Using the proposed
method, the linear distortion can be compensated by a very simple system in high
precision. The method does not need any pilot symbols and carries out the compensa-
tion processing at the same time of information data transmission. The method can
also adaptively compensate the distortion changing.

2 The Linear Distortion

Figure 1 (a) and (b) respectively show the block diagram of a quadrature modulator
and a coherent quadrature demodulator. In its ideal type, the upper (in-phase channel,
I-ch) part and lower (quadrature channel, Q-ch) part of the modulator (demodulator)
are symmetry and no any linear distortion exists. In real circuits, however, because of
imperfect selection of electronics components, incomplete adjustment of the circuits
and so on, the symmetry no longer stands and the linear distortion is caused. There are
basically three kinds of linear distortion: 1) DC level offset iδ in I-ch part and qδ  in
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Q-ch part, 2) amplitude level imbalance between I-ch and Q-ch (the gain of the multi-
plier for I-ch  Ai ≠  that of the multiplier for Q-ch Aq), 3) quadrature reference phase
offset θ due to imperfect orthogonally of the 2/π  shifter (carrier tcωcos  for I-ch

while )sin( θω +tc  for Q-ch).

               

       Fig. 1. Quadrature modulator and                Fig. 2. Various signal constellation of QPSK
       Demodulator

    The effect of the linear distortions is that the final demodulator outputs i(t) and q(t)
at the receiver deviate from their ideal ones. Hereafter in this paper, we take QPSK
modulation scheme as an example. The results and conclusions for QPSK can be
easily expended to other modulation schemes. Assuming that the linear distortions
only exist in modulator and no any noise exists, Fig. 2 shows the effect of the linear
distortions to signal constellations. Fig.2 (a) is the constellation for no distortion case.
Each signal point is decided by the value of i(t) and q(t), and corresponds to a digit
pair, for example, the point in the first quadrant corresponding to (1,1). Fig.2 (b)(c)(d)
are respectively the constellation for DC level offset only case, amplitude level imbal-
ance only case and imperfect orthogonality of the 2/π  shifter only case. When three
kinds of distortion exist at the same time, the constellation is more complicated. In the
case of Additive White Gaussian Noise (AWGN) presence, the received signal point
will scatter around the points without noise in Fig. 2. Hereafter, we call signal point
without noise as center point.
    In the receiver, the demodulator is followed by a decision system. The decision
system recovers digital signal based on the received noisy signal point i(t) and q(t)
according to the maximum likelihood decision rule which decides the digit pair corre-
sponding to the closest center point. If the linear distortions exist, the decision system
may make a wrong decision according to the ideal center points, causing performance
degradation. For example, in the case of DC level offset as shown in Fig. 3, although
the received signal point X should be belong to the distorted center point A and (-1, 1)
should be recovered, the decision system will make a wrong decision (1, 1) as X is
most close to the ideal center point  a.
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                  Fig. 3. Effect of DC level offset           Fig. 4. Kohonen's SOM network for 
distortion  compensation and decision

3   Distortion  Compensation Utilizing Neural Network

The task of linear distortion compensation, i.e., finding out the positions of the dis-
torted center points based on continuously received noisy signals and, at the same
time, deciding the distorted center point which the recently received noisy signal is
belong to, is a typical problem of self organizing pattern recognition. This problem
can be resolved by Kohonen's SOM neural network [3]. The proposed scheme intro-
duces Kohonen's network into the decision system after the demodulator and concen-
trates compensation of all linear distortions appearing in the modulator and demodu-
lator at one place.

Fig. 4 is the proposed decision system based on Kohonen's network. The network
has two input nodes j (j=1,2), respectively connecting to i(t) and q(t) outputs of the
demodulator, and four output nodes k (k=1,2,3,4) respectively corresponding to four
center signal points. Each input node is fully connected to all output nodes with syn-
aptic weights Wjk that in fact means coordinates of the corresponding center signal
points. For example, W11 and W21 are respectively the in-phase and quadrature coordi-
nates of center point 1. The proposed network does compensation and decision proc-
essing at the same time of information data transmission in the following steps.

Step 1 Initialization:  Initialize the values of the synaptic weights Wjk by using the
coordinates of ideal center points of QPSK, i.e., Wjk ={(1,1),(1-1),(-1,-1),(-1,1)}.
Step 2 Competition and decision: Determine the best-matching output node l to the
recently received signal (i(t), q(t)) by

||}),())(),(({||minarg))}(),({( 21 kk
k

WWtqtitqtil −=                       (1)

where ||),())(),((|| 21 kk WWtqti − means the Euclidean distance between (i(t), q(t))  and

(W1k, W2k).  Eq. (2) can be equivalently calculated by selecting the output node with

the largest inner product ),())(),(( 21 kk
T WWtqti . Then a digit pair is recovered corre-

sponding to the best-matching output node l.
Step 3 Adaptation: The synaptic weights related to the best-matching output node l
(W1l, W2l) is updated by
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                                  (2)

where )(nη  is the time varying learning rate parameter given by [4]

)/exp()( 0 τηη nn −=    n=0,1,2,3,….                                         (3)

with 1000100 == τη ,. .

Step 4 Repetition:  Repeat step 2 and 3.

4 Computer Simulations

Computer simulation has been carried out using the communication model shown in
Fig. 5 to evaluate the performance of the proposed compensation scheme. In simula-
tion, it is assumed that there is only AWGN and only modulator has the linear distor-
tions.

Fig. 5. Communication system for computer simulations

Fig. 6 shows the average Bit Error Rate (BER) performance of the QPSK transmis-
sion system with and without compensation for DC level offset only case

50.( == qi δδ ) and ( ).20−== qi δδ . For comparison, the results of no distortion

case are also given in the figure. Without compensation, the BER performance shows
a big fall from that of no distortion After utilizing the proposed compensation scheme,
the effect of the distortion is totally removed and the BER performance is identical to
that of no distortion case.

Fig. 7 depicts BER improvement with the proposed scheme for various relative DC
level offset values at average signal to noise power ration (SNR) = 14dB.  As relative

DC offset changes from 0 to 50.± , although average BER degrades from 41042 −×. to
21081 −×.  without  compensation,  it remains almost no change  at about 4102 −×

with the proposed compensation scheme.
Fig. 8 shows BER performance for various quadrature reference phase offset values

at average SNR = 14dB.   As phase offset varies from °0 to °±30 , with compensation
the average  BER  remains almost  no change,  while average BER degrades from

about 4102 −×  to about 2106 −×  without compensation.. Fig. 9 shows BER perform-
ance when three kinds of distortion exist simultaneously

,2.1/,3.0( === qiqi AAδδ )10°=θ  . The proposed scheme is still effective even

under such severe conditions
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  Fig. 6. BER performance in DC level offset     Fig. 7. BER performance improvement in DC
   only case                                                            level offset only case

In some cases, the linear distortions may not be fixed values and may be time
varying due to, for example, changing of the environment temperature. In order to
evaluate the performance of the proposed scheme in such cases, simulation is also
done assuming that the relative DC level offset varies in a sine curve with amplitude
of 1 and period of 1000 transmission bits as shown in Fig. 10.  Fig. 10 shows the
variation of the I-ch and Q-ch coordinates  W11, W21 for center point 1 at average
SNR=6dB. They track the variation of DC level offset very well and vary around 1
from 0 to 2.

  
     Fig. 8. BER performance improvement      Fig. 9. BER performance in three kinds of
     in quadrature reference phase                      linear distortion case
     offset only case
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     Fig. 10. Tracking of synaptic weights to       Fig. 11. BER performance in DC level offset
     the changing of DC level offset                     changing case

Fig.11 gives the BER performance for this case. Although the system without com-
pensation is thoroughly out of order, the system with the proposed scheme works
perfectly, having identical BER performance to that of the system without distortion.
The proposed scheme can even adaptively compensate the changing linear distortion.
This important characteristic means that it is possible using the proposed neural net-
work type decision system to compensate power attenuation of the received signal
due to transmission distance, fading due to multipath propagation in mobile radio.

5 Conclusions

In this paper, we proposed a novel and simple linear distortion compensation scheme
utilizing Kohonen’s neural network for digital communications. The scheme compen-
sates the distortions that exist in modulator and demodulator, at the decision stage in
the receiver at the same time of information data transmission and decision process.
The scheme can compensate not only static but also  changing distortions. Computer
simulations using QPSK signal have confirmed the effectiveness of the proposed
scheme. Further works include comparing the proposed method with other NN based
compensation method such as RBF based method.
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Abstract. For conventional space-time block coding (STBC), the decoding
usually requires accurate channel state estimation. However, the accuracy of the
channel estimation strongly determines the system performance. Independent
component analysis (ICA) techniques can be applied to perform blind detection
so as to detect the transmitted symbols without any channel information. In this
paper, we establish the special ICA model for the STBC system and study the
performance of STBC schemes based on ICA neural networks; what is more,
several different ICA algorithms of blind separation are used for performance
evaluation. By using the ICA based schemes, the good robustness against
channel estimation errors and time variation of the fading channels can be ac-
quired. The computer simulation analyzes the bit error rate (BER) performance
of these methods and indicates the optimal separation algorithm suitable for
STBC scheme.

1   Introduction

In recent years, blind source separation (BSS) techniques have attracted special atten-
tion in the fields of image processing, wireless communication etc. Independent com-
ponent analysis (ICA) is a signal processing and data analysis method within the
family of BSS. Even without any information of the transmission channel, ICA can
recover the transmitted symbols only from the observations.

ICA techniques have been applied into many fields of communications. Different
methods for blind beamforming without a prior information about sensor location and
response patterns have been proposed [1][2]. In addition, many ICA algorithms have
been used to the blind interference suppression of the CDMA systems [3][4].

Space-time block coding (STBC) proposed by Alamouti is a powerful transmit di-
versity scheme, which can achieve the full diversity without bandwidth expansion [5].
However, the decoding of STBC scheme usually requires accurate channel state in-
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formation (CSI) at the receiver. The performance of STBC strongly depends on the
channel estimation, but if the system is in a rapidly changing mobile environment or
there is an estimation error, the system performance will be degraded seriously. How-
ever, due to the characteristic of ICA, it could be used in blind detecting scheme of
conventional STBC to detect the transmitted symbols without channel estimation.

In this paper, the methods combining STBC and ICA-based blind detection algo-
rithms are studied. Three ICA algorithms including joint approximate diagonalization
of eigen-matrices (JADE), equivariant adaptive separation via independence (EASI)
and FastICA are used to perform the blind symbol detection, and the performances of
these different algorithms are also analyzed.

2   STBC System Model

Consider a STBC system with nT transmit antennas and nR receive antennas. For sim-
plicity, the modulation scheme is assumed to be BPSK. A frame of transmitted sym-

bols is divided into many blocks. Let  [ ]TN ksksksk )()()()( 21=s be the kth

block of N symbols to be transmitted, and it is encoded by the STBC encoder and
mapped onto an NnT ×  code matrix [ ])()()()( 21 kkkk NcccC =  by [6]:

∑
=

=
N

n
nn ksk

1

)()( AC (1)

where nA is the orthogonal coding matrix corresponding to the nth symbol )(ksn ,

and )(knc  is the nT×1 coded vector at the nth time instant of the kth block. We can

model the transmission during the nth time instant as follows:

)()( kk nn sPc =   Nn ,...,1= (2)

and therefore

[ ])()()()( 21 kkkk NsPsPsPC = (3)

where nP  is a permutation matrix corresponding to )(knc .

Assume that H  is a nR×nT complex channel response matrix, which remains con-
stant during one detection period, and then the received signal can be written as:

)()()( kkk VHCY += (4)

where )(kY is an nR×N received signal matrix and )(kV is an nR×N noise matrix
whose elements are Gaussian random variables with mean zero and variance 2σ .

Denote [ ])()()()( 21 kkkk NyyyY =  and [ ])()()()( 21 kkkk NvvvV = ,

and we can obtain a new expression:

    )()()()()( kkkkk nnnnn vsHPvHcy +=+= (5)

where both )(kny  and )(knv are nR×1 complex vectors, and they represent the

received signal and noise during the nth time instant in the kth block, respectively.
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3 The Blind Detection Schemes Based on ICA

3.1   ICA-Based System Model

ICA can be used to enhance the flexibility of the communication system. Here we
consider applying the ICA algorithms into the receiver to perform the blind detection.

In order to separate the source signals effectively, we transform (5) into the fol-
lowing expression
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where R(A) and I(A) represent the real and the imaginary component of A, respec-

tively. The above expression can also be denoted as:

)(~)(
~

)(~ kkk vsHy += (7)

where both )(~ ky  and )(~ kv  are 2nRN×1 vectors and H
~

 is a 2nRN×nT  matrix.

Note that Equation (7) can be regarded as a linear mixing model of ICA, and in this
model, the received signals )(~ ky  are 2nRN×1 matrices. This is an overdetermined

blind source separation problem [7]. Firstly, the received signals can be projected onto
an N-dimensional block representing the signal-plus-noise subspace and a

)2( NNnR − -dimensional block representing the noise subspace. This process is

called pre-whitening, which may be written by

)(~)( kk S yVx = (8)

where SV  is the pre-whitening matrix with the decreased dimension N.

Secondly, we should find a separating matrix W  to apply to the vector )(kx , and

then the source signal can be recovered:

     )(ˆ)()( kkk sxWz == (9)

3.2   Three ICA Algorithms for Recovering Source Signals

In this section, we choose three algorithms to recover original signals: Cardoso and
Souloumiac’s JADE algorithm [1], Cardoso and Laheld’s EASI algorithm [2] and
Hyvärinen’s FastICA algorithm [8].

 For the JADE algorithm, it finds a unitary matrix that approximately diagonalizes
the most significant eigenmatrices of the fourth-order cumulants of the whitened sig-
nals. The criterion of JADE is defined as [1]
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∑
=

=
N

lki
lkiiJADE cumC

1,,

2** ],,,[ zzzz (10)

The main reason for considering this criterion is its link to underlying eigenstructures
which allows for an efficient optimization of it by using joint diagonalization.

The EASI algorithm was originally developed to separate signals when no noise
was present. It is a serial updating adaptive blind separating algorithm based on kurto-
sis contrast. The training formulation of the separating matrix is as follow

)())(()()()1( kkkkk WzFWW λ−=+ (11)

where )(kλ is a step size for training and )()()( zzgzzgIzzzF TTT −+−= is a func-

tion of the nonlinear function )(zg  [2].

FastICA is a computationally optimized ICA algorithm and has a relatively fast
convergence performance. The basic updating step can be expressed as

{ } { } NigEgE i
T
i

T
ii ,...,1,)()( ' =−=+ wxwxwxw (12)

where T
iw is one row of the separating matrix W , and +

iw , the new value of iw , is

normalized to unit norm after every iteration. Function )(⋅g  is the derivative of a

sufficiently regular non-quadratic function [8].

4   Simulations

In this section, we will investigate the performances of Alamouti scheme with differ-
ent ICA blind detecting algorithms. A communication system with two transmit anten-
nas and two receive antennas is considered. Assume that the modulation scheme is
BPSK. The quasi-static flat Rayleigh fading channel is assumed.

Fig.1 shows the received signals and the corresponding separated signals on two
receive antennas for SNR=5dB. In this simulation, we chose JADE algorithm to show
the effect of BSS and the results are basically the same as the other ICA algorithms. It
is clear that the received data streams can be separated effectively.

Fig.2-Fig.4 show the BER performance comparison for the ICA methods with the
different numbers of samples in source signals. In Fig.2, we can find that when the
source has a few samples the ICA-based detecting methods have a performance gap
compared with the standard Alamouti scheme, and the EASI algorithm has the worst
BER performance and slowest convergence rate. The performances of the JADE and
FastICA algorithm are the same basically. After analyzing Fig.3 and Fig.4, we know
that the BER performance and the convergence rate of the ICA methods will improve
when the length of the source signal increases. While the number of the transmitted
symbols gets to about 800, the performance of the EASI will improved obviously;
what is more, all the three ICA algorithms have the approximate performances with
the scheme using ideal channel estimation.
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Fig. 1. Comparison between received and separated signals

Fig. 2. BER performance comparison for the transmitted signal with 100 bits

Fig. 3. BER performance comparison for the transmitted signal with 300 bits

5   Conclusions

In this paper, the performances of STBC system based on ICA network are investi-
gated, and three different ICA methods of blind detection are used for performance
comparison. The simulation validates the effectiveness of the ICA-based schemes,
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Fig. 4. BER performance comparison for the transmitted signal with 800 bits

and it also shows that the JADE algorithm has the best performance compared with
the others, while the EASI algorithm has the worst performance. By exploiting the
ICA-based blind receiving scheme, the channel estimation can be avoided, so the
spectral efficiency is increased and the system can adapt to more rapidly varying
environments. A problem of this ICA-based detection scheme is that it has failure
problem of the blind separation in the low SNR region sometimes. If this happens, the
retransmission is required, so we can establish an automatic retransmission request
(ARQ) mechanism to processing these events automatically.
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Abstract. Space-time block coding (STBC) can provide a fairly good diversity
advantage over the Rayleigh fading channel, and the beam space-time block
coding (BSTBC) scheme combining STBC with the transmit beamforming
(TBF) can achieve both diversity gains and beamforming gains. In this paper,
we establish a BSTBC model firstly, and then present a method which consid-
ers transmit antenna array selection (TAAS) used for BSTBC at the transmitter
side and applies independent component analysis (ICA) techniques to assist the
channel estimation and achieve blind detection at the receiver side. The utility
of TAAS can obtain higher diversity gains as well as keep the original number
of the radio-frequency chains. The ICA-based blind scheme can enhance the
flexibility of the communication system and adapt to more rapidly varying
channels. Simulation results for Rayleigh channel demonstrate the validity and
significant performance improvement of the proposed scheme.

1   Introduction

Transmit antenna array (TAA) can be used at the base station (BS) to improve the
performance of wireless communication systems. The beam space-time block coding
(BSTBC) scheme utilizes smart beamforming arrays to replace the conventional iso-
tropic transmit antennas, which can combine the benefits of beamforming with those
given by space-time block coding (STBC).

For conventional STBC scheme, the transmit antenna selection (TAS) can be con-
sidered to achieve high diversity order. The idea of TAS can also be utilized into the
BSTBC system, therefore we can exploit the transmit antenna array selection (TAAS)
scheme to choose the optimal array subset for the downlink transmission.

The decoding of STBC usually requires accurate channel estimation [1], but it will
lead to a loss of spectral efficiency due to the use of pilot sequences. Independent
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component analysis (ICA) technique can recover the transmitted symbols without any
information of the spatial channel, so it could be exploited in the blind receiver.

In this paper, transmit beamforming (TBF) and STBC are coupled to construct the
BSTBC model, and then BSTBC is combined with TAAS at the transmitter; at the
same time ICA techniques are applied to assist the channel estimation and symbol
detection so that blind receiving scheme is achieved at the receiver.

2   Downlink Transmission System Model

2.1   System Model

As shown in Fig.1, a wireless communication system combining BSTBC with TAAS
at the transmitter is considered. In BSTBC scheme, several beamforming sub-arrays
(BFSAs) are used for transmission, and each BFSA is an M-element uniform linear
array (ULA). Suppose that BS is equipped with nT BFSAs and the mobile station
(MS) is equipped with nR  receive antennas. If NT BFSAs are chosen for linking the
transmit radio-frequency (RF) chains and all the other BFSAs are kept silent, we refer
to it as an (nT, NT; nR) system. Let Ti NiP ,,1, =  be the same transmit power for each

BFSA.

Fig. 1. The structure of the proposed communication system

For the STBC scheme using BPSK modulation, assume that )(ks  is the kth block

transmitted signal vector of N symbols. )(knc  is the NT×1 coded vector at the nth

time instant of the kth block, and it can be expressed as:

)()( kk nn sPc =   Nn ,...,1= (1)

where nP  is a permutation matrix corresponding to )(knc .

For the  (nT, NT; nR)  wireless system in this paper, we may define an nR×nT  channel
matrix H. After the process of TAAS, the optimal NT TAAs will be used for signal
transmission. Suppose that each branch of the encoded signals is sent to a transmit
BFSA and weighted by an M×1 weight vector iw , TNi ,...,1=  ( 1=iw ), and then
we can define a weight matrix W  containing the diagonal components H

iw .
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For the convenience of the following expression, we define a new NT×nR complex
channel response matrix H′ , its component ijh  is an M×1 complex channel vector

between the ith transmit BFSA and the jth receive antenna, and it can be written by

    ∑
=

⋅=
L

l
lijijlij tt

1
, )()()( θα ah (2)

where, for a certain i and j, )(, tijlα  is the complex channel gain of the lth path, and

)( lij θa  is the M×1 downlink array steer vector at the angle of departure (AOD) lθ ,

and L is the number of the independent fading paths.
The weight matrix W  and the channel response matrix H′  can be combined into

an nR×NT “effective channel ” T)( HWH ′= . So the received signal can be written as

)()()()()( kkkkk nnnnn vsPHvcHy +=+= (3)

where both )(kny  and )(knv are nR ×1 complex valued vectors, and they represent

the received signal and noise during the nth time instant in the kth block, respectively.

2.2   Optimum TBF Scheme

We choose the optimum TBF algorithm that maximizes the receive signal-to-noise
ratio (SNR) at MS. The optimum weights of each transmit BFSA can be described as:

iid
H
iopti

ii

wRww
ww

,
1:

_ max
=

= (4)

where id ,R  is the M×M  downlink spatial covariance matrix (DSCM) corresponding

to the ith BFSA, and opti _w  is the eigenvector associated with the maximum eigen-

value of id ,R .

For a usual closed-loop frequency-division duplex system, the optimum weights
may be obtained by feedback. But in this paper, in order to calculate the weights we
exploit spatial covariance matrix transformation (SCMT) to estimate the DSCM id ,R

in virtue of the uplink spatial covariance matrix (USCM) iu,R̂ calculated at the BS,

H
iuid TRTR ⋅⋅= ,,

ˆˆ (5)

where T  is a linear transformation matrix which relates to the spatial manifold of
uplink and downlink [2]. Hence the weight feedback can be avoided.

2.3   TAAS Scheme

For the TAAS scheme, only NT out of nT TAAs are chosen for transmission. Here Let
NT =2, and then the aim of TAAS is to transmit Alamouti codes at the best TAA pair.
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Let ∑
=

=
L

l
ijlji

1

2
,αβ be the squared sum of absolute value of the L fading path gain

in ijh , so we can obtain an nR×nT  channel squared gain matrix B  whose elements

are jiβ . Assume that the uth and vth TAA are chosen for transmission, and then the

receive SNR γ  at the output data stream is

            ∑
=

+=
Rn

j
vjuj

1
,,0 )( ββγγ (6)

where  0γ  is the transmit SNR.

We should choose two columns of the gain matrix B  with the largest and the sec-
ond largest sums. Clearly, it is based on the rule of optimal array selection:
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)(maxarg),TAAS( ββ . (7)

We can apply the conclusion of TAS into the analysis of TAAS. Therefore, for the
(nT, 2; nR) TAAS scheme, the gain from the TAAS technique in expected receive SNR
over the standard Alamouti scheme can be expressed as [3]

)
2

)(
(log10)( 1

10
R

nn
TAAS n

E
dBG TT −

+
=

ββ
(8)

where 
Tnβ and

1−Tnβ  are the largest and the second largest column sums of matrix B .

3   ICA-Based Blind Receiving Scheme

In this paper, ICA is regarded as an assistant approach for channel estimation and
symbol detection in the traditional receiver. We use ICA network as front-end proc-
essing module to achieve blind symbol detection. The symbols detected by the ICA
network are used as the reference signal in order to estimate the channel responses.
Fig. 2 shows the diagram of the ICA-based receiver.

Fig. 2. The diagram of the ICA-based channel estimation and detection scheme
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For the system mentioned in Section 2, define [ ])()()()( 21 kkkk NyyyY = ,

[ ])()()()( 21 kkkk NvvvV =  and [ ]Nk PHPHPHH 21)( = . To sepa-

rate the source signals effectively, we transform (3) into the following expression

)(~)(
~

)(~ kkk vsHy += (9)
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)(~ ky  and )(~ kv  are 2nRN×1 vectors, and H
~

 is a 2nRN×NT  matrix. )Re(⋅  and )Im(⋅
represent the function of extracting real and imaginary components, respectively.

Note that (9) can be regarded as a linear mixing model of ICA. As the received
signals )(~ ky  are 2nRN×1 matrices, this is an overdetermined blind source separation

problem [4]. Firstly, the received signals can be projected onto an N-dimensional
signal-plus-noise subspace by using a pre-whitening matrix SV :

)(~)( kk S yVx = . (11)

Secondly, we should find a separating matrix W  to apply to the vector )(kx , and
then the source signal can be recovered:

)(ˆ)()( kkk sxWz == . (12)

In this step, we choose FastICA algorithm, a computationally optimized ICA algo-
rithm, to obtain the separating matrix W . The basic updating step is

{ } { } NigEgE i
T
i

T
ii ,...,1,)()( ' =−=+ wxwxwxw (13)

where T
iw is one row of the separating matrix W , and +

iw , the new value of iw , is

normalized to unit norm after every iteration. Function )(⋅g  is the derivative of a

sufficiently regular non-quadratic function [5].
   The estimate of source signal )(ˆ ks  will be used as the reference signal to estimate

spatial channels so as to direct the process of TAAS by feedback. The estimated CSI
can be used to decoding after the array selection, but we also can exploit directly the
ICA network to detect the transmitted signals in a blind mode. Therefore, we can
choose the best output within the two detection schemes according to actual channel
states, and the structure is shown in Fig. 2.

4   Simulation Results

Consider a system with nT transmit BFSAs at BS and two receive antennas at MS.
Each BFSA is a 4-element ULA. The original data stream is 300 blocks with two
BPSK symbols per block. The quasi-static flat Rayleigh fading channel is assumed.

Fig.3 (a) shows BER performance comparison between the FastICA-based scheme
and the conventional STBC scheme. In the simulation, we do not consider TAAS
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scheme and exploit only two transmit BFSAs. Clearly, the BSTBC scheme has a
better performance than the original STBC. The FastICA-based BSTBC scheme has
approximate performance compared with the BSTBC scheme having the perfect CSI,
which can also demonstrate the validity of channel estimation using ICA network.

Fig.3 (b) shows the performance of the TAAS considering BSTBC and FastICA-
based blind detection scheme. It is clear that the BER performance is better and better
by increasing the number of BFSA.

Fig. 3. Performance of the proposed method combining BSTBC, TAAS and FastICA-based
blind detection scheme. (a) Combined BSTBC and FastICA-based detection scheme without
TAAS; (b) Combined BSTBC and FastICA-based detection scheme with TAAS

5   Conclusions

In this paper, we investigate a method which combines BSTBC and TAAS at the
transmitter and applies ICA technique to assist the channel estimation as well as
achieves blind detection at the receiver. The full diversity gains, beamforming gains
and the multi-access interference cancellation performances are achieved by using the
BSTBC. The utility of TAAS obtains full diversity order as if all the transmit BFSAs
are exploited, and it improves effectively the performance of the transmission system
without increasing the complexity of the system obviously. The ICA-based channel
estimation and blind detection scheme can estimate wireless channel without using
pilot sequences and it can provide a high degree of robustness against channel esti-
mation errors and time variation of the fading channels.

                                   (a)                                                                          (b)
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Abstract. On condition that the noise, such as the reverberation, could
be modeled as a dynamical model with lower dimensions, it would be
picked out from its mixture with a useful signal by using the nonlinear
dynamic method proposed in this paper. In other words, the useful sig-
nal could be separated from the noise with this method, which con-
structs the nonlinear inverse to linear filter, based on the spectrum dif-
ference between the noise and the useful signal, in virtue of successive
approximation with Radial Basis Function Neural Networks. Two ex-
amples, with the sine pulse as the useful signal, are displayed. The arti-
ficial chaotic signal plays the role of the noise in one example, and the
actual reverberation in another. These examples confirm the feasibility
of this method.

1   Introduction

In underwater acoustics and active sonar, the reverberation becomes the dominant
noise. Usually the reverberation is modeled as stochastic model, and its non-
correlation is used to improve SRR (Signal Reverberation Ratio). Since the rever-
beration could be modeled as a dynamical model, the traditional method won't make
full use of the structural detail of the reverberation. In fact, Frison et al have deter-
mined the chaos property of the ocean ambient noise and the continuous wave signal
influenced by the sea channel in 1996 [1], [2]. And Broomhead et al have explained
that fluid systems are the origin of many nonlinear disorganized phenomena [3], such
as the sea clutter in radar, some noise in sonar, which was backed up by Zhiming Cai
[4]. So a heuristic nonlinear dynamic method is proposed to suppress reverberation in
this paper.

In Section II, we describe the principle and algorithm of this method. Section III
displays the simulation results, which are analyzed, as well. And the conclusion is
presented in Section IV.
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2   Principles and Algorithm

2.1   Principles

Let the receiving modal be as follows:

n n nz x y= + (1)

where nx represents the observation of a nonlinear system (may be but need not be a

chaos system), i.e., ( )n nx h s= K , ( )h i  denotes the observation function of the nonlin-

ear system, ns M∈K , M is the state vector set of the nonlinear system; And ny  is the

useful signal, whose bandwidth is much narrower than nx . Then ny  can be filtered

through a narrow-band FIR filter. Because feedback may produce false dynamic
feature, which is unavoidable in IIR filters, so FIR filter is preferable. Let the transfer
function of the narrow-band FIR filter be ( )F ⋅ . Naturally the outcome of nz  through

the filter, nz′ , is another observation of this nonlinear system.

( ) ( )

( ), M
n n n n n

n n

z F x y F x x

h s s

′ ′= + = =
′ ′= ∈K K

(2)

Since nx  and nx′  are both the observation of this nonlinear system, we can model

this system by using them respectively, i.e., dynamic reconstruction. The normal way
of dynamic reconstruction is delay embedding [5], which convert the scalar time
series , 1, , Nnx n = "  to the vector series ,D,nx τ

K
 according to (3).

T
,D, D, (D 1)

T
(D 1)

( ) [ , , , ]

[ ( ), ( ), , ( )] , 1, ,N (D 1)τ
n n n n n

n n n

x s x x x

h s h s h s n

τ τ τ τ

τ τ

+ + −

+ + −

=Φ =

= = − −

K K "
K K K" "

(3)

where D , τ  is the embedding dimension and the embedding delay respectively. The
vector series nx

K
 can reconstruct the state space of the nonlinear system and keep all

dynamic information. Dynamic reconstruction of nx′  is the same as nx .

T
n,D, D, (D 1)( ) [ , , , ]n n n nx s x x xτ τ τ τ+ + −′ ′ ′ ′ ′=Φ =K K " (4)

Aiming to simplify the description of formula, we might as well let 1τ = . If the
coefficients of the FIR filter are { , 0, ,q 1}jc j = −" , then

1

0

q

n j n j
j

x c x
−

+
=

′ =∑
(5)

Obviously the relation between ,D,1nx′K  and ,D+q 1,1nx −
K

 is as follows:

,D,1 q ,D+q 1,1n nx xφ −′ =K K
(6)
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where qφ  is a D (D q 1)× + −  matrix,
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(7)

Eq.(6) can be rewritten as:

,D,1 q D+q 1,1( )n nx sφ −′ = ΦK KD (8)

Since qφ  is an injection Based on the set D+q 1,1(M)−Φ , i.e., ,D,1nx′∀K , one and only

,D+q 1,1nx −
K

 can be found certainly to satisfy (9).

,D+q 1,1 D+q 1,1 ,D,1 q ,D+q 1,1(M),n n nx x xφ− − −′∈ Φ =K K K
(9)

Thus inverse transform must exist between ,D,1nx′K  and ,D+q 1,1nx −
K

. Let 1
qφ −  represents

the inverse of qφ . We can utilize RBF neural networks to approximate 1
qφ −  by means

of learning input/output data ,D,1nx′K  and ,D+q 1,1nx −
K

. Then ,D+q 1,1nx −
K

 can be recovered

through (10), which means the estimation of nx , ˆnx , is obtained.

1
,D+q 1,1 q ,D,1

ˆˆ
n nx xφ −

− ′=K K (10)

where 1
q̂φ −  denotes the approximation result.

Finally ny  can be recovered by nz  subtracting ˆnx , i.e., ˆ ˆn n ny z x= − .

2.2   Algorithm

This method is used in ‘blind’ signal separation in this paper (only the spectrum dif-
ference between nx  and ny  is known), which means the learning data to train RBF

NN come from the observation data, polluted by the useful signal. Therefore it is
important that the part of the observation data is picked out as the learning data to
ensure accurate approximation to 1

qφ − . As a result, the following two simulations

both use the sine pulse as the useful signal, which make some part of the observation
data not polluted by the sine pulse in the time domain. Some actual observation mod-
els accord with these simulations, for example, the active sonar for detecting mines
lying on the seabed, the echo of the target is much shorter than the reverberation in
the time domain.

The algorithm is as follows:
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Step 1. To construct the FIR filter based on the spectrum of the useful signal ny , and

filter the useful signal from nz  to get nz′ , i.e., nx′ .

Step 2. Dynamic reconstruction. First, we determine the embedding dimension D  and
the embedding delay τ in virtue of nx′  [6], [7], which are needed in dynamic recon-

struction. Then we model nx′  and nz  with the dynamic model.

Step 3. Constructing RBF Neural Networks to approximate 1
qφ −  by means of learning

P  pairs of input/output data ,D,nx τ′K  and ,D+q 1,nz τ−
K

, 1, ,Pn = " . In this paper, two layer

RBF NN is used, in which a group of coarse approximation is made at first and com-
bined linearly to obtain the optimal mode at last [8]. The two-layer RBF NN, com-
pared with the RBF NN using strict interpolation, reduces the computation cost and
improves prediction accuracy.

Step 4. To estimate nx  by Inputting ,D,nx τ′K  to the trained two layer RBF NN and ob-

tain ˆny  through nz  subtracting ˆnx .

Fig. 1. Block diagram of this proposed Nonlinear Dynamic Method

3   Simulations

Two examples, with the sine pulse as the useful signal, are followed. In the first one
the artificial chaotic signal is used as the noise, and the actual reverberation in the
second one, respectively.

In the first example, the artificial chaotic signal is Lorenz series. The frequency
and width of the sine pulse is 175KHz, 50 µs  respectively. The sample frequency is
1MHz, the sample duration is 1ms, and SNR is -8.8093dB. The sine pulse exists from
200th to 250th µs . Totally 300 pairs of data are used, which are divided into 60

FIR filter

RBF Neural Networks

－

nz

dynamic
reconstruction

+

ˆnx

ˆny
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groups, 5 radial basis functions in each group, to train the RBF NN. D 4= , 1=τ .
After the sine pulse is separated from Lorenz series by this proposed method, SNR is
increased to 11.7264dB.

     

(a)                                                                         (b)

Fig. 2. Example with Lorenz series as the noise, (a)  PSD of the observation data; (b) the origi-
nal pulse (solid line) compared with the recovered pulse (dash-dot line)

In the second example, the actual reverberation is used, which is from the experi-
ment made in Songhua Lake, China. When the transmitting signal is a mono-
frequency pulse with 3ms duration, 20o transmitting angle and 100KHz mid-
frequency, we call the reverberation mono-frequency reverberation in this paper.
Respectively the reverberation is called LFM reverberation when the transmitting
signal is a LFM pulse with 7.2ms duration, 20o transmitting angle and 90-180KHz
band. In the example, two kinds of reverberation are both used. And the sampling

   

(a)                                                                         (b)

Fig. 3. Example with mono-frequency reverberation as the noise, (a) PSD of the observation
data; (b) the original pulse (solid line) compared with the recovered pulse (dash-dot line)
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(a)                                                                         (b)

Fig. 4. Example with LFM reverberation as the noise, (a) PSD of the observation data; (b) the
original pulse (solid line) compared with the recovered pulse (dash-dot line)

frequency is still 1MHz, but only 1000 samples are used. The useful signal is still the
sine pulse, which is similar to the one used in the first example, but the amplitude
descend and the duration expand to 100 µs . In this example 600 pairs of data are
used, which are divided into 100 groups, 6 radial basis functions in each group, to
train the RBF NN. When mono-frequency reverberation is used, D 10= , 2=τ , SRR
is increased to 8.6159dB from -7.3593dB; When LFM reverberation is
used, D 7= , 1=τ , SRR is increased to 13.1992dB from -6.0387dB. These results
show that this proposed method can separate the useful signal from the reverberation
effectively (even if SRR is very low), and obtain better results with LFM reverbera-
tion as ambient noise than mono-frequency reverberation.

4   Conclusion

In this paper, a nonlinear dynamics noise-reduction method based on RBF NN is
proposed. And its feasibility is testified by two examples, in which simulation chaos
data and actual reverberation data are used as the noise respectively. Though the
theoretical base of this method is chaos theory, its application isn’t confined to proc-
ess chaos signal. Only if the noise could be modeled as a dynamical model with lower
dimensions and its bandwidth is wider than the useful signal, this method would have
effect to separate them.
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Abstract. Mixed pixels exist in almost all multispectral and hyperspectral
remote sensing images. Their existence impedes the quantification analysis of
remote sensing images. This paper proposes a new scheme for detection and
classification of subpixel spectral signatures in multispectral remote sensing
images. By minimizing the energy function with two special constraints, the
mixed pixels can be decomposed more precisely. Further, we point out that our
scheme can also be used for the decomposition of mixed pixels in hyperspectral
remote sensing imagery. Finally, the performances of the proposed scheme are
demonstrated experimentally and the comparisons of the performances with
conventional methods such as back-propagation (BP) neural network are made.

1 Introduction

Usually, ground objects in remote sensing images are detected by units of the pixels.
Due to the limit of spatial resolution, in most cases, one pixel may cover hundreds of
square meters with various ground objects and becomes a mixed pixel. The mixed
pixel problem not only influences the precision of object recognition and
classification, but also becomes an obstacle to quantification analysis of remote
sensing images. This problem can be overcome by obtaining the percentages of
interesting object precisely [1][2].

A kind of widely used methods for the decomposition of mixed pixels are neural
network methods such as back-propagation (BP) and radial basis function (RBF)
neural networks [3][4]. They are useful for detection and classification of subpixel
spectral signatures in multispectral remote sensing images. However, their
decomposition precisions are usually low and their performances decrease quickly in
the presence of noise. This kind of methods based on neural networks cannot meet the
constraint conditions such as the sum of percentages of decomposition results should
be 1 and the percentage of each decomposition result should fall into the range [0, 1].
In this paper, we propose a scheme which can produce more precise results than the
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BP or RBF networks by minimizing a new objective function with special constraints.
Especially, our scheme is more robust and can still obtain better results even through
there exists stronger noise.

The remainder of this paper is organized as follows. Section 2 is used to describe
the proposed scheme. Some experimental results are shown in section 3. Conclusion
is given in section 4.

2 The Proposed Scheme

2.1   Linear Spectral Mixture Analysis

Over the past years, linear spectral mixture analysis (LSMA) has been widely used for
mixed pixel decomposition. It assumes that the spectral signature of an image pixel is
linearly mixed by the spectral signatures of objects present in the image. Define X as a
multispectral vector of a single pixel in multispectral remote sensing images, and A as
a reflectance characteristic matrix composed of reflectance of each object in each
spectral band, and S as a vector composed of the percentage of each object. So we can
obtain the equation

SAX ×= . (1)

If the multispectral remote sensing images have n  bands and m  sorts of interesting
objects, then X is a 1×n  vector, A is a mn×  matrix and S is a 1×m  vector. In this
model, the selection of matrix A is important to the precision of decomposition
results.

2.2   Constraint Conditions

The decomposition results S based on LSMA should satisfy the following two
constraints.

(a) The sum of percentages si of interesting objects in every single pixel should be
1, i.e.

1
1

=∑
=

m

i

is .
(2)

 (b) The percentages si of interesting objects should fall into the range from 0 to 1,
i.e.

10 ≤≤ is , ),...,2,1( mi = . (3)

In addition, the decomposition results S should satisfy the condition of LSMA
model, i.e.

SAX ×= . (4)
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2.3   The Proposed Scheme Based on Constraint Conditions

If the reflectance characteristic matrix A is selected precisely and there is no noise in
the images, the decomposition results should satisfy the Eq. (4). But because of
measure noise, weather condition and atmosphere dispersion condition, etc., it is
impossible to get an ideal situation mentioned above. So precise decomposition
results should be obtained by minimizing the following energy function

( ) ( )ASXASX −−= TE . (5)

In order to make the results satisfy the Eq. (2) and (3), we introduce them to Eq. (5)
and form the objective function

( ) ( ) ∑∑
==
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2
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2
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2
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])1([1ASXASX . (6)

The Eq. (6) uses the second part to constrain the sum of percentages si to 1. M is a
Lagrange variable and can be obtained by iterative operation. For the consideration of
simplicity, we set M as a large number, and the algorithm can still work well without
the precision loss of decomposition results.

The Eq. (6) uses the third part to constrain the percentages si in the range from 0 to
1. l is a large positive integer. When 0≤si≤1, si

2l and (1- si)
2l are close to zero, but when

si<0 or si >1, at least one of si

2l and (1- si)
2 is much greater than 1, so through iterative

operation, si can be constrained back to [0,1]. c1 and c2 are adjustment factors. By
changing the values of M, c1 and c2, we can adjust the proportion of the two
constraints. Here, we make the two constraints equally important.

In order to minimize the objective function E, calculate its differential coefficient
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(7)

I is a unit column vector. From the Eq. (7), we can get the following iterative
algorithm
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(8)

η is the iterative step size. c1' and c2' are constants calculated from c1 and c2,
respectively.



334         H. Zhou, B. Wang, and L. Zhang

3 Experiment Results

In this section, we decompose the mixed pixels with two algorithms, BP neural
network and the proposed algorithm, and then compare their results. The experiments
are performed on artificial simulation images and Landsat multispectral images.

3.1   Experiments for Simulation Images

In order to avoid the influence of imprecise selection of reflectance characteristic
matrix A, first, the experiment is carried out for simulated images. We assume that
artificial images include two kinds of ground objects. The percentages of them in the
image are shown in Fig. 1.(a). In the Fig. 1.(a), pure black denotes that the percentage
of a certain sort of object in this pixel is 0, while pure white denotes 1. Define 4×2
matrix A as below





















=

70   160
50   150

100    50
150    20

A .

We can obtain 4 simulated images shown in Fig. 1 (b),(c),(d) and (e) as 4 bands of
multispecrtral images. The performance of BP network depends on the quality of
training set to a great extent. In our experiment, we randomly produce a training set
containing one thousand two-dimensional vectors with 1 as the sum of every vector’s
two elements. Training error is set as 610− . The decomposition results of BP network
are shown in Fig. 2.

                 
                (a)                                   (b)                 (c)                 (d)                  (e)

Fig. 1.  Simulation images. (a) The percentages of standard ground objects. (The image size is
100100 × .); (b) (c) (d) (e) 4 mixed simulation images.

            
(a) (b)

Fig. 2. The decomposition results of BP network. (a) The results in the absence of noise, (b)
The results in the presence of 20db noise.

In the proposed algorithm, the program iterates 500 times for every pixel or jumps
to the next pixel when 01.0≤∆E . Here, we set 1000=M , c1' = c2' =1, and l=25. The
decomposition results of our method are shown in Fig. 3.
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                             (a)                                              (b)

Fig. 3. The decomposition results of our method. (a) The results in the absence of noise, (b)
The results in the presence of 20db noise.

From the above results, we can see that the results of our method are more precise
than that of BP neural network. For example, in a pixel, the percentages of two sorts
of objects are 2% and 98%, the decomposition results of our method are 2.781% and
97.401% when BP are 22.201% and 104.956%. Obviously, the precision is improved.
More examples are given in Table 1.

Table 1. The result comparison of the BP network and our method

Results of the BP network Results of our methodPercentages of
two objects in
source images

No noise Add noise No noise Add noise

1 2%
98%

22.201%
104.956%

32.063%
81.232%

2.781%
97.401%

4.048%
99.016%

2 12%
88%

28.347%
94.574%

33.151%
72.523

12.787%
88.010%

12.272%
90.520%

3 20%
80%

37.877%
86.058%

39.386%
68.188%

19.215%
80.676%

20.753%
81.047%

4 32%
68%

50.686%
78.216%

44.843%
56.957%

31.254%
68.216%

30.266%
71.394%

5 45%
55%

55.468%
72.503%

50.177%
72.158%

43.856%
56.021%

42.059%
56.764%

The Table 1. presents 5 mixed pixels selected from artificial images and their
decomposition results by the two algorithms: the BP network and the proposed
algorithm. From the Fig. 2. the Fig. 3. and the Table 1. we can conclude that
(a) In no noise situation, all two algorithms can decompose the mixed pixel, but the

results of our method are more precise.
(b) When noise is added to the source images, the results of BP network become

worse, but our method demonstrates the stronger ability of noise suppression.

3.2 Experiments for Landsat Multispectral Images

In this part, we used 1st – 5th and 7th bands of Landsat multispectral images covering an
area of Shanghai as experimental data (image size is 256×256). This area mainly
includes 3 sorts of typical ground objects: water, plant and soil (include artificial
architectures). The reflectance characteristic matrix A is composed of the mean of 20
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samples selected in each sort of object in every band. In the experiment, we apply
separately the BP network and our method to Landsat multispectral images. From the
experimental results, we can find that there are many noisy pixels in the
decomposition results of BP network and most of its results do not satisfy the
constraints mentioned above. In addition, we find out this problem also exists in the
RBF networks. The proposed method solved this problem. By adding two constraints
to the energy function, this proposed algorithm can control the percentages of
interesting objects in most pixels within the range [0, 1], which makes the results
more precise.

Finally, we have to point out that our method can also be used for the
decomposition of mixed pixels of hyperspectral remote sensing images although only
the experiment results for multispectral remote sensing images have been shown in
this paper.

4 Conclusions

In this paper, we presented a scheme which can be used to decompose the mixed pixel
in multispectral and hyperspectral remote sensing images. By introducing constraints
into the objective function, the proposed method can satisfy the request of pixel
decomposition: the sum of percentage of each interesting object in every single pixel
should be 1, and the percentage of each interesting object should fall into the range
from 0 to 1. By these constraints, our method obtained more precise results, and
stronger ability of noise suppression. Its performance is better than the conventional
BP and RBF neural networks.
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Abstract. A voting-mechanism-based fuzzy neural network model for
identifying 11 kinds of mineral waters by its taste signals is proposed. In
the model, A classification rule extracting algorithm based on discretiza-
tion methods in rough sets is developed to extract fewer but robust clas-
sification rules, which are ease to be translated to fuzzy if-then rules to
construct a fuzzy neural network system. Finally, the particle swarm op-
timization is adopted to refine network parameters. Experimental results
show that the system is feasible and effective.

1 Introduction

The first step in designing a fuzzy inference system is the partition of fuzzy in-
put space, i.e., the number of fuzzy subsets in each coordinate, the type and the
parameters of the membership function corresponding to each fuzzy subset are
determined. A good partitioning method can create a small rule base with ro-
bust rules. General methods for partitioning the fuzzy input space include the C-
means clustering algorithm ([1]) and the subtractive clustering algorithm ([1],[2])
and so on. Despite of the popularity of the C-means, one of its major drawbacks
is very sensitive to the values of the initial cluster centers ([3]). Similarly the
subtractive clustering algorithm often suffers from determining its parameters
([1]). A classification rule extracting algorithm in rough sets has been presented
in [4] to identify tea taste signals. Further a voting-mechanism-based fuzzy neu-
ral network model is proposed in this paper. Based on the discretization method
by Nguyen, H.S ([5]), a new classification rule extracting algorithm is proposed
to implement partitioning fuzzy input space. Finally the particle swarm opti-
mization (PSO) is adopted to refine network parameters. Experimental results
show that the system is feasible and effective.
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2 Discretization of Continuous Signals

A set of training samples in classification systems can be represented as a de-
cision table A = (U, C ∪ {d}) in rough sets, where U = {x1, x2, ..., xn} , is the
universe; C = {C1, C2, ..., Cs} is a set of condition attributes; and {d} is a set
of decision attributes. The classification rules in rough sets are in the form as
follows:
R : if C1(x) = c

(j)
1 ∧ C2(x) = c

(j)
2 ∧ ... ∧ Cs(x) = c

(j)
s then d(x) = v(j)

where c
(j)
i ∈ Vci , Vci represents the value set of condition attribute Ci, i ∈

{1, 2, ..., s}; v(j) ∈ Vd, j ∈ {1, 2, ..., r}, Vd represents the value set of decision
attribute d. Such a decision table in which the condition attributes have real
values and the decision attributes have discrete values is mainly concerned in
this paper, and it is assumed that no any two training samples with the same
condition attribute valves have the different decision attribute values.
The discretization decision table of A = (U, C ∪ {d}) is represented as A|D =

(U, CD ∪ {d}), where CD = {C
DC1
1 , C

DC2
2 , ..., C

DCs
s } represents discretization

condition attribute set, and getting a optimal discretization decision table is a
NP-hard problem ([5]). Nguyen, H.S ([5]) proposed a heuristic searching for
approximately optimal discretizations with the computational complexity of
O(sn|D| + logn). The algorithm is adopted in this paper.

3 Extraction of Classification Rules

Some classification rules extracted directly from A|D are not robust enough.
Below an algorithm is proposed to extract fewer but robust classification rules.

Definition 1. (The strength of the classification rules) The strength of a clas-
sification rule R is defined as:
Strength(R)=|{x|x ∈ U ,and x matches the antecedent of the rule R}|.
Definition 2. (The neighbor rules): Any two classification rules R1 and R2
extracted from A|D are called neighbor with regard to j if ∃j ∈ {1, 2, ..., s}, the

values of C
DCj

j (x) in R1 and R2 are two consecutive discrete values, and ∀i �=
j, i ∈ {1, 2, ..., s}, the values of C

DCi
i (x) in R1 and R2 are the same.

Definition 3. (The incorporable rules): Let a classification rule R in the con-
junctive form be if C

DC1
1 (x) = (c1

1∨c2
1∨ ...∨ck1

1 )∧C
DC2
2 (x) = (c1

2∨c2
2∨ ...∨ck2

2 )∧
... ∧ C

DCs
s (x) = (c1

s ∨ c2
s ∨ ... ∨ cks

s ) then d(x) = v(j). Without losing generality,
assume c1

i < c2
i < ...cki

i , ∀i ∈ {1, 2, ..., s}. The rule R is called incorporable if
c1
i , c

2
i , ..., c

ki
i are all the consecutive discrete values,∀i ∈ {1, 2, ..., s}.

Definition 4. (The neighbor incorporable rules): Any two incorporable rules
R1 : if C

DC1
1 (x) = (c1

11 ∨ c2
11 ∨ ... ∨ ck11

11 ) ∧ C
DC2
2 (x) = (c1

12 ∨ c2
12 ∨ ... ∨ ck12

12 ) ∧
... ∧ C

DCs
s (x) = (c1

1s ∨ c2
1s ∨ ... ∨ ck1s

1s ) then d(x) = v(j1) and R2 : if C
DC1
1 (x) =

(c1
21 ∨ c2

21 ∨ ... ∨ ck21
21 ) ∧ C

DC2
2 (x) = (c1

22 ∨ c2
22 ∨ ... ∨ ck22

22 ) ∧ ... ∧ C
DCs
s (x) =
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(c1
2s ∨ c2

2s ∨ ... ∨ ck2s
2s ) then d(x) = v(j2) are called neighbor with regard to j if the

following conditions are satisfied for R2 (or R1):

(1)∃j ∈ {1, 2, ..., s}, the value of C
DCj

j (x) in R2 (or R1) is a single discrete
value c1

2j (or c1
1j), and the following relation between c1

2j in R2 (or c1
1j in R1)

and c1
1j ∨c2

1j ∨ ...∨c
k1j

1j in R1 (or c1
2j ∨c2

2j ∨ ...∨c
k2j

2j in R2) are held: c1
2j = c

k1j

1j +1

(or c1
1j = c

k2j

2j + 1), or c1
2j = c

k1j

1j − 1 (or c1
1j = c

k2j

2j − 1);

(2)∀i �= j, i ∈ {1, 2, ..., s}, the values of C
DCi
i (x) in R1 and R2 are the same.

Theorem 1. (1)Any two neighbor rules with the same rule consequent can be
represented as a incorporable rule; (2)Any two neighbor incorporable rules with
the same rule consequent can be represented as a incorporable rule.
Proof: (1)Let two neighbor rules with regard to j be R1 : if C

DC1
1 (x) =

c1
1 ∧ C

DC2
2 (x) = c1

2 ∧ ... ∧ C
DCj

j (x) = c1
j ∧ ... ∧ C

DCs
s (x) = c1

s then d(x) = v(ji1 )

and R2 : if C
DC1
1 (x) = c1

1 ∧C
DC2
2 (x) = c1

2 ∧ ...∧C
DCj

j (x) = c2
j ∧ ...∧C

DCs
s (x) =

c1
s then d(x) = v(ji2 ). Since v(ji1 ) = v(ji2 ), they can be represented as a

classification rule R in the conjunctive form: if C
DC1
1 (x) = c1

1 ∧ C
DC2
2 (x) =

c1
2 ∧ ... ∧ C

DCj

j (x) = (c1
j ∨ c2

j ) ∧ ... ∧ C
DCs
s (x) = c1

s then d(x) = v(ji), where
v(ji) = v(ji1 ) = v(ji2 ). Since c1

j and c2
j are two consecutive discrete values, from

Definition 3 we have that R is a incorporable rule. (2)can analogously be proved.

A s-dimensional array RUL is used to keep all possible classification rules
in the discrete space C

DC1
1 × C

DC2
2 × ... × C

DCs
s , e.g., a classification rule

R : if C
DC1
1 (x) = c1 ∧ C

DC2
2 (x) = c2 ∧ ... ∧ C

DCs
s (x) = cs then d(x) = v(i) can

be kept as RUL(c1, c2, ..., cs) = v(i) in RUL. RUL is created as follows:
(1)Initialize RUL by *, where * represents an arbitrary decision attribute value;
(2)Produce rule base RUL(R(j)), j = 1, 2, ..., r, by extracting the classification
rules with rule consequent d(x) = v(j) from A|D. Then Update RUL by each
rule base RUL(R(j)).
Note that, in step (2) any classification rule R extracted from A|D is required
satisfying the condition: Strength(R)≥ λn, where n is the number of the training
samples; and 0 ≤ λ ≤ 1, is a threshold. λ is used to obtain fewer but robust
classification rules. Below Algorithm I is used to obtain an incorporable rule base
RUL Incor(R(j)) from RUL and RUL(R(j)), j = 1, 2, ..., r.
Algorithm I:
For j = 1, 2, ..., r, RUL Incor(R(j)) is obtained as follows:
(1)if RUL(R(j)) = ∅, output RUL Incor(R(j)) and stop, otherwise a clas-
sification rule R is chosen randomly from RUL(R(j)) and set RUL(R(j)) =
RUL(R(j)) − {R};
(2)Set L = {1, 2, ..., s};
(3)if L = ∅, then set RUL Incor(R(j))∪{R}, and go to (1), otherwise go to (4);
(4)An element i in L is chosen randomly, and the neighbor classification rules
with i to R in RUL are searched. Those classification rules are required satisfy-
ing the conditions: d(x) = v(j) or d(x) = ∗. If no such rules can be sought, go to
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(6), else go to (5);
(5)The neighbor classification rules with i to R in RUL(R(j)) are removed from
RUL(R(j)). Combine R and its neighbor rule in RUL to a incorporable rule. Set
the new incorporable rule be R as well. go to (2);
(6)Set L = L − {i}, go to (3).
Note that, in step (5) if R is the incorporable, then the neighbor rule to R
may consists of many classification rules in RUL(R(j)), and they all should be
removed.

4 Translation from the Classification Rules to the Fuzzy
if-then Rules

Fuzzy if-then rules are in the form as follows:
R : if C1(x) is A1 and C2(x) is A2 and...and Cs(x) is As then d(x) is v(j)

where x ∈ U ; Ai is a fuzzy subset (linguistic term) with membership function
ai : R → [0, 1], i ∈ {1, 2, ..., s}; v(j) ∈ Vd. From section 2 and section 3, the
condition attribute values of the classification rules in RUL Incor(R(j)) are all
in the form of (c1

i ∨ c2
i ∨ ... ∨ cki

i ), where (c1
i , c

2
i , ..., c

ki
i ) are consecutive discrete

values, j = 1, 2, ..., r; i ∈ {1, 2, ..., s}, and (c1
i ∨ c2

i ∨ ... ∨ cki
i ) can be mapped

to [lCi , rCi) ⊂ R. Then [lCi , rCi) can be translated to a fuzzy subset with a
Gaussian membership function as follows:

ai(y) = e− (y−c)2

σ2 (1)

where c = 1
2 (rCi+lCi), σ = 1

3 (rCi−lCi). So, any classification rule in RUL Incor

(R(j)), j = 1, 2, ..., r, can be translated to a fuzzy rule by the above method.

5 Voting-Mechanism-Based Fuzzy Neural Network

5.1 Fuzzy Neural Network Architecture

Based on the fact that an object with unknown class tag is generally close
to those samples whose class tags are the same with the one while far from
the samples that have different ones, a voting-mechanism-based fuzzy neural
network system (VMFNN) is proposed.
Assume the number of fuzzy if-then rules translated from RUL Incor(R(j)) is
aj , j = 1, 2, ..., r, and those fuzzy rules are represented as:
Ri,j : if C1(x) is A1,i and C2(x) is A2,i and...and Cs(x) is As,i then d(x) is v(j)

where i = 1, 2, ..., aj , j = 1, 2, ..., r. The matching degree of the fuzzy rule an-
tecedent for an object x is computed by the multiplication T-norm ([6]) as
follows:

AT (Ri,j) =
s∏

k=1

Ak,i(Ck(x)) (2)
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Then a subsystem Sj can be constructed using all Ri,j , i = 1, 2, ..., aj . Its output
is defined as:

Oj = 1 − exp(−
∑aj

i=1
AT (Ri,j)) (3)

Finally, the output of the fuzzy neural network system is defined as:

Y = v(j), subject to Oj = max{O1, O2, ..., Or} (4)
According to the above, the VMFNN model with 5 layers is derived as follows:
[A] Input layer. Oj = Ij = Cj(x), j = 1, 2, ..., s.
[B] Fuzzification layer. The node parameters include the centers and the radiuses
of membership functions in the fuzzy rule antecedent. The output of the nodes
in the layer are the membership degree values calculated by Eq. (1).
[C] Fuzzy rule layer. By Eq. (2), every circle node in the rectangles multiplies
the incoming signals and sends the product out. The outputs of the layer make
up the input parts of the corresponding subsystems.
[D] Subsystem output layer. The outputs of the layer are calculated by Eq.(3).
[E] Voting output layer. The output of the layer is calculated by Eq.(4).
Note that Node functions in the same layers are of the same form as described
above. And the nodes in [B] layer have parameters, while the ones in other layers
have none.

5.2 Optimization for the Fuzzy Neural Network

Assume the system contains r subsystems, subsystem i contains ai fuzzy rules,
i = 1, 2, ..., r, and each of which has 2s parameters (i.e., the centers and the
radiuses in the Gaussian function), where s is the dimensionality of input feature

vectors. Then the number of the system parameters is totally M = 2s
r∑

i=1
ai.

The PSO is used to refine the system parameters. The PSO algorithm flow can
refer to [7]. Let Q be the size of the particle swarm (generally set Q = 20).
The initial velocity of the particles are initialized by random numbers uniformly
distributed on [−0.3, +0.3], and the initial positions of the particles are initialized
by the system parameters with 15% noise. Taking use of information included
by the particle i, a fuzzy system as described in section 4 can be constructed.
The misclassification rates of the system constructed by particle i are defined
as:

Ei =
erri

n
(5)

where i = 1, 2, ..., Q, n is the number of the training samples, and erri is the mis-
classification number of the system constructed by particle i. Eq.(5) can be used
as the fitness of the particle i. Set acceleration coefficients W = 0.7298, C1 =
1.42, and C2 = 1.57, which satisfy the convergence condition of the particles:
W > (C1 + C2)/2 − 1 ([7]). Since C2 > C1, the particles will faster converge
to the global optimal position of the swarm than the local optimal position of
each particle. To avoid the premature convergence of the particles, an inactive
particle, whose position unchanged in consecutive S epochs (set S = 10 in the
paper), will be reinitialized.
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6 Experimental Results

6.1 Taste Signals

With the developments in studying taste sensors and recognition systems, many
favorable outcomes were obtained with respect to the basic taste signals and
some mixed taste signals. Moreover successes in extracting taste signals from rice,
sauce, beverages and alcoholic drinks are reported recently ([8]). Taste signals
of 11 kinds of mineral waters by Saitama University in Japan are used in our
experiment. Experimental data consist of 1100 points with 100 points for each
taste signal. Original taste signals are 5-dimensional data that are outputs of
Na+, K+, pH, Cl−, Ca++ sensor electrodes. To eliminate the correlation among
the taste signals and decrease the dimensions, the Principal Component Analysis
(PCA) is used for original signals and resultant 2-dimensional data are obtained.

6.2 Discretization of the Taste Signals and Extraction of the
Classification Rules

The discretization algorithm of continuous signals by Nguyen,H.S ([5]) is used
for the taste signals so that 30 cuts on c1-coordinate and 39 cuts on c2-coordinate
are obtained. Obviously n = 1100 . Set parameter λ = 0 and λ = 0.003 respec-
tively, Algorithm I is used to extract the incorporable rules from the discrete
taste signals. Comparison of the number of the resultant incorporable rules with
different parameter λ is given in Tab.1.

Table 1. Comparison of the number of the incorporable rules with different parame-
ter λ

No. Taste Num.of Num.of rules No. Taste Num.of Num.of
Signals rules Signals rules rules

(λ = 0) (λ = 0.003 ) (λ = 0) (λ = 0.003 )
1 Vital 7 2 7 Crystal 3 1
2 Valvet 4 2 8 Minmi-Alps 3 1
3 Yourou 5 3 9 Pierval 9 2
4 Rokkou 13 3 10 Fujisan 2 1
5 Volvic 4 2 11 Shimanto 4 1
6 Kireira-mizu 3 2

6.3 Identification of Taste Signals

For λ = 0 and λ = 0.003, the fuzzy neural network systems I and II (below which
are abridged as Sys I and Sys II) can be constructed respectively. The original
taste signals and the ones polluted by the noise are used for our identification
experiment. Note that, assume original signal is A , then the signal polluted by
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the noise is A′ = A + A × η × rand, where 0 ≤ η ≤ 1, is the noise level (set
η = 0.2 in the experiment), and rand is a random number uniformly distributed
on [−1, +1].
The PSO is used to train Sys I and Sys II respectively, and after 100 training
epochs, Sys I got the misclassification rate of 94.3% for the original taste signals
and 78.4% for the polluted taste signals, while Sys II got the misclassification rate
of 97.4% for the original taste signals and 84.6% for the polluted taste signals.
Moreover, because Sys II is constructed by fewer fuzzy if-then rules than Sys I,
it needs only 51.363 sec. per 100 training epochs, while Sys I needs 116.127 sec.
accordingly. Therefore Sys II is better than Sys I in terms of learning capability,
error tolerance and running speed in our experiment.

7 Conclusions and Discussions

Choosing a proper parameter λ in Algorithm I can obtain robust fuzzy if-then
rules, then those rules can be used to construct a fuzzy neural network system
with many perfect properties, such as robustness, learning capability, simplicity
and running speed. Generally set λ ∈ [0, 0.05]. Applying the methods to high-
dimensional complex data and attempting other optimization methods are future
works.
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Abstract. According to the recently neurophysiology research results, a novel
signal detection subsystem of radar based on HA-CNN is proposed in this pa-
per. With a kind of improved chaotic neuron that is based on discrete chaotic
map and Aihara model, Hierarchical-Associative Chaotic Neural Network (HA-
CNN) exhibits promising chaotic characteristics. The function of HA-CNN in
the signal detection subsystem of radar is to reduce the influence of the envi-
ronmental strong noisy chaotic clutter and distill the useful signal. The system-
atic scheme of signal detection with HA-CNN and the detailed chaotic pa-
rameter region of HA-CNN applied in signal detection are given and the results
of analysis and simulation both show this kind of signal detection subsystem
has good detecting ability and fine noise immunity.

1   Introduction

In some cases, useful signal is embedded in strong noisy clutter background. Thus the
radar’s ability to detect targets embedded in strong noisy clutter background depends
on the Signal-to-Clutter Ratio (SCR) rather than the Signal-to-Noise Ratio (SNR). A
great deal of studies has shown that the classical stochastic analysis methods ignored
the inherent physical characteristics of strong noisy clutter and brought loss in signal
processing. It is more precise to use nonlinear model such as chaos and fractal to
analyze it in many cases.

The dynamics of all kinds of traditional neural network in essence can be analyzed
and explained by using the fixed-point theory [1] in the traditional discrete dynamical
system and in the mean time the explanation and classification of chaos can also be
expressed in terms of its relationship with fixed points. Based on the fixed-point the-
ory, it is naturally to expand either hierarchical or associative traditional neural net-
work in the symmetrical system into chaos theory in the asymmetrical system.

In this paper, we construct a novel signal detection subsystem of radar with HA-
CNN that is based on fixed-point theory. The function of HA-CNN in the signal de-
tection subsystem is to reduce the influence of the environmental strong noisy chaotic
clutter and distill the useful signal.
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2   System Model

H. Leung presents one kind of signal detection method based on nonlinear prediction
[2]. Unfortunately, the H. Leung’s method ignores the disturbance of noise to the
predictive ability of the chaos model and does not utilize pre-information of the use-
ful signal sufficiently. This paper develops H. Leung ‘s theory and proposes a system
model as shown in Fig. 1.

Fig. 1. The block diagram of signal detection subsystem of radar that is based on HA-CNN

The flow of signal detection with HA-CNN in the background of chaotic clutter is
as follows:
− The function of first HA-CNN in the subsystem is to construct the phase space of

the strong noisy chaotic clutter. Wavelet transformation is applied here to eliminate
the influence of noise on the phase space reconstruction. We adopt Daubechies
wavelet in this step. After training, the network can be considered as alternative
model of the real noisy chaotic clutter. To avoid few points of the predictive series
departure from the truth seriously, the Singular Value Decomposition (SVD)
arithmetic is applied to smoothen the output.

− The posterior observational echoes including target signals subtract the predictive
values of the trained CNN to obtain the output with small clutter and then the out-
put pass through the classical matched filter to assemble the energy of signal.

− Considering the condition that the output of the classical matched filter is still
submerged in system noise, the second HA-CNN is applied to distill the useful
signal waveform with Chaotic Resonance (CR) phenomenon and then by some
criterion function we can get anticipant target detection results.

3 Theory Analysis

The classical Aihara chaotic neuron model is extension of the Caianiello neuron
equation (1961) and the Nagumo-Sato neuron model (1972) that includes a refractory
effect. In this paper, we constructed an improved chaotic neuron model based on
Aihara model, which combined chaos internal generation approach with external
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generation approach. It exhibits promising chaotic characteristics with adequate pa-
rameters.

Fig. 2. The improved chaotic neuron model based on Aihara model with five kinds of inputs

The chaotic neuron model is shown in Fig. 2 and generally it consists of five kinds
of inputs. The dynamics of the i th chaotic neuron in this model at discrete time 1+t
is described as follows:
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Where )1( +txi and )1( +tyi are the internal state and output of the i th neuron at

the time 1+t  respectively. )( ltI j −  is the strength of the j th external input at

time 1+t . iµ  is the coefficient of the external noise. )(tα  is the positive refractory

strength. It can be time-dependent on demand. )(tiθ  is the dynamical threshold of

i th neuron [3]. Refractory function )(⋅ξ  is the determinative factor in (1) to induce

nonlinear character into neuron. The )(⋅ξ  is defined as [4]:

       ⋅+ +∞∈−∈== ),0(],,0()0,[,)/sin()(1 aAAaA tttt ∪ϕϕϕξϕ
(3)

As shown in Fig. 3, we think it is adequate to apply 6.04.0 <<α ,

100,4 == aN , t1.005.0 +=θ , ,38.1)(36.1 −<<− etne 8.0max <θ  in the

chaotic neuron to utilize the effect of discrete chaotic map to obtain favorable chaotic
property.

Since the number of environmental variables is large, a statistical study of the vari-
ables is ought to carry out as a previous step to the analysis of the chaotic time series.
We take the environmental variables in pairs and test their lineal correlation and
Spearman rank correlation [5]. The latter are calculated using (4):
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Takens Theorem is the academic base of the phase space reconstruction and the
delay-time coordinates (DTC) method is chosen to realize it in this section. The vec-
tors of constructed phase space Ω are defined as

                      ⋅−++=Ω ))1((,),(),(( ττ eiiiiiii dtxtxtx "                     (5)

We generalize the Cross-Validated Subspace (CVS) method [6] to determine the
optimum number of hidden units of HA-CNN. The dimension of the subspace
spanned by the echo eigenvectors is used to ascertain suitable number of hidden units
and the cross validation method is applied to prevent over-fitting.
Stochastic resonance (SR) is known as a phenomenon in which the presence of noise
helps a nonlinear system in distilling a weak signal. It plays positive role in the in-
formation processes. Literature [7] shows that the SR-like behavior, i.e. CR, can be
observed in deterministic dynamic systems by using the intrinsic chaotic dynamics of

a nonlinear map. With ten 1.005.0,32,5.0 +=−== θα  and 3.0max <θ  the

CR phenomenon can be observed in HA-CNN and we will apply this useful charac-
teristic to distill the output of classical matched filter from system noise.

4   Simulation

To carry out the signal detection simulation, we construct simulated echo signal com-
posed of environmental strong noisy chaotic clutter and target echo according to the
historical observed data. HA-CNN in this application owns two hidden layers. As
shown in Fig. 4, we think it is appropriate to set the number of units H in hidden
layers of HA-CNN as 12=H by the computation with CVS method. The embedding

dimension ed  and time delayτ are determined as 4=ed , 4=τ . According to this

result, the number of neurons in the input layer is eight: four is the circumstance pa-
rameters and the other four is the historical data. The output layer in the simulation
only comprises one neuron. The parameters of first HA-CNN is fixed as:

⋅<−<<−+===<< 8.0,38.1)(36.1,1.005.0,100,4,6.04.0 maxθθα etnetaN

The parameters of second HA-CNN is fixed as 5.0=α , 32 −= en , t1.005.0 +=θ
and 3.0max <θ . The 13bit barker code {1,1,1,1,1,0,0,1,1,0,1,0,1} is applied in the

simulation as phase modulation code. Fig. 5 shows the simulation of the signal detec-

tion courses. As shown in the figures, because inSCR  is less than -30dB, the object

signal is submerged in the noisy clutter completely, but after processed by HA-CNN
system, the useful correlation output is detected effectively.
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external noise )(tn ( 1.0)( =tα ) respectively
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Fig. 5. In normal direction flow, the figure is echo including noisy clutter (CNR=8dB), the
output of the classical matched filter and the output of the second HA-CNN sequentially

The signal detection system is immune to the noise mixed in the chaotic clutter unless
CNR <5dB and is also not sensitive to the category of noise. Table 1 shows the
comparison of different signal detection method, as we can see, signal detection
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Table 1. Comparison of different signal detection methods

Category 610−=fP 510−=fP 410−=fP

Classical method 37.0=dP 50.0=dP 58.0=dP
H.Leung method 46.0=dP 60.0=dP 69.0=dP
HA-CNN method 59.0=dP 77.0=dP 87.0=dP

with HA-CNN proposed in this paper can bring obviously increases in the probability
of detection compared with old methods.

5   Conclusions

In this paper we developed a novel signal detection subsystem of radar based on HA-
CNN. With theoretical analysis and simulation we think it is effective in weak signal
detection and in strong chaotic clutter background it can reach a good improvement

factor ( / ) 50out inSCR SCR dBδ = > . HA-CNN exhibits fine properties and the appli-

cations of it are in no way restricted to the proposed. It owns the potential to be
widely applied in nonlinear series prediction, pattern recognition and combinatorial
optimization etc. The further researches of HA-CNN on theory and practice are ab-
sorbing.
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Abstract. The problem of real time signal detection in the noise and its
applications to the denoising single-trial evoked potentials (EP) was
investigated. The main objective is to estimate the amplitude and the latency of
the single trail EP response without losing the individual properties of each
epoch, which is important for practical clinical applications. Based on the radial
basis function neural network (RBFNN), a method in terms of normalised
RBFNN was proposed to obtain preferable results against other nonlinear
methods such as ANC with RBFNN prefilter and RBFNN. The performance of
the proposed methods was also evaluated with MSE and the ability of tracking
peaks. The experimental results provide convergent evidence that the NRBFNN
can significantly attenuate the noise and successfully identify the variance
between trials. Both simulations and real signal analysis show the applicability
and the effectiveness of the proposed algorithm.

1   Introduction

In practice, the measurement of the signals we are interested in is often corrupted by
noise as a result of many other kinds of background activities. Moreover, majority of
signals turn to be typical non-stationary and nonlinear. Conventional signal analysis
for these problems has long been dominated by FFT or the traditional ensemble
averaging (EA). However, due to the non-stationarity and nonlinearity of the noisy
signals, the Fourier analysis fails to investigate a class of signals whose frequency
contents change with time and the EA method cannot be used to real-time track the
signal in noise. For example, in medical applications, evoked potentials (EPs)
represent the weak electrical activity measured from specific regions of brain usually
resulting from sensory stimulation. Under some conditions the problem of tracking
EPs changes is quite important and practical significant: e.g., for patients under
critical care when their physiological conditions vary with time. The measurement of
the time-varying EPs is always buried in relatively large background noise which is
the on-going electrical activity of other brain cells known as electroencephalographic
activity (EEG). To extract the real-time EPs more effectively from the noise,
advanced signal processing technique is required. Thus, the problem of dealing with
the real-time detection of signal in noise becomes more and more important in many
practical measurement environments. Our main task is to design a real-time estimator
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with which the unwanted contribution of the on-going background noise can be
filtered out from the observations as much as possible.

Adaptive signal processing, such as adaptive noise canceller (ANC), has been
widely used to improve the estimate result of transient noisy signals [1, 2]. Many
adaptive filters need a meaningful reference signal for its good tracking. Taking the
nonlinear nature of the recognition signal into consideration, radial basis function
neural network (RBFNN) can be adopted as the prefilter to obtain more meaningful
reference for ANC [3] since RBFNN is capable of dealing with any nonlinear
multidimensional continuous functions [4, 5]. This ANC method with RBFNN
prefilter is much better than EA in the case of tracking real-time response and can
extract the temporal information of the measurement.

However, when the SNR is very low and the response is fast transient, the methods
discussed above may not be valid. The structure of the RBFNN is relatively simple
with an output node that has a liner-in-weight property that can be directly employed
to track the single trial signal, but the Radial Basis Function (RBF) is able to cover the
whole input space if a RBFNN is normalized and applied. NRBFNN, called
normalized RBFNN, can be obtained by dividing each radial function in RBF network
by the sum of all radial functions. This new technique is helpful to significantly
improve the capability of signal detection. In this contribution, the modified
NRBFNN procedure is proposed to carry out the real-time detection of signals
contaminated with noise. As the application in medicine, we aim at obtaining fast EPs
measurement and tracking EPs’ variations across trials on time. The propose scheme
is also compared with other common used methods such as RBFNN and the nonlinear
ANC with RBFNN prefilter in the case of single-trial estimation.

2   Proposed Approach

NRBFNN is used to obtain the fast responses measurement and track the variations
across the trials. Fig.1 shows the structure of a general RBF neural network which is a
multiplayer feed-forward neural network consisting of input layer, kernel (hidden)
layer and output layer. The units in the kernel layer provide an array of nonlinear

radial basis function iφ , which are usually selected as Gaussian functions and

defined as );()(
1

iiii

M

i
i cxwxfy σφ∑

=

== . 

where x  is the input vector, ic  represent the location with kernel unit i , while iσ
models the shape of the activation function. iw  denote the weight from kernel unit to

output unit. In the output layer, the value of a unit is obtained through a linear

combination of the nonlinear outputs from the kernel layer. iw  are trained in a

supervised fashion using an appropriate linear learning method.
    Local basis functions are advantageous because of the increased interpretability of
the network, the ability to produce locally accurate confidence limits, and also the
locality, which can be utilized to improve computational efficiency. Normalization
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Fig. 1. Structure diagram of RBF neural network

is common practice in local linear modeling. The normalization of the basis functions
in such a network is proposed that is motivated by the desire to achieve a partition of
unity across the input space. It results in the basis functions covering the whole of the
input space to the same degree, i.e. the basis functions sum to unity at every point. By
partition of unity it is meant that at any point in the input space the sum of the
normalized basis functions equals unity. Partitioning of unity is an important property
for basis function networks in many applications, such as noisy data interpolation and
regression. It often results in a structure which can be less sensitive to poor center
selection and in cases where the network is used within a local model structure. Also
since the basis function activations are bounded between 0 and 1, they can be
interpreted as probability values. Covered the space between training vectors without
excessive overlap, the RBF eventually approach either zero or one at the extremes of
the input. The effect of the normalization also improves the interpolation properties

and makes the network less sensitive to the choice of the widths iσ .

To evaluate the performance of real-time detecting signal in the noise, both
RBFNN and the nonlinear ANC with RBFNN prefilter are computed and compared
with our proposed NRBFNN method. By employing the simulated data and real
signals, we carry out the evaluations in the following three aspects: (a) comparing the
performance with relative mean square error (MSE), (b) evaluating the ability of
tracking signal variation, and (c) testing the signal detection ability at different SNR
conditions. All significant results are provided to show the effectiveness and the
advantage of the presented NRBFNN method.

3   Results

First of all, we generate 50 epochs of 500 samples with input SNR at –20 dB and –40
dB, respectively, for evaluating the behaviors. All three models, ANC with RBFNN
prefilter, RBFNN and NRBFNN, were tested. Fig. 2 shows the corresponding real-
time detecting performances at different SNR. Though being able to track single-trial
data rapidly, RBFNN can only achieve it under certain circumstance, such as a higher
SNR input. In all situations, the normalized RBFNN performs best among all the
structures proposed in the fitting ability, as well as in the rate of convergence. Next,
the performance of the estimation is also evaluated by calculating the mean square
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error (MSE) and shown in terms of the MSE versus 3 methods in Fig.3. In terms of
MSE comparison, NRBFNN is also found to be the best as compared to the other
models. In addition, the ability of tracking signal’s variation was investigated. 1000
trials input signals was generated. The first 500 trials remain waveform S1, and other
500 trials adopt a different waveform S2. There existed a jump at the 500th trial. Fig.4
illustrates the error curves comparison in abrupt changing simulation. Finally, we
compared the performance of signal detection at different SNR. We consider the local
SNR, varying from –40 dB to 0 dB with an increment of –5dB. Fig.5 illustrated the
results. It’s clear that the MSE of NRBFNN is the smallest at all noise levels. The
NRBFNN method effectively eliminates the bad input data in all three models. As an
example in medical application, the visual EPs (VEP) on scale of visual spatial
attention was studied. Fig. 6 shows the real-time detected VEP responses by using the
proposed approach.
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Fig. 2. Performance comparison. (a) SNR=-20dB and (b) SNR=40dB. From top to below:
corrupted signal, pure VEPs, output of the nonlinear ANC, results of RBFNN and output of the
NRBFNN, in which i indicates the trial number

Based on the analysis and the experimental results of the proposed modified
RBFNN method above, several significant conclusions can be drawn: (a) To
overcome the drawbacks of conventional method, we proposed NRBFNN to obtain
preferable results for real-time signal detection. The structure and the characteristics
of NRBFNN were described. By using singular value decomposition algorithm, we
investigated and optimized the normalized RBF neural network, which enables to
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eliminate the redundant hidden nodes of the network and to obtain a reasonable
network structure. The results in this contribution showed that the presented
normalized RBFNN technique is effectively used for the real-time detection of signal
in noise. (b) The performances of real-time detecting signal in the noise were
evaluated. We compared our method with both RBFNN and the nonlinear ANC with
RBFNN using the simulated data and real signals in three aspects: (a) the performance
of the relative mean square error (MSE), (b) the ability of tracking signal variation,
and (c) the behaviors of signal detection at different SNR conditions. All significant
results are provided to show the effectiveness and the applicability of the presented
NRBFNN model.

As an application in medicine, we investigated the problem of obtaining real-time
EPs measurement and tracking EPs’ variations across the trials. Our particular interest
aimed at determining the temporal relationship of variance between trials and
measuring response synchronously to each stimulus. It has shown that NRBFNN can
significantly improve the behavior of EPs detection, especially under very low SNR
conditions. By employing the NRBFNN, the changes of whole real-time VEP for
each trial can be clearly demonstrated that significantly help our understanding of
many practical problems in medicine.(d) It has been proved that the NRBFNN is
more applicable to the real-time detection of signals in noise than other conventional
methods. The main reason for that is because the local interpolation properties of
NRBFNN is greatly improved , which makes the neural network less sensitive to the
choice of other parameters. The NRBFNN scheme significantly improved the ability
with respect to the responding speed and output SNR.
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4   Conclusions

A method of signal detection based on NRBFNN was proposed for dealing with the
problem of extracting the time-varying responses in the noise. We also focused on its
application to the extraction of the real ERP signal. It has been shown that the
NRBFNN is more applicable to the real-time detection of single-trial VEPs than other
conventional methods, such as the nonlinear ANC with RBFNN prefilter or the
common RBFNN methods.
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Abstract. Investigation of the states of human brain through the elec-
troencephalograph (EEG) is an important application of EEG signals. This
paper describes the application of an artificial neural network technique
together with a feature extraction technique, the wavelet packet transformation,
in classification of EEG signals. Feature vector is extracted by wavelet packet
transform. Artificial neural network is used to recognize the brain statues. After
training, the BP and RBF neural network are able to correctly classify the brain
states, respectively. This method is potentially powerful for brain states
classification.

1   Introduction

EEG signals are the electrical activities in the cortex or on the surface of scalp, caused
by the physiological activities of the brain. EEGs reflect the activity of the brain. EEG
monitoring has many advantages such as no-invasive and real-time, which make it
important in research of brain functioning. Classifying the states of the brain by EEG
monitoring is one of the most important clinical applications. For example, assess the
depth of anesthesia of the patient during surgery by EEG. In one aspect, it makes sure
that the patient gets enough anesthesia, in the other, prevent from over drugged [1].
Dividing different sleep depth by the dynamic change of EEG rhythm energy is
another example [2].

EEG rhythms play an important part in the research of brain states. Each rhythm
relates to some certain brain function states [3]. As a result, to extract rhythm from
EEG precisely is another important research region. Research of brain function states
should focus on feature extraction and pattern recognition.

Over these years, various digital signal processing techniques have been widely
applied to the analysis of clinical EEG signals such as frequency spectrum and AR
model. But these methods assume that the EEG is stationary. However, in clinical
practice, the assumption is not satisfied [4].

Short Time Fourier Transform (STFT) solves the problem in a certain extent.
STFT assume the stationary of the signal within a temporal window and calculate the
Fourier transform in the window. But the length of the window brings another
problem. If the window is too narrow, the frequency resolution will be poor and if the
window is too wide, the time localization will be less precise. This limitation restricts
its application.
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To overcome these limitations, this paper uses wavelet packet decomposition
(WPD) to extract EEG rhythms. WPD is a multi-resolution method which has good
resolution in both frequency and time domains. WPD make no assumption of the
stationary of the signal. It is a robust tool in non-stationary signal processing. The
precise time location ability makes WPD suitable in EEG analysis.

One of the first attempts to apply artificial neural network technique to the problem
of EEG signal classification in psychiatric disorders was the pilot work by Tsoi et al.
This study set out to extend this initial finding [5].

This paper proposes that use WPD to extract EEG rhythms precisely, and then set
up feature vector by that. The feature vector is applied to construct and train the
neural network. The neural was then used to classify the functional states of brain.
This method is useful in the brain activity monitoring. It will also be useful in the
biomedical signal, speech processing and other time-varying signal processing.

2   Method

2.1   Wavelet Packet Transform

Wavelet transform is a powerful tool for non-stationary signal processing. One of its
drawbacks is that the frequency resolution is poor in the high frequency region. In
certain applications, the wavelet transform may not generate a spectral resolution fine
enough to meet the problem requirement. Wavelet packet transform is invited to solve
this problem. The use of wavelet packet is a generalization of a wavelet in that each
octave frequency band of wavelet spectrum is further subdivided into finer frequency
band by using the tow-scale relations repeatedly.

2.2   Construction of Feature Vector

EEG signal contain frequency ranging form 0.5 to 60 Hz, it can be divided into
different rhythm with frequency bands (see Table 1).

Table 1. EEG rhythms (Hz)

Delta Theta Alpha Beta Gamma

0.5-3.5 4-7 8-13 14-25 Above 26

The frequencies of EEG are different based on brain functional states. For
example, β wave (20-25Hz) will be domain frequency when object is excited. When
released, α wave (8-12Hz) will become domination and α wave will weaken when
asleep.

Feature vector should be constructed according to the research subject. This paper
concerns about the states of eyes open and eyes closed. These two conditions were
chosen for representing physiological brain states differing in their degree of EEG
synchronization. It has been well established that EEG was characterized with high
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amplitude αactivity. With WPD technique, EEG is decomposed to extract the
αrhythm. We define the node coefficient function as:

∑
=

=
Nk

nj Nknjx
:1

2
, /)(),( ω (1)

in which nj ,ω  is the wavelet packet coefficient, N is the length of nj ,ω .WPD can

decompose the frequency sub-band into the nodes. α rhythm changes with different
eyes states. The nodes which coverα rhythm contain this information. As result, take
the node function of the 11-16 nodes of the 6th level WPD as the feature vector. It
covers the frequency region of 7.81-13.28 Hz.

)]16,6(),15,6(),14,6(),13,6(),12,6(),11,6([ xxxxxxF = (2)

The other rhythms have not been taken into the feature vector because they have no
fixed tie with the eyes states.

2.3   Neural Network Construction and Training

The structure of the feature vector indicates that there should be 6 nodes in the input
layer. The output of the network is used to determine the brain states. Output layer
contains 1 node. 0 represent eyes open and 1 indicates eyes closed. The number of the
neurons in the hidden layer has great impact in the convergence speed and
generalization capability. If there are too few neurons, the network need more training
epoch and the precision will decrease. If there are too many, the large scale of neurons
will increase the train time. Set the hidden neurons s1＝3,6,8,15 and 30, train the BP
network. The result can be seen from Fig 1.
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In this paper, the hidden layer was set as 8 nodes. To set the output value between
[0 1] for states determining, the hidden layer uses Log-sigmoid transform function.
Six samples are used to train the neural network in which the first three with eyes
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open and the last three with eyes closed. The output target is [0 0 0 1 1 1]. Adaptive
training algorithm is used in the training. The train target is E=10-5. The network
converges after 163 epochs. RBF neural network’s characters of local response make
it less sensitive to the input value outside specified region. Hence, input data should
be generalized into [-1 1] before training. The number of hidden layer is determined
by the training process. Construct and train the RBF neural network by the input
sample and target sample. Training progress can be seen from fig 2. It is obvious that
RBF converge much faster than the BP network. After 6 epochs, it reaches the MSE
of 10-30. Because the output nodes of RBF neural network are linear function, the
output of it may be of any value.

Table 2. Samples for network training

Sample Vector Value Output Notes

1 7.6456 4.1828 6.0641 5.5876 8.55 7.1971 0.0019602 Open

2 6.786 19.244 10.217 7.493 3.9024 4.8504 0.0024404 Open

3 15.037 7.037 14.403 11.138 4.3095 11.574 0.0017106 Open

4 20.132 38.1 42.058 29.431 14.873 2.5855 0.99608 Closed

5 12.618 33.171 36.361 35.36 8.1687 7.8465 0.99604 Closed

6 25.796 49.25 66.137 27.016 21.417 10.421 0.99607 Closed

3   Result

It can be seen from Table 3 that both BP and BRB neural network can classify EEG
efficiently by taking the threshold value λ＝0.5.

Table 3. Testing samples and output

Sample Vector Value
BP

output
RBF

output
Notes

1 6.6659 4.491 3.7405 11.904 9.1182 3.9671 0.021 0.0885 Open

2 10.837 12.657 6.6429 5.2605 8.333 6.5333 0.0015 0.0119 Open

3 15.037 7.037 14.403 11.138 4.3095 11.574 0.0017 0.1691 Open

4 14.171 17.259 45.413 41.219 7.1534 7.8166 0.9962 1.0484 Closed

5 10.903 19.513 36.337 28.404 14.362 5.5268 0.9961 1.0800 Closed

6 12.83 46.11 27.735 29.587 17.245 5.3035 0.9681 1.0294 Closed

To evaluate the performance of the network, we test the networks with 50 eyes-
open samples and 50 eyes-closed samples. Table 4 shows that both of them have high
accuracy rate, RBF neural network even reach 100% accuracy.

To investigate the distribution of network output of the test samples, we draw the
histograms of the output value of the 100 test samples in fig 3.
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Table 4. Recognition Rate

Eyes BP RBF

States
Number of

samples Open Closed Rate Open Closed Rate

Open 50 50 0 100% 50 0 100%

Closed 50 3 47 94% 0 50 100%

Total 100 53 47 97% 50 50 100%
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Fig. 3. Histograms of BP and RBF output

4   Conclusion

This paper proposes the method that combines wavelet packet decomposition and
artificial neural network in the EEG signal processing. The result demonstrates that
wavelet packet transform has good feature extraction ability. It also prove that, after
proper training, artificial neural network can research high pattern recognize rate.
Experiment shows that EEG rhythm can be accurately extract with wavelet packet
decomposition. Both BP and RBF neural network have good generalization
capability. Moreover, RBF neural network are better than BP neural network in
training rate, approach ability and recognize ability. This method will meaningful in
other EEG research. The change of feature vector and threshold will make it suitable
for other usages.
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There are still some problems that need more advanced investigation. The choice
of wavelet subspace will be an important factor. How to choose the optimum wavelet
scale or specify scale for specific problem will need more research.
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Abstract. The approach of the Dynamic Spectrum evaluates the pulsatile part
of the entire optical signal at different wavelength. In the course of collecting
the pulsatile spectrum signal in vivo, it is inevitable to be interfused with yawp
signals as high frequency interference, baseline drift and so on. Using the tradi-
tional adaptive filter, it is very difficult to collect the reference signal from the
in vivo experiment. In this paper, Daubechies wavelet adaptive filter based on
Adaptive Linear Neuron networks is used to extract the signal of the pulse
wave. Wavelet transform is a powerful tool to disclose transient information in
signals. The wavelet used is adaptive because the parameters are variable, and
the neural network based adaptive matched filtering has the capability to
“learn” and to become time-varying. So this filter estimates the deterministic
signal and removes the uncorrelated noises with the deterministic signal. This
method can get better result than nonparametric results. This filter is found to
be very effective in detection of symptoms from pulsatile part of the entire op-
tical signal.

1   Introduction

Over the last years spectroscopy in the wavelength range between 600 and 1100 nm
has been developed to manifold applications in biomedical sensing and diagnostics
[1]. The methods for non-invasive concentration measurements of clinically relevant
blood and tissue components play an important role. The main difficulty for deter-
mining absolute or even exact relative concentrations is the scattering behaviour of
the tissue. This leads to significant differences in the ideal Lambert Beer's law.

Several investigations have been published to obtain a quantification of the optical
signal. In this context the pulse oximetry is the most established clinical method.
Evaluating only the pulsatile part of the entire optical signal, this method is rather
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independent of individual or time changes in scattering or absorption characteristics
of the tissue. But it was only used for double wavelength evaluation.

The approach of the Dynamic Spectrum, proposed by Dr. LI Gang etc, is based on
Photo-plethysmography (PPG) with fast Fourier transforms. The Dynamic Spectrum
is composed of the magnitude of fundamental wave of the pulse at different wave-
length.

In the course of collecting the pulsatile spectrum signal, it is inevitable to be inter-
fused with yawp signals as high frequency interference, baseline drift and so on. It is
very difficult to get the clear signal of the pulse wave. The traditional filter such as
FIR and IIR, the cut-off frequency is changeless, the filter can’t work when the fre-
quency of the noise beyond the cut-off frequency. For the common adaptive filter, it
is very difficult to collect the reference signal from the in vivo experiment. In this
paper, wavelet adaptive filter based on neural network is used to collect the signal of
the pulse wave. Wavelet transform is a powerful tool to disclose transient information
in signals [2]. The wavelet used is adaptive because the parameters are not fixed.  The
neural network based adaptive matched filtering has the capability to “learn” and to
become time-varying [3]. In this paper, an adaptive filter based on Daubechies wave-
let and Adaptive Linear Neuron networks is introduced. This filter estimates the de-
terministic signal and removes the noises uncorrelated with the deterministic signal.
The method can perform better result than nonparametric results. This filter is found
to be very effective in detection of symptoms from pulsatile part of the entire optical
signals.

2   Wavelet Transform

Wavelet transforms are inner products between signals and the wavelet family, which
are derived from the mother wavelet by dilation and translation. Let ( )tψ be the

mother wavelet, the daughter wavelet will be:

, ( ) (( ) / )a b t t b aψ ψ= − (1)

Where a is the scale parameter and b is the time translation. By varying the pa-
rameters a and b, we can obtain different daughter wavelets that constitute a wavelet
family. Wavelet transform is to perform the following operation:

*
,

1
( , ) ( ) ( )a bW a b x t t dt

a
ψ= ∫

(2)

Where ‘*’ stands for complex conjugation
Practically, when computing the wavelet transform, dyadic scales and positions are

chosen. The computation can be realized by the discrete wavelet transform. The dy-

adic wavelet is determined using a scale 2 ja = , where j Z∈ and Z is the integral

set.The WT at scale 2 ja =  is obtained by
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*

2 ,

1
(2 , ) ( ) ( )

2
j

j
j b

W b x t t dtψ
∞

−∞

= ∫
(3)

Signal reconstruction in the case of the orthonormal W matrix is described by the
simple formula

Tf W w= (4)

For the decomposition and reconstruction of the signal whose length equals an in-

teger power of two ( 2 pN = ), the fast pyramid algorithm can be applied. Each row
represents a level of decomposition.

3   Wavelet Adaptive Filter Based on Neural Network

3.1   Adaptive Filters and Adaptive Linear Neuron Networks

Adaptive signal processing is a signal processing method developed recently [4].
Adaptive filters are digital filters capable of self adjustment. An adaptive filter is used
in applications that require differing filter characteristics in response to variable signal
conditions.

In this paper, an adaptive Filter based on Neural Network is used. The Adaptive
Linear Neuron network is chosen. The ADALINE has been and is today one of the
most widely used neural networks found in practical applications. Adaptive filtering
is one of its major application areas. The ADALINE network has one layer of S neu-
rons connected to R inputs through a matrix of weights W. R is the number of ele-
ments in input vector. S is the number of neutrons in layer. The networks will use the
LMS algorithm or Widrow-Hoff learning algorithm based on an approximate steepest
descent procedure. The LMS or Widrow-Hoff learning rule minimizes the mean
square error and, thus, moves the decision boundaries as far as it can from the training
patterns.

Here we adaptively train the neural linear network to predict the combined pulse
wave and noise signal m from an noise signal n. Notice that the noise signal n does
not tell the adaptive network anything about the pulse wave signal contained in m.
However, the noise signal n. does give the network information it can use to predict
the noise's contribution to the signal m. The network will do its best to adaptively
output m. In this case, the network can only predict the noise in the signal m. The
network error e is equal to m, the combined signal, minus the predicted contaminating
noise signal. Thus, e contains only the pulse wave! Our linear adaptive network
adaptively learns to cancel the noise. The principle of minimizing noise is shown in
Fig.1.
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Fig. 1. The principle of minimizing noise

3.2   Procedure to Perform the Adaptive Wavelet Filtering Based on Neural
Network

The designed filter, the input signal ( )d t  is the original spectrum signal, and

( ) ( ) ( )d t m t n t= + , it includes the signal of pulse wave and other noise signals. The

reference input signal must be independent of the pulse wave signal and correlated
with the original input signal. It is very difficult to get the reference signal in the in
vivo experiment. The wavelet transform is concerned. The reconstruction of some
levels of decomposed signal can be the reference signal. The wavelet used is adaptive
because the parameters are not fixed.

Choice of a wavelet function is very important for any processing application in
the wavelet domain. For noise attenuation, a wavelet should produce an optimal sepa-
ration of signal from noise. The wavelet function must have enough vanishing mo-
ments, have good pass band performance, and must have small enough support length
to decrease the redundancy of the information. That is constructing the orthogonal
wavelet. So, The Daubechies wavelet is chosen in this paper.

The procedure to perform the adaptive wavelet filtering based on neural network is
shown in Fig.2.

Decomposition of the original signal with the Daubechies 4 wavelet to 4 levels,
select the approximation signal at level 4 contain the information of the baseline drift
and the detail signal at level 1,2 contain the information of the high-frequency noise.
Get rid of the information of the other level.

Reconstruction the signal X based on this decomposition structure, put signal X as
the reference input signal, the original signal as the input signal of the ADALINE
network. Training the ADALINE network with the reference input signal.

Then the error signal is approximate the pulse wave signal which is eliminated the
high-frequency noise and the baseline drift.

Practically, the original data is preprocessed so that minimum is -1 and maximum
is 1.
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Fig. 2. Diagram of the adaptive wavelet filtering based on neural network
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Fig. 4. The approximation signal (left column) and the detail signal (right column)

4 Experimental Result

For in vivo transmission measurements an experimental set-up was applied. The light
from a stabilized tungsten halogen light source was guided to the surface of the top of
the finger tip. The transmitted light from the bottom side of the finger was collected
by a single optical fiber. This fiber was directly connected to a common portable
spectrometer (the USB2000 portable spectrometer of the OCEAN OPTIC Company).
The spectrometer scans over a wavelength range from 462.87 to 1136.16nm. For this
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measurement, spectra were taken with an integration time of 60 ms. The total meas-
urement time was approximately 30 seconds. The original signal is shown in Fig.3.

The approximation signal and the detail signal are shown in Fig.4.
The reference signal is shown in Fig.5. It is reconstructed with the 4th level of ap-

proximation signal and 1st, 2nd level of detail signals.
After the procedure of removing noise, the output and the error of the network are

shown in Fig.6. The pulse wave signal which is minimized noise is got, shown in
Fig.7.
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5 Result

The experimental result shows that, the signal quality of pulse wave which extracted
from the spectrum is improved greatly with this method. The wavelet adaptive filter
based on Neural Network can minimize the noise as high frequency interference,
baseline drift and so on.
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Abstract. This paper presents a novel spectral analysis and classifi-
cation technique, which is based on multi-scale feature extraction and
neural networks. We propose two feature extraction methods in wavelet
domain to implement de-noising process and construct feature spectra.
Then a radial basis function network is employed for classifying spectral
lines. The input of the neural network is the feature spectra, which is
produced by the proposed methods. Real world data experimental results
show that our technique is robust and efficient. The classification results
are much better than the best results obtained by principle component
analysis feature extraction method.

1 Introduction

Current and future large astronomical surveys will yield very large number of
fiber spectra. Once the huge number of spectra have been collected, the study
of the distribution of spectral types and the analysis of spectral data can help
to understand the temporary change of the physical conditions of stars from a
statistical point of view, and therefore, to learn about their evolution. This is
why spectral recognition is one of the fundamental aspects of the evolutionary
study of stars, and a phase that must be carried out in a fast, efficient and
accurate way.

Computational artificial neural networks (ANN) are known to have the ca-
pability for performing complex mappings between input and output data. They
can be applied to different types of problems: classification of objects, modelling
the functional relationships and representation of large amount of data. In the
classification of astronomical objects the ANN was adopted by Odewahn et al in
1992 [1]. The supervised learning networks, such as the back propagation (BP)
neural network are used in their research. Radial basis function (RBF) neural
network is also applied to automatic classification of spectra [2].

However, stellar spectra are extremely noisy and voluminous. If we use the
spectral lines directly as input of a neural network without pre-processing, the
classification results are very poor using either RBF network or BP network. In
order to obtain a high correct classification rate (CCR), one possible approach
is to use multi-scale analysis.

F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 369–374, 2004.
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The wavelet transform provides a powerful and versatile framework for astro-
nomical signal processing. Each scale of resolution may pick up different types
of structure in the signals. It is particularly appropriate for spectral data since
the structures we want to recognize have different scales and resolutions. In this
paper we propose two feature extraction methods in wavelet domain. One is
from scales, and the other is from positions. After getting the feature spectra,
we adopt a RBF neural network to complete the classification.

The organization of this paper is as follows: In Section 2, we briefly introduce
the wavelet transform and RBF neural networks. Section 3 describes the exper-
iments and gives the results. The conclusions are presented in the last Section.

2 Background

2.1 Briefly Review of Wavelet Transform and Multi-scale Analysis

The wavelet transform is a very powerful tool for signal processing. It is a linear
operation that decomposes a signal into components that appear at different
scales. A wavelet is a function ψ(x) ∈ L2 such that

∫ +∞
−∞ |ψ(x)|2dx < ∞. Let us

denote the dilation and translation of ψ(x) by ψs,p(x) at scale s and position p
as:

ψs,p(x) =
1
s
ψ(
x− p

s
). (1)

The wavelet transform of a function f(x) at the scale s and position p is
defined as:

Wf (s, p) = 〈ψs,p(x), f(x)〉. (2)

If ψs,p(x) is orthonormal, f(x) can be reconstructed by:

f(x) =
∑

s,p

Wf (s, p)ψs,p(x). (3)

When the scale s decreases, the support of ψs,p(x) decreases so the wavelet
transform Wf (s, p) is sensitive to finer details. The scale s characterizes the size
and regularity of the signal features extracted by the wavelet transform. In this
paper, we adopt widely used Daubechies-4 as wavelet basis function.

2.2 RBF Neural Networks

RBF neural network is composed of three layers. The neurons of the input layer
only transfer input signal to hidden layer, the neurons of hidden layer are com-
posed of radiant basis functions, and the neurons of output layer are usually
simple linear functions [3]. The RBF network is built by considering the basis
function as an neuronal activation function and the wkj parameters as weights.

The output of the network looks like:

yk(x) =
H∑

j=1

wkjϕj(x) + wk0 ⇔ y(x) = Wϕ(x), (4)
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where x is a p dimensional input vector, H is the number of RBF hidden neurons
and W holds both weights and bias. In the experiments, we build the radial basis
functions as Gaussians:

ϕj(‖x − µj‖) = exp[− 1
2γ2

j

‖x − µj‖2], (5)

where µj is the center and γj is the standard deviation of the Gaussian function.
When training and target samples {xi, ti}N

i=1 are given, the weights matrix
W can be obtained as W = TΦ†, Φ† is the pseudo-inverse of Φ, where Φ is a
matrix:

Φ =






ϕ(‖x1 − µ1‖) . . . ϕ(‖xN − µ1‖)
...

. . .
...

ϕ(‖x1 − µH‖) · · · ϕ(‖xN − µH‖)




 . (6)

The network learning procedure consists of two steps. At first, the basis
functions are established and their parameters are found. Then, having the basis
functions properly established, the weights on output layer can be obtained.

3 Experiments

3.1 The Data Sets and Pre-treatment

Two stellar spectrum libraries selected from Astronomical Data Center (ADC)
are used in the experiments. One is contributed by Jacoby [4] and the other is
contributed by Pickles [5].

MK classification system of stellar spectra classifies stars into seven main
spectral types in the order of decreasing temperature, namely: O, B, A, F, G, K,
M [6]. In the library observed by Jacoby, there are 161 spectral samples from the
seven classes. These spectra cover the wavelength ranges 351.0 to 742.7 nm with
0.14 nm of spectral resolution. Pickles’ library contains a total of 131 spectra
covering spectral types ranging from O to M. The wavelength is from 115.0 to
2500.0 nm and the resolution is 0.5 nm.

Before analyzing the spectra, for the construction of the different pattern
sets, all spectra are linearly interpolated to the wavelength range of 380.0-742.0
nm with a step of 0.5 nm. Then the spectra of the two catalogues are scaled to
flux 1 at wavelength 545.0 nm in order to normalize the flux values.

3.2 Multi-scale Analysis

We perform wavelet decomposition at seven scales of all the spectra by Mallat
algorithm [7]. The decomposition of each spectral line produces a wavelet coef-
ficient set Ws at each scale s and one smoothed array at the last scale as shown
in Fig. 1.

Here two approaches are proposed to implement de-noising process and con-
struct feature spectra:
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Fig. 1. (a) An example of spectrum. (b) Wavelet scale 1 (solid line). (c-h) Same as
(b), but for wavelet scales from 2 to 7, respectively

Approach I: Extract Features from Scales. When wavelet scale s increases,
the frequency represented in the scale decreases.

Due to the very low signal-to-noise ratio (SNR) of the spectra, the tradi-
tional threshold de-noising technique [8] can not obtain satisfying result. In the
experiment, we find that most of the coefficients in the first four wavelet scales
arise from noise. In order to suppress the noise, we omit the wavelet coefficients
belonged to higher frequency and reconstruct the feature spectra using wavelet
coefficients at scale five, six and seven.

Because we discard wavelet coefficients at four scales, the reconstructed fea-
ture spectra with Mallat algorithm are of 54 dimensions, which is about 1/16 of
original Dimensions. Fig. 2 shows the feature spectra extracted by this approach.

Approach �: Extract Features from Positions. Knowledge-based system
can reproduce the reasoning of experts in the field to classify spectra. Here we
propose a knowledge-based feature extraction method in wavelet domain, that
is extracting feature coefficients at some fixed wavelengths. Table 1 shows a
complete description of the parameters’ positions according to astrophysicist’s
knowledge [9]. They are shown in Fig. 1 by dotted lines.

Through extracting the coefficients at the wavelengths shown in Table 1
and reconstruct them, we can get the feature spectra. When scale s increases,
the wavelet function ψs,p(x) becomes widen. So more coefficients have to be
extracted at a wavelength while scale increases, as shown in Fig. 1 (Between
the two dashed lines). Then the feature spectra are sampled to 54 dimensions in
order to make a comparison with other feature extraction methods. An example
of extracted feature spectrum is shown in Fig. 2.
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Table 1. Spectral parameters used for feature extraction

Line Wavelength (nm)
Ca � (K) 393.3
Ca � (H) 396.8
CH band 430.0

H I γ 434.0
H I δ 410.2
He I 402.6
He I 447.1
H I β 486.1
H I α 656.3
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0.4

−0.6

0

0.4

(a) 

(b) 

Fig. 2. Feature spectrum. (a) First approach. (b) Second approach

3.3 Classification

After constructing the feature spectra, we can adopt ANN method to classify
them. Usually in ANN classification method, two data sets namely training and
testing set are used. In our experiments, the feature spectra data constructed
from Jacoby’s library are used as training set and data in Pickles’ library are
used as testing set.

The feature vectors extracted in Section 3.2 are chosen as the input of a
RBF neural network. For the network output vector, we use one-of-k encoding
method. The classification results are shown in Table 2. RBF network as a final
classifier performs differently with different number of hidden neurons. Table 3
shows the CCR with various number of RBF net hidden neurons.

As a comparison, we also adopt a BP net to do the final classification. The
inputs of the BP net are obtained by approach I. Principle component analysis
(PCA) is a widely used tool for dimension reduction and feature extraction [10].
Here we use first 54 principal components as input of a RBF network. The result
of Approach I+BP and PCA+RBF are also shown in Table 2, which illustrate
that the accuracy of these methods is not as good as our proposed methods.

Table 2. Comparison of classification accuracy using different methods

Approach I+RBF Approach �+RBF Approach I+BP PCA+RBF
CCR 94.6% 93.7% 78.3% 75.7%
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Table 3. Comparison of RBF net with different number of hidden neurons

Number of Neurons 10 20 30 60
CCR 73.0% 90.5% 94.6% 91.9%

4 Conclusions

In this paper, we present a hybrid technique which combine multi-scale analysis
and RBF network to classify the spectra of stars. In order to obtain the input pat-
terns of the neural networks, two feature extraction methods in wavelet domain
are proposed. Experimental results show that the feature extraction methods
are robust to noise and efficient to computation. The CCR of the proposed Ap-
proach I+RBF or Approach �+RBF is much higher than that of BP network
or PCA+RBF. Therefore it is a very promising technique for classification of
spectra with low SNR from sky surveys.

Acknowledgements. This work was fully supported by a grant from the Na-
tional Natural Science Foundation of China (Project No. 60275002) and by the
“863” Program of China (Project No. 2003AA133060).
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Abstract. In this paper, we propose a novel Neural Fuzzy Filter (NFF) to
remove impulse noise from highly corrupted images. The proposed filter
consists of a fuzzy number construction process, a neural fuzzy filtering process
and an image knowledge base. First, the fuzzy number construction process will
receive sample images or the noise-free image, then construct an image
knowledge base for the neural fuzzy filtering process. Second, the neural fuzzy
filtering process contains of a neural fuzzy mechanism, a fuzzy mean process,
and a fuzzy decision process to perform the task of impulse noise removing. By
the experimental results, NFF achieves better performance than the state-of-the-
art filters based on the criteria of Mean-Square-Error (MSE). On the subjective
evaluation of those filtered images, NFF also results in a higher quality of
global restoration.

1 Introduction

Nowadays, the techniques of image processing have been well developed, but there
are still some bottlenecks that are not solved. Many image processing algorithms can’t
work well in a noisy environment, so the image filter is adopted as a preprocessing
module. For example, a median filter [1] is the most used method, but it will not work
efficiently when the noise rate is above 0.5. E. Abreu et al. [2] propose an efficient
nonlinear algorithm to suppress impulse noise from highly corrupted images while
preserving details and features. It is called Signal-Dependent Rank Ordered Mean
(SD-ROM) filter. SD-ROM filter can achieve an excellent tradeoff between noise
suppression and detail preservation. Adaptive Weighted Fuzzy Mean (AWFM)[3] can
improve the WFM filter’s incapability in a low noisy environment, and still retains its
capability of processing in the heavily noisy environment. F. Russo [4] presents the
hybrid neuro-fuzzy filters for images which are highly corrupted by impulse noise.
The network structure of the filter is specifically designed to detect different patterns
of noisy pixels typically occurring in highly corrupted data. The proposed filters are
able to yield a very effective noise cancellation and to perform significantly better
than the other approaches. J. H. Wang et al. [5] present a histogram-based fuzzy filter
(HFF) to the restoration of noise-corrupted images. G. Pok et al. [6] propose a
decision-based, signal-adaptive median filtering algorithm for removal of impulse
noise.
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In this paper, we propose a novel Neural Fuzzy Filter (NFF) to removal impulse
noise from highly corrupted images. The proposed filter consists of a fuzzy number
construction process, a neural fuzzy filtering process, and an image knowledge base.
The rest of this paper is organized as follows. In Section 2, we propose the structure
of neural fuzzy filter. Section 3 describes the neural fuzzy process for impulse noise
removal. The experimental results for the NFF are described in Section 4. Finally, we
make the conclusion in Section 5.

2 The Structure of Fuzzy Neural Filter

In this paper, we propose a novel Neural Fuzzy Filter (NFF) to remove impulse noise
from highly corrupted images. Fig. 1 shows the structure of NFF. There are two main
processes including a fuzzy number construction process and a neural fuzzy filtering
process in Fig. 1. The image knowledge base should be constructed before
performing the neural fuzzy filtering process. In this paper, we use the trapezoidal
function )(xf A  to be membership function of fuzzy set A [3]. The fuzzy set A  is

denoted by the parameter set [ ]AAAA dcbaA ,,,= . Fig. 2 illustrates an example for

luminance fuzzy variable with five linguistic terms. The image knowledge base
consists of the parameters of the membership functions. In this paper, we define five
fuzzy sets for an image including very dark (VDK ), dark ( DK ), medium ( MD ),
bright ( BR ), and very bright (VBR ) shown in Fig. 2. The fuzzy sets VDK , DK ,
MD , BR , and VBR  are denoted as VDK =[ VDKa , VDKb , VDKc , VDKd ], DK =[ DKa ,

DKb , DKc , DKd ], MD =[ MDa , MDb , MDc , MDd ], BR =[ BRa , BRb , BRc , BRd ], and

VBR =[ VBRa , VBRb , VBRc , VBRd ], respectively. The fuzzy sets describing the intensity

feature of a noise-free image can be derived from the histogram of the source image.
The histogram of a digital image with gray levels in the range [0, L -1] is a discrete
function kk gsh =)( where ks  is the kth gray level of image S  and kg  is the number

of pixels with the kth gray level in S . Then the algorithm for fuzzy number
construction process is as follows:
Algorithm for Fuzzy Number Construction Process:

Step 1: Decide the overlap range of the fuzzy sets, respectively.
Step 1.1: Set VDKc  be the first ks  such that kg ＞0, VDKDK ca ← .

Step 1.2: Set VBRb  be the last ks  such that kg ＞0, VBRBR bd ← .

Step 1.3: Set 
( )













−×
−←

32 f

VDKVBR

N

cb
range  where fN  is the number of fuzzy sets.

Step 1.4: Set 0,0 ←← VDKVDK ba , 1,0 −←← Ldc VBRVBR .

Step 2: Decide the parameter values of the membership function VDKf  of fuzzy set

VDK  as follows: rangecd VDKVDK +← .

Step 3: Decide the parameter values of the membership function DKf  of fuzzy set

DK  by the following sub-step:
Step 3.1: Set VDKDK db ← .
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Step 3.2: Set DKDK brangec +← , DKDK cranged +← .

Step 4: Decide the parameter values of the membership function MDf  of fuzzy set

MD  by the following sub-step:
Step 4.1: Set DKMD ca ← , DKMD db ← .

Step 4.2: Set MDMD brangec +← , MDMD cranged +← .

Step 5: Decide the parameter values of the membership function BRf  of fuzzy set

BR  by the following sub-step:
Step 5.1: Set MDBR ca ← , MDBR db ← .

Step 5.2: Set rangebc BRBR +← .

Step 6: Decide the parameter values of the membership function VBRf  of fuzzy set

VBR  as follows: BRVBR ca ← .

Step 7: Stop.

3 Neural Fuzzy Filtering Process for Impulse Noise Removal

The neural fuzzy mechanism consists of three layers including input linguistic neuron
layer, input term neuron layer, and rule neuron layer. Now we describe them as
follows.
Layer 1(Input linguistic neuron layer): The neurons in first layer just directly transmit
input values to next layer. If the input vector is ),,,( 921 xxxx …= , then output vector

of the input for this layer will be

=1µ  (( 11x , 12x ,…, 15x ), ( 21x , 22x ,…, 25x ),…, ( 91x , 92x ,…, 95x )) (1)

where ikx  is input value of the kth linguistic term in the ith fuzzy variable.

Layer 2(Input term neuron layer): Each fuzzy variable of the second layer appearing
in the premise part is represented with a condition neuron. This layer performs the
first inference step to compute matching degrees. If the input vector of this layer is

=1µ  (( 11x , 12x ,…, 15x ), ( 21x , 22x ,…, 25x ),…, ( 91x , 92x ,…, 95x )), then the output vector

will be

=2µ  (( )( 111 xf A , )( 122 xf A  ,…, )( 155 xf A ), ( )( 211 xf A , )( 222 xf A  ,…,

)( 255 xf A ),…, ( )( 911 xf A , )( 922 xf A ,…, )( 955 xf A ))
(2)

Layer 3(Rule neuron layer): The neuron in this layer is called a rule neuron. Eq. (3)
shows the matching degree 3

jµ  of Rule neuron j, where j=1,…5.
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The fuzzy mean process performs the computing of fuzzy mean for input variables.
Eq. (4) denotes the computing process with fuzzy set meanF _  for fuzzy mean

process, respectively.

( )( )

( )
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,     0
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_

1
_

1
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(4)

where [ ]1,,,0_ −= LmeanF βα .

There are five computation functions including )(⋅compf , )(⋅−f , )(
1

⋅×f , )(
2

⋅×f , and

)(⋅+f  and two membership functions including )(⋅smallf  and )(arg ⋅elf  utilized in fuzzy

decision process. Now we briefly describe them as follows:

1. 33

5

3

1 ));(,),(( jmeancomp yf µµµ =⋅⋅ …  where the index j makes meanj y−3µ  be the

minimum value for j=1, …, 5.
2. |)(|)),(( 55 xfxff compcomp −⋅=⋅− , )()())(),(( argarg1

⋅∗⋅=⋅⋅× elcompelcomp fffff

3. )())(,( 552
⋅∗=⋅× smallsmall fxfxf , )()())(),((

2121
⋅+⋅=⋅⋅ ××××+ fffff

We define fuzzy sets ],,0,0[ lssmall =  and ]255,255,,[arg lsel =  for the fuzzy

decision process. The final output y of fuzzy decision process is the computing result
of )(⋅+f .
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4 Experimental Results

To test the performance of NFF, we compare our approach with the famous filters
including Russo, SD-ROM, AWFM, and median filters. The experiments are
performed on “Albert” image which is shown in Fig. 4. Fig. 5 shows the MSE curves
of “Albert” image with noise probability p , where p =0~0.9. Fig. 6 shows the

subjective evaluation with noise probability p =0.8 the experimental results exhibit

that NFF has the better performance than the other approaches for impulse noise
removal.
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Fig. 4. “Albert” image.                   Fig. 5. MSE curves of the proposed method
and the compared approaches.

                                         
(a) Noise rate 0.8                         (b) Russo result                        (c) SD-ROM result

                                         
(d) AWFM result                        (e) Median result                           (f) NFF result

Fig. 6. Results of gray image Albert with 0.8 impulse noise.

5 Conclusions

In this paper, a novel neural fuzzy filter for impulse noise removal is presented. The
proposed filter consists of a fuzzy number construction process, a neural fuzzy
filtering process, and an image knowledge base. From the experimental results, we
observe that the MSE values of NFF are better than the other approaches. Subjective
evaluation of NFF also shows high-quality restoration of filtered images. In the
future, we will extend NFF to process color images.
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Abstract. The normal Kalman filter (KF) is deficient in adaptive ca-
pability, at the same time, the estimation accuracy of the neural network
(NN) filter is not very well and the performance depends on the artificial
experience excessively. It is proposed to incorporate a back-propagation
(BP) neural network into the adaptive federal KF configuration for the
SINS/GPS/TAN (Terrain Auxiliary Navigation)/SAR (Synthetic Aper-
ture Radar) integrated navigation system. The proposed scheme com-
bines the estimation capability of adaptive KF and the learning capabil-
ity of BP NN thus resulting in improved adaptive and estimation per-
formance. This paper addresses operation principle, algorithm and key
techniques. The simulation results show that the performance of the BP
NN aided filter is better than the stand-alone adaptive Kalman filter’s.

1 Introduction

More and more different approaches have been introduced in response to the
ever-increasing interest of the multi-sensors information fusion field. Among
these approaches are the classical and Bayesian inference theories, evidential
reasoning, cluster analysis, fuzzy logics, and recently neural networks, wavelet
transform [1]. In general these approaches can be partitioned into two schools of
thoughts, viz., algorithmic and nonalgorithmic. The representative algorithmic
method is Kalman filtering and the representative nonalgorithmic method is neu-
ral network. Both methods have their shortcomings. The Kalman filter requires:
(1) the system dynamics is completely known and modeled as a Gauss-Markov
stochastic process, and (2) the statistics of the system error and the observa-
tion error are known to be normally distributed. But many actual systems can
hardly meet these requires absolutely. The shortcomings with the neural net-
work approach are: (1) the implementation depends on the artificial experience
excessively, (2) the pure neural network system is not easy to be carried out in
hardware, and (3) the estimation accuracy is not ideal.

Since both algorithmic and nonalgorithmic approaches are facing some unre-
solvable implementation problem, another approach must be sought. A hybrid

F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 381–386, 2004.
c© Springer-Verlag Berlin Heidelberg 2004
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neural network approach is proposed by Chin L. for tracking a non-manoeuvring
target [2]. Vaidehi V. extends this approach for tracking multi-targets that are
highly manoeuvring [3]. In 1998, a Kalman filter aided neural network scheme for
multi-targets tracking is proposed by Wong Y. C. [4]. In 2003, a filtering method
of colored noise based on the Kalman filter structure using neural network is pro-
posed for image fusion [5]. In this paper, the BP neural network aided adaptive
Kalman filter scheme for SINS/GPS/TAN/SAR integrated navigation system
is proposed. The adaptive capability and navigation accuracy is improved by
incorporating a BP NN into the adaptive KF in the proposed scheme.

2 The Operation Principle of Integrated Navigation
System Based on NN Aided Filtering

2.1 The Concept of the NN Aided Adaptive Kalman Filter

Research works in the past adopted the approach of incorporating a neural
network into the classical Kalman filter (see [2,3,4,5]). In order to enhance the
adaptive capability, the BP NN aided adaptive KF approach is proposed in this
paper.

The basic concept of the proposed method is shown in Fig. 1, in which a
BP NN is employed to aid the adaptive KF to reduce the estimation error due
to, among other imperfections, highly manoeuvring, model varying effect. The
scheme combines the estimation capability of the adaptive KF and the learning
capability of the BP NN. The implementation of NN aided adaptive KF has three
stages, namely, (1) architecture, (2) training and testing, and (3) recall [3]. The
BP NN is trained off line to learn the errors in navigation. The complex modelling
requirement in the KF is reduced by the NN because errors in navigation are
eliminated during the recall phase.

Flight vehical
dynamics system

BP NN

SINS/GPS/TAN/SAR
Integrated navigation

sensors

Adaptive
Kalman filter

W

X

V

Z ˆX X

E

Desired output

Recall

Train

Fig. 1. The principle block diagram of the BP NN aided adaptive Kalman filter
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2.2 The Architecture of SINS/GPS/TAN/SAR Integrated
Navigation System

In this paper, the proposed SINS/GPS/TAN/SAR fault-tolerant integrated nav-
igation system is based on federated filter structure, as illustrated in Fig. 2. Each
local filter is dedicated to a separate sensor subsystem. Before inputting to the
master filter, the data of local filters have been detected (and isolated) by BP
NN detectors. The global optimal estimation X̂k from master filter is revised by
the data fusion BP NN. Then, the navigation parameter relative real value X̄k

is obtained.

SINS

GPS

TAN

SAR

KF1

BP NN 1
(Fault Detection,

Isolation and
Recovery)

Z1 (XSINS)

Z2

Z3

1 1
ˆ ,X P

2 2
ˆ ,X P

3 3
ˆ ,X P

Z4

KF2
BP NN 2
(FDIR)

KF3
BP NN 3
(FDIR)

Time Update

Optimal
Fusion
Update

Master Filter
(Adaptive KF)

ˆ ,m mX P

1ˆ ,f m fX Pβ−

1
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ˆ ,f fX Pβ−

1

2
ˆ ,f fX Pβ−

1

3
ˆ ,f fX Pβ−

BP
NN

(Data
Fusion)
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k k kZ - H X

∑

( )ˆ ˆ
k fX X

kX

ˆ ,f fX P

Fig. 2. SINS/GPS/TAN/SAR fault-tolerant integrated navigation system structure

2.3 The Dynamic Information-Sharing Algorithm

The key technique of federated filter is to determine the information-sharing
factor βi. It is always expected that the high navigation precision subsystem has
bigger βi value than that of the low navigation precision subsystem. In design
of classical federated filter, βi is rigid and based on designer’s experience. So it
is not adapted to highly manoeuvring environment. In this paper, a real-time
on-line revised βi method is proposed, as shown in (1):

βi =
tracei

trace1 + trace2 + · · · + tracen + tracem
(1)

Where, tracei is the trace of covariance matrix Pi; m is master filter; n is the
number of local filters.
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2.4 The BP NN for Data Fusion

The objective of the proposed scheme is to reduce the error in navigation. So
the parameters which have direct influence over the error are chosen as inputs.
In this paper, the input signal is the difference between the actual measurement
vector and estimated measurement vector of adaptive Kalman filter: Zk −HkX̂k.
Since the exact state Xk is known (as far as simulation is concerned), the su-
pervised learning algorithm can use the error (difference between known state
and estimated state) to train the network, i.e., Error = Xk − X̂k. The measure
of inaccuracy in navigation denoted by Error in the above equation have to be
corrected using the neural network. The neural network output vectors ideally
describe the exact difference between the state vector predicted by the Kalman
filter and the actual state.

Simulation have been conducted to obtain the neural network architecture
that gives the best convergence. It is found that the BP NN with 40 neurons
input layer, 1 hidden layer of tangent-sigmoid transfer function, 1 output layer
of purelin transfer function, 30 neurons in the hidden layer and 2 neurons in
the output layer is suitable for the proposed scheme. The synaptic weights of
the network are updated according to the standard Delta rule under supervised
learning mode. At the time of recall, when the actual value is presented to the
neural network, it has to output the ideal corrections to the errors that are
inadequately predicted by the adaptive Kalman filter.

3 The Modelling of SINS/GPS/TAN/SAR Integrated
Navigation System

3.1 State Equation

The navigation system works in East-North-Up (ENU) local-level mechanization.
The state equation is

∆Ẋg(t) = Fg(t)Xg(t) + Gg(t)Wg(t) (2)

Where, Xg = [ϕe ϕn ϕu δVe δVn δVu δϕ δλ δh εbx εby εbz εrx εry εrz ∇x ∇y ∇z]� is
the state vector; ϕe, ϕn, ϕu are the attitude errors and azimuth error of SINS;
δVe, δVn, δVu are the velocity errors; δϕ, δλ, δh are the position errors; εbx, εby, εbz

are the SINS gyro constant drift errors; εrx, εry, εrz are the SINS gyro first-order
Markov process drift errors; ∇x,∇y,∇z are the accelerometer errors; Wg(t) is
the modelling error (system disturbance) vector; Fg(t) is the state transition
matrix; Gg(t) is the error transition matrix.

3.2 Observation Equation

Considering the estimated accuracy and real-time requirement, the position and
velocity alternation integration model is adopted in GPS/SINS integrated sub-
system. The velocity information integrate by per second, and position infor-
mation integrate every 20 seconds once. The observation equation of GPS/SINS
is
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Fig. 3. SINS/GPS/TAN/SAR system estimate errors of two schemes

Z1 = ZP =




ϕI − ϕG

λI − λG

hI − hG


 + V1P or Z1 = ZV =




VIE − VGE

VIN − VGN

VIU − VGU


 + V1V (3)

Where, ϕ, λ, h are the position outputs; VE , VN , VU are the velocity outputs;
V1P , V1V are the observation noise. The observation equation of TAN is

Z2 = hi − ht − hr = H2Xg + V2 (4)

Where, hi is absolute height; ht is terrain height; hr is relative height; V2 is the
observation noise. The observation equation of SAR is

Z3 = [δϕ, δλ, ϕu]� + V3 (5)

Where, V3 is the observation noise. Combining (3), (4), and (5), the observation
equation of SINS/GPS/TAN/SAR integrated system is shown as follow:

Z = [Z1, Z2, Z3]� (6)

4 Simulation

The typical flight track in simulation is horizontal and fight to the east. The
starting position is latitude 34 ◦ N and longitude 180 ◦ E. Flight time is 1000 s,
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with a constant velocity 200m/s and in height 15000m. The filter update in-
terval is 1 s. The gyro error model includes 0.001 ◦/h white noise and a constant
0.01 ◦/h drift. The accelerometer error model includes 5×10−6 g white noise and
5× 10−4 g zero bias. The pseudo range and pseudo delta-range measurement er-
rors supplied by GPS are 10m and 0.6 m/s respectively. The SAR error model
includes 15m position observation white noise and 0.2 ◦ azimuth observation
white noise. The observation white noise of TAN is 30m.

The estimation performance of the adaptive KF and the BP NN aided adap-
tive KF are compared in Fig. 3. In order to avoid the influence of filter initial
oscillation, the BP NN aided filtering is invoked from 200 seconds during the
simulation. The adaptive KF error is evaluated as the difference between the
true trajectory states and the states evaluated by the adaptive KF. Similarly,
NN aided filtering error is the difference between the true trajectory states and
the NN aided filtering states. Figure 3 shows the error plots for the adaptive
Kalman filter and the NN aided filter, respectively. It can be seen that the NN
aided filtering errors are lower than the errors evaluated by the adaptive KF. It is
found that the performance of the NN aided filter is better than the stand-alone
adaptive Kalman filter.

5 Conclusion

A BP neural network aided adaptive federal Kalman filter scheme for multi-
sensors integrated navigation system is proposed. The inaccuracies in the esti-
mation are corrected by the BP NN. The complex modelling requirement in the
classical Kalman filter for navigation system is also eliminated by the BP NN.
The estimation accuracy improvement due to the proposed scheme is presented.
In view of these improvements, it can be concluded that the proposed method is
more superior than the adaptive (and conventional) Kalman filtering approach.
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Abstract. A solely excitatory oscillator network (SEON) is proposed for color
image segmentation. SEON utilizes its parallel nature to reliably segment im-
ages in parallel. The segmentation speed does not decrease in a very large net-
work. Using NBS distance, SEON effectively segments color images in term of
human perceptual similarity. Our model obtains an average segmentation rate
of over 98.5%. It detects vague boundaries very efficiently. Experiments show
that it segments faster and more accurately than other contemporary segmenta-
tion methods. The improvement in speed is more significant for large images.

1   Introduction

One major problem of traditional color image segmentation is their sequential nature
[1]. Being inherently parallel, neural network can be an efficient method for parallel
segmentation. However, very little researches have been conducted in this area [2].
One major reason is the lack of an encoding scheme to represent multiple segments.

One way to represent multiple segments in neural network is using oscillatory cor-
relation theory [3]. This theory is supported by many physiological experiments of
visual cortex of cats [4]. Wang and Terman proposed an oscillatory network,
LEGION (locally excitatory, globally inhibitory oscillator networks), to implement
theory [5]. LEGION has been applied to parallel image segmentation.

2   Solely Excitatory Oscillator Network

This paper proposes a solely excitatory oscillator network (SEON) for color segmen-
tation. SEON consists of a 2D matrix of locally connected Peskin oscillators (with its
eight nearest neighbours) [6] and a globally connected excitatory separator (ES).

2.1   A Single Oscillator

The activity xi of a Peskin oscillator i[6] obeys
nixSx iii ,...,1, =−= γ (1)
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and assume the values
10 ≤≤ ix (2)

where Si is the stimulus of the oscillator and γ is constant.
Initially, individual values xi obeying (2) is prescribed by (1). When the time

passes, assuming that Si>0, xi will increase and reach the value 1. Then, the oscillator
fires and xi jumps back to zero. At an infinitesimally later time t+, the values xj of all
coupled oscillators are increased by ε or the other oscillators fire when reaching xj=1.

)(),)(,1min()(1)( iNjtxtxtx jji ∈∀+=⇒= + ε (3)

where N(i) is the nearest eight neigbhors of oscillator i. A pulse is transmitted instan-
taneously with no conduction delays. If So=0, xi decays exponentially toward zero.

2.2   Synchronization and Desynchronization Mechanisms

The following algorithm is used to synchronize oscillators within the same segment:

1.The values xi are randomly chosen from [0,1].

2.All oscillators are set to an unfired state.

3.Repeat until no oscillators reach threshold.

If any oscillator reaches threshold θi =1

The oscillator fires by setting the oscilla-
tor to a fired state. Its unfired neighbour-
ing oscillators are fired (using (3)).

4.Go to step 2.

Fig. 1(a) show shows the temporal evolution of 25 oscillators with ε ≥1. Given that
ε ≥1, the firing of oscillator i will always cause the neighbouring oscillators to fire.
The process repeats, leading to a chain reaction of firings to all coupled oscillators.

The following algorithm is used to desynchronize oscillators in different segments:

1.The ES is set to the ready state.

2.Repeat this step until the end of simulation

If ES is in a busy state and Tbusy=Tseperation

ES is set to the ready state.

If any oscillator reaches the ES threshold θES
where θES < θi  and ES is in the ready state
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        (a) Synchronization of 25 oscillators               (b) Desynchronization of two segments

Fig. 1. Synchronization and desynchronization of oscillators. (a) Synchronization of 25 oscil-
lators (b) Desynchronization of two segments (two groups of oscillators)

ES sends an excitation to the oscillator.
The state is set to busy and Tbusy are set
to zero. The value of the oscillator is in-
creased to 1. This causes the oscillator to
fire.

If ES is in a busy state

Tbusy = Tbusy  + 1

Fig. 1(b) shows the temporal evolution of two accidentally synchronized segments.
When an oscillator in a segment reaches the ES threshold (θES  = 0.8), ES will send a
pulse to that oscillator, leading the oscillator to fire, and instantaneously triggering the
chain reaction of firing. This pre-empts the synchronization of oscillators within the
same segment, which effectively desynchronizes them.

2.3   Color Image Segmentation

SEON uses National Bureau of Standards (NBS) unit color differenc to measure the
color difference in HVC color space [7], which describes color closes to human per-
ception. Table 1 shows the relationship between human perception and NBS distance
[7].

Table 1. Human perception and NBS value Table [7]

NBS Value Human Perception
0 – 1.5
1.5 – 3.0
3.0 – 6.0
6.0 – 12.0
> 12.0

Almost the same
Slightly different
Remarkably different
Very different
Different color
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In the following algorithm, pi is the gray level value of the ith pixel. T(i) is the four
nearest neighbors of oscillator i. dNBS(i,j) is the NBS distance value between ith and jth
pixel, and θNBS (=1.5) is the NBS threshold value.

1.The stimulus Sj of all oscillators are set to 1.

2.For gray level value k from 0 to 255

For any oscillator i with gray level value k

If the oscillator i has not been marked

For j ∈ T(i)//Each j runs concurrently

If dNBS(i,j) > θNBS

Mark the neighbors i as boundary region by
setting Si to 0.

Else if no neighbors j with pj ≤ k belongs
to any region

Create a new regional minimum by marking
the oscillator to belong to a new region
Mr.

Else if the neighbors j with pj ≤ k belongs
to only one region

Mark the oscillator i to belong to that
region. Create connection between the os-
cillator i and neighbors j.

Else if the neighbors j with pj ≤ k belongs
to more than one region

If one of the neighbors j is marked as
boundary region or there exist some neigh-
bors j with pj < k

Mark the oscillator i as boundary region
by setting Si to 0.

If all neigbhors j satisfy pj = k
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Mark the oscillator i to belong to any
one of the regions and merge the re-
gions. Create connections between the
oscillator i and neighbors j.

3   Experiments

120 images are tested to compare the segmentation accuracy between SEON, color
RGB vector gradient [8] and gray-level sequential watershed [8]. SEON, RGB gradi-
ent and watershed method obtained an average correct segmentation rate of 98.6%,
91.6% and 96.4%, respectively. Thus, SEON achieves the highest rate.

Four methods including SEON, sequential watershed segmentation [8], parallel
watershed transformation [9] and sequential RGB vector gradient [8] have been tested
to compare the segmentation speed. Table 2 shows the average execution times of the
four methods. On average, SEON is the fastest, especially for large images.

Table 2. Average segmentation times. 120 images are tested with 20 images for each size X.

Average segmentation times (in seconds)Image
Size X

SEON Par. Water. RGB grad. Seq. Water.

128
256
512
1024
2048
4096

0.183
0.352
0.697
1.389
2.746
5.397

0.19
0.547
1.618
4.729
14.694
43.619

0.092
0.561
2.038
9.278
32.542
108.375

0.167
0.793
2.673
11.563
38.792
119.376

4   Conclusion

In this paper, a solely excitatory oscillator network (SEON) is proposed for color im-
age segmentation. The model effectively segments color image in parallel. Experi-
ments show that the model segments faster and more accurately than other segmenta-
tion methods. The improvement of segmentation speed increases with the image size.
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Abstract. This paper presents a new image de-noising method, which
based on the image representation model of radial basis function neural
network. In this model, the number and distribution of the centers (which
are set to the pixels of the observed image) are fixed, and the model
parameters of the image representation are chosen by cross-validation
method. Experimental results show that the model can represent the
image well, and proposed method can reduce the noises in images without
need any noise knowledge in priori.

1 Introduction

Image de-noising is an important issue in digital image processing [1]. Most image
de-noising methods need the prior knowledge of the noise. Generally speaking,
natural noises can be regarded as random signals, which make smooth image
fluctuated sharply. The frequency filter methods, as most used image de-noising
methods, reduce noises by restrain the high-frequency part of the degraded im-
age. As the result, the image become blurred for some of its details are reduced
at the same time [2].

Unlike the frequency filter, the neural network can deal the image in nonlin-
ear and local ways. Egmont-Petersen [3] reviewed more than 200 applications of
neural networks in image processing and discussed the present and possible fu-
ture role of neural networks, especially feed-forward neural networks, Kohonen’s
feature maps and Hop1eld neural networks. Guo et al propose a novel technique
for blind image restoration and resolution enhancement based on radial basis
function neural network (RBFNN) which designed to represent the observed
image [4]. The RBFNN has a universal approximation capability and has been
successfully applied to many signal and image processing problems.

In this paper, taking given degraded image as training data set, we propose
to build RBFNNs model to represent the underlying image with cross-validation
method. The parameters in the network are determined based on training error
and validation error.

F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 393–398, 2004.
c© Springer-Verlag Berlin Heidelberg 2004
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2 RBFNN

RBFNN is a most commonly-used feed-forward network. It usually has one hid-
den layer, and the basis functions is radial symmetry. The RBFNN can be pre-
sented as follow [5]:

g(x) =
N∑

i=1

wiϕi(||x − µi||) + w0. (1)

Where x is input vector, N is the number of basis functions in RBFNN. µi is
the centers of each basis function, || · || denotes the Euclidean norm. w = {wi|i =
1, 2, · · · , N} is the weight vector between the hidden layer and the output layer.
w0 is the bias neuron, and g(x) stands for output of the network. ϕ(x) stands for
the basis function, here the Gaussian function is used as basis function associated
with each neuron:

ϕi(||x − µi||) = exp[− 1
2σ2 ||x − µi||2]. (2)

The parameter σ represents the standard deviation of a Gaussian function.
When this Gaussian function is chosen as the RBFNN basis, the degree of gen-
eralization becomes rotationally symmetric.

Generally speaking, a RBFNN is trained in two steps: a). Determining the
RBFNN center and the standard deviation, and choosing the hidden layer neuron
number according to the practical problem to achieve some special effects. And,
b). Adopting some optimization techniques such as gradient descent methods
to find the RBFNN weight parameters which connect hidden layer and output
layer.

In this paper, the sum-of-squares error function is adopted, and the weight
vector w is updated according to the delta learning rule.

Park et al proved that RBFNN with one hidden layer is capable of univer-
sal function approximation [6,7]. Under certain mild conditions on radial basis
functions, RBFNN is capable of approximating arbitrarily well any functions.
RBFNN can also approach well to an image at any precision, if we consider an
image as a two-dimensional function.

The bias, the number of hidden neurons and the basis functions are keys to
efficiency of the approximation processing. The bias is absent for the situation
of there are enough hidden neurons. The centers of the basis functions are com-
monly depend on the distribution of the input. We have analyzed other basis
functions also, but it seems that there is no essential distinction compared with
Gaussian function.

3 Image Representation

3.1 RBFNN Architecture

Assume the degradation of a digital image is modelled as: G = F + V, where
G is the degraded image, F is the underlying image, and V is linear space
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invariant and zero mean additive noise, the size of G, F and V are assumed as
L×L scale. On considering the approximation capability of the RBFNN, in this
paper, we use the RBFNN to approximate a degraded image G, and try to get
the underlying image F.

For image de-noising problem, a elaborating designed RBFNN is taken to
represent the degraded image G. Considering the RBFNN in Eq. 1, the basis
function center µj is fixed and set to the coordinates of the pixels of the images,
the output is set to the degraded image pixel gray scale value. Then ||xi − µj ||
stands for the Euclidean distance of the coordinates of two pixels xi and µj .

3.2 The Cross-Validation Method

When a degraded image is given, we can use it to train a RBFNN with the data
set D = {xi, gi|i = mL + n + 1, with m, n = 0, 1, · · · , L − 1}, (m, n) is the image
pixel xi integer coordinate. The Eq. 2 can be expressed as ϕij = exp(− 1

2σ2 ||xi −
µj ||2). Let Φ be a matrix with elements {ϕij |i, j = 1, 2, · · · , N}, according to
the properties of the Gaussian basis function, Φ can be approximated as a block
Toeplitz matrix if σ is small. Φ is called as “Basis Function Matrix” (BFM) in
this work. The Eq. 1 can be written as a matrix form with training data, g = Φw,
where g = [g1, g2, . . . , gN ]T , is a N × 1 vector standing for the degraded image
grey value in lexicographic orders, w = [w1, w2, . . . , wN ]T , is a N × 1 weight
vector.

With the RBFNN’s architecture discussed in Sect. 3.1, the cross-validation
method is used to select the parameters of the model for underlying image.

Firstly, the data set D is partitioned into several subsets, four subsets are
suggested for the sake of image can be easily divided into even number subsets.
In this work,

D = ∪(D1, D2, D3, D4) (3)

means D was divided into four subsets: Dk, k = 1, 2, 3, 4. Where training data
in subset D1 are those {xi, gi|i = (2m)L + 2n + 1}. And D2 = {xi, gi|i =
(2m)L + (2n + 1) + 1, }, D3 = {xi, gi|i = (2m + 1)L + 2n + 1, }, and D4 =
{xi, gi|i = (2m + 1)L + (2n + 1) + 1}. In this case m, n = 0, 1, · · · , (L − 1)/2.

Secondly, for each k, Dk is picked up as training set in turn, and the remains
subsets ∪j �=kDj as validation sets. Then a RBFNN output is established as
gk = Φkkwk, where Φkk is computed from training set Dk, the σ in Φkk is set
to a certain value, wk now is the weight vector to this RBFNN.

Here we defined Sub Basis Function Matrix (SBFM), Φkl = Φ(xk, µl),
xk ∈ Dk, µl ∈ Dl, k, l = 1, 2, 3, 4. It is easy to find that there are 16 SBFMs al-
together with our data partition method, and it can be proved that each SBFM
is approximately a block Toeplitz matrix.

Now for each k, the training error can be computed as:

Ek
t = ||gk − Φkkwk||2, k = 1, 2, 3, 4. (4)
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(a) (b)

Fig. 1. (a) The relationship of errors and steps. (b) The relationship of errors and the
σ of SBFM

wk is updated in the training procedure. At the same time, the validation
error is computed as:

Ek
v =

∑

l �=k

||gl − Φklwk||2, k = 1, 2, 3, 4. (5)

At last, the suitable network parameters is selected based on the minimal
validation error.

4 Experiments

In experiments, both the training errors and the validation errors are computed.
Experimental results are shown in Fig. 1.

Fig. 1(a) show the relation of training error and validation error in one
RBFNN training procedure. The training error goes downward near to zero
when the training steps is big enough and σ is small. That means the network
output gradually approximate the degraded image and fit to noise. While the
validation error goes downward first and goes upward after a certain steps.

Considering the situation of the image without noise, then the image is re-
garded as samples of relative smooth function. If training error is small, the
RBFNN can approximate the given image quite well. In this time the validation
error is small also. However, when noise is added on the image, the image be-
comes turbulent. From Eq. 5, the validation error can be regarded as a measure
of the difference between the (smooth) network output and the degraded im-
age, that is, a measure of the difference between the underlying image and the
degraded image.

Experimental results show that the measure that take one subset as the train-
ing set and all remains as validation set can emphases the difference between
the underlying image and the degraded image. The position where the validation
error turn upward means the RBFNN is approximating to the underlying image
mostly, which can be detect in the curves. In this work, this position is found
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(a) (b) (c) (d)

Fig. 2. Example of image de-noising. (a) Original image, resolution 64 × 64, (b) image
degraded by Gaussian noise, (c) restored image by Wiener filter. (d) Restored image
by RBFNN method

(a) (b) (c) (d)

Fig. 3. Example of image de-noising. (a)Original image, (b) image degraded by Poisson
noise, (c) restored image by Wiener filter. (d) Restored image by the RBFNN method

adaptively, and the RBFNN’s output is simultaneously recorded as restored im-
age. A point should be mentioned here is the selection of the deviation σ of
the SBFM. The deviation σ represents the range in which a neuron affecting
other pixels from its center. If σ is big, the outputs of the RBFNN become more
smooth.

Fig. 1(b) shows the relationship between the errors and the deviation. The
errors are computed for given σ from 0.5 to 3 and the RBFNN is trained for 100
times. It is clear that the training error increases stably from near zero, that is,
when σ is too small, the RBFNN approximates the degraded image exactly, and
it is hardly to get the smooth output as underlying image. When σ is too large,
the RBFNN is hardly to approximate the degraded image, the restored image
under this situation is also valueless.

In experiment, an exhaustive search method is used to find suitable σ. We
assume the range of σ first, then a series of σ are tested, finally we select the σ
with minimal validation error.

In order to demonstrate the performance of proposed RBFNN image de-
noising method, we show some simulation results now. Two kinds of noises are
simulated, namely Gaussian noise and Poisson noise.

One experiment result is shown in Fig. 2. Fig. 2(d) show the restored image by
RBFNN method proposed in this paper (30 learning steps). From this experiment
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we know that proposed method can restore the image degraded by Gaussian noise
as same as Wiener filter.

In Fig. 3 another experiment result is shown. Fig. 3(d) shows the restored
image by the RBFNN method (30 learning steps). From this experiment we can
know also that proposed method can restore the image degraded by Poisson
noise, but visual effect is not as good as using the Wiener filter.

5 Discussions and Conclusions

In this paper, we present a new image de-noising method. In this method, the
image was represented by a RBFNN model associated with cross-validation
method. Unlike other traditional methods such as Wiener filter require to know
the noise variance in advance, the main advantage of the proposed method is
that it does not need any prior knowledge of the noise V, and only suppose
that the underlying image F is relative smooth. From experiments it has proved
that if proposed method is combined with other image de-noising methods, for
example, the degrade image is restored by the median filter first, then the finally
result will be further improved.

As we know, the cross-validation technique is a effective technique to select
model of the image representation, however it is computationally expensive. In
the further work, we will find some solutions. For example, one possible solution
is on considering the properties of block Toeplitz matrix. The block Toeplitz
has special structure similar block circular matrix, which can be restored from
their first row or first column with simple method, and some algorithms will be
developed for the fast computation of SBFM.

Acknowledgement. The research work described in this paper was fully sup-
ported by a grant from the National Natural Science Foundation of China
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Ultrasonic C-scan Image Restoration Using Radial Basis
Function Network

Zongjie Cao, Huaidong Chen, Jin Xue, and Yuwen Wang

Welding research Institute, Xi’an Jiaotong University, Xi’an 710049, China
{czj, infrinst}@mail.xjtu.edu.cn

Abstract. A method for restoration of ultrasonic C-scan images is presented by
using a radial basis function network. The method attempts to reproduce the
mapping between the degraded C-scan image and the high quality one by
training a RBF network. The inputs for training are the sub-images divided
from C-scan image of flat-bottom hole of size 3mm and the output is the corre-
sponding center in high quality image. After the network was trained, the other
C-scan images were used to verify the network. The results show that the net-
work produces good restored results, in which the noise is removed and the
edges are deblurred. Comparing the restored results by the networks trained by
the different sub-images, the sub-images with size 7×7, scanning step of 3 are
determined as the optimal inputs for training.

1   Introduction

Ultrasonic C-scanning is the most widely used method for the nondestructive evalua-
tion of materials and structures [1]. The C-scan image is often degraded with blurri-
ness and noise due to the physical characteristics of the transducer and the inhomoge-
neities in tested materials. It is difficult to obtain the information of the defects from
the degraded C-scan image and thus it results in the decrease in the accuracy of non-
destructive evaluation. One way to deal with the problem is to use a focused trans-
ducer to increase the resolution of images. Unfortunately, the focused transducer can-
not be used in any situation and the parameters of transducer have to be considered
with some care. In the same time, there are also many image processing methods
based on Weiner filter to restore the C-scan image from the degraded one [2]-[4].
However, the Weiner filters are hard to be determined and implemented since most of
them are ill-conditioned problems.

In this paper, a radial basis function (RBF) network [5] was trained to approximate
the inverse degrade function of C-scan image to restore the high quality C-scan image
from the degraded version.
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2   Model of Degraded C-scan Image

A physical model of C-scan is presented by using the linear shift invariant model. The
model gives the following relation:

( , ) ( , ) ( , ) ( , )g x y h x y f x y n x y= ∗ + (1)

where f is the distribution of defects to be imaged within the interface, g is the de-
graded C-scan image of f, h is the image degraded function (i.e., the PSF), and n is the
additive noise and the other physical effect not included in the convolution model. In
frequency domain, this equation can be expressed as follow:

( , ) ( , ) ( , ) ( , )G u v H u v F u v N u v= ⋅ + (2)

Knowing h and n in advance, it is easy to retrieve f from g. Unfortunately, suffi-
cient knowledge about the PSF that depends not only on the characters of transducer
but also the tissues in the tested material can hardly be obtained, and the inverse op-
eration is sensitive to noise thus a large error is usually associated with it.

 We assume that the degraded function is the integrated results of the transducer
parameters with the additive noise. Mathematically, it satisfies the next equation:

( , ) ( , )g x y D f x y= ⋅ (3)

where D is the integrated degraded function of C-scan image in the spatial domain.
Simply, D can be seemed as a nonlinear mapping from f to g. We can build an inverse
mapping Q and the restoration of C-scan image is expressed as the relation:

( , ) ( , )f x y Q g x y′ = ⋅ (4)

where ( , )f x y′ is the optimal approximate image of ( , )f x y .
It is well known that ANN method is a good tool to deal with this type of problem

[6]-[9]. In this paper a radial basis function network was utilized to reproduce the
mapping between the degraded C-scan image and the high quality one.

Fig. 1. Structure of radial basis function network
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3   Radial Basis Function Network

The radial basis function network is a feedforward structure with a radial basis func-
tion in the hidden layer. The character is that its response decreases monotonically
with distance from a center point. The center, the distance scale, and the precise shape
of the radial basis function are the parameters of the model. Gaussian function in the
hidden layer is used in this paper. The structure of the radial basis function network is
illustrated in Fig. 1.

There are three layers in RBF network. x is the input, y is the output that is con-
nected with the radial basis neurons in the hidden layer by the weight W. It represents
a mapping from nx R∈ to y R∈ :

1

( )
m

i i i
i

y w g x c b
=

= − +∑ (5)

where m is the number of neurons in the hidden layer, iw is the weight associated
between the ith neuron in the hidden layer and the output, and ig is the Gaussian
function represented by:

2

2
( ) exp

2
i

i i

x x
g x x

σ

 −
 − =
 
 

(6)

The parameterσ and ix are the standard deviation and the center of Gaussian func-
tion, which are determined with the weight iw during the training of network. The
radial basis function network has a universal approximation capability [10]. Theoreti-
cally, it can approximate any nonlinear function with sufficient RBF neurons in the
hidden layer.

4   Experiments and Discussion

We have used MATLAB Neural Network ToolBox to implement RBF network. Since
the flat-bottom hole is usually employed for reference standards of defect size in
ultrasonic nondestructive evaluation, the ultrasonic C-scan images of blind flat-
bottom hole were utilized to train and verify the network in the experiment. All the C-
scan images have been obtained by JTUIS ultrasonic NDT image system, which is
made by Xi’an Jiaotong University. A 5 MHz non-focused transducer of 10 mm di-
ameter was used to scan the samples.

It is assumed that the gray value of a given pixel in the restored image is related to
the gray value of a neighborhood of the corresponding pixel in the degraded image.
The shape of the neighborhood of the given pixel is assumed to be a rectangular win-
dow. During the training phase, a window of n n×  pixels scans and samples the de-
graded image with a scanning step of d pixels that is not larger than n, so the image is
completely covered. All the sub-images with size of n n×  in the degraded image are
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converted to input vectors of size 2 1n × for the learning and the corresponding center
pixels of the sub-images in the high quality image are the desired outputs of the net-
work.

Figure 2 shows the input and output ultrasonic C-scan images for the training of
RBF network. Fig. 2(a) is an input C-scan image of flat-bottom hole of 3mm diame-
ter, which is blurred at the edge of the hole and stained by the noise, and Fig. 2(b) is
the desired output of the network. The size of the images is 128×128, and the dis-
tance between the two adjacent pixels is 0.075mm. To study the network ability, three
RBF networks were trained by the sub-images with different n and d. The parameters
of the networks are in Table 1.

0 32 64 96 128
0

32

64

96

128

       0 32 64 96 128
0

32

64

96

128

                                               (a)                                                 (b)

Fig. 2. C-scan images utilized in training of network: (a) input image; (b) desired output image

Table 1.  Parameters of the networks

net n n× d
NET1 5 5× 5
NET2 7 7× 3
NET3 9 9× 5

After the training was completed, the mapping between the high quality C-scan
image and the degraded one was built. Then the C-scan image of flat-bottom hole of
5mm diameter shown in Fig. 3 was used to test the networks. Fig. 4(a), (b) and (c) are
the computed results by the three networks. It is evident that the networks produce an
enhancement of the C-scan image. In Fig. 4(a), (b) and (c), most of the noise in Fig. 3
is removed and the edges of the flat-bottom hole are deblurred. The approximate
results better represent the actual size of flat-bottom hole.

Comparing the three computed results, the edge of Fig. 4(b) is the most clear and
regular. The noise around the edge is not removed in Fig. 4(a) and there is still severe
blurriness in Fig. 4(c). To show the effectiveness of the networks more clearly, the
edges of the results were detected using Sobel operator. The edge in Fig. 4(e) is more
accurate and round than Fig. 4(d) and (f). The diameters of flat-bottom hole calculated
from Fig. 4(d), (e) and (f) are 4.75mm, 5.04mm and 4.58mm. It is concluded that
NET2 is more efficient than the other two networks thus the sub-images with size
7×7 and scanning step of 3 pixels on the original image can be determined as the
optimal parameters for training.
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Fig. 3. C-scan image of flat-bottom hole of 5mm diameter
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Fig. 4. Tested results of the C-scan image in Fig.3 by the networks: (a) the result calculated by
NET1; (b) the result calculated by NET2; (c) the result calculated by NET3; (d) edge detection
of (a); (e) edge detection of (b); (f) edge detection of (c)

                  

 

                                        (a)                                                       (b)

Fig. 5. C-scan images of coin: (a) original image; (b) restored result
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Another experiment was performed on the C-scan image of coin shown in Fig.
5(a). Its restored result by NET2 is shown in Fig. 5(b). The noise is removed and the
details on the surface of coin are enhanced efficiently.

5   Conclusion

A method using radial basis function network for restoration of ultrasonic C-scan
image is presented. The network was trained by different sub-images divided from a
C-scan image of flat-bottom hole of size 3mm diameter.

After trained, the network produced the mapping between the degraded C-scan im-
age and the high quality one. The other C-scan images were used to test the network.
The restored images, in which the noise is removed and the edges of the images are
deblurred, better represent the actual size of tested objects. The results show that RBF
network is efficient for restoration of ultrasonic C-scan image. Comparing the re-
stored results by the networks trained by the different sub-images, the sub-images
with size of 7×7, scanning step of 3 are determined as the optimal inputs for training.
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Abstract. Recent researches indicate that pulse coupled neural network
(PCNN) can be effectively utilized in image segmentation. However, the near
optimal parameter set should always be predetermined to achieve desired seg-
mentation result for different images, which impedes its application for seg-
mentation of various images. So far as that is concerned, there is no method of
adaptive parameter determination for automatic real-time image segmentation.
To solve the problem, this paper brings forward a new automatic segmentation
method based on a simplified PCNN with the parameters determined by im-
ages’ spatial and grey characteristics adaptively. The proposed algorithm is ap-
plied to different images and the experimental results demonstrate its validity.

1  Introduction

Pulse coupled neural network (PCNN) is formed by the modifications and variations
of the neuron model developed by Eckhorn and his co-workers[1] in 1990. Since it
can ignore minor intensity variations, bridge small spatial gaps, and produce perfect
segmentation results when the intensity ranges of the object and the background
overlap[2,3], PCNN is considered greatly suitable for image processing. While used
for image segmentation, PCNN is easily implemented. However, for different images,
the parameters of the PCNN should always be adjusted to achieve satisfactory results,
which impedes its application in automatic segmentation of various images. To solve
this problem, Szekely and Lindblad [4] train the parameters with the desired images
to achieve optimal ones. Obviously such method is not suitable for automatic real-
time segmentation. In this paper, we adopt a simplified PCNN and bring forward a
method to determine the parameters by images’ own characteristics to achieve auto-
matic image segmentation.

The rest of the paper is organized as follows. Section 2 briefly introduces the pre-
liminary of PCNN neuron model and its application in image processing. In section 3,
the method for determination of parameters and the new segmentation method are
proposed. Section 4 presents the experimental results and provides some brief discus-
sion on them. Finally, conclusions are given in section 5.
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2   PCNN Neuron Model

Fig.1 shows a mathematical model of PCNN neuron. It consists of three parts, i.e., the
receptive field, the internal activity section and the spike generator. The receptive
field is comprised of feeding field and linking field. Let ijN  denote the thij  neuron.
The feeding field of ijN  receives the external stimulus ijS  and the pulses Y  from the
neighboring neurons. A signal denoted by ijF  is outputted. The linking field receives
the pulses from the neighboring neurons and outputs the signal denoted by ijL . In the
internal activity section, ijF  and ijL  are inputted and modulated. The modulation
result ijU  called internal activity signal is sent to the spike generator, in which ijU  is
compared with the dynamic threshold ijθ  from the threshold signal generator (TSG).
If ijU  exceeds ijθ , the spike generator outputs one. Then the dynamic threshold is
enlarged greatly so that it exceeds ijU  and the spike generator outputs zero. Thus a
pulse burst is generated.

In the feeding field and linking field, there are six parameters, i.e., three time decay
constants ( Fα , Lα , θα ) and three amplification factors ( FV , LV , θV ). ijklm  and ijklw
are the weighting factors between the two neighboring neurons ijN  and ljkiN ++ , . ijβ
is the modulation parameter. )(⋅step  is the unit step function. A more detailed de-
scription of PCNN is referred to Johnson and Padgett’s paper [5].

In the application of image segmentation, each pixel corresponds to a single PCNN
neuron. The neurons are organized in a single layer network to perform the segmen-
tation task.

               Fig. 1. PCNN neuron model                       Fig. 2. Simplified PCNN neuron model

3   Algorithm

When PCNN is used for image segmentation, the parameters required to be adjusted
are Fα , Lα , θα , FV , LV , θV , ijklm , ijklw  and ijβ . Obviously it’s time consuming and
difficult. To solve the problem, we bring forward an automatic segmentation method
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based on a simplified PCNN with the parameters determined by the images’ own
characteristics. The simplified PCNN neuron model is shown in Fig.2.

The set of describing equations for the simplified neuron ijN  are listed as

∑ −+= ++
lk

ljkiijklijij nYmSnF
,

, )1()( (1)

)1()( ,
,

−= ++∑ nYwnL ljki
lk

ijklij (2)

))(1)(()( nLnFnU ijijijij β+= (3)

)1()1()( −+∆−−= nYVnn ijijij θθθ (4)

))()(()( nnUstepnY ijijij θ−=  . (5)

In the equations, ∆  is the adjusting step of the dynamic threshold.
In most previous studies, the feeding field always receives only the external

stimulus[3,6]. It’s effective in most cases except when ijS  is zero. If 0=ijS , what-
ever the parameters are, the neuron corresponding to the ‘black’ pixel will never pulse
in advance with the neighboring neurons if they belong to the same region. Hereby,
the simplified neuron receives not only the external stimulus but also the outputs of
the neighboring neurons. On the other hand, ijθ  decays in term of exponential, which
is consistent with human visual characteristic but not necessary for computer proc-
essing. Therefore, to reduce the complexity, we decrease ijθ  linearly. In order to
achieve automatic segmentation, the proposed algorithm determines the optimal seg-
mentation result in the binary image series with the method that Ma [7] developed.

In the simplified PCNN model, the parameters to be determined are reduced to

ijklm , ijklw , ijβ , ∆  and θV . θV  is always set a large value to increase the dynamic
threshold rapidly after the neuron has just pulsed, so we set 50=θV .

In an NM × image, the grey level of pixel ),( ji  is denoted by ),( jiG . The maximal
iteration number maxn  is set 50 since the effective segmentation results always come
from the 10th-40th iteration by experiments. Let ),( ljkid space ++  and

),( ljkid grey ++  denote the spatial and grey distance between pixel ),( ji  and
),( ljki ++ . They are computed as follows.

),max(),( klljkidspace =++ (6)

),(),(),( ljkiGjiGljkid grey ++−=++  . (7)

Considering that ijklm  and ijklw  are used to control the influence of ljkiN ++ ,  on

ijN , we use the spatial distance and the grey distance to determine them. Since ijβ is
a parameter to control the degree of enlargement of ijF , we define it as the coeffi-
cient of variation (CV), which is a statistical measure of the deviation of variables
from its mean. When it’s small, the grey level range in the connection neighborhood
is small and the corresponding region is relatively homogeneous, so small enlarge-
ment can make them pulse simultaneously. ∆  is set to make the dynamic threshold
cover all possible grey level ranges. So the parameters can be determined as
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ijM and ijV correspond to the mean and variance of the grey levels in the neighbor-
hood of pixel ),( ji .

The proposed algorithm can be implemented with the following steps.
Step1 Input the normalized grey levels of the image to the network as the external

stimulus signal ijS ( 10 −≤≤ Mi , 10 −≤≤ Nj ).
Step2 Let the segmented binary image of each iteration be stored in NMT × .

0)0( =T . Set the maximal entropy 0max =H .
Step3 Set 50max =n , 50=θV , ijij SF =)0( , 1)0( =ijθ , 0)0( =ijL , 0)0( =ijU ,

0)0( =ijY , and compute the parameters m , w , β  and ∆ .
Step4  Set iteration number n  as 1.
Step5 Compute )(nYij . If 1)( =nYij , 1)( =nTij .
Step6 Compute the entropy, i.e. H , of the image denoted by )(nT . If maxHH > ,

HH =max , and store )(nT  to saveT .
Step7 1+= nn .
Step8 If maxnn < , go to Step5, otherwise output saveT  as the final segmentation

result.

4   Experimental Results

We implement image segmentation with the proposed algorithm on various images.
Fig.3 shows part of the results. It is obvious that the proposed algorithm can effec-
tively segment various images automatically, without predetermining and adjusting
the network’s parameters. To verify the validity of the algorithm, we also perform
medical ultrasound image segmentation without preprocessing, as we know medical
ultrasound image segmentation is a difficult problem due to the intrinsic speckle noise
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and tissue related texture. The result in Fig.4 shows that the proposed algorithm deals
well with images of low quality such as ultrasound images. For comparison, segmen-
tation results of PCNN with near optimal parameters adjusted manually are presented
in Fig.3 and Fig.4. It’s obvious that the proposed method yields a similar result to that
of PCNN with near optimal parameters adjusted manually.

  
(a)                                         (b)                                            (c)

Fig. 3. Segmentation results of ‘Lena’. (a) Initial image; (b) Result of PCNN with parameters
as: 2.0=LV , 50=θV , 0=FV , 1=Lα , 05.0=θα , +∞=Fα , 1.0=β ; (c) Result of the
proposed method

  
(a)                                            (b)                                              (c)

Fig. 4. Segmentation result of medical ultrasound image. (a) Initial ‘Breast Cyst’ image; (b)
Result of PCNN with parameters as: 4.0=LV , 50=θV , 0=FV , 1=Lα , 1.0=θα ,

+∞=Fα , 06.0=β ; (c) Result of the proposed method

5   Conclusions

Pulse coupled neural network is based on the study of biological neural behavior. It’s
ability of ignoring minor intensity variations, bridging small spatial gaps, and pro-
ducing perfect segmentation results when the intensity ranges of the object and the
background overlap adapts it to image segmentation. However the necessity to deter-
mine network’s parameters impedes its application in automatic segmentation of
various images. To solve the problem, this paper proposed a method to determine the
parameters by images’ own characteristics automatically. The experimental results
demonstrate the validity of the proposed algorithm.
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In the proposed algorithm, the parameters are set for general images. For specific
image segmentation, other characteristics such as texture can be considered to deter-
mine the parameters to achieve more accurate segmentation. Further research on this
may be regarded.
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Abstract. In this paper, a new method is proposed to estimate the ac-
curate pose of face images. A face image collection device is designed
to collect face image with accurate pose. Principle Component Analy-
sis (PCA) is used to set up the eigenspace of face pose, then a fuzzy
C-means clustering method is applied to divide the train samples into
several classes, and to decide the centers of the classes. When a face
image is presented to our system, we first project the image into the
eigenspace, then the subordinate degree of the input face image to each
class is calculated, finally the pose of the input face image is calculated
combining the subordinate degrees. Experiments show that the proposed
method can effectively estimate the accurate pose of face image.

1 Introduction

Face pose estimation is very important in the research areas of human computer
interaction and face recognition. Many human computer interaction applications
like virtual reality and video teleconferencing require the information of where
a person is looking at and what he or she is paying attention to. Also, most face
recognition and expression recognition algorithms have higher recognition rate
when the frontal view of the face is used as an input. Therefore, as a preprocessing
step, it is very important to estimate the posture of the human face from the
input face image, and reproject it to generate the frontal view face image.

Conventionally there are many methods for estimating the pose of face images
which can be mainly categorized into two classes: the first class is based on the
detection of facial features such as eyes, nose, mouth, etc. [1-3]. The second class
is based on the intensity distribution of face image [4-8]. The former methods
generally involve 3D position estimation of the facial features, thus accurate
camera parameters must be known for face pose estimation. Additionally facial
feature detection by the image understanding techniques is still a hard problem
under arbitrary conditions, such as illumination and background scenes; the
latter methods are basically model based method in which the image models
obtained previously are used for face pose estimation. Those methods do not need
feature detection, but it takes much labor to train the models before estimation
of the face pose.
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Gao, Y. et al [1] estimate face pose by locations of the two irises and the
symmetric axis of face. After that they synthesized the frontal view face image
of the input face, the recognition rate increased greatly after the synthesis. But
they didn’t report how accurate their pose estimation method is. Their pose
estimation method is very sensitive to the location error of the facial features
and facial expression. Srinivasan S. and Boyer K.L [7] proposed a view based
eigenspace method to estimate pose of face image. They constructed different
eigenspaces for face images of different poses. The input image is projected to
all the eigenspaces. They argued that the norms of the projections represent the
similarity between the image and the corresponding eigenspace. Based on this,
they proposed a refined estimation method and an extreme estimation method.
The RMS is 12.9◦ for the refined method and 26.0◦ for the extreme method.
Blanz V. and Vetter T. [5] proposed a pose estimation method based on fitting
a 3D morphable model, the average RMS of their method is smaller than 5◦,
but their method needs 3D scans of head to set up shape model of human face,
and their algorithm is time consuming. In this paper, we combine the eigenspace
analysis and fuzzy clustering to estimate pose of face image. We first construct
face eigenspace using face images of different pose, then we project face images
of different pose to the eigenspace, then we divide the projections into several
classes using fuzzy C-means clustering algorithm. When a face image is presented
to our system, we first project the face image to the eigenspace, then we calculate
the subordinate degree of the projection to all the classes, finally the rotation
degree of the input face image is calculated according to the subordinate degrees.

In this paper, we only consider face images rotating from left to right with
no tilt, we believe that our method can be extended to the more generalized case
of tilt and roll. The paper is organized as follow: section 2 is the introduction to
our face image collection device, by this device we can collect face image with
accurate pose, section 3 is construction of face eigenspace, section 4 is our face
pose estimation algorithm, section 5 are experiments and conclusions.

2 Construction of Face Eigenspace

The eigenspace analysis is also called principal component analysis (PCA) which
is first introduced to the face recognition area by Turk M. and Pentland A. [9].
The main purpose of PCA is to reduce the dimension of a face image.

We first compute the covariance matrix of the train images. The covariance
matrix is computed using face images of all the poses in the train database. The
eigenvectors e1, e2, · · · em of the covariance matrix are then computed and sorted
according to the eigenvalues. The eigenvectors corresponding to the top M eigen-
values are stored. These eigenvectors are typically called eigenfaces. The space
spanned by eigenfaces is called eigenspace. For each image xi in the database
which dimension is n, an eigen representation is then obtained by projecting the
database image onto each of the eigenface vectors wij = eT

j xi, j = 1, 2, · · ·M . So
each face image is now represented by an M dimensional vector of eigen coeffi-
cients. Here M � n, this amounts to a significant dimensionality reduction.
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When an input face image x is presented to our system, we project the
face image onto the eigenspace, the face image x is now represented by a M
dimensional vector p. by a minimal distance classifier, we can get the vector
p∗ in the train database which is closest to p, then x is classified to the pose
associated with p∗. In this way, we can simply divide face images into several
classes, but we still can not get the accurate rotated degree of a face image.

3 Face Pose Estimation Algorithm

In order to get accurate pose of the input face image, a fuzzy C-means clustering
algorithm is applied to the projections of the train set. The train set is divided
into several classes and the class centers are decided. When a face image is
presented to our system, we first project the face image to the eigenspace, the
projection is then compared with the class centers to calculate its subordinate
degree to each class. Finally, the accurate pose of the face image is calculated
combining the subordinate degrees.

3.1 Fuzzy C-means Clustering Algorithm

The fuzzy clustering algorithm can not decide which class the test sample belongs
to, instead, it gives the subordinate degree of the test sample to each class. The
main target for a fuzzy clustering algorithm is to minimize the clustering loss
function [10]. For a sample set {xi, i = 1, 2, · · ·n}, suppose the sample set can
be divided into c classes, {mi, i = 1, 2, · · · c} are the centers of the classes, µj(xi)
is the subordinate degree of the ith sample to the jth class. The clustering loss
function is defined as:

Jf =
c∑

j=1

n∑

i=1

[µj(xi)]
b ‖xi − mj‖2 (1)

Here b > 1 is a parameter which can control the fuzzy degree of the clustering
result. For a fuzzy C-means clustering algorithm, the sum of subordinate degree
of one sample to all the classes is constrained to 1.

c∑

j=1

µj(xi) = 1, i = 1, 2, · · ·n (2)

By equation (3), (4), we can iteratively get the class centers of the train samples
and their subordinate degrees to each class.

mj =

n∑
i=1

[µj(xi)]
b
xi

n∑
i=1

[µj(xi)]
b

, j = 1, 2, · · · c (3)
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µj(xi) =

(
1
/

‖xi − mj‖2
)1/(b−1)

c∑
k=1

(
1
/

‖xi − mj‖2
)1/(b−1) , i = 1, 2, · · ·n j = 1, 2, · · · c (4)

3.2 Pose Estimation by Subordinate Degrees

After applying the fuzzy C-means clustering algorithm, we can get the subor-
dinate degrees of an input face image to each class using equation (4). The
subordinate degree represents the similarity degree between the test face image
and a face image class. Then the rotated angle of the input face image can be
calculated using the following equation:

Angle(x) =
∑

j,ifµj(x)>T

µj(x) × Aj (5)

Here Aj is the angle of the jth class, T is a threshold, if µj(x) is smaller than
T , we consider that the input is impossible to belong to the jth class. T can be
determined through a train process.

4 Experiments and Conclusions

4.1 Face Image Collection Device

Currently, there are many face databases available for face recognition research,
such as the CMU-PIE face database, the FERET face database, etc. Most of the
face databases contain face images collected in different pose condition, different
light condition, etc. But to the best of our knowledge, none of the face databases
recorded accurate pose of face image. Considering this, we designed a face image
collection device to collect face image with accurate pose. The device is shown
in Fig. 1. The camera is fixed on a circle rail, when collecting face image, the
volunteer sit at the center of the circle, the camera moves around the volunteer
to collect face image, the rotated degree can be read from the marks on the circle
rail. The precision of our face image collection device is within 1 degree.

4.2 Experiments

Our algorithm is tested on TH face database. TH face database includes face
images of different pose from 305 volunteers. The accurate pose of each face image
in the database is recorded, the angles of face images range from 45 degree left
to 45 degree right. Before the experiments, we manually marked the two irises of
the face images, and then the face images are normalized and cropped according
to the location of the irises. One sample of cropped image is shown in Fig. 2.

The train set includes face images from 50 volunteers in TH face database and
the poses of the train set are {0◦,±10◦,±20◦,±30◦,±40◦}, the test set includes
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Fig. 1. Accurate pose face image collection device

Fig. 2. Cropped image in TH face database

face images from the other volunteers in TH face database with pose ranging
from 45 degree left to 45 degree right.

For comparison, we also implemented a pose estimation algorithm using di-
rect PCA. The test results of our algorithm and direct PCA are shown in table
1. The average RMS of our pose estimation algorithm is 3.67◦ which is 5.34◦

when using direct PCA method. Blanz V. and Vetter T. [5] used 3D morphable
model to estimate pose of the face image, their test results are shown in table
2. We can see that our method performs almost equivalent to their method, but
the computation of their method is much more expensive, moreover, the RMS of



416 C. Du and G. Su

estimation tends to increase with the true angle increasing in their results which
can not be seen in the results of our method.

For the face images whose true angle is in the train set ({0◦,±10◦,
±20◦,±30◦,±40◦}), the RMS of estimation is a little smaller than the face im-
ages whose true angle is not in the train set ({±5◦,±15◦,±25◦,±35◦,±45◦}).

Table 1. Pose estimation result of our method and direct PCA

True Angle (degree)
Our method Direct PCA
Average
estimate
(degree)

RMS
(degree)

Average es-
timate
(degree)

RMS
(degree)

0 0.17 3.14 0.10 4.10
5 3.70 4.53 4.70 6.23
10 9.90 3.05 9.93 4.32
15 14.23 4.32 14.52 6.29
20 19.57 2.56 19.49 4.36
25 25.56 4.06 25.32 6.62
30 29.36 2.98 29.51 4.68
35 34.11 4.40 34.31 6.40
40 38.86 3.98 39.20 5.08
Average RMS 3.67 5.34

Table 2. Pose estimation result reported in [5]

Angular Distance Front-side
(degree)

Front profile
(degree)

Side-profile
(degree)

Average Estimate 18.1 63.2 45.2
RMS 2.4 4.6 4.5
True Angle 16.5 62.1 45.6

4.3 Conclusion

In this paper, we present a new face pose estimation algorithm. By eigenspace
analysis and fuzzy C-means clustering, we can calculate the accurate rotated
degree of the face image. Our method performs much better than direct PCA
method and almost the same with the 3D morphable model method. Our method
is computationally inexpensive and hence very fast. Here, we only test face im-
ages rotated from left to right with no tilt. With more train samples, we believed
that our algorithm can be extended to more generalized cases. The feature ex-
traction process of our algorithm is based on eigenspace analysis, so inevitably
our method is sensitive to the change of light conditions and background which
is the main focus of our future work.
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Abstract. Large computational quantity and cumulative error are main
shortcomings of add- weighted one-rank local-region single-step method for
multi-steps prediction of chaotic time series. A local-region multi-steps
forecasting model based on phase-space reconstruction is presented for chaotic
time series prediction, including add-weighted one-rank local-region multi-
steps forecasting model and RBF neural network multi-steps forecasting model.
Simulation results from several typical chaotic time series demonstrate that both
of these models are effective for multi-steps prediction of chaotic time series.

1   Introduction

Local-region forecasting method based on Takens embedding theory is a simple and
effective method in predicting kinds of chaotic time series [1][2][3][4]. Common add-
weighted one-rank local-region method (AOLM) is a single-step forecasting model.
New predicted data obtained by AOLM should be added to original data to make
multi-steps forecasting with AOLM. So large computational quantity and cumulative
error are obvious shortcomings of AOLM for multi-steps forecasting. This paper
presents two new local-region multi-steps forecasting models, including add-weighted
one-rank local-region multi-steps method (AOLMM) and RBF neural network local-
region multi-steps method (RBFNNLMM), both of which improve the multi-steps
forecasting validity and avoid cumulative error.

2   AOLM and AOLMM

2.1   AOLM [5]

By phase-space reconstruction of time series 1x , 2x , …, Nx  based on Takens

embedding theory, we can get the phase-space point ( )ττ )1(,,, −++= miiii xxxY ,

(Here，i = 1, 2, …，M, M is the points number in reconstructed phase-space，and

( )τ1−−= mNM , m  is the embedding dimension, τ  is the time delay, and N is
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the length of time series). Assume neighbors of the center point MY  in phase-space

are MiY ，i＝1,2，•••，q，the distance between MY  and MiY  is id ，and mind  is

the minimum distance among id ，the weight of MiY  is defined as：

∑
=

−−

−−=
q

i
i

i
i

dd

dd
P

1
min

min

)(exp(

)(exp(

α

α
,

(1)

α  is a parameter and has the value of 1=α  in common. Thus, the one-rank local-
region linear fit is：

MiMi bYaeY +=+1 , i＝1,2, …, q, (2)

Here, e  is a m-dimensional vector, ( )Te 1,,1,1= .

The add-weighted least square method for embedding dimension 1=m  requires

( ) min
1

2
1 =−−∑

=
+

q

i
MiMii bxaxP

The model above is called AOLM.

2.2   AOLMM

The essence of single-step forecast based on AOLM is, to find the （m+1） most
similar points (nearest neighbors of center point) in reconstructed phase-space first,
make the single-step forecast according to the single-step evolving rule of these (m+1)
neighbors. It’s well known that the evolvement between a pair of nearest neighbor

follows the index transition rule te λ− , here, λ  is the largest Lyapunov exponent. In
the same way as AOLM, we can make multi-steps forecast according to the multi-
steps evolving rule of these (m+1) neighbors, which is the essence of local-region
multi-steps method. The AOLMM for embedding dimension 1>m , and k ( k >1)-
steps forecast model is deduced in detail as follows:

Assume the reference vector set is { }MiY ，i＝1,2，…，q，which will be evolved

as { }kMiY +  after k -steps. According to the add-weighted least square method, the

following equation exists:

( ) min
1 1

2 =







−−∑ ∑

= =
+

q

i

m

j

j
Mikk

j
kMii xbaxP (3)

The equation above is a function of dual variables ka  and kb . By differentiating

this equation, we can get：
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which can be unwrapped as：
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and the matrix form is：
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formula for calculating variables ka  and kb  is as:
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(4)

With values ka  and kb  by formula (3) and the reference vector set

{ }kMiY + ，i＝1,2，…，q，we can get k th-step prediction is:
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MkkkM YbeaY +=+ (5)

The detailed steps for AOLMM are as follows:
（1） Reconstruct the phase-space

First, calculate the correlation dimension d  according to G-P method [6]. Second,
select the embedding dimension 12 +≥ dm  according to Takens embedding theory.
Third, get the average orbit period mtbp by FFT analysis, and calculate the time delay
τ  by τ)1( −= mmtbp [7]. Thus, the reconstructed phase-space is

( )ττ )1(,,, −++= miiii xxxY , i=1,2, …, M.

（2） Find the nearest neighbors of center point in phase-space

Calculate distances between each point and center point MY  in phase-space, and

find the q （ 1+= mq ） number of nearest points as reference vector set

MiY ，i＝1,2，…, q, then calculate the weights iP  of each nearest neighbor.

（3） Calculate coefficients ka  and kb  with formula （4）

（4） Forecast

Make multi-steps forecast with formula (5) and the value of ka  and kb .

3   RBFNNLMM

AOLM(AOLMM) uses least square method to get phase points’ one-step(multi-steps)
evolving rule. We can also use the neural network technique to get such evolving rule.
For RBF neural network has virtues of better ability of approach and classification
and fast learning speed, we can select RBFNN instead of add-weighted one-rank
method to build the local-region multi-steps forecasting model. The detailed model is
as follows:
（1） Normalize the original chaotic time series；
（2） Reconstruct the phase-space, and find the nearest neighbors of center

point（the same as AOLM）；
（3） 1=k , construct and train the RBF neural network；

Set the weighted sum of (m+1) nearest neighbors as sample input, and the
corresponding weighted sum of these neighbors after one-step evolving as sample
output, then call the NEWRBE function in MATLAB to design an accurate RBF
neural network and train it.
（4） Forecast;

With the reference phase point MiY , call the SIM (net, MiY ) function in MATLAB

and the output is the single-step prediction value.
（5） 1>k , repeat steps （2） and （3）.

That is, to set the weighted sum of （m+1） nearest neighbors as sample input,
and the corresponding weighted sum of these neighbors after k  steps evolving as
sample output, then call the NEWRBE function in MATLAB to design an accurate
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RBF neural network and train it. With the reference phase point MiY , call the SIM

(net, MiY ) function and the output is k -step prediction value.

4   Simulation

We use Chen’s chaotic system, Lorenz system and Logistic system as samples to test
the validity of AOLMM and RBFNNLMM.

Chen’s chaotic attractor is generated by the following differential system [8]:

( )
( )







−=
+−−=

−=

bzyz
cyxzxacy

xyax
(6)

Here, 28,3,35 === cba .

Take the initial values as ( ) 00 =x , ( ) 10 =y , ( ) 00 =z , and the integral time

interval is 001.0=h . Integrate equations (6) with four-rank Runge-Kutta method to
get a chaotic time series of 15000 points, omit the first 1000 points, take 9000 points
as learning sample, and take 5000 points as testing sample. The parameters for phase-
space reconstruction are 8=m  and 10=τ . Fig.1 and Fig.2 are forecast results with
AOLMM and RBFNNLMM, the real line shows true values while the dashed line
shows the predicted values. The latter result is normalized. Both of these two results
show that the first 2100 predicted points have small errors.

       Fig. 1. Forecast Chen’s result with                         Fig. 2. Forecast Chen’s result with
  RBFNNLMM                                                 AOLMM

        Fig. 3. Forecast result of Lorenz system                    Fig. 4. Forecast result of Logistic
                                                                                            System
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Fig.3 is the forecast result of Lorenz chaotic system with AOLMM. Compared
with results in reference [9], the AOLMM is more effective for multi-steps forecast.

Fig.4 is the forecast result of Logistic system with AOLMM, which is better than
the result in reference [10].

5   Conclusion

Simulation results from several typical chaotic time series, including Chen’s system,
Lorenz system and Logistic system, demonstrate that both of AOLMM and
RBFNNLMM are effective for multi-steps prediction of chaotic time series.
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Abstract. Although, in theory, the neural network is able to fit, model and pre-
dict any continuous determinant system, there is still an obstacle to prevent the
neural network from wider and more effective applications due to the lack of
complete theory of model identification. This paper addresses this issue by in-
troducing a universal method to achieve nonlinear model identification. The
proposed method is based on the theory of information entropy and its devel-
opment, which is called as nonlinear irreducible autocorrelation. The latter is
originally defined in the paper and could determine the optimal autoregressive
order of nonlinear autoregression models by investigating the irreducible auto-
dependency of the investigated time series. Following the above proposal, ro-
bust prediction of chaotic time series became realizable. Our idea is perfectly
supported by computer simulations.

1 Introduction

The neural network has been of great research interest as a universal nonlinear fitting
and prediction model for a long time. Compared to traditional linear models (ARMA
[3] ), the neural network predictor has some remarkable advantages. For example,
MLPs with proper topological structure can approximate any continuous function
with arbitrary precision; MLPs and certain types of recurrent networks (RNN[1~2],
NARX[6], TLRN[4] etc.) have the ability of achieving NAR and NARMA respec-
tively; MLPs and two types of recurrent networks with rational parameters have Tur-
ing-equivalent computational ability [5~6]. According to Church-Turing’s thesis, the
limitation of the computational ability of neural networks is the same as that of Turing
algorithms. To sum up, in theory, neural networks possess universal modeling ability,
which is superior to linear models, thus, it is possible for neural networks to model
complex phenomena more precisely in reality.

The advantages in the modeling ability of neural networks are obtained at the cost
of the analytical difficulty, which is an aftermath of the introduction of nonlinearity.
Due to the nonlinearity, researchers could not develop a set of statistical methods to
implement model identification that can determine the type and the order of a given
model. But in practice, researchers often need to accomplish system identification and
chaotic time series prediction at the absence of transcendent knowledge. For example,
there might be a demand for predicting the future tendency of stock prices according
to the historical time series of stock prices. In many similar cases, researchers only
have a univariate or multivariate time series. Due to the lack of prior knowledge and
mature model identification techniques, researchers have to compromise to adopt lin-
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ear models, or they have to rely on incomplete experience and arbitrary experiments
to perform model identification. Obviously, these two ways are usually insufficient:
the former can’t be effectively used in the nonlinear time series; the latter can’t be
certain to choose the optimal model.

Based on information entropy theory, we put forward a method to define and
measure the Nonlinear Irreducible Autocorrelation (NIA) of a time series, which is a
quantitative index and is naturally corresponding to the nonlinear autoregressive order
of NAR. Utilizing NIA to choose optimal scale of neural network predictors, we are
able to achieve robust prediction of chaotic time series. The result of simulations sup-
ports our idea perfectly.

2 Nonlinear Irreducible Autocorrelation

Our method is a model-independent solution based on information entropy, in which
only the statistical character of experimental time series and the underlaying thought
of dynamical system (DS) are concerned, thus we might avoid dealing with the ana-
lytical difficulty brought in by nonlinearity.

Assume that we have a time series ,...2,1, =tX t , in hands that leaks hints, e.g., the

passing of test of the surrogate data [10], to be regarded as a chaotic time series. Then
from the perspective of DS, we postulate that ,...2,1, =tX t , is a discrete sampling of

an observable dimension )(ix  of certain differential equations with k  free degrees:

1),( Cff ∈=
•

xx
(1)

where Tkxxx ],...,,[ )()2()1(=x  is a 1×k  column vector. Assuming that there are few

very loose preconditions, we can indicate that there is a smooth function to determine
)(i

tx  by its finite history )()(
2

)(
1 ,...,, i

nt
i

t
i

t xxx −−− , where )(i
tx  denote )(ix  at the time of

tT . Here, t  should usually be an integer, T is the time delay of sampling, and n  is
a positive integer determined by the topological property of the attractor of DS (1).

Definition 1:If φ  is a flow on an open subset U  of kR , which is determined by

DS (1), RUh →:  is a smooth function, and T  is a positive number (called the de-

lay), define the delay-coordinate map nRUThF →:),,( φ  by

T
TnT hhhThF ))](()),...,((),([))(,,( )1( xxxx −−−= φφφ

Theorem 1 [8]: (Fractal Delay Embedding Prevalence Theorem). Let φ  be a flow

on an open subset U  of kR , and let A  be a compact subset of U  of box-counting

dimension d . Let dn 2>  be an integer, and 0>T . Assuming that A  contains at
most a finite number of equilibria, no periodic orbits of φ  of period T  and T2 , at

most finite many periodic orbits of period nTTT ,...,4,3 , and the linearization of those
periodic orbits have distinct eigenvalues. Then for almost every smooth function h

on U , the delay coordinate map nRUThF →:),,( φ is a smooth diffeomophism from
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A onto its image )(AF  (called the reconstructed set), that is, a smooth one-to-one

map that has a smooth inverse.

Theorem 2 [7, 9]:Supposed that nRUThF →:),,( φ  is the delay coordinate map

with the conditions of theorem 1, and ,...2,1,)( =tx i
t , is a T  delay discrete sampling

of an observable dimension )(ix  of certain differential equations that determine the

flow φ . Then, )(i
tx  could be functionally determined by a 1C  function g

),...,,( )(
)1(

)(
1

)()(
1

i
nt

i
t

i
t

i
t xxxgx −−−+ = (2)

Following theorem 2, we get a physical explanation of NAR models. It utilizes fi-
nite historical information to fit g , moreover, NARMA could utilize moving average

terms to improve the fitting precision additionally.
It is obvious that the goal of the identification of nonlinear autoregressive models

is to choose the smallest n  that lets g  become a function. Traditionally, to estimate

n , researchers have to estimate some dimensions of the underlaying attractor first,
e.g., box-counting dimension [8] or correlation dimension [10]. According to the results
of the first-step-estimating, researchers might follow the sufficient condition of em-
bedding diffeomophism, which was proposed by Taken embedding theorem [12]
originally, to get an interval of n . But the estimating of the dimension of the under-
laying attractor is hard to be achieved precisely [14–15], and Taken theorem could only
ascertain a rough interval of n  even if the first step estimating have been done well.
There are a few references that show it is easy to get a fine reconstruction under the
condition of n = dimensions of the underlaying attractor in spite of the sufficient

condition of n > ×2  dimensions of the underlaying attractor [11]. Thus, for high di-
mension attractors, conventional method couldn’t work perfectly.

To get the optimal value of n , we utilize a quantitative index NIA to measure the
irreducible dependency of time series, which is naturally corresponding to the small-
est n  that lets g  be a function.

The NIA is derived from MI. The definition of MI of a time series ,...2,1, =tX t  is

),()()()|()()|( 11111 ttttttttt XXHXHXHXXHXHXXI +++++ −+=−≡

where )(log)()( tiX
i

tiXt xPxPXH
tt∑−= ， )|()()|( 11 tit

i
tiXtt xXHxPXXH

t ++ ∑−≡ ,

]|[log]|[)|( )1(|)1(|1 11 tijtXXti
j

jtXXtit xxPxxPxXH
tttt +++ ++∑−≡ , tix denotes a possible

value of tX .

According to the formal properties and physical sense of information entropy.
)( 1+tXH  is a measure of the uncertainty of 1+tX , i.e., its information capacity.

)|( 1 tt XXH +  is a measure of the posterior uncertainty of 1+tX  given the value of tX

in advance. Therefore, )|( 1 tt XXI +  reflects the dependency between 1+tX  and tX ,

and is suitable to be an index of nonlinear autocorrelation of time series. For the rea-
sons discussed above, developing the index NIA to reflect nonlinear irreducible de-
pendency of time series is required for the goal of nonlinear model identification.
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For the sake of intuitiveness, we give its second order definition first and then ex-
pand it to general situations. Let

),|()(),|( 11111 −++−+ −= ttttttt XXXHXHXXXI

),,(),()( 1111 −+−+ −+= tttttt XXXHXXHXH

Following the above definition, we get the second order definition of )2(NIAρ :

)|(),|()2( 111 ttttt XXIXXXINIA +−+ −≡

The physical sense of the definition is clear. It is a measure of independent contri-
bution of 1−tX  to determine 1+tX . Expanding the definition to general conditions, we

have

],...,,|[ )1(11 −−−+ ptttt XXXXI

],...,,,[],...,,[)( )1(11)1(11 −−−+−−−+ −+= pttttptttt XXXXHXXXHXH  1≥p

let ],...,,|[)( )1(11 −−−+≡ ptttt XXXXIpI , 1≥p . Thus, we get kth order defini-

tion: )1()1( INIA =ρ , )1()()( −−= kIkIkNIAρ , 1>k

3 Robust Prediction of Chaotic Time Series

We hope the autoregressive order p  of the NAR or NARMA model implemented by

neural networks is the smallest one that can satisfy the function relation determined
by formula (2). If p  is too big, the computational cost and the number of the local

optimal points in the parameter space of neural network increase, while the conver-
gent possibility of neural network decreases. What’s more important is over-fitting
phenomena may appear, which will suppress the prediction precision of noisy data
prediction [4].

We selected 4 sets of sampling time series. One is from a chaotic system of the real
world: Nuclear Magnetic Resonance (NMR) laser time series [13]. The others are got-
ten by numeric simulation. Two of simulation time series are derived by discrete map,
whose iterative formulas are given by Logistic Map )1(41 ttt XXX −=+

 and Triangle2

Map ))cos()(sin(3 11 −+ += ttt XXX . Another simulation time series is created by Lorenz

Equations [10], whose numeric solution adopts Euler method with step length of 0.01.
We made sampling towards parameter X  One sample data was taken every 4 times of
iteration. During sampling, we omitted the points generated under transient states,
which is corresponding to the beginning phase of the iteration. The learning and pre-
diction sets of all time series include 200 points respectively, which were normalized
in the interval [-1,1].

The Mutual Information (left) and Nonlinear Irreducible Autocorrelations (right) of
the 4 sets of sampling time series are traced out in Figure 1. The prediction errors of
different neural networks predictors are shown in Table 1. We used 3 types of neural
networks predictors, i.e., MLPs, RBF with Gaussian kernel, and TLFN [4], with dif-
ferent topological structures to predict the above sampling time series. Each numeric
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value in the table grid is the smallest square error (SSE) of the prediction sets. MLP1
denotes MLPs that have 1 processing element in the input layers, and analogically do
RBFs and TLFNs.

As for Logistic and Triangle2 sampling time series, we can conclude directly from
their iterative formula that there exists 1st and 2nd nonlinear irreducible auto-
dependency among their sampling points, and the conclusion tallies with the compu-
tational results shown in Figure 1 (right) perfectly. From Table 1, we can conclude
that the Logistic time series can be predicted effectively by using NAR(1), which is
implemented by MLP1, RBF1 or TLFN1 with only one processing element in its in-
put layer. Increasing the order of the model cannot improve the quality of prediction
markedly. From Figure 1 (right), the nonlinear irreducible autocorrelations with or-
ders bigger than 1 are approximately 0. This explains theoretically the adequacy of
models with order 1. The similar analysis is true to Triangle2 time series. As for Lo-
renz sampling time series, whose underlaying dynamical system has an attractor with
box-counting dimension 2.06 [10]. Its nonlinear irreducible autocorrelation reflects the
proper embedding dimension, which is necessary for a topologically equivalent re-
construction and a satisfactory prediction of underlaying attractor. As for NMR, the
optimal NAR order is 2. It accords with the computational results of NIA. On the
other hand, as a contrast, mutual information shown in Figure 1 (left) couldn’t show
any hint to reflect the above insight.

Table 1. Prediction errors (SSE)

Logistic Triangle2 Lorenz NMR
MLP1 0.58 13.7 15.8 17.3
MLP2 0.58 2.86 1.41 1.85
MLP3 0.69 3.03 1.39 1.82
RBF1 0.41 12.8 14.7 16.8
RBF2 0.42 2.16 1.04 1.77
RBF3 0.42 2.25 1.13 1.75

TLFN1 0.47 13.9 15.5 17.0
TLFN2 0.49 2.75 1.29 1.91
TLFN3 0.50 2.82 1.33 1.89

Fig. 1. Mutual information (left) and NIA (right) of 4 time serie
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According to the above results, it is clear that the experimental results of optimal
order of NAR are exactly corresponding to those of NIA. Therefore, we can conclude
that nonlinear irreducible autocorrelation is reasonable as the measurement of irre-
ducible auto-dependency of time series, which is suitable to determine the optimal or-
der of universal NAR predictors.

4 Conclusion

We proposed a novel model identification technique based on nonlinear irreducible
autocorrelation. Computer simulations indicated that the method could determine the
optimal order of nonlinear auto-regression universally, thus improve the robustness of
chaotic time series prediction effectively.
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Abstract. A simple model based on the combination of neural network and
wavelet techniques named wavelet neural network (WNN) is proposed. Thanks
to the time-frequency analysis feature of wavelet, a selection method that takes
into account the domain of input space where the wavelets are not zero is used
to initialize the translation and dilation parameters. A proper choice of initialize
parameters is found to be crucial in achieving adequate training. Training
algorithms for feedback WNN is discussed too. Results obtained for a nonlinear
processes is presented to test the effectiveness of the proposed method. The
simulation result shows that the model is capable of producing a reasonable
accuracy within several steps.

1   Introduction

The Wavelet Neural Network (WNN) belongs to a new class of neural networks with
unique capabilities in system identification and classification. Wavelets are a class of
basic functions with oscillations of effectively finite-duration that makes them look
like “little waves”, the self-similar, multiple resolution nature of wavelets offers a
natural framework for the analysis of physical signals. On the other hand, artificial
neural networks constitute a powerful class of nonlinear function approximants for
model-free estimation.

The concept of Wavelet Neural Network was inspired by both the technologies of
wavelet decomposition and neural networks. In standard neural networks, the non-
linearity is approximated by superposition of sigmoid functions. While in WNN, the
nonlinearities are approximated by superposition of a series of wavelet functions.

We first present the concept of wavelets and the structures of WNN in section 2, in
section 3, the initialization of parameters are presented. In section 4, the training
systems and algorithms are described. For illustration purposes, the modeling of a
nonlinear process by wavelet networks is presented in section 5.
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2   Basic Concepts of WNN

2.1    Wavelet Analysis

Wavelets are obtained from a single prototype wavelet )t(ψ  called mother wavelet

by dilations and translations:







 −ψ=ψ=Ω )

a
bt

(
a

)t(b,ac
1

(1)

Where cΩ is a family of wavelets, a  is the dilation parameter and b  is the

translation parameter, they are real numbers in R  and +R respectively.
The most important properties of wavelets are the admissibility and the regularity

conditions and these are the properties, which gave wavelets their name. It is square
integrable function )t(ψ satisfying the admissibility condition:

∞<
Ψ

= ∫
∞+
∞−ψ dw

w

)w(
C

2

(2)

)w(Ψ stands for the Fourier transform of )t(ψ . Any function of )R(L2 can be

approximated to any prescribed accuracy with a finite sum of wavelets. Therefore,
wavelet networks can be considered as an alternative to neural and radial basis
function networks.

2.2   Structure of WNN

Employing the wavelets function )t(
jjbaψ as the activation functions of the hidden

layer units, the output of the ith  unit in the output layer of the proposed network is
given as :

1 1
j j

L M

i ij a b jk k
j k

y ( t ) w ( w x )
= =

= ψ∑ ∑ 1 2( i , ,.....,N )= (3)
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Lψ
1ψ

1x kx Mx

1y iy Ny

jψ

Input layer

Hidden layer

Output layer

Fig. 1. The structure of  wavelet neural network. kx  is the kth  input vector, iy  is the

ith output vector, ijw  is the synaptic weight connecting the output layer node i and hidden

layer node j , jkw  is the synaptic weight connecting the input layer node k and hidden layer

node j . ja is the  dilation parameter of the jth  hidden node, jb  is its translation parameter ;

1 2=M ( k , ,......M ) is the number of neurons in the input layer, 1 2n( j , ,......n )=  is the

number of neurons in the hidden layer. )L,......,,i(L 21=  is the number of neurons in the

output layer. y is the output of the network.

3 Initializing Wavelet Networks

Initializing the wavelet network parameters is an important issue. Similarly to Radial
Basis Function networks (and in contrast to neural networks using sigmoid functions),
we should not initialize the dilations and translations randomly, and we should take
advantage of the input space domains where the wavelets are not zero[1][2].

Therefore, we propose an initialization for the mother wavelet the input domains
defined by the examples of the training sequence.

We denote by [ ]maxmin , kk xx the domain containing the input vector kx . Let

0t and ψσ be the center and the radius of the mother wavelet ψ in time domain, then

the domain of 
jjbaψ is given by ],[ ˆ00 ψψ σ++σ−+ jjjjjj atabatab .
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In order that the wavelet 
jjbaψ  can cover the input space:

min
1

0 k

M
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ψ (4)
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Dilations parameter is initialized to:
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Translation parameter is initialized to:
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These initializations guarantee that the wavelets extend initially over the whole input
domain. The choice of the weights is less critical. They are initialized to small random
values. This procedure is very simple and requires a small number of operations.

4   Training Wavelet Neural Networks

An error vector can be defined as the difference between the network output y and

the desired output d . As usual, the training is based on the minimization of the
following cost function:

2

1

1

2

N

i i
i

E ( d y )
=

= −∑ (8)

The minimization is performed by iterative gradient-based methods. The partial
derivatives of the cost function with respect to the parameters θ are:

1

N

i i
i

E y
( d y )

=

∂ ∂= − −
∂θ ∂θ∑ (9)
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Where θ denotes the parameters that should be trained, they are ijw , jkw , ja  and

jb .  At each iteration , the parameters are modified using the gradient according to:

1
E

( t ) ( t ) u
∂θ + = θ − η + ∆θ
∂θ

(10)

Where η is a constant known as the step-size or the learning rate,u is the

momentum term.
As any gradient-descent based algorithm, the error back propagation algorithm

suffers from slow convergence and high probability of converging to local minima.
There are ways to improve the algorithm by using adaptive learning rates and
momentum terms; the details are illustrated in reference [3].

The algorithm is stopped when one of several conditions is satisfied: the variation
of the gradient, or of the variation of the parameters, reaches a lower bound, or the
number of iterations reaches a fixed maximum, whichever is satisfied first.

5   Simulation Results

The example is the approximation of a function of a variable function, given by:

[ ]
[ ]

[ ]







∈−+−

∈+−
∈−

=

150421210

504046429284

40099687243

2 ,.xfor)xxsin()xexp(

.,.xfor.x.

.,xfor.x.

)x(f (11)

A wavelet network approximation in the domain [0, 1] is to be found from a
training sequence of 50 examples. We first predefined that there are 6 wavelets in the
hidden layer, the maximum simulation steps is 200 and the maximum MSE is 0.001.
Then we select the initiation value of a and b using the method mentioned above, at

same time, randomly initiate the value of ijw and jkw . Finally, we trained the WNN

using gradient-descent method.

Table 1. The changes of MSE relative to the change of steps. The MES is less than 0.001 only
within 6 steps.

steps Mean Square Error(MSE)
1 34.33712175
2 4.57306893
3 1.01194119
4 0.20106540
5 0.04185991
6 0.00763924
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Fig. 2. The output of wavelet neural network (in dot line) and the target output (in real line)of
the system characterized by formula (7).

6   Conclusion

In this paper, we introduce the use of wavelet networks for nonlinear function
approximation. We show the training method through second order gradient descent
implemented in a back propagation scheme, with appropriate initialization of the
translation and dilation parameters. The training procedure is very simple and the
result is reliable.
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Abstract. Japan has so may solitary islands and wide coastal areas.
In the air of these areas, there are so many grains of sea-salt. The salt
grains adhere to distribution lines and damage the lines. In particular,
the damage of covered electric wires is a serious problem. However, any
method has not been proposed that judges if distribution lines are injured
by salt water. This paper proposes a neural network method to determine
injury of distribution lines by salt.

1 Introduction

Japan has so many solitary islands and wide coastal areas. In the air of these
areas, there are so many grains of sea-salt blown by Typhoon and sea breeze.
The salt grains adhere to distribution lines (service wires) and damage the lines.
Hence,by adhering to distribution lines (service wires) of them, injury by salt
for distribution lines occurs. In particular, the damage of covered electric wires
(the connection between insulator and covered wire) is a serious problem. Much
effort and money have been spent to prevent it. However, any effective method
have not been found yet. Therefore, we consider to construct a diagnosis system
that measure the rate of injury of distribution lines caused by salt. The diagnosis
system alleviates the effects of salt on distribution lines and enables to replace
seriously injured ones with new ones. As the first step to construct the diagnosis
system, we have already measured the distribution of electric field around the
connection between insulators and distribution lines by using an optical sensor[1].

In this paper, we construct a neural network method to determine injury
of distribution lines by salt. The neural network method is based on higher
order neural networks and back propagation. The effectiveness of the method is
demonstrated on our actual measurement data.

2 Measurement of Injury by Salt for Distribution Lines

In the previous paper, we have measured the distribution of electric fields around
insulators[1]. The Fig.1 is a conceptual figure to show the place of insulators.
The distribution of electric field is measured at an impressed voltage of 1500[V].
Measuring points are assigned on lattice ones around insulators as shown in the
Fig.2. In the Ref.[1], three solutions of salt with densities of 0.5, 1.0 and 2.0%
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insulators distribution
    line

load

pole
V=1500[v]

Fig. 1. A conceptual figure to show the place of insulators

(a) The connection between an insulator
and distribution lines

(b) Measuring points of electric field

Fig. 2. Measuring points of electric field.

were prepared and uniformly atomized to the measuring subject. Note that the
density of sea water is about 3%. For each of three soil cases (solution densities of
0.5, 1.0 and 2.0 %) and the pure case, the measurement was performed repeatedly
over several days. Fig.3 summarizes the measurement results. Fig.3(a), (b) and
(c) show the average values of electric fields Ex, Ey and Ez in the direction
of x-, y- and z-axes, respectively. The place of measurement is x-y plane with
z = 5 cm. Note that the soil cases are not always separated from the pure case
seemingly as shown in Fig.3, where � is for the pure case, and �, ◦ and • are for
soil cases with solution densities 0.5, 1.0, and 2.0%, respectively.

3 Higher Order Neural Networks and Back Propagation
Method

First, we consider multi-layered higher order neural networks each of which con-
sists of Nm (m = 0, · · · , M − 1) units, where the number of layers is M , the
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(a) Distribution of normalize electric field Ex

(b) Distribution of normalize electric field Ey

(c) Distribution of normalize electric field Ez

Fig. 3. Average values of the electric field around the connection between an insulator
and distribution lines

0-th and the (M − 1)-th layers are called input and output layers, respec-
tively. The i-th (higher order neural) element of the m-th layer has Nm−1
inputs and one output and each value of input takes any real number and
output takes any real numbers from 0 to 1. The state of a unit (the output)
is represented as a function of potential u. The potential u increases in pro-
portion to the weighted

∑
[Lp] Wi[Lp]yl1 . . . ylp of all combinations of products

of p pieces of input variables yi ,1 ≤ i ≤ Nm−1 and a threshold si, where
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[Lp] = l1,· · · ,lP and
∑

[Lp] is defined as
∑Nm−1−p+1

l1=1
∑Nm−1−p+2

l2=l1+1 · · ·∑Nm−1
lp=lp−1+1

to exclude the overlapping of variables. Wi[Lp] is called a weight of products of
p pieces of input variables. Then, the output of the i-th unit of the m-th layer,
y
(m)
i (i = 1, · · · , Nm, m = 1, · · · , M − 1) , is determined as follows.

y
(m)
i = F [

k∑

p=1

w
(m)
i[Lp]y

(m−1)
l1 · · · y(m−1)

lp + s
(m)
i ], F [x] =

1
1 + e−x

, (1)

where k means the maximum number of order for MHONNs. For data y(o) to
input layer, let the desirable value of output layer be represented by d, where
y(0) = (y(0)

1 , · · · , y(0)
N0

),d = (d1, · · · , dNM−1). The output y
(m)
i for y(0) is com-

puted from the Eq.(1). The square error E between the output y
(M−1)
i and the

desirable output di is defined as follows.

E =
1
2

NM−1∑

i=1

(y(M−1)
i − di)2 (2)

In the following, we will deal with the case of k = 2, M = 3 and N2 = 1 without
loss of generality. The networks are called higher order neural networks (HONN).
From the Eqs.(1) and (2), a back propagation method for HONN is shown as
follows:

Let P be the number of input-output data and r = 1, · · · , P .
[Step 1] Let r = 1.
[Step 2] The initial values of the weights are set to random real numbers. The
input-output data ((y(0),r

1 , · · · , y(0),r
N0

, dr) is given. For simplicity,the suffix r of

y
(l),r
i is omitted for l = 0, 1, 2.

[Step 3] For inputs y
(0)
i (i = 1, · · · , N0), the output values in each layer are

computed based on the Eq.(1) for m = 1, 2.
[Step 4] The objective function E over weights w

(m)
il1

and w
(m)
il1l2

is computed as
follows.
(a) With output layer,

∂E

∂y
(2)
i

= y
(2)
i − di,

∂E

∂x
(2)
i

=
∂E

∂y
(2)
i

y
(2)
i (1− y

(2)
i )

∂E

∂w
(2)
il1

=
∂E

∂x
(2)
i

y
(1)
l1

,
∂E

∂w
(2)
ill2

=
∂E

∂x
(2)
i

y
(1)
l y

(1)
l2

(i, l1 = 1, · · · , N2; l = 1, · · · , N1 − 1, l2 = l + 1, · · · , N1)

(3)
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(b) With hidden layer,

∂E

∂y
(1)
l

=
N2∑

i=1

∂E

∂x
(2)
i

∂x
(2)
i
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h ,

∂E

∂w
(1)
lpg

=
∂E

∂x
(1)
l

y(0)
p y(0)

g

(i = 1, · · · , N2; p = 1, · · · , N1 − 1; l = 1, · · · , N1;
h = 1, · · · , N1; g = p + 1, · · · , N1),

(4)

where G(l) = 0 for l = 1 and 1 for l �= 1,and H(l) = 0 for l = N2 and 1 for
l �= N2.
[Step 5] The weights w

(m)
il1

and w
(m)
il1l2

are improved according to the following:

w
(m)
il1

[t + 1] = w
(m)
il1

[t]−K1
∂E

∂w
(m)
il1

, w
(m)
il1l2

[t + 1] = w
(m)
il1l2

[t]−K1
∂E

∂w
(m)
il1l2

(5)

[Step 6] If r = P , then the algorithm terminates, if r �= P then go to Step 2
with r ← r + 1.

Specifically, when w
(m)
il1l2

= 0 for m = 1, 2, i = 1,· · · ,n, l1 = 1, · · · ,N2 and
l2 = l1 +1, · · · , N2, the method is same as back propagation for the conventional
neural networks (NN)[2].

4 Construction of Diagnosis Systems

By using back propagation method for HONN, learning and evaluation for di-
agnosis system are performed as follows:
(1) Measured data are separated to two groups of learning and testing one.
(2) Learning for each system of HONN is performed.
(3) By using testing data, generalization ability of each system is evaluated.

Let us explain each process easily. First, 84 learning data are used in order
to construct a system. In this case, 42 data measured in the case (pure case)
sprinkled nothing over distribution lines and 42 data measured in the case (soil
case) sprinkled a solution of salt with density of 0.5, 1.0 or 2.0% over distribution
lines are prepared. Three variables, two coordinates which are x- and y- ordi-
nates and the absolute of electric field

√
E2

x + E2
y + E2

z as input variables, one
variable as output ones and the appropriate number of the units for hidden layer
are selected and learning is performed. Then, it is concluded that recognition of
100% which means that all the learning data are separated to pure and soil areas
correctly is impossible in any case. It means that the number of input variables
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Table 1. Result of diagnosis system by using data measured in the same day

Density TNN HONN
Learning time [minute] 2 4

0.5% The number of weights 12 7
Rate of recognition [%] 86 90
Learning time [minute] 5 10

1.0% the number of weights 12 7
Rate of recognition [%] 83 86
Learning time [minute] 2 4

2.0% The number of weights 12 6
Rate of recognition [%] 90 95

is insufficiently. Therefore,we change three input variables to five variables, x-,
y-coordinates, electric fields Ex. Ey and Ez. In this case, learning of 100% recog-
nition is performed in all cases. Five variables as input are used in the following.
Data used in computer simulation are normalized to the interval 0 to 1 . In de-
termining of output data, the margin of 0.3 is allowed, where 0 and 1 of output
value mean pure and soil cases, respectively. Table 1 shows a result of recognition
for testing data, where the number of weights means ones of the hidden layer in
the case where the best result has been obtained. The rate of recognition means
one of data which are recognized correctly. In all cases in the Table 1, the value
shows one of the best case. As a result, the recognition of 83-90% in NN and
86-95% in HONN are achieved.

Further, as compared with other soft computing method, we have constructed
the systems by using Vector Quantization (VQ) and Fuzzy systems[3]. Numerical
simulations are performed under the same condition as Table 1. As a result,
the rates of recognition of 81–88% and 86–97% for VQ and FS are performed,
respectively.

5 Conclusion

In this paper, we have constructed a diagnosis system to judge if distribution lines
are soil (salty) or not. The system is based on higher order NNs. We have tested
our method and a traditional one on actual measurement data. The result have
demonstrated that our method is superior to the traditional one. In the future
work, we will study to reduce the learning time and the number of sample points.
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Abstract. Determining the location of cortical activity from electroen-
cephalographic (EEG) data is important theoretically and clinically.
Estimating the location of electric current source from EEG recordings
is not well-posed mathematically because different internal source con-
figurations can produce an identical external electromagnetic field. In
this paper we propose a new method for EEG source localization using
Independent Residual Analysis (IRA). First, we apply Independent
Residual Analysis on EEG data to divide the raw signals into the
independent components. Then for each component, we employ the
least square method to locate the dipole. By localizing multiple dipoles
independently, we greatly reduce our search complexity and improve the
localization accuracy. Computer simulation is also presented to show
the effectiveness of the proposed method.

Keywords: EEG, IRA, source localization, least square method

1 Introduction

Electroencephalography (EEG) is a technique for the non-invasive characteriza-
tion of brain function. The localization of the neuronal activity responsible for
measured EEG phenomena is one of the primary problems in EEG. The prob-
lem can be formulated in the framework of the inverse problem and the forward
problem [1]. The inverse problem is an ill-posed problem. There is no unique
solutions and solutions do not depend continuously on the data.

There exist several different approaches to solving the source localization
problem. The dipolar approaches consist in searching one or few dipole locations
and orientations the forward solution of which is best fit to measurements [4].
In the case of multiple dipoles overlapping, one must employ a spatio-temporal
model. Dipoles are fit over the entire evoked potential epoch by using non-
linear least-square error residual minimization [5]. The spatio-temporal model
is developed into the spatio-temporal independent topographies model in MU-
SIC [6] and its extension, RAP-MUSIC [7]. Another approach is the class of
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iterative focalization approaches. FOCUSS [2] for example, is based on a recur-
sive minimum-norm approach. LORETA [8] is another example of an iterative
re-weighting technique.

Although the above methods represent significant advances in source local-
ization, they are usually very sensitive to noise. In this paper, we introduce a
new method for spatio-temporal source localization of independent component.
In our method, we first separate the raw EEG data into independent sources
using our IRA algorithm. We then perform a separate localization procedure on
each independent source. With precomputing the independent components of
the EEG data and localizing on each component, we substantially reduce the
complexity and increase the localization accuracy.

2 Method

2.1 Forward Problem

The forward equation, which gives scalp electric potentials as a function of the
current sources, is:

φ(t) = KJ(t), (1)

where φ(t) = [φ1(t), φ2(t), . . . , φN (t)]T is comprised of measurements of scalp
electric potentials at time instant t, N is the number of electrodes, and J(t) =
[j1(t), j2(t), . . . , jM (t)]T is comprised of M current dipoles within the brain vol-
ume at time instant t. The N×M -matrix K is the so-called lead field matrix [3].
The problem of interest here is to compute the potentials at the electrodes from
the known current sources J(t).

2.2 Inverse Solution

Solving the inverse problem consists in obtaining an estimate Ĵ(t) from the EEG
data φ(t):

Ĵ(t) = Tφ(t), (2)

where the M ×N -matrix T is some generalized inverse of the lead field matrix
K. The solution to this inverse problem can be formulated as the non-linear
optimization problem of finding a least square fit of a set of current dipoles to
the observed data over the entire time series, or minimization of the following
cost function:

C(x, y, z, θ, ψ, p) = ‖φ− φ̂‖ =
∑

t

N∑

i=1

[
φi(t) − φ̂i(t)

]2
, (3)

where φi(t) is the value of measured electric potential on the ith electrode at
time instant t and φ̂i(t) is the result of the forward model computation for a par-
ticular source configuration; the sum extends over all channels and time frames.
Each dipole in the model has six parameters: location coordinates (x, y, z), ori-
entation (θ, ψ), and time-dependent dipole magnitude p(t).
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In equation (3), we need to deal with all of the time sequences, which is
time-consuming. We will employ an effective method to reduce the search space
in the next section.

2.3 Independent Residual Analysis

In order to extract statistically independent components from noisy EEG mea-
surements, we can use Independent Component Analysis (ICA) [9], [1]. The ICA
approach for EEG is implemented in the following way: ICA algorithm identifies
temporally independent signal sources in multi-channel EEG data, and the ex-
tracted independent components are projected back to the scalp surface. These
have been shown to be significantly more “dipole-like” than the raw EEG.

In ICA model, EEG measurements φ is considered as the linear mixture of
the original sources s = [s1, s2, . . . , sN ]T :

φ = Hs, (4)

where H is an N ·N unknown mixing matrix. In order to extract independent
components of the EEG measurements φ, we establish a demixing model:

y = Wφ, (5)

where N ·N matrix W is so-called “unmixing” matrix, y = [y1, y2, . . . , yN ]T is
the recovered version of the original sources s.

There exist several different ways to estimate the W matrix [9], such as
FastICA [10], the Bell-Sejnowski infomax algorithm [11] and its modification,the
natural gradient algorithm [12]. When the statistics of data are sufficient, all
these aforementioned algorithms generally perform almost equally well.

However, traditional ICA algorithms do not perform well on EEG data result-
ing from the ignorance of the temporal structure of the EEG signals. Therefore
we formulate a new method for blind source separation named as Independent
Residual Analysis (IRA) [13]. In this method, we describe the temporal structure
of the sources by a stationary AR model:

si(t) =
L∑

p=1

ai
psi(t− p) + εi(t), (6)

where L is the degree of the AR model and εi(t) is a zero mean independent
and identically distributed time series called the residuals. By minimizing the
mutual information of the residual signals, We can derive our gradient descent
algorithm as follows [13]:

∆W = η

{
I −

L∑

p=0

[
Apϕ(r)yT (t− p)

]
}

W, (7)

where A0 is the identity matrix, Ap = −diag(a1
p, . . . , a

N
p ), p ≥ 1 is a diago-
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Fig. 1. The scalp maps of the separated components by IRA algorithm

nal matrix and r is the estimate residual signals. For non-linear function ϕ(r),
we can use the hyperbolic tangent function ϕ(r) = tanh(r) for super-Gaussian
sources and the cubic function ϕ(r) = r3 for sub-Gaussian sources. The tempo-
ral structure might also affect the learning performance of the natural gradient
algorithm. The gradient descent learning algorithm for the filter element ai

p are:

∆ai
p(k) = −η′

kϕi [ri(k)] yi(k − p), (8)

where η′
k is the learning rate.

After finding the weight matrix W, we can use equation (5) to obtain the
original sources. Projection of each independent component of original sources
back onto the electrodes at time instant t can be done by:

φ̃i(t) = W−1ỹi(t), (9)

where φ̃i(t) is the set of scalp potentials due to the ith source. For ỹi(t) =
[0, . . . , 0, yi(t), 0, . . . , 0]T we zero out all rows of sources but the ith.

2.4 The Least Square Solution

In equation (9), ỹi(t) only scales the scalp potentials, so we need not compute
the full time sequence to locate the dipole, but rather simply a single instant of
activation. For this purpose, we set ỹi(t) to be unit. As a result, φ̃i(t) elements
are simply the corresponding columns of W−1 and the cost function can be
simplified as:

C(xi, yi, zi, θi, ψi, pi) = ‖φ̃i − φ̂i‖ = ‖φ̃i − kiĵi‖, (10)

where ki = (k1i, k2i, . . . , kNi)T is the ith column of the lead field matrix K.
The orientation (θi, ψi) and strength pi of the ith dipole can be thought of as
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Fig. 2. Visualization of the dipole sources

components (ĵix, ĵiy, ĵiz), the dipole strength in the x, y and z direction. Now
we can obtain the dipole position (xi, yi, zi) and dipole orientation (θi, ψi) by
minimizing the cost function (10):

(xi, yi, zi, θi, ψi) = argmin‖φ̃i − kixĵix − kiy ĵiy − kiz ĵiz‖

= argmin
N∑

j=1

(φ̃ij − kjixĵix − kjiy ĵiy − kjiz ĵiz)2, (11)

where φ̃i = (φ̃i1, φ̃i2, . . . , φ̃iN )T and kiβ = (k1iβ , k2iβ , . . . , kNiβ)T with
β = x, y, z. The dipole position and dipole moment can be obtained by mini-
mization of this cost function using an four-shell spherical model [14].

3 Results

The data used in the experiment is the time-dependent 20 EEG averaged mea-
surements for 62 channels. We first perform IRA on the original EEG data to
obtain the 62 independent components. We can visualize each component by
ploting the scalp component maps. Fig. 1 shows the scalp maps of four compo-
nents (they are dipole-like), which are related to the visual stimulus. The first
component corresponds to the evoked potential in the primary visual cortex.
The second component corresponds to the evoked potentials in the right side of
the high visual cortex. And the third and fourth components are related to the
face recognition. Last step is the source localization. We use the EEGLAB [15]
plug-in DIPFIT to localize the dipole. Visualization of the obtained four dipoles
is shown in Fig. 2.
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4 Conclusions

In this paper, we present a new IRA method for EEG source localization that
reduces the complexity. IRA considers the temporal structure of the sources
and it can separate sources in a short time window. Projections of indepen-
dent components obtained by IRA to the scalp surface have been shown to be
more dipole-like. Localizing dipoles for each component separately dramatically
increases the efficiency and accuracy of EEG source localization.
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Abstract. G-protein coupled receptors (GPCRs) are a class of pharma-
cologically relevant transmembrane proteins with specific characteristics.
They play a key role in different biological process and are very impor-
tant for understanding human diseases. However, ligand specificity of
many receptors remains unknown and only one crystal structure solved
to date. It is highly desirable to predict receptor’s type using only se-
quence information. In this paper, Support Vector Machine is introduced
to predict receptor’s type based on its amino acid composition. The pre-
diction is performed to the amine-binding classes of the rhodopsin-like
family. The overall predictive accuracy about 94% has been achieved in
a ten-fold cross-validation.

1 Introduction

G-protein-coupled receptors (GPCRs) are a class of pharmacologically relevant
proteins characterized by seven transmembrane (7TM) helices. Through their
extracellular and transmembrane domains, GPCRs play a key role in a cellu-
lar signaling network that regulates many basic physiological processes: neuro-
transmission, cellular metabolism, secretion, cellular differentiation and growth,
inflammatory and immune responses, smell, taste and vision [1]. According to
their binding with different ligand types, GPCRs are further classified into dif-
ferent families. Many efforts in pharmaceutical research are current aimed at
understanding their structure and function. Despite their importance, there is
still only crystal structure solved to date [2]. And many known human GPCRs
remain orphans (the activating ligand is unknown) [3]. In contrast, the sequences
of thousands of GPCRs are known. So computational methods based on sequence
information may be helpful to identify receptor’s type [4]. Recently, Elrod and
Chou [5] proposed a covariant discriminant algorithm to predict a GPCR’s sub-
family according to its amino acid composition. In the current study, we try
� This work was funded by the National Natural Science Grant in China (No.60171038
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to apply Support Vector Machine (SVM) method to approach this problem.
To demonstrate our algorithm, we apply it to the amine-binding classes of the
rhodopsin-like family of GPCRs. There are many medically and pharmacolog-
ically important proteins in this family. The results show that the prediction
accuracy is significantly improved with this method.

2 Materials and Methods

2.1 Sequence Data

We used the same dataset as that of Erlod and Chou [5], which was taken from
GPCRDB [6] (December 2000 release). There are 167 rhodopsin-like amine G-
protein-coupled receptors classified into four groups, acetylcholine, adrenoceptor,
dopamine and serotonin, as shown in Table 1. Other sub-families of rhodopsin-
like amine GPCR are not included, for there are too few sequences in these sub-
families to have any statistical significance. Redundancy was reduced so that
pair-wise sequence identity is relative low. Accession numbers of these proteins
in SWISSPROT can be obtained from Erlod and Chou [5].

Table 1. Summary of 167 receptors classified into four types

Group Number of Average
Sequences Length

Acetylcholine 31 530.6
Adrenoceptor 44 448.4
Dopamine 38 441.4
Serotonin 54 433.7

Overall 167 457.3

2.2 Data Representation

Protein sequences are strings make up of 20 different amino acids (alphabets). To
apply machine learning method such as SVM, we have to extract a fixed length
feature vector from protein sequence with variable length. Following Chou [7], a
protein is represented by its amino acid composition, corresponding to a vector
in the 20-D (dimensional) space.

Xk =




xk,1
xk,2

...
xk,20


 (k = 1, 2, . . . , 167) (1)

where xk,1, xk,2, . . . , xk,20 are the 20 components of amino acid composition for
the kth protein Xk.
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2.3 Support Vector Machine

SVM is a popular machine learning algorithm based on recent advances in statis-
tical learning theory [8,9]. This algorithm first maps data into a high-dimensional
feature space, and then constructs a hyperplane as the decision surface between
positive and negative patterns. The actual mapping is achieved through a ker-
nel function, making it easy to implement and fast to compute. Several popular
kernel functions are:

linear kernel: K(xi, xj) = xT
i xj (2)

polynomial kernel: K(xi, xj) = (γxT
i xj + r)d, γ > 0 (3)

RBF kernel: K(xi, xj) = exp(−γ‖xi − xj‖2), γ > 0 (4)

In principle, SVM is a two-class classifier. With the recent improvements, the
SVM can directly cope with multi-class classification problem now [10]. The soft-
ware used to implement SVM was libSVM [11], which can be downloaded from
http://www.csie.ntu.edu.tw/˜cjlin/libsvm. LibSVM used ”one-against-one” ap-
proach to deal with multi-class problem, in which k(k − 1)/2 classifiers are con-
structed and each one trains data from two different classes.

2.4 Prediction Accuracy Assessment

The prediction performance was examined by the ten-fold cross-validation test,
in which the dataset of 167 GPCRs for the four groups were divided into ten
subsets of approximately equal size. We train our algorithm based on nine of
these subsets, and then the remaining subset is used to estimate the predictive
error of the trained classifier. This process is repeated ten times so that every
subset is once used as the test data. The average of the ten estimates of the
predictive error rate is reported as the cross-validation error rate. The predic-
tion quality is then evaluated by the overall prediction accuracy and prediction
accuracy for each group.

overall accuracy =
k∑

s=1

p(s)/N (5)

accuracy(s) = p(s)/obs(s) (6)

Where N is the total number of proteins in the data set (N=167), k is the number
of groups (k=4), obs(s) is the number of sequences observed in group s, and p(s)
is the number of correctly predicted sequences in group s.

3 Results

3.1 SVM Kernel and Parameters Selection

Experiments have been done on three popular kernel functions: the linear kernel,
the polynomial kernel and the RBF kernel. We found that RBF kernel performed
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better than linear kernel and polynomial kernel. For RBF kernel, there are two
parameters to be selected: kernel parameter γ and penalty parameter C. We
choose γ = 0.05, which is the default value of libSVM software. As for C, various
values ranging from 1 to 64 have been tested. The best result was achieved when
C = 4.

3.2 Comparison with Existing Methods

The SVM prediction performance was compared covariant discriminant algo-
rithm that also based on amino acid compositions. The results are summarized
in Table 2. The overall success rate of SVM algorithm is 94.01%, which is about
10% higher than that of the covariant discriminant algorithm. We also observed
that SVM improve the prediction performance for every group. Especially for
acetylcholine type, SVM improve the accuracy significantly.

Table 2. Performance comparison between covariant discrimination and SVM algo-
rithm.

Group Cova SVM
Accuracy(%) Accuracy(%)

Acetylcholine 67.74 100
Adrenoceptor 88.64 90.91
Dopamine 81.58 94.74
Serotonin 88.89 92.59

Overall 83.23 94.01

a covariant discrimination algorithm

4 Conclusion

In this paper, we introduced SVM method for recognizing the family of GPCRs.
The rate of correct identification obtained in ten-cross validation is about 94%
for four group classification, which is superior to existing algorithms. This result
implies that we can predict the type of GPCRs to a considerably accurate extent
using amino acid composition. It is anticipated that our method would be a
useful tool for classification of orphan GPCRs and facilitate drug discovery for
psychiatric and schizophrenic diseases.
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Abstract. An individual blood glucose control model (IBGCM) based on the
Mixture of Experts (MOE) neural networks algorithm was designed to improve
the diabetic care. MOE was first time used to integrate multiple individual
factors to give suitable decision advice for diabetic therapy. The principle of
MOE, design and implementation of IBGCM were described in details. The
blood glucose value (BGV) from IBGCM extremely approximated to training
data (r=0.97±0.05, n=14) and blood glucose control aim (r=0.95±0.06, n=7).

1 Introduction

Different kinds of experts systems were developed to meet the needs of decision
support in diabetes care [1]. It has been recognized that diabetic care needs a powerful
decision support system to help patients to balance drugs, insulin, and diet plan [2],
and a more advanced system aimed at support decisions and facilitating adjustment of
insulin dosage [3]. Past studies based on decision support model of rule [4], case,
knowledge and hierarchical decision model [5]. Some methods could be used to build
diabetic decision support model (DDS) to adjust insulin accordingly [6]. These
methods provided physicians with a reliable decision support tool to mainly adjust the
dose of insulin, but could not deal with the multiple individual factors. The powerful
DDS, which could advise suitable proportions of general drugs, insulin, diet, and
exercises intensity, needs to be developed. The Mixture of Experts (MOE) neural
networks were first time used in DDS. The MOE can divide a difficult task into
appropriate subtasks, each of which can be solved by a very simple expert network
[7]. This may offer robustness for an individual diabetic decision support model using
multiple factors in the clinical practice and can extend to other decision fields.

2 Generic Model of Blood Glucose Control

Before setting up the individual blood glucose control model (IBGCM), the generic
blood glucose control model must be built as the prototype of IBGCM. A simplified

F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 453−458, 2004.
 Springer-Verlag Berlin Heidelberg 2004



model is that the diabetic disease is treated as a partial or complete failure of the
inherent pancreatic control loop (Fig. 1), which is replaced by the control loop of
insulin or drugs therapy, diet plan and exercise intensity [1,4] to keep a physiological
balance and recompense failure of the pancreatic function.

Fig. 1. Blood glucose control model treated as Fig. 2. The prototype of Mixture of Experts
a recompensing control in pancreas failure neural networks 

3 Prototype of Mixture of Experts Neural Network

Before building the IBGCM, the principle of MOE must be discussed. MOE is a
model that estimates the conditional probability distribution of a  set of training
patterns (Fig 2) [7]. It consists of multiple supervised neural networks, trained to
specific regions of the input space. These networks use the idea of competitive
learning where each Expert competes with the other Experts to generate the correct
desired output. The gating network acts as a mediator to determine which Expert is
best suited for that specific region of input space and assigns that portion to the
Expert. The principle of this system is to divide a large complex set of data into
smaller subsets via the gating networks that allows each Expert networks to better
represent a specific subset. It, therefore, learns more quickly, since it is easier to learn
multiple simple functions than it is to learn very large complex ones. It is also
assumed that smaller networks can better generalize a  smaller set of data than a
complex network over a larger set of data. Expert networks consist of supervised
linear or non-linear networks. The experts are assigned to a  specific region of the
input space, which allows them to model that space. The idea of Experts is that by
implementing multiple networks in parallel, each Expert assigned to its own unique
input space. In combining these networks, it combines all the Experts that generate
the system output with a better performance. The equation for the output is:

(1)

Where pi is the proportion that the i Expert contributed to the output, which
determined by the gating network and Yi is the output from the i Expert. Since the
Expert networks can be either linear or non-linear networks, it is assumed that prior
knowledge of Perceptrons and Multi-layered Perceptrons is known, the interaction
between the last two layers in the network need to be discussed. For this layer, the
values of all weights within the last layer were set to random values between -1 and 1.

iY
i

iP
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In order to train the network, it is necessary to modify the weights between the last
two layers of the networks based on the overall systems error. The basic sum-of-
squares error function is:

(2)

Where dc is the desired output and oc is the actual output of the i Expert. The
objective is to minimize the total error with respect to the output of the entire
system. Using this equation, the system would assume that the prior probability, Pi

generated by the Gating network was correct and would modify the weights based on
the error from only the i Expert and not the error of the entire system. Therefore, the
error function used is written as:

(3)

This relation is considered to be the negative log of the associative Gaussian mixture
model. The derivative of this equation is:

(4)

The formula represents the amount of error that the i  Expert contributed to the
total system error. In training a network using gradient descent, the derivative of the
error function with respect to the weights is used:

where (5)

The bi equals to the input from the previous layer. The f(x) is the activation
function of the network. Therefore, the change in weight for the Expert networks,
using gradient descent should be:

(6)

The gating network is the controller of the Expert networks. It determines what
probability each Expert will generate the desired output. The gating network is 
considered to be a single layer Perceptron, although it is possible to implement into a
Back-propagation system. The Gating network uses the same inputs as all the Expert
systems, with the number of outputs equal to the number of Experts. The output from
the network is the estimated probability, pi, that the specific Expert will generate the
desired output. For the gating network, the Softmax activation function shows as:

j

j

x

i x

j

e
p

e

(7)

The formula (7) is used to generate positive values with a sum equal to one. The
Softmax function is a continuous differentiable function, which makes it perfect for

2

ln(
c cd oc ic p eE i i

& &

2

2

1
2

1
2

( )

c c
i

c c
j

d o
c c

c ci
ic

d o
ci
jj

E p e
d o

o
p e

& &

& &

c c c

i

c

ij i ij

E E o

w o w

2

2

1
2

1
2

( ) ( )

c c
i

c c
j

d o
c

c c ii
ij i i ij i

d o
c i

jj

p e
w nb d o f w b

p e

& &

& &

2
2

1 |||| c
i

Ocd
i

c
i

PcE

( )
c

ii
ij i ii

ij

o
f w b b

w

( 1)ip

455A Novel Individual Blood Glucose Control Model



gradient descent learning. Initially, each Expert should have the same probability of
successfully generating the desired output; therefore the weights in the last layer of
the gating network must be set to 0, which will cause the probabilities to be equally 
distributed. Similar to the Expert networks, the gating network is desirable to
minimize the overall systems error in training. To substitute the Softmax function
into the systems error function, we can obtain the error function written in the
following form:

2 2

ln( ) ln( ) ln( )
c c c c

i i j

j

x
d o d o xc x

x

i i j

j

e
E e e e e

e

&  & & &
(8)

(9)

The derivative of equation (8) yields the equation (9), where ui represents the
weights in the last layer of the gating network, hi and x is the input. The pi can be
considered to be the prior probability of selected i Expert, while hi is considered the
posterior probability of selected i Expert. Therefore, when training by gradient
descent learning, the change in weights of the gating network is defined by:

(10)

4 Design of Individual Blood Glucose Control Model

It is difficult to completely control blood glucose value (BGV) with a single drug, diet
and exercises. The past methods, such as time series analysis [2] are not an ideal for
dealing with multiple parameters and nonlinear processing. MOE was applied to build
the IBGCM with the data of BGV, drug and insulin dosage and exercises (Fig.3). In
application, the output G of MOE considered as the control aim of BGV, and the
inputs Sij are the advices of IBGCM. The decision support process is a loop of
learning. Regarding MOE, there are n individual Experts. Variable G is given by the
summation of the values of Gi. Each Gi is weighted by weighting factor Wi, given in:

1

n

i i

i

G G w (11)

(12)

Expert variable Gi is a linear summation of m input parameters Sij and constant
Zi, shown in equation (12). The weighting factor Wi is determined by another
relationship of input parameters Sij. The weighting factors Wi is optimized by
Expectation Maximization (EM) [7,8], written in equation (14):
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In equation (13), i expressed as equation (14). was a constant. There are n
experts and m input parameters in a system, and coefficients (aij, zi, sij, ) need to be
determined [7,8]. The optimized process has two steps: In step one, the weighting
factors associated with each output are fixed, and then the parameter values are
optimized. In step two, the parameters values are fixed and then the weighting factors
are optimized. For the whole process step one and step two are repeated until
convergence is achieved. The coefficients (aij, zi, ) are input coefficients. The
variable G is the aim of blood glucose control; the data of diet, insulin, general drugs
and intensity of exercise were directly inputted in variable Sij. The weights Wi have a
responding relationship with each output, which are optimized in the distribution of
experts. In training, the coefficients Sij could be initiated by the data of fat (mg),
protein (mg), carbohydrate (mg), general drug dosage, insulin dosage (unit) and the
intensity of exercises (min), and aij, zi, could be initiated with zero. In the DDS, G is
initiated with BGV. The coefficients can be used to avoid the interference of other
factors. The model uses normal glucose values as control aim, and insulin dosage, diet
data and the intensity of exercise from input or historical data as the input to train the
networks. According to the control aim, the IBGCM gets suitable proportion of fat,
protein, carbohydrate, general drug dosage, insulin dosage and the intensity of
exercises, finally giving out an optimal integrated advice to improve effect of diabetic
therapy. It is important to note the calibration and learning: a). The normal blood
glucose values must be the control aim. b). According to drug and insulin dosage, diet
data, the intensity of exercise, the coefficients must be modified to respond the
proportion of input data in the training. The value of coefficients must be limited to
appropriate scope for learning speed.

5 Experiment Results

The blood glucose value following dinner two hours, diet, exercises, insulin dosages,
general drugs dosages, and the intensity of exercises were collected from four diabetic
patients as input Sij for training IBGCM. Output G served as the control aim of BGV.
Variable i was six responding to Experts, and j was fourteen according to the days of
data collected. The data of fourteen days was collected to train IBGCM (Fig 3). After
training, the ideal control aim of BGV was inputted to G, and then the advice of diet,
exercises, general drugs dosage and insulin dosage were reversely given out. To
validate IBGCM, the training data sets were re-inputted into the model, and the BGV
from IBGCM extremely approximated to the training data sets (r=0.97±0.05, n=14).
The BGV from the advices of other test were close to the control aim (r=0.95±0.06,
n=7). In Fig. 4, the results demonstrated seven advice results from IBGCM to control
BGV, and seven data sets of the doctor’s experience compared with the results. It
showed that the advice results from IBGCM were more balanced than doctor’s
experiential method. The control aim was 5.7 mmol/L. For BGV from the experience,
standard deviation (SD) was 1.81. For BGV from IBGCM, SD was 0.21.

i

i

i

i
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Fig. 3. Individual blood glucose control Fig. 4. BGV control results analysis from
model based on MOE experience of doctor and IBGCM

6    Discussion

In the diabetic decision support, the suitable IBGCM must be built with robust 
methods, which can deal with multiple parameters from individual patient. The ideal
model should include the advice of insulin and drug dosage, diet, and exercise
according to individual and multi-factors. In this study MOE was first applied in
IBGCM, clinical decision support, its training is simple. The IBGCM based on MOE
has the advantage of serving any type of diabetes, and makes the advice more precise.
The advice of DDS was improved with IBGCM. It was suggested that the advice
results from IBGCM were more balanced than experience. The MOE can divides a
large, difficult task into appropriate simple and each of subtasks can be solved by a
very simple expert network [7], which is easier to implement in application than other 
methods. This method may offer robustness for an individual decision support system.
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Abstract. Evoked potential (EP) is non-stationary during the recording of
electroencephalograph (EEG). This paper promotes a method to track the
variation of EP’s amplitude by the application of independent component
analysis (ICA) and wavelet transform (WT). The utilization of the spatial
information and multi-trial recording improves the signal-to-noise ratio (SNR)
greatly. The variation trend of EP’s amplitude across trials can be evaluated
quantitatively. Our result on real auditory evoked potential shows a drop of
about 40% on the amplitude of EP during 10 minutes recording. The present
work is helpful to study the uncertainty and singularity of EP. Furthermore, it
will put forward the reasonable experiment design of EP extraction.

1 Introduction

Evoked potential (EP) represents the gross electrical activity of specific regions of
brain usually resulting from sensory stimulation. Like many neural signals, the
measurement of EP is corrupted by noise as a result of the ongoing activity of other
brain cells. The signal-to-noise ratio (SNR) of EP is typically quite low: the
background potential distribution is of the order of 100 microvolt, whereas the evoked
potential may be two orders of magnitude weaker. The traditional EP extraction
method is ensemble averaging with the rationale that the single-trial
electroencephalograph (EEG) data time locked to the stimulus consists of an average
EP, whose time course and polarity is fixed across trials, plus other EEG processes
whose time courses are completely unaffected by the experiment events. However, it
has been proved that EP is non-stationary and has characteristics that vary across
trials [1].

This paper aims to track the amplitude variation of EP during the experiment. With
the application of independent component analysis (ICA), the spatial information and
multi-trial matrix construction are employed to obtain the variation of EP across trials.
Wavelet transform (WT) is used to extract the variation trend. Simulation and real
auditory evoked potential data analysis shows that it is an effective method in tracking
the amplitude variation of EP. The present work is helpful to study the uncertainty
and singularity of EP during the extraction procedure. The characteristics of EP’s
variation may be used to optimize the weighted averaging method. Furthermore, it
will put forward the reasonable EEG experiment design.
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2 Methodology

WT and ICA are highly effective at performing the de-noising, artifacts removing and
feature extraction of EP in recent years [2, 3]. This work applies ICA to enhance SNR
and extract EP’s amplitude trial to trial. Being optimal resolution both in time and
frequency domain, WT is employed to extract the variation trend of EP’s amplitude.
Further details about these algorithms can be obtained by the given references [4, 5].

As an unsupervised neural network learning algorithm, ICA finds a coordinate
frame in which the data projections have minimal temporal overlap base on the
assumptions of (1) the observation signals are the linear mixture of the statistically
independent sources, (2) the propagation delays are negligible, and (3) the number of
sources is the same as the number of sensors. Several different implementations of
ICA are developed based on the different selection of statistically independent
evaluation rules. In this paper, the fixed-point ICA [6] is applied to perform source
separation.

We suppose that EP is fixed in waveform since it is responding to some certain
neural information procedure triggered by stimulus and its amplitude varies across
trials. Our task is to extract the transient amplitude features of EP. The key problem is
to improve SNR to some extend that satisfies the requirement of tracking the
amplitude variation. Two-step SNR enhancement procedures by ICA are applied as
following:

(1) Through the utilization of spatial information, ‘clearer’ source activity of EP
is picked out based on the comparison with the ensemble averaging EP
waveform.

(2) Multi-trial signals of the ‘clearer’ source data are used to construct proper
data matrix, run ICA again and obtain the indicator of EP’s amplitude.

The first procedure is general in the application of ICA. And here we discuss the
rationality of the multi-trial matrix construction.The active sources of ongoing EEG
signal are statistic independent and both in localizations and temporal scale during the
experiment. So if we construct an appropriate matrix out of a series of delay vectors
(i.e. truncation by trial) from the ‘cleared’ source signal, the ICA may decompose the
matrix into its underlying independent components (ICs) with an IC corresponding to
the EP and others to the noise from ongoing EEG. According to the principle of ICA,
the element of the mixing matrix represents the intensity of the corresponding IC.
Therefore, we will obtain the relative amplitude variation of EP across trials.

The source activity separated from initial spatial observed EEG consists of the real
EP and some other noise. We establish the signal model of single trial as following,

( ) ( )tXtXatX EEG
n

EP
nn +=)( (1)

Where n  represents the number of recording trial, ( )tX n  is the source data,

( )tX EP  represents the EP with certain waveform, na  is the constant amplitude

coefficient of EP in the thn  trial and ( )tX EEG
n  is the noise left.

We construct the N-trial signal matrix as below.
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. ( )tS EEG  represents

the spontaneous EEG sources corresponding to the ‘noise’ left in the EP source

activity and matrix B  represents the mixing matrix of ( )tS EEG . Generally we

assume the sources are independent from each other. That makes this model satisfy
the original assumption of ICA. As the effective preprocess of ICA, PCA may find
out an outstanding principle component mainly responding to EP, and other small
principle components responding to the ongoing EEG. PCA can cut down the
dimension of matrix and speed the convergence of ICA. At the same time, it makes
ICA focus ‘attention’ on the decomposition of EP that is very attractive in our work.

3 Simulation

It is no need for us to verify the efficiency of ICA in the spatial data decomposition.
What is done in this section is to discuss the rationality of trial-matrix decomposition.
Fig. 1 shows the simulate signal that consists of ten-period sine waves with additive
random noise (SNR: 12.8dB) and lineally varied amplitude. The continuous signal is
constructed into a 10 channels data matrix. Two main components are selected to do
ICA. Fig. 2 shows the result of PCA in the left and that of ICA in the right.

Fig. 1. The simulate signal

According to the discussion in section 2, the coefficients of mixing matrix reflect
the intensity of ICs. Here the two ICs represent the signal and the noise respectively.
Then we obtain the intensity variation of signal and noise in different period. As
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shown in Fig. 3, the amplitude variation calculated by ICA is linear to the real
amplitude of signal, which reflects the variation of signal’s amplitude faithfully.
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Fig. 2. The results of PCA and ICA on simulation signal
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Fig. 3. The intensity variation of signal and noise in different period

4 Results

The variation of auditory evoked potential (AEP) is studied from actual recordings of
a 29-year normal hearing subject on 32 electrodes affixed in the front, central and
temporal areas in a quiet and electrical shielding cabin. The stimuli consist of three
pure tones with different frequency in a pseudorandom sequence and present within
about 10 minutes. The data corresponding to type I stimulus (800Hz, with 100ms
duration and 700ms ISI) are analyzed.

Fig. 4. Colored image of AEP and the averaging AEP in CFz

The original EEG data was re-referenced to the average potentials of ears and
filtered by a 1~30Hz band pass filter. Trials with amplitude exceeding 50 µV from the
100 ms pre-stimulus baseline were rejected. We reserve 500 trials for further analysis
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with sorted number corresponding to the presentation time in experiment. Fig. 4
shows the colored image of AEP in CFz, in which each horizontal line represents a
potentials time series during a single experimental trial and the changing color values
indicate the potential at each time point in the trial. It shows that EP is non-stationary
across trials. The moving average EP is illustrated at the bottom of Fig. 4, which
works as the reference EP in the later analysis.

Fig. 5 shows the ICA result on the 32 channel recording. The left figure shows the
eigenvalues of PCA, and the top 10 principle components (representing 93.7% of all)
are applied for ICA. The result of ICA shows as the averaging unified waveform of
500 trials of each independent component (IC) in the right of Fig. 5.

Fig. 5. The decomposition of 32 channels EEG and ICs’ ensemble average

Here we compare the ensemble averaging ICs with the reference EP showed in Fig.
4. And the ‘clearest’ and ‘strongest’ IC 6 is picked out as the EP source activity. For
the ambiguity of the amplitude of ICs, the relative amplitude of the EP is more
important in this study. In order to improve the SNR, the 500 trials of IC 6 are
averaged by every 10 trials before trial-matrix construction. 50 average trial data are
used for PCA and the first 6 components are maintained for ICA with 72.6% power
reserved. The eigenvalues of PCA and ensemble average results are showed in Fig. 6.

Fig. 6. The decomposition of IC 6 and the ICs’ ensemble average result

Obviously, the last IC reserves the EP information most completely except for the
reverse phase. The coefficients of the last IC reflect the variation of EP’s amplitude.
Fig. 7 plots the coefficients with phase reversed in the left. The EP’s amplitude waves
greatly and becomes weaker gradually.

In order to obtain the ‘clear’ variation trend, wavelet transform is applied to
decompose the data into 4 scales by db5 wavelets. The reconstructions of
‘approximation’ and ‘details’ at different scales are shown in the right of Fig. 7
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serially. The ‘approximation’ as illustrated in the first line shows the global trend of
EP without any wave disturbance. The amplitude of EP is decreasing by time from the
initial 0.1238 to 0.076 at the end point. It decreases by 38.61% after 10 minutes
experiment. In the reconstructions of some ‘details’, as shown in the following four
lines, the amplitude of EP waves across trials, that reflects the non-stationary of EP.
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Fig. 7. EP’s amplitude variation and its trend across trials (TN is the trial number)

5 Conclusion

In this paper, independent component analysis is used to improve the EP’s SNR
effectively by the utilization of the spatial and multi-trial information. The variation
trend of EP during the EEG experiment is extracted by wavelet transform
successfully. The result on real auditory EP shows a drop of about 40% on the
amplitude of EP during 10 minutes. It proves that the brain fatigue cause by
prolonging experiment will affect the EP significantly. The present work is helpful to
the study on the uncertainty and singularity of EP during the extraction procedure.
The description of EP’s variation may used to optimize the weighted averaging
method. Furthermore, it will put forward the reasonable EEG experiment design.

Acknowledgment. This study was supported by the National Natural Science
Foundation of China contract 30270376

References

1. Wei Q., Kenneth S.M.F., Francis H.Y.C., et al.: Adaptive Filtering of EPs with Radial-basis-
function Neural Network prefilter. IEEE Trans. Biomedical Engineering. 3 (2002) 224-232

2. Hyvarinen A.: Fast and Robust Fixed-pointed Algorithms for Independent Component
Analysis. IEEE Trans Neural Networks. 10 (1999) 626-634

3. Bell A.J., Sejnowski T.J.: An Information Maximization Approach to Blind Separation and
Blind Deconvolution. Neural Computation. 7 (1995) 1129-1159

4. Hyvarinen A., Karhunen J., Oja E.: Independent Component Analysis, John wiley & Sons
Inc. (2001)

5. Mallat S.: A Wavelet Tour of Signal Processing, 2nd edn. Academic Press. (1999)
6. FastICA Matlab Package [On Line], available: http://www.cis.hut.fi/projects/ica/fastica



A Novel Method for Gene Selection and Cancer
Classification

Huajun Yan and Zhang Yi

Computational Intelligence Laboratory, School of Computer Science and Engineering,
University of Electronic Science and Technology of China, Chengdu 610054, People’s

Republic of China.
hearty@std.uestc.edu.cn; zhangyi@uestc.edu.cn

cilab.uestc.edu.cn

Abstract. Accurate diagnosis among a group of histologically similar
cancers is a challenging issue in clinical medicine. Microarray technology
brings new inspiration in solving this problem on genes level. In this
paper, a novel gene selection method is proposed and a BP classifier is
constructed for gene expression-based cancer classification. By testing on
the open leukemia data set, it shows excellent classification performance.
100% classification accuracy is achieved when 46 informative genes are
selected. Reducing genes number to 6, only a sample is misclassified. This
study provides a reliable method for molecular cancer classification, and
may offer insights into biological and clinical researches.

1 Introduction

Conventional cancer classification has been based primarily on macro- and mi-
croscopic histology and morphological appearance of the tumor. However, it
has serious limitations: First, cancer with similar histopathological appearance
can follow significantly different clinical courses and show different responses to
therapy[1]; Second, many cancers lack distinctive morphological features for cor-
rect differential diagnosis; Third, human error or bias is inevitable during the
subjective interpretation of the histopathology of a cancer specimen[2]. Accurate
diagnosis among a group of histologically similar cancers is still a challenging
issue in clinical medicine. Microarray technology simultaneously monitors the
relative expression values of thousands of genes, and allows the genomic-scale
study of biological processes. Since Gloub’s[1] initial work, much research of
cancer classification based on microarray data analysis has been done[2,3,4,5,6].

Gene selection and classifier design are two critical steps in gene expression-
based cancer classification. In this paper, we propose an improved gene selection
method, and construct a BP neural networks classifier. The open acute leukemia
classification problem is taken as a test case. Computer simulation results show
that our method meets higher classification accuracy.
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2 Material and Methods

2.1 Microarray Gene Expression Data

Acute leukemia is clinically classified into acute lymphoblastic leukemia(ALL)
and acute myeloid leukemia(AML). The public leukemia data set is available
at http://www.genome.wi.mit.edu/mpr. It consists of 72 tissue samples, each
with 7129 gene expression values. It is divided into training set(27 ALL samples
and 11 AML samples) and independent test set(20 ALLs and 14 AMLs). More
detailed description about this data set can be acquired on the linkage.

2.2 Gene Selection

Gene expression data have unique characters: high dimension—usually contain-
ing thousands of genes; small sample size; most genes irrelevant to cancer distinc-
tion. Gene selection is to extract the most informative genes for cancer distinction
and improve classification accuracy.

To leukemia data, each sample is expressed as: sj = (g1j , g2j , · · · , g7129j)T ,
and each gene: gi = (gi1, gi2, · · · , giN ), where gij denotes the expression value
of gi in sample sj and N is the number of samples in the training set. Class
distinction is represented as: c = (c1, c2, · · · , cN ), where cj = 1 or 0 according to
sj belongs to ALL or AML class. For the training set, following values can be
computed for every gene:

µ1i =

∑
N
j=1gij , for cj = 1

num1
, (1)

µ2i =

∑
N
j=1gij , for cj = 0

num2
, (2)

σ1i =

√∑
N
j=1(gij − µ1i)

2
, for cj = 1

num1 − 1
, (3)

σ2i =

√∑
N
j=1(gij − µ2i)

2
, for cj = 0

num2 − 1
, (4)

pi =
µ1i − µ2i

σ1i − σ2i
, (5)

where num1 and num2 are the numbers of ALL and AML samples in the training
set respectively. µ1i,σ1i and µ2i,σ2i are the mean and standard squared variance
of gi for two classes. The bigger the absolute value of pi, the more informative gi

is, and the sign of pi being positive or negative denotes gi being highly correlated
with ALL or AML class. The value of pi portrays between-class separation and
within-class variance simultaneously, so it is a suitable correlation measure to
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some extent. Gloub etc.[1]’s gene selection method is based solely on it, however,
adopting one and only correlation measure leads to some shortcomings.

We introduce two other correlation measures:

p1i = |µ1i − µi|/σ1i, (6)

p2i = |µ2i − µi|/σ2i, (7)

where µi is the average expression value of gi : µi =
∑

N
j=1gij/N. p1i and p2i

reflect correlation degree of gi with ALL or AML class.
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Fig. 1.

Fig.1 tells, while some genes have very large p1 or p2 value, their absolute
value of p is not outstanding. No doubt, these genes are very informative too,
but will be neglected according to [1]’s gene selection criterion. In contrast, our
gene selection strategy considers three correlation measures comprehensively.
The basic idea is to select informative genes using each measure independently,
and then extract their common ingredients.

2.3 BP Classifier

To implement classification, many mathematical and statistical methods have
been used: weighted voting of informative genes[1], Naive Bayes method[5], the
nearest neighbor analysis[6], Fisher’s linear discriminant function [2,3] and sup-
port vector machine[4].

Here, we adopt a full-connected single-hidden-layer BP neural networks to
construct the classifier. Input nodes number is the number of informative genes
selected, hidden neuron number is decided empirically and through computer
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simulation, and a single output neuron corresponds to either class. The transfer
function between input and hidden layer is ’tansig’, and between hidden layer
and output is ’logsig’. The output is between 0 and 1, if it is greater than or
equal to 0.5, the test sample will be judged as ALL ; else AML.

3 Results

Although much research has been done on this problem, 100% classification
accuracy is rarely reached. In this section,first, we will use our method to make
it.

Gene selection: we combine the original training set with independent test
set. Then pi, p1i and p2i can be computed for every gene through Eqn.1–7.
Extract three gene subsets: 50 genes with the largest and the smallest pi value,
each 25 genes; 100 genes with the largest p1i value; and 100 genes with the
largest p2i value. Thus 46 common genes in three subsets are selected out, i.e.,
they are informative genes. Compared with 50 informative genes selected out in
[1], our 46 genes only have 23 common elements with it. It shows the difference
of two gene selection methods.

Classifier: we adopt leave-one-out test, which is deemed as a stringent cross-
validation test. 46 input nodes correspond to 46 informative genes, and one
output neuron. Through computer simulation, 100% classification accuracy is
obtained when there are 75 hidden neurons. The outputs of 72 times leave-one-
out test are demonstrated in Fig.2.
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Fig. 2. The leave-one-out test outputs

Selecting less genes while keeping high classification accuracy is an impor-
tant goal of concerned problem. We lessen informative genes to 6 by reducing
the size of three subsets. When the number of hidden neurons is 15, through
computer simulation, only a sample is misclassified. The GeneBank ID of six
selected genes are M84526,M27891,D88270,M11722,K01911 and X82240. High
classification accuracy (Table 1) and the coincidence of our results with others
validate proposed method to certain extent.
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Table 1. Classification Results Comparison

number of misclassifications number of genes test method
Golub et al.[1] 4 50 independent test
Cho et al. [3] 2 6 cross validation
Fu et al. [4] 1 4 independent test
proposed 0 / 1 46 / 6 cross validation

4 Discussion

Gene selection is the most critical step in gene expression-based cancer classi-
fication. Golub et al.’s gene selection method has some limitations, we improve
it and propose a novel one. BP classifier can efficiently recognize different acute
leukemia patterns. High classification accuracy and the coincidence with other
research justify the validity of proposed gene selection method and designed
classifier.

Many researchers emphasize the coincidence of their research re-
sults(especially selected gene set) with others’. But at the same time, difference
should not be neglected. Why many different compact gene sets can all achieve
excellent classification performance? Prevalent answer is that selected gene set is
the combination of some biological significance, and each biological significance
can be fulfilled by a certain number of genes, so selected genes are those who
can represent that significance well. The truth and rationale behind it will offer
new insights into cancer research.

In addition, because of the small size of the samples, sometimes it is hard to
evaluate a method objectively. At the same time, cancer-correlated genes digging
is still a tough task on such a small data set.
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Abstract. Nonnegative matrix factorization (NMF) is a powerful fea-
ture extraction method for nonnegative data. This paper applies NMF
to feature extraction for Electroencephalogram (EEG) signal classifica-
tion. The basic idea is to decompose the magnitude spectra of EEG
signals from six channels via NMF. Primary experiments on signals from
one subject performing two tasks show high classification accuracy rate
based on linear discriminant analysis. Our best results are close to 98%
when training data and testing data from the same day, and 82% when
training data and testing data from different days.

1 Introduction

Recognition and classification of Electroencephalogram (EEG) signals for Brain-
Machine Interfaces (BCI) bring out many open problems from both theory and
application; see [15] for a brief survey on the topic and [14] for more informa-
tion. From the viewpoint of pattern recognition [1], one key problem is how to
represent the recorded EEG signals for further analysis such as classification.
In other words, it is, firstly, important to extract useful features from the EEG
signals. There are many available representations from both time domain and
frequency domain, such as AR model coefficients, Karhunen-Loéve transform
[13] and maximum noise fraction (MNF) transform [15].

Recently nonnegative matrix factorization (NMF) [4], as a powerful feature
extraction method for nonnegative data, has been successfully applied to music
analysis [6,10,18,19], document clustering and information retrieval [7,8,20,21,
11,17], gene expression [9,22] and molecular analysis [23]. Inspired by the idea
from above music analysis with magnitude spectra, we try to apply NMF to
feature extraction for EEG signal classification. The basic idea is to decompose
the magnitude spectra of EEG signals from six channels via NMF. We made our
experiments on signals from one subject performing two tasks in two days and
the results show high classification rate based on linear discriminant analysis.
Our best results are approximately 98% when training data and testing data
from the same day, and 82% when training data and testing data from different
days.
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The rest of this paper is organized as follows. In section 2 we recall some
basic theory of NMF. In section 3 we make our experiments and we give our
conclusions and discuss some future work in section 4.

2 Nonnegative Matrix Factorization

NMF is a multivariate data analysis method. Given a nonnegative data set with
m samples in Rd, denoted as Xd×m, NMF finds two nonnegative matrix factors
B and C (i.e. each element of B and C is nonnegative, denoted by B ≥ 0, C ≥ 0)
such that [5]

X ≈ BC (1)

where B is a d× r basis matrix, each column of which is a basis vector, and C a
r ×m coefficient matrix, each column of which is a new feature vector. It leads to
dimension reduction by choosing r smaller than d although it is an open problem
to decide the optimal r. Two kinds of cost functions have been investigated [5]
with multiplicative update rules which naturally preserve nonnegativity, i.e. the
generalized Kullback-Leibler divergence

DKL(B, C) =
d∑

i=1

m∑

j=1

[Xij log
Xij

(BC)ij
−Xij + (BC)ij ] (2)

and the square Euclidean distance

D2(B, C) =
d∑

i=1

m∑

j=1

[Xij − (BC)ij ]2. (3)

In this paper we adopt the multiplicative rules for minimizing eq. (2) as
below [4]

Ckj ← Ckj

∑

i

Bik
Xij

(BC)ij
(4)

Bik ← Bik

∑

j

Xij

(BC)ij
Ckj (5)

Bik ← Bik∑
l

Blk
. (6)

For testing samples, it is convenient to get new features according to eq. (4)
while fixing the learned basis matrix from training data.

With contrast to traditional principal component analysis (PCA) [3] and
recent independent component analysis (ICA) [2], NMF has parts- based repre-
sentation property because of nonnegativity [4].
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NMF restricts its data with only nonnegativity. However, when we apply
NMF for data analysis in magnitude spectra, it is not necessary to require that
the source data is nonnegative. Some cases of NMF for music analysis [6,10,18,
19] provide promising results which inspire us to classify EEG signals via this
method for representation.

As a new developed feature extraction method, NMF still has many open
problems for investigation. See our technical report [12] for more information.

3 Experimental Results

3.1 EEG Data

The EEG data used here is available online1, which has been discussed in detail
[15,16]. We used the EEG signals from subject 1 performing two mental tasks,
i.e. math multiplication and letter composing, in two days. Each tasks contains
5 trials on one day and another 5 trials on second day. Each trial is a 6× 2500
matrix from six channels.

3.2 EEG Data Representation

Following [15], we first segmented each serial with 2500 times samples into 38
augmented data samples according to the procedure as below: each window has
128 time samples that overlap by 64 samples. Then we implemented discrete
Fourier transform on each augmented sample and got the first 65 absolute ver-
sions of magnitude spectra. Finally each trial becomes a 38 data samples with
65× 6 dimensions which can be reduced by NMF.

3.3 Classification Results

For classification, we adopted the discriminant analysis function classify in MAT-
LAB2 with linear method which fits a multivariate normal density to each
group based on training data with a pooled estimate of covariance. We made
three different initialization cases for dimension reduction by NMF and set
r = 6, 12, 18, . . . , 66 for comparison when testing the method.

Firstly we used the EEG signals from subject 1 on the first day. We used the
first trial for training and the rest 4 trials for testing. The final results are shown
in Table 1. We can see that from above table, different initializations and rs for
NMF leads to different classification rate; the average accuracy of two tasks can
get 98%. Our results are higher than those in [15] (90%) although we used 128
time samples per segmentation with overlap.

We also used the EEG signals from subject 1 from different days. We used
the first trial on the first day for training and all 5 trials on the second day
for testing. The final results are shown in Table 2. According to the average
accuracy rate, the proposed method can get 82% or so as the best . Our results
are higher than 75% reported in [15].
1 http://www.cs.colostate.edu/eeg/index.html#Data
2 http://www.mathworks.com/
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Table 1. EEG signal classification results when training data and testing data from
one day.

r math letter average

6 0.770 0.875 0.822
12 0.822 0.914 0.868
18 0.914 0.954 0.934
24 0.947 0.895 0.921
30 0.954 0.947 0.951
36 0.928 0.941 0.934
42 0.961 0.961 0.961
48 0.947 0.914 0.931
54 0.921 0.967 0.944
60 0.987 0.954 0.970
66 0.987 0.967 0.977

r math letter average

6 0.829 0.868 0.849
12 0.921 0.928 0.924
18 0.947 0.928 0.938
24 0.895 0.934 0.914
30 0.974 0.947 0.961
36 0.928 0.908 0.918
42 0.993 0.941 0.967
48 0.980 0.961 0.970
54 0.947 0.961 0.954
60 0.974 0.947 0.961
66 0.908 0.868 0.888

r math letter average

6 0.770 0.855 0.813
12 0.895 0.928 0.911
18 0.908 0.895 0.901
24 0.908 0.895 0.901
30 0.987 0.934 0.961
36 0.947 0.954 0.951
42 0.934 0.928 0.931
48 0.934 0.941 0.938
54 0.921 0.928 0.924
60 0.947 0.914 0.931
66 0.987 0.941 0.964

Table 2. EEG signal classification results when training data and testing data from
different days.

r math letter average

6 0.647 0.642 0.645
12 0.905 0.542 0.724
18 0.784 0.737 0.761
24 0.858 0.637 0.747
30 0.874 0.732 0.803
36 0.895 0.653 0.774
42 0.868 0.711 0.789
48 0.921 0.563 0.742
54 0.879 0.632 0.755
60 0.895 0.511 0.703
66 0.916 0.621 0.768

r math letter average

6 0.674 0.489 0.582
12 0.884 0.695 0.789
18 0.911 0.647 0.779
24 0.789 0.784 0.787
30 0.911 0.689 0.800
36 0.842 0.716 0.779
42 0.889 0.647 0.768
48 0.853 0.679 0.766
54 0.916 0.537 0.726
60 0.821 0.753 0.787
66 0.847 0.526 0.687

r math letter average

6 0.695 0.516 0.605
12 0.863 0.616 0.739
18 0.932 0.595 0.763
24 0.889 0.674 0.782
30 0.900 0.579 0.739
36 0.847 0.574 0.711
42 0.895 0.674 0.784
48 0.884 0.758 0.821
54 0.884 0.653 0.768
60 0.853 0.716 0.784
66 0.900 0.668 0.784

Our results also indicate that it is difficult to select optimal r while reducing
the dimension via NMF, which is an open problem for NMF [12].

4 Conclusions and Future Work

In this paper we first apply NMF to feature extraction for EEG signal classifica-
tion. The basic idea is to decompose the magnitude spectra of EEG signals from
six channels via NMF. We made our experiments on signals from one subject
performing two tasks in the same day and the primary results show high clas-
sification rate based on linear discriminant analysis. Our best results are close
to 98% when training data and testing data from the same day, and 82% when
training data and testing data from different days.
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Our results for EEG signal classification are promising. There are some direc-
tions for future work. Firstly we will further analyze the EEG signals based on
NMF for several tasks. Secondly it is necessary to compare the proposed method
with other methods such as MNF in [15], or with advanced classifiers such as
support vector machines in [16]. Thirdly, it is possible to consider other time-
frequency domain such as via Discrete Cosine Transform and Discrete Wavelet
Transform. And finally, or the most important, it is potential to implement the
method for real time analysis.
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Abstract. This paper proposes a novel clustering analysis algorithm based on
principal component analysis (PCA) and self-organizing maps (SOMs) for clus-
tering the gene expression patterns. This algorithm uses the PCA technique to
direct the determination of the clusters such that the SOMs clustering analysis is
not blind any longer. The integration of the PCA and the SOMs makes it possible to
powerfully mine the underlying gene expression patterns with the practical mean-
ings. In particular, our proposed algorithm can provide the informative clustering
results like a hierarchical tree. Finally, the application on the leukemia data indi-
cates that our proposed algorithm is efficient and effective, and it can expose the
gene groups associated with the class distinction between the acute lymphoblastic
leukemia (ALL) samples and the acute myeloid leukemia (AML) samples.

1 Introduction

Microarray technology produces a large scale of gene expression measurements. But
the analyses of these data collected over time and under different experimental condi-
tions have become a formidable challenge. Gene clustering is an essential procedure
in the gene analysis, because they can be used to understand the functional differences
in cultured primary hepatocytes relative to the intact liver, on gene expression data for
tumor and normal colon tissue probed by oligonucleotide arrays and to analyze tempo-
ral gene expression data during rat central nervous system development [1,2,3]. These
applications were successful and worked well.

The clustering approaches often used include hierarchical clustering, Bayesian clus-
tering, k-means clustering, and self-organizing maps (SOMs), etc. However, these clus-
tering methods all have some shortcomings. In particlular, the common and big trouble
is that there is not a formal and reasonable method for the choice of the number of the
preset clusters with the actual meanings. The common approach to solve this dilemma is
the manual trial-and-error scheme, but the large number of genes in the gene expression
clustering analyses rends this approach infeasible.Though the automatic determination
methods have been reported by some literatures [4,5,6], they have shortcomings indi-
vidually.

This paper proposes the novel PCA-SOMs based clustering analysis algorithm for
clustering the gene expression patterns. Because the principal components resulted from
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the PCA reflect the information about the distribution of gene expression levels, we can
use the PCA method to deal with the dilemma of determining the number of the clusters,
but not to transform the original data prior to the clustering analysis like the traditional
applications of the PCA method.

This paper is organized as follows. Section II describes our proposed algorithm.
The selection strategy of the number of the clusters for the gene expression patterns is
given, and the full procedure of our proposed algorithm is presented. In Section III, the
leukemia dataset is used to verify our proposed algorithm for discovering the underlying
gene expression patterns. In addition, to assess the algorithm, we also use the clustering
results of the different gene clusters to predict the unknown samples by two classifiers,
i.e. the linear SVM classifier and the k-nearest neighbors classifier. Section IV provides
the conclusion for this whole paper.

2 Main Results

2.1 The Determination of the Clusters K in the SOMs Clustering Analysis

In literatures [1,2,3] to discuss clustering analysis, the principal component analysis
(PCA) is all used to capture the clustering structure of the original data to improve the
performance of the clustering analyses. However, unlike the traditional application, the
PCA method in our proposed algorithm is used to determine the number K of the clusters
for the SOMs clustering analysis.

It is well known that the PCA method can reflect the distribution of all variables
(genes) since there are maximal projection lengths for all variables along the directions
of the principal components. In addition, the corresponding variance can indicate these
information magnitudes along each principal component’ direction. So, we can recog-
nize the distribution of the gene expression patterns in the microarray data by the PCA
processing, but not in detail. For examples, the traditional PCA can’t specify the actual
genes with the bigger projecting lengths in the principal component directions, however,
they can be found by the SOMs based clustering analysis. In fact, these principal com-
ponents by the PCA can be regarded as the centers of the gene expression patterns with
the different confident values from the corresponding variances V ari, i = 1, 2, ..., N .
So, when the confident cutoff Θ is given, the number K of the gene expression patterns
can be determined by counting the number of variances that are bigger than the cutoff
Θ, i.e.

K =
N∑

i=1

Γi (1)

where N is the number of principal components and

Γi =

{
1 V ari ≥ Θ,

0 otherwise
(2)
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2.2 The PCA-SOMs Based Clustering Analysis Algorithm

The goal of gene clustering analysis is to extract the fundamental patterns of gene ex-
pression levels inherent in microarray data. There have existed many clustering analysis
approaches, such as hierarchical clustering, Bayesian clustering, k-means clustering, and
self-organizing maps. Comparatively, SOMs have better computational properties [7].
In particular, they can obtain more features that make them well suitable to the clustering
analysis of gene expression patterns [8].

In our algorithm, the SOMs based clustering analysis method (SOMs-CA) is adopted
to cluster the gene expression patterns. However this method should be applied under
the guide of the PCA, which is different from the previous methods where the number of
the clusters is chosen empirically without actual meaning. In detail, prior to clustering
the data, we perform the principal components analysis to extract the number of the
patterns that take up most ratios in the pattern distribution as the number of the clusters
in the unsupervised SOMs based pattern clustering analysis algorithm. So, our proposed
clustering algorithm is endowed with the approximate pattern information, thus it is not
blind any more in the practical analysis.

Commonly, if we can find the accurate variance cutoff Θ for determining the clusters,
the following SOMs based clustering analysis can produce the ideal pattern clusters
with the centralized distribution of the variances. But due to the difficult operation, the
accurate cutoff Θ(0 < Θ < 1) is very difficult to be chosen. So, to solve this problem,
we perform the iteration of the PCA and SOMs-CA procedure recursively until all the
satisfying patterns with the centralized distributions are found. That’s to say, given a
constant τ(Θ < τ < 1), which is also called as the stop condition parameter, these
patterns need to meet the following condition:

N∑

i=1

�i = 1 (3)

where N is the number of principal components and

�i =

{
1 V ari ≥ τ ,

0 otherwise.
(4)

As a result, our proposed algorithm can unfold the gene expression patterns like a hier-
archical tree.

Finally, our proposed novel PCA-SOMs based clustering analysis algorithm can be
summarized as follows:
Begin

Step 1 Initialize the confident cutoff parameter Θ and the stop condition parameter τ .
Step 2 Preprocess the original microarray data to mean=0 across samples for each gene.
Step 3 Perform the principal components analysis on the preprocessed microarray data

to attain the variance distribution and determine the clusters number K for the
following SOMs based clustering analysis by K =

∑N
i=1 Γi.

Step 4 Perform the SOMs-CA algorithm to attain the gene expression patterns.
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Step 5 Estimate each gene expression pattern by
∑N

i=1 �i.
if

∑N
i=1 �i > 1,

repeat from step.2.
Step 6 Draw the clustering results and the centroids of each gene expression pattern.

End

3 Experimental Results

In this section, we applied our proposed algorithm to the public available microarray
data set, i.e., the leukemia data, which was obtained from cancer patients with two
different types of leukemia first analyzed by Golub et al. This dataset contains 72 tissue
samples divided into two categories, the ALL including 47 cases and the AML including
25 cases, each sample of which consists of expression values of 7129 gene variables
that are absolute measurements from Affymetrix high-density oligonucleotide arrays.
This dataset is available at http://www.genome.wi.mit.edu/MPR. In our experiment, we
divided this dataset into two groups of the training set including 38 samples ( 27 ALLs
and 11 AMLs) and the test set including 34 samples (20 ALLs and 14 AMLs) to assess
our proposed algorithm by the performance of the clusters’ classification of the samples.

3.1 The PCA-SOMs Clustering Analysis of the Leukemia Data

First, let us preset the two important parameters, the confident cutoff Θ and the stop
condition τ , as 10% and 60%, respectively. Next, the iteration is started.

Fig. 1. The centroids of the three clusters after SOMs based clustering analysis.

As a result of the first iteration, the variances for the 38 principal components are
worked out. From these variances, we can find that there are only the three leading
principal components whose variances are bigger than the Θ=10%. This means that the
original dataset perhaps contains three main gene expression patterns referring to the
confident cutoff Θ. So, the number of the clusters for the SOMs based clustering analysis
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to follow should be defined as 3. After the SOMs based clustering analysis, the genes
are assigned into three clusters. Fig.1 shows the centroids of the three clusters, where
the horizontal axis denotes the total 38 training samples the first 27 of which belong to
the ALL category but the remaining belong to the AML category. Because the leukemia
dataset contains two categories:ALL andAML, the genes involved in the microarray chip
should be in about three states, i.e., the up-regulated, the down-regulated and the non-
significant between the two categories of samples. From Fig.1, we can note that the three
centroids of the clusters are accordant with the three gene expression states. The pattern
drawn by the blue curve is up-regulated in ALL samples but down-regulated in the AML
samples, while the pattern by the red curve is down-regulated in the ALL samples but up-
regulated in the AML samples. But the pattern by the green curve changes faintly across
all 38 samples and is in the non-significant state between the two categories. Obviously,
these three clusters are significantly distinct and responsible for the classification of the
samples. So, this results are reasonable and practically meaningful.

Finally, after 15 iterations, our proposed algorithm gives the clustering result of the
leukemia data, i.e., 19 clusters grouped. Fig.2 illustrates the centroids of all the clusters.

Fig. 2. The centroids of the final 19 clusters after the PCA-SOMs based clustering analysis.

3.2 The Assessment of Our Proposed Clustering Analysis Algorithm

The correct classification rates acquired by three gene expression patterns from the
first iteration are listed in Table I. From Table I, we can find that both the first and
the third clusters have similar classification rates that are much bigger than that of the
second cluster. This result indicates that these three gene expression clusters completely
correspond with the underlying class patterns in the dataset. Therefore, our proposed
algorithm can reflect the actual gene expression patterns.
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Table 1. The rates of the three clusters by the two classifiers: the linear SVM classifier and the k
nearest neighbors classifier

Classifier Cluster 1 Cluster 2 Cluster 3

The linear SVM classifier 0.79 0.70 0.79

The k nearest neighbors classifier 0.88 0.76 0.94

4 Conclusions

The PCA-SOM based clustering analysis algorithm proposed in this paper combines the
merits of the PCA method and the SOM based clustering analysis method for clustering
the gene expression patterns. It uses the result of the PCA to direct the determination of
the clusters such that the SOMs based clustering analysis is not blind any longer. As a
result, our proposed algorithm gives the informative clustering results in the hierarchical
tree form. Finally, the application on the leukemia data indicates that our proposed
algorithm is efficient and can expose the gene group associated with the class distinction
between the ALL samples and the AML samples.
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Abstract. In this paper the visual processing architecture is assumed to be hier-
archical in structure with units within this network receiving both feed-forward
and feedback connections. We propose a neural computational model of visual
system, which is based on the hierarchical structure of feedback selectiveness
of visual attention information and feature integration theory. The proposed
model consists of three stages. Visual image input is first decomposed into a set
of topographic feature maps in a massively parallel method at the saliency
stage. The feature integration stage is based on the feature integration theory,
which is a representative theory for explaining all phenomena occurring in vis-
ual system as a consistent process. At last stage through feedback selection, the
saliency stimulus is localized in each feature map. We carried out computer
simulation and conformed that the proposed model is feasible and effective.

1   Introduction

The most important function of selective visual attention is to orientate rapidly ob-
jects of interest in our visual environment. Attention allows us to break down the
problem of understanding a visual scene into a rapid series of computationally less
demanding, localized the visual analysis problems. So it is important to simulate the
brain mechanism based on the physiological and psychological theories and experi-
ments [1, 2].

In biological vision, visual features are computed in the retina, superior colliculus,
lateral geniculate nucleus and early visual cortical areas. Neurons at the earliest stages
are tuned to simple visual attributes such as intensity contrast, color, orientation,
direction and velocity of motion, or stereo disparity at several spatial scales. Neuro-
physiologists have documented the existence of multiple cortical areas responsive to
different visual features [3]. Through multiple neural networks early visual features
are computed in a parallel manner across the entire visual field. The problem about
how to bind the separated information is called binding problem. Among the models
proposed to solve this problem, the feature integration theory proposed by Treisman
[4] is has been considered as a representative theory. The next question is how to
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control a single attentional focus based on the multiple neural networks using multi-
ple representations. To solve this problem, most models of bottom-up attention follow
Itti and Koch [5] and hypothesize that the various feature maps feed into a unique
saliency map. The saliency map is a scalar, two-dimensional map whose activity
topographically represents visual saliency, irrespective of the feature dimension that
makes the location salient.

But one important role of attention is to localize a stimulus in retinotopic, so that
the interfering or corrupting signals are minimized, and the discriminability of a par-
ticular image subunit is increased. How does attention perform it? In this paper, we
proposed a neural network model of visual attentive based on the feature integration
theory. In this model we used a combination of a feed-forward bottom-up feature
extraction and feedback selective mechanisms. The visual processing architecture is
assumed to be hierarchical in structure with units within this network receiving both
feed-forward and feedback connections. It is assumed that response strength of unit in
the network is a measure of relative importance of contents of the corresponding
receptive field in the scene.

Further more, this model is different from the top-down task-based attention
model. The expression of the later is most probably controlled from higher areas.
Such deployment of attention needs to move the eyes. Although certain features
automatically attract attention, directing attention to other objects requires voluntary
effort.

2   Binding Problem and Feature Integration Theory

The studies from neuroscience, computer science and psychology find that in our
brain features such as form, color, orientation and motion are separated and processed
in parallel. After this process, they are integration and recognized as one object. The
process of reconstructing the image from the information that was separated is called
binding. This problem is called binding problem, which is one of the most difficult
problems in modeling the visual system. In recent years, the binding problem has gain
widespread attention. The binding problem concerns the way in which we select and
integrate the separated features of objects in the correct combinations.

The visual attention is one of the most important abilities for human beings to pro-
cess much information. Some physiological experiments show that visual attention
resembles the spotlight and this attention spotlight moves in visual space and select
features. The feature integration theory proposed by Treisman [4] is based on the idea
that spotlight of attention is focused on a small region in the master map of image,
and the spotlight associates features in the different feature maps (form, color, orien-
tation, motion, etc.) corresponding to the location of the spotlight. In this theory,
different properties of the visual input are encoded in separate feature maps and are
combined in perception by integrating separate feature maps though spatial attention,
binding is the process of combining stimulus feature to form an objects representa-
tion. The mechanism of attention is considered as the integration function of features
and the clue to solving the binding problem.
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3   Feedback Selective Visual Attention Model

3.1   Architecture of Feedback Selective Visual Attention Model

The visual attention model proposed here (Fig.1) is based on Feature Integration
Theory and other several models proposed to explain visual search strategies. This
model includes three stages: the saliency stage, the feature integration stage and the
feedback selective stage.

Fig. 1. The feedback selective visual attention model

In the first stage, visual image input is decomposed into a set of topographic fea-
ture maps in a massively parallel method, such as color, orientation, intensity and
others. Different spatial locations then compete for saliency within each map, such
that only one location that stands out from their surround can be the winner.

In the feature integration stage all feature maps feed into a master saliency map
through feature integration in a bottom-up manner, which topographically codes for
local conspicuity over the entire visual scene. In primates, such a map is believed to
be located in the posterior parietal cortex as well as in the various visual maps. The
model’s saliency map is endowed with internal dynamics that generate attentional
shifts.

The third stage is feedback selective stage. In this stage, the attended location for
attention, which is selected on the basis of feed-forward activation at the second
stage, is then propagated back through the activation of winner-take-all networks
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embedded within the bottom-up processing pyramid. This location will be the win-
ning location of every saliency maps, and spatial competition for saliency is thus
refined. The feed-forward paths that do not contribute to the winning location are
pruned. Fig. 2 shows the feedback selective self-organization network.
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Fig. 2. Feedback selective Self-organization network

3.2   Feedback Selective Self-Organization Network

Like the general self-organization neural network, this feedback selective self- or-
ganization network also relies on a hierarchy of winner-take-all (WTA) process, and
includes two layers: input and output layer. But between the two layers, there are
connected by the weights of both bottom-up and top-down. That is, all the units in
this network receive both feed forward and feedback connections.

When a stimulus is first applied to the input layer of the network in the first stage,
it activates in a feed-forward manner all of the units within the network to which it is
connected. The weights w of bottom-up represented the location of winner in the first
stage, and then the weight w’ of top-down represented the attended location (Fig.
2(left)). If these two locations are consistent with each other, then feedback selective
need not implement. On the contrary, the feedback selectivity will be carried out, and
all of the connections of the network that do not contribute to the winner are pruned
(Fig. 2(right)). This strategy of finding the winners within successively smaller re-
ceptive fields and then pruning away irrelevant connections is applied recursively
through the network. In this way the network learns attended location’s information
without destroying the old one.

4   Results

The bottom-up model of attention that we use has been shown to be effective with
natural image [6]. Based on the biologically plausible architecture, this feedback
selective computational model attempts to imitate the low-level, automatic mecha-
nisms responsible for attracting our attention to the salient location in our environ-
ment, and closely follows the neuronal architecture of the earliest hierarchical levels
and feature integration theory of visual processing.
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  To evaluation our proposed model, we ran an experiment based on the natural
image (Fig. 3(a)), digitized at 256×256 resolution, and calculated the local contrasts
for color, intensity and orientation features respectively. These feature types are com-
puted in a center-surround fashion, providing a biologically plausible system that is
sensitive to local spatial contrast. For the intensity and orientation features, a Gaus-
sian filter is applied. The orientation feature is filtered with Gabor filter of angles 0,
45, 90, 135 degrees. Feature maps representing center-surround difference are then
obtained from the filtered images. The feature maps for each feature are then com-
bined respectively into conspicuity maps. Each map provides a measurement of scene
area that pop out for that feature type. Combining the maps provide a unified meas-
urement of pronounced part of the entire scene. This result a saliency map is the pri-
mary output of the attention model (Fig. 3(d)). The final stage in the bottom-up atten-
tion model is a winner-take-all network of simple integrate-and-fire neurons. The
WTA network finds the attended location of the saliency map, which corresponds to
the current most salient location in the scene.

      
(a) (b)  (c) (d)

Fig. 3. (a) Input image and attended location (b) Intensity image (c) Contour image (d) saliency
map of intensity image

One of the feature maps in the first stage whose saliency area is different from the
attended locations will be inhibited and implemented by reducing the chances of
success of previous winners. This ensures that the focus of attention visits numerous
parts of attended location through feedback selective self-organization network.
Through this process, the spatial solution can also be enhanced. This result is consis-
tent with the physiological study [7].

5   Discussions

We have discussed recent advances in the study of biologically plausible computa-
tional models of attention, and proposed a new model based on the bottom-up atten-
tion and the feature integration theory. The biological insight guiding its architecture
proved efficient in the reproducing some of the performance of primate visual system.
The efficiency of this approach for selective feedback has been tested, and by using
feedback selective method, the multiple select of features in multi-scale can be per-
formed in an integrated selection area, so the resolution of attention area can be in-
creased.
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However, controlling where attention should be deployed is not an autonomous
feed-forward process. In order to provide a more scalable system, further work would
be emphasized on the relation between the selective feedback attended locations and
the task-based model. An important future direction for modeling work may include
modeling of interaction between task-based and top-down cues, bottom-up cues.
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Abstract. This paper proposes a new method to discriminate the vas-
cular conditions from biological signals by using a probabilistic neural
network, and develops the diagnosis support system to judge the pa-
tient’s conditions on-line. For extracting vascular features including bio-
logical signals, we model the dynamic characteristics of an arterial wall
by using mechanical impedance and estimate the impedance parameters
“beat-to-beat”. As a result, this system can be utilized for the actual sur-
gical operation, and the vascular conditions can be discriminated with
high accuracy using the proposed method.

1 Introduction

A physician needs to judge patient’s conditions accurately and take appropriate
measures. Especially, blood pressure and electrocardiogram are used to judge
the patient’s conditions during surgical operations, and the waveforms of these
biological signals change based on the vascular conditions. However, due to the
inevitability of the human error factor in combination with inexperienced physi-
cians, the judge of a patient’s condition will most likely not be 100 percent
accurate. Therefore, medical diagnosis computer assisted technology on vascu-
lar conditions is helpful for physicians in supporting complex diagnosis. As the
development of a diagnosis support system based on vascular conditions, the
estimation system of health condition and vascular aging have been reported
[1],[2]. For example, Maniwa et al. estimated a acceleration plethysmogram and
judged the conditions of health or illness quantitatively using a recurrence plot
which is one of the chaos approach [1]. However, the proposed method does not
correspond to long term-series behavior, and it is not applied to monitor the
patient’s conditions during operations.
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Fig. 1. An arterial wall impedance model

This paper aims to develop a diagnosis support system using a probabilis-
tic neural network. In the many proposed techniques, we used Log-Linearized
Gaussian Mixture Network (LLGMN) [3], based on the Gaussian mixture model
(GMM) and the log-linear model of the probability density function. Specifically,
about pattern discrimination of EMG signals, high discrimination capability is
shown as compared with other neural networks [4]. We have discriminated vas-
cular conditions from measured biological signals by using the neural network,
thus the vascular conditions could be discriminated with high accuracy [5],[6].
However, the data used for discrimination were measured in advance, and the
availability was not evaluated in actual surgical operation.

This paper proposes a method to discriminate vascular conditions using a
probabilistic neural network on-line, and the availability of realtime monitoring
of vascular conditions is verified.

2 Dynamic Characteristics of Arterial Wall

For extracting vascular features including biological signals, we estimated the ar-
terial wall impedance [5]. Fig. 1 illustrates the proposed impedance model of the
arterial wall. This model represents only the characteristics of the arterial wall
in the arbitrary radius direction. The impedance characteristic can be described
using an external force and a displacement of the arterial wall as follows:

dF (t) = Mdr̈(t) + Bdṙ(t) + Kdr(t) (1)

where F (t) is the force exerted on the arterial wall by blood flow; M, B, and
K are the inertia, viscosity, and stiffness; r(t), ṙ(t), and r̈(t) are the position,
velocity, and acceleration of the wall; the coefficient d means the variation from
the time t0; and t0 denotes the start time just at moving arterial wall.

To estimate the impedance parameters given in (1), it is necessary to measure
F (t) and r(t). Assuming that the force F (t) is proportional to arterial pressure
Pb(t), the following equation can be obtained:

F (t) = kfPb(t) (2)

where kf is a proportional constant [5].
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On the other hand, the vascular radius rv(t) is quite difficult to measure
directly. So a plethysmogram is utilized instead of rv(t) as follows [5]:

rv(t) =
Pl(t) + AD

kp
(3)

where Pl(t) is a plethysmogram, kp is a proportional constant, and AD is the
absorbance.

The force exerted on the arterial wall is expressed by the arterial pressure
Pb(t) given by (2), and the vascular radius rv(t) is represented by the plethys-
mogram Pl(t) in (3). Then, the arterial wall impedance is estimated by using
Pb(t) and Pl(t) as follows:

dPb(t) = M̃dP̈l(t) + B̃dṖl(t) + K̃dPl(t) (4)

where the parameter M̃ corresponds to the mass of the arterial wall existing in
the measured part; B̃ and K̃ to the viscoelastic properties, respectively [5]. In
the proposed method, the estimation period of the arterial wall impedance is
the time between successive R-peaks (an RR interval), where the peak of the
R wave can be detected from ECG signals. The impedance parameters M̃ , B̃,
and K̃ are estimated by substituting dPb(t) and dPl(t) into (4), where dPb(t)
and dPl(t) are the variations of arterial pressure and plethysmogram from the
detecting time of R wave t0. Because the time needed for estimating arterial wall
impedance is smaller than the RR interval, it is possible to estimate the arterial
wall impedance “beat-to-beat” [5].

We proposed the impedance ratio to reduce the individual differential [5].
The impedance ratios M̃ratio, B̃ratio, and K̃ratio are calculated for M̃ , B̃, and K̃
as follows:

M̃ratio =
M̃

M̃rest
, B̃ratio =

B̃

B̃rest
, K̃ratio =

K̃

K̃rest
(5)

where M̃rest, B̃rest, and K̃rest are the nominal values of impedance ratios when
patients are in a relatively rested condition. Similarly, the ratios of arterial pres-
sure and plethysmogram are calculated as follows:

IBPratio =
IBPmax − IBPmin

IBPrest
, PLSratio =

PLSmax − PLSmin

PLSrest
(6)

where IBPmax, IBPmin, PLSmax, and PLSmin are maximum and minimum
values of arterial pressure and plethysmogram divided into beat-to-beat; IBPrest
and PLSrest are maximum and minimum value differences of arterial pressure
and plethysmogram in a relatively rested condition [5].

A neural network is used to discriminate the vascular conditions using the
normalized ratios of impedance and biological signals given by

M̃ ′
ratio =

M̃ratio

kM
, B̃′

ratio =
B̃ratio

kB
, K̃ ′

ratio =
K̃ratio

kK
,
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IBP ′
ratio =

IBPratio

kI
, PLS′

ratio =
PLSratio

kP
(7)

where the gains for normalization, kM, kB, kK, kI, and kP are determined by the
maximum value of each estimated signal in advance [6].

The LLGMN receives the ratios of impedance and biological signals of (7).

3 Monitoring Experiment

3.1 Experimental Condition

The proposed method is applied to discriminate the vascular conditions. The
subject was operated on using the endoscopic transthoracic sympathectomy for
hyperhidrosis (Patient A : male 14 years). If a blood vessel contracts due to
stimulation from sympathetic nerves, the palms and under arms will perspire.
In this operation, the sympathetic nerves on the sides of the backbone are inter-
rupted using a clip to stop the perspiration [7]. When the sympathetic nerve is
interrupted, blood vessels become compliant on the spot. Therefore, if the vas-
cular conditions can be identified on-line, it is possible to ascertain its success or
failure during operation. Electrocardiogram (ECG(t)), arterial pressure (Pb(t)),
and plethysmogram (Pl(t)) were measured at 125 [Hz] simultaneously for dis-
criminating vascular conditions. The arterial pressure was measured through a
catheter (24 gauge) placed in the left radial artery, and the plethysmogram was
measured with the ipsilateral thumb (BSS-9800, NIHON KOHDEN Corp.).

We constructed the diagnosis support system equipped with a graphical dis-
play screen using LabVIEW (National Instruments Corp.) in order for a physi-
cian to ascertain the patient’s conditions easily. This system was tested to de-
termine whether realtime monitoring of vascular conditions was possible.

The learning data was created from that of the four patients (non-
subjects) who operated the endoscopic transthoracic sympathectomy for hy-
perhidrosis patients. However, the learning data of the “Vasodilation” and
”Shock” conditions were not available from the patients. Such unobservable
facts were represented randomly by normal distribution with N(µ, 0.005).
In this paper, means µ was set as follows: µIBP ′

ratio
= 0.12, µPLS′

ratio
=

0.75, µM̃ ′ratio = 0.006, µB̃′ratio = 0.006, µK̃′ratio = 0.006 for vasodilation;
µIBP ′

ratio
= 0.08, µPLS′

ratio
= 0.1, µM̃ ′ratio = 0.033, µB̃′ratio = 0.033, µK̃′ratio =

0.033 for shock.

3.2 Experimental Result

Fig.2 shows the result of discrimination experiment. Time profiles of the ratio
of arterial pressure, the ratio of plethysmogram, the ratio of inertia, the ratio
of viscosity, the ratio of stiffness, the shock index (SI), the coefficient of deter-
mination, and the classification results are shown in order from the top. In this
paper, we defined the four vascular conditions i.e., I) shock, II) normal, III)
vasoconstriction, and IV) vasodilation [5]. The coefficient of determination is
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Fig. 2. Classification result of the vascular conditions during surgical operation

calculated from the measured arterial pressure and estimated arterial pressure
using (4), and is used for judging whether discrimination should take place. Also,
the shock index is used routinely for defining the “Shock” condition. This index
is calculated from the ratio of heart rate to systolic arterial pressure; “Normal”
condition at 0.6; while “Shock” condition over 1.0 [8].

The blood vessels become stiff in the shaded areas. The nominal values of
impedance and biological signals are an average of consecutive 10 sample data
after the patients are under anesthesia. The discrimination result is selected
as vascular condition if the coefficient of determination R2≥0.6. On the other
hand, the discrimination is suspended if R2<0.6. Also, the normalization gains
included in (7) are set as follows: kM = kB = kK = 30.0, kI = 2.5, kP = 2.0.

In Fig.2, the estimated impedance shows that the blood vessels gradually
became stiff because the doctor stimulated the patient’s tissues to find the sym-
pathetic nerves at 300-400 and 700-1100 [sec], and NN discriminated the vascular
condition as “Vasoconstriction”. After 400 [sec], the ratios of arterial pressure
decreased rapidly, the vascular condition was discriminated as “Shock”, and the
corresponding shock index was indicated as equal or greater than 1.0 at the same
time. Also, the sympathetic nerves are distributed on the two sides of body, the
nerve that was concerned the left arm’s blood vessels was interrupted at 1100
[sec]. Therefore, after 1100 [sec], the blood vessels became compliant, and vascu-
lar condition was discriminated as “Normal”. After that, the operation that was
interrupted the sympathetic nerve of the other side of the left arm measuring the
biological signals was occurred at 1200-2000 [sec]. Then, the left arm’s blood ves-
sels were not constricted if the sympathetic nerve was interrupted properly. The
discrimination result indicated “Normal” condition, and it meant that the sym-



Realtime Monitoring of Vascular Conditions 493

pathetic nerve was interrupted well. From this result, it was confirmed that the
vascular conditions could be monitored in realtime during operation and judged
more easily. However, the coefficient of determination showed low value because
the phase difference between blood pressure and plethysmogram was large. It is
considered to be easily solved by improving the model in contemplation of the
pulse wave velocity.

4 Conclusion

This paper proposed a new method to discriminate the vascular conditions by
using a probabilistic neural network, and developed the diagnosis support system
to judge the patient’s conditions on-line. This system could be utilized for the
actual surgical operation, and the vascular conditions could be discriminated
with high accuracy using the proposed method. Future research will test the
method’s validity using different surgery.
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Abstract. Bidirectional recurrent neural network (BRNN) is a non-
causal system that captures both upstream and downstream informa-
tion for protein secondary structure prediction. Due to the problem of
vanishing gradients, the BRNN can not learn remote information effi-
ciently. To limit this problem, we propose segmented memory recurrent
neural network (SMRNN) and obtain a bidirectional segmented-memory
recurrent neural network (BSMRNN) by replacing the standard RNNs
in BRNN with SMRNNs. Our experiment with BSMRNN for protein
secondary structure prediction on the RS126 set indicates improvement
in the prediction accuracy.

1 Introduction

One of the most important open problems in computational biology concerns
the computational prediction of the secondary structure of a protein given only
the underlying amino acid sequence. During the last few decades, much effort
has been made toward solving this problem, with various approaches including
GOR (Garnier, Osguthorpe, and Robson) techniques [1], PHD(Profile network
from HeiDelberg) method [2], nearest-neighbor methods [3] and support vector
machines (SVMs) [4]. These methods are all based on a fixed-width window
around a particular amino acid of interest. Local window approaches don’t take
into account the interactions between distant amino acids, which commonly
occur in protein sequences, especially in the regions of beta-sheets.

The limitations of the fixed-size window approaches can be mitigated by us-
ing recurrent neural network (RNN), which is a powerful connectionist model
for learning in sequential domains. Recently, RNNs have been applied to predict
protein secondary structure. Gianluca Pollastri et. al proposed a bidirectional
recurrent neural network (BRNN), which provides a noncausal generalization
of RNNs [5]. The BRNN uses a pair of chained hidden state variables to store
contextual information contained in the upstream and downstream portions of
the input sequence respectively. The output is then obtained by combining the
two hidden representations of context. However, learning long-term dependen-
cies with gradient descent is difficult [6] and the generalized back propagation
algorithm for training BRNN is gradient descent essentially. Therefor the error
propagation in both the forward and backward chains is subject to exponential
decay. In the practice of protein secondary structure prediction, the BRNN can
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utilize information located within about ±15 amino acids around the residue of
interest. It fails to discover relevant information contained in even further distant
portions [5].

In order to improve the prediction performance especially the recognition
accuracy of β-sheet regions, we propose an alternative recurrent architecture
called Bidirectional Segmented-Memory Recurrent Neural Network(BSMRNN),
which is capable of capturing longer ranges of dependencies in protein sequences.

Fig. 1. Segmented memory with interval=d

2 Segmented-Memory Recurrent Neural Networks

As we observe, during the process of human memorization of a long sequence,
people tend to break it into a few segments, whereby people memorize each
segment first and then cascade them to form the final sequence. The process
of memorizing a sequence in segments is illustrated in Figure 1. In Figure 1,
gray arrows indicate the update of contextual information associated to symbols
and black arrows indicate the update of contextual information associated to
segments; numbers under the arrows indicate the sequence of memorization.

Based on the observation on human memorization, we believe that RNNs
are more capable of capturing long-term dependencies if they have segmented-
memory and imitate the way of human memorization. Following this intuitive
idea, we propose Segmented-Memory Recurrent Neural Network (SMRNN) as
illustrated in Figure 2.

The SMRNN has hidden layer H1 and hidden layer H2 representing symbol-
level state and segment-level state respectively. Both H1 and H2 have recurrent
connections among themselves. The states of H1 and H2 at the previous cycle
are copied back and stored in context layer S1 and context layer S2 respectively.
Most importantly, we introduce into the network a new attribute interval, which
denotes the length of each segment.
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Fig. 2. Segmented-memory recurrent neural network with interval=d

Fig. 3. Dynamics of segmented-memory recurrent neural network

In order to implement the segmented-memory illustrated in Figure 1, we
formulate the dynamics of SMRNN with interval=d as below:

xti = g(
nX∑

j=1

W xx
ij x

t−1
j +

nU∑
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W xu
ij u

t
j) (1)
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W yy
ij y

t−d
j +

nX∑

j=1

W yx
ij x

t
j) (2)

zti = g(
nY∑

j=1

W zy
ij y

t
j) (3)

We now explain the dynamics of SMRNN with an example(Figure 3). In this
example, The input sequence is divided into segments with equal length. Then
symbols in each segment are fed to hidden layer H1 to update the symbol-level
context. Upon completion of each segment, the symbol-level context is forwarded
to the next layer H2 to update the segment-level context. This process continues
until it reaches the end of the input sequence, then the segment-level context
is forwarded to the output layer to generate the final output. In other words,
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the network reads in one symbol per cycle; the state of H1 is updated at the
coming of each single symbol, while the state of H2 is updated only after reading
an entire segment and at the end of the sequence. The segment-level state layer
behaves as if it cascades segments sequentially to obtain the final sequence as
people often do: Every time when people finish one segment, they always go
over the sequence from the beginning to the tail of the segment which is newly
memorized, so as to make sure that they have remembered all the previous
segments in correct order(see Figure 1).

The SMRNN is trained using an extension of the Real Time Recurrent Learn-
ing algorithm. Every parameter P is initialized with small random values then
updated according to gradient descent:

∆P = −α∂E
t

∂P
= −α∂E

t

∂yt
∂yt

∂P
(4)

where α is the learning rate and Et is the error function at time t.
Derivatives associated to recurrent connections are calculated in a recurrent

way. Derivatives of segment-level state at time t depend on derivatives at time
t− d where d is the length of each segment.
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where δik denotes the Kronecker delta function(δik is 1 if i = k and 0 otherwise).
Derivatives of symbol-level state at time t depend on derivatives at time t-1.
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3 Bidirectional Segmented-Memory Recurrent Neural
Network

In Gianluca Pollastri’s BRNN, the forward subnetwork and the backward sub-
network are conventional RNNs. We replace the conventional recurrent subnet-
works with SMRNNs and obtain a Bidirectional Segmented-Memory Recurrent
Neural Network (BSMRNN) as illustrated in Figure 4. The BSMRNN is capable
of capturing farther upstream context and farther downstream context.
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Fig. 4. Bidirectional segmented-memory recurrent neural network Architecture

The upstream context and downstream context are contained in vector Ft
and Bt respectively. Let vector It encode the input at time t, vectors Ft and Bt
are defined by the following recurrent bidirectional equations:

Ft = φ(Ft−d, It) (9)

Bt = ψ(Bt+d, It) (10)

where φ() and ψ() are nonlinear transition functions. They are implemented
by the forward SMRNN Nφ and the backward SMRNN Nψ respectively (left
subnetwork and right subnetwork in Figure 4). The final output is obtained by
combining the two hidden representations of context and the current input:

Ot = ζ(Ft, Bt, It) (11)

where ζ() is realized by MLP Nζ(top subnetwork in Figure 4).
Usually the number of input neurons is equal to the size of input alphabet,

i.e. |Σi|. Symbols in the sequences are presented to the input layer with one-
hot coding. When al (the l-th symbol in the input alphabet) is read, the kth
element of the input vector is Ik = δ(k, l)(δ(k, l) is 1 if k = l and 0 otherwise).
Normally the synaptic input equals the sum of inputs multiplied by weights.
Hence if an input is zero, the weights associated to that input unit won’t be
updated. Thus we apply a contractive mapping f(x) = ε + (1 − 2ε)x, with ε a
small positive number, to input units. This mapping does not affect the essentials
of the formalism presented here. The number of output units is equal to the size
of output alphabet, i.e. |Σo|.

Given an amino acid sequence X1, . . . , Xt, . . . , XT , the BSMRNN can esti-
mate the posterior probabilities of secondary structure classes for each sequence
position t. Starting from F0 = 0, the forward SMRNN reads in the preceding
substring X1, . . . , Xt−1 from left to right and updates its states Ft, following eq.
9. Similarly, starting from B0 = 0, the backward SMRNN scans the succeeding
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Table 1. Comparison between BSMRNN and BRNN

Q3 QE QH QC

BSMRNN 66.7% 61.8% 52.1% 78.3%
BRNN 65.3% 57.1% 52.3% 77.3%

substring Xt+1, . . . , XT from right to left and updates its states Bt, following eq.
10. After the forward and backward propagations have taken place, the output
at position t is then calculated with eq. 11.

Learning in BSMRNN is also gradient-based. The weights of subnetwork
Nζ are adjusted in the same way as standard MLP. The derivatives of the error
function with respect to states Ft and Bt are calculated and injected into Nφ and
Nψ respectively. Then the error signal is propagated over time in both directions
and the weights of Nφ and Nψ are adjusted using the same formulas as those of
causal SMRNN (refer to section 2.4).

4 Experimental Evaluation

For the problem of PSS prediction, we use seven fold cross validation on the
RS126 set(126 protein chains, 23,348 amino acids). Many PSS prediction meth-
ods were developed and tested on this set. With sevenfold cross validation, ap-
proximately six-sevenths of the dataset are used for training, and the remaining
one-seventh is used for testing. In order to avoid the selection of extremely biased
partitions that would give an inauthentic prediction accuracy, the RS126 set is
divided into seven subsets with each subset having similar size and content of
each type of secondary structure.

For each subnetwork of the BSMRNN, we use 10 hidden units. According
to G.Pollastri’s study, BRNN can reliably utilize information contained within
about ± 15 amino acids around the predicted residue. Thus we set the interval
of SMRNN to be 15. Recurrent neural network is a bit less stable than the feed-
forward ones, so we shuffle the training set at each pass, so as to present it in
different random order each time.

We obtained results illustrated in Table 1. Q3 is the overall three-state pre-
diction percentage defined as the ratio of correctly predicted residues to the total
number of residues. QE , QH and QC are the percentage of correctly predicted
residues observed in class E, H, C respectively. The results show that BSMRNN
performs better on the problem of PSS prediction. Particularly, the higher pre-
diction accuracy of beta-sheets indicates that BSMRNN captures longer ranges
of dependencies in protein sequences than BRNN.

5 Concluding Remarks

The segmented memory recurrent neural networks are more capable of capturing
long-term dependencies than conventional RNNs. From biology, we know protein
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secondary structure prediction is a long-term dependency problem. Therefore,
BSMRNN can improve the prediction performance, especially the recognition
accuracy of beta-sheets. However, there is a trade-off between the efficient train-
ing of gradient descent and long-range information latching. For BSMRNN, the
training algorithm is also gradient descent essentially, hence BSMRNN does not
circumvent the problem of long-term dependencies.

In practice, we found that the best prediction of testing data is obtained
when the training error is not very small, and after that prediction accuracy
begins to drop even though the error still keeps converging. One reason may be
that the RS126 set is too small for BSMRNN to learn the complex mapping from
amino acid sequence to secondary structure sequence. Hence a larger training
set is required to achieve a satisfactory level of generalization.

A lot of research has shown that prediction quality can be improved by incor-
porating evolutionary information in the form of multiple sequence alignment [7,
8,9]. In the experiments, we performed prediction on single protein sequence only.
The prediction accuracy can be further improved by using multiple alignments
of homologous protein sequences.
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Abstract. Independent component analysis (ICA) is a new powerful tool for
blind source separation. This paper proposes a new algorithm that combines
two existent algorithms, the improved infomax algorithm and the fastICA
algorithm. Utilizing the initial weights obtained by the improved infomax
algorithm, we can not only reduce the length of data which fastICA algorithm
needs, but also enhance the convergence stability of fastICA algorithm. The
effectiveness of the algorithm is verified by computer simulations.

1   Introduction

The brain evoked potentials (EPs) are electrical responses of the central nervous
system to sensory stimuli applied in a controlled manner. The EPs have a number of
clinical applications [1]. The problem often encountered in the analysis of the EPs is
that the signal-to-noise ratio (SNR) is often less than –10dB. Ensemble averaging
method has been usually used to enhance the SNR. Such methods usually require a
large number of sweeps to obtain a suitable estimate of the EP. The implicit
assumption in the averaging is that the task-related cognitive process does not vary
much in timing from trial to trial. However, it has been evident that in many cases this
assumption is not valid. The observation of variation in the parameters of the EPs
permits the dynamic assessment of changes in cognitive state. Thus, the goal in the
analysis of EPs is currently the estimation from several potentials, or even from a
single potential. This task is called fast estimation, or single-trial estimation. Recently,
independent component analysis appeared as a promising technique in signal
processing. ICA is based on the following principles. Assume that the original signals
have been linearly mixed, and that these mixed signals are available. ICA finds in a
blind manner a linear combination of the mixed signals which recovers the original
signals, possibly rescaled and randomly arranged in the outputs.

The noiseless linear ICA model with instantaneous mixing may be described by

 Asx = (1)

where T
Nxxx ],,[ 21=x (T denoting the transpose) are observed signals,

T
Msss ],,,[ 21=s  are the source signals, and A  is an unknown mixing matrix.
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The goal is to estimate both unknowns from x , with appropriate assumptions on the
statistical properties of the source distributions. The solution is

Wxy = (2)

where W  is called the demixing matrix. The general ICA problem requires A  to be
an MN ×  matrix of full rank, with MN ≥ . In this paper, we assume an equal
number of sources and sensors to make calculation simple.

This paper is organized as follows. First, we introduce improved infomax algorithm
in section 2. Second, we introduce fastICA algorithm in section 3. In section 4, we
show the new algorithm proposed in this paper. In section 5, simulation results are
shown, and in section 6, we present the conclusion.

2   Improved Infomax Algorithm

Bell [2] derives a self-organizing learning algorithm that maximizes the information
transferred in a network of nonlinear units. We assume W  is the demixing matrix,

Asx = , Wxu = , the output of neural network is )(uy f= , )(⋅f  is a nonlinear
function. Maximizing the information transferred in a network is to maximize the
mutual information of the input x  and output y  of the demixing system (a neural
network). We choose a three-layer forward feedback neural network to construct
demixing system, which includes an input layer, a linear hidden layer and a nonlinear
output layer. The number of nodes of every layer is N . The block diagram of the
neural network is shown in Fig. 1.

Infomax
Algorithm

Σ

Σ

Φ

Φ

1x

Nx

1u

Nu

1

1

1y

Ny

11w

Nw1

1Nw

NNw

Fig. 1. The block diagram of the neural network

The weights between the input layer and the hidden layer construct the demixing
matrix; the hidden layer is linear, the weights between it and the output layer are all
1s. We have noticed that the output of the hidden layer, u , is what we want to
separate. When we choose )tanh(⋅  function as a nonlinear unit, the output vector is

)tanh(uy = (3)
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We use natural gradient instead of conventional Euclidean gradient to avoid
calculating the inversion of matrix, and the iteration equation is

)Wyuµ(IW T−= (4)

where µ  is the learning rate. As we said before, it is important to choose the value of

µ , because the convergence depends crucially on the correct choice of it. Barros et al.
[3] suggested a method to calculate time-varying learning rate as

                          
1uy

2µ T +
=                              (5)

where 1 is a matrix where elements are all 1s.
The process of improved infomax algorithm is:

1. Initiate demixing matrix 1W  with small random number;

2. Get the ith sample vector ix , Ni  ,  , 2 , 1= ;

(1) Calculate iii xWu = , )tanh( ii uy = , and 
1

2

+
=

i
T
i

i
uy

µ ;

(2) Calculate i
T
iiii WuyW )(I −= µ , and let iii WWW ∆+=+1 ;

3. If ii WW −+1  is not less than ε (which is a small constant), let 1+= ii , and go

back to step 2. Otherwise, output 1+iW .

3   FastICA Algorithm [4,5,6]

FastICA algorithm, which is proposed by Hyvarinen et al., is one of the most popular
ICA algorithms because of its fast convergence speed. A remarkable property of this
algorithm is that a very small number of iterations, usually 5 to 10, seems to be
enough to obtain the source signal. Before using fastICA algorithm, we must
prewhiten or sphere the observed data x . The observed data x  is linearly
transformed to a matrix Mxx =~ , which is to make the correlation matrix of x  equal

unity: Ixx =][ TE . After the transformation, we have

BsMAsMxx ===~ (6)

where M  is the whitening matrix, MAB =  is an orthogonal matrix. The goal is to

find the orthogonal demixing matrix Ŵ , which makes each component of y  be

independent. The output y  is

MAsWMxWxWy TTT ˆˆ~ˆ === (7)

Through maximizing the kurtosis, we can extract source signals one by one. The
process of fastICA algorithm is:

1. Take a random initial vector )0(ŵ  ( kkw Ŵ)(ˆ =  is the kth row of it) of norm 1.

Let 1=k ;
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2. Let )1(ˆ3])~)1(ˆ(~[)(ˆ 3 −−−= kwxkwxEkw T . The expectation can be estimated

using a large sample of x~  vectors. Divide )(ˆ kw  by its norm;

3. If )1(ˆ)(ˆ −kwkw T  is not close enough to 1, let 1+= kk , and go back to step 2.

Otherwise, output the vector )(ˆ kw .

4   The New Algorithm

As is said before, both improved infomax and fastICA algorithm have advantages and
disadvantages. We consider a new method combining these two algorithms, which
can converge fast and does not need large size of data.

First, we deal with two periods of data with improved infomax algorithm, and get a
demixing matrix. This is a preprocessing procedure; and the demixing matrix we get
is used as an initial value of weights for fastICA algorithm. If fastICA algorithm
receives an improper initial value of the demixing matrix, it converges very slowly,
tens of times more than the usual. After the preprocessing procedure, we get a proper
initial value to guarantee the fast convergence of fastICA algorithm. And the
improved infomax algorithm converges comparatively fast at the beginning of the
iteration, so two periods of data are enough to get an appropriate result.

Comparing eq. (2) with eq. (7), we have

MWW Tˆ= (8)

That is
TT WMW )(ˆ 1−= (9)

The whitening matrix M  can be obtained by using principal component analysis
(PCA). If we convert the demixing matrix W  which is received from the improved

infomax algorithm to Ŵ  according to eq. (9), we can get the initial value of weights
of fastICA algorithm. Simulation results prove that EP signals can be extracted in
only two periods using this method.

The process of the new algorithm:
1. Deal with two periods of signal with improved infomax algorithm, and get W ;

2. Calculate the initial weights of fastICA algorithm with WMW T)(ˆ 1−= ;
3. Deal with the same two periods of observed signal using fastICA algorithm.

5   Simulation Results

Two independent sources are linearly mixed. One is the periodical EP signal, and the
period is 128 points, the sampling frequency is 1000Hz. The other is a white Gaussian
noise.
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Fig. 2. Separating results  (a)-(b) are the source signals. (c)-(d) are the mixed signals. (e)-(f) are
the separating results.

Table 1. Comparison between three algorithms

Iteration
times 5 3 6 4 3 3

Correlation
coefficient

of EP
0.9944 -1.0000 0.9847 -1.0000 -0.9864 -1.0000The new

algorithm
Correlation
coefficient

of noise
-0.9961 -0.9974 1.0000 0.9982 -0.9836 -1.0000

Iteration
times 14 4 158 5 3 44

Correlation
coefficient

of EP
0.9943 1.0000 -0.9991 0.9334 0.9585 0.9943FastICA

algorithm
Correlation
coefficient

of noise
0.9949 -0.9993 0.9961 -0.9616 0.9523 -0.9999

Converge
points 3150 1713 179 8895 871 517

Correlation
coefficient

of EP
-1.0000 0.9957 0.9823 -0.9975 -1.0000 0.9997

Improved
Infomax

algorithm Correlation
coefficient

of noise
1.0000 0.9964 0.9914 1.0000 1.0000 0.9998

Experiment 1: We separate 2 sources with the new algorithm. Choose two periods
of data, altogether 256 points. The simulation result is shown in Fig. 2. This algorithm
separates independent sources effectively. The correlation coefficient between the
separated and source EP signals is –0.9999, and the correlation coefficient between
the separated and source white Gaussian noises is –0.9998. We only use two periods
of EPs, and realize fast estimation of EPs.
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Experiment 2: Comparison between the new algorithm, improved infomax
algorithm and fastICA algorithm. Separate the mixed signals with these three
algorithms respectively, and the results of 6 independent experiments are shown in
Table 1. In the new algorithm and fastICA algorithm, we use 2 periods of data; in the
improved infomax algorithm, we use 100 periods of data. From Table 1, we get that
the performance of the new algorithm is better than the other two algorithms. The
average correlation coefficient of EP signals for the three algorithms, the new,
fastICA, and the improved infomax algorithms, are 0.9928, 0.9768, 0.9971,
respectively. Although the average correlation coefficient of EP of the new algorithm
is a little lower than that of the improved infomax algorithm, it uses much fewer
points of data (just 256 points). It also enhances the convergence stability of fastICA
algorithm.

6   Conclusions

In this paper, we combine two existent algorithms to construct a new algorithm,
which has their advantages and without their disadvantages. Simulation results have
verified that this new algorithm needs fewer data and has more stable convergence
speed than the other two algorithms. And it can be used in blind separation for
linearly mixed signals.

The improved infomax algorithm is relatively simple, and it is only suitable to
separate sources with supergaussian distribution. In further research, we may choose
the extended infomax algorithm, which can separate both sub- and super-gaussian
sources, instead of it. Barros et al. suggested rICA algorithm (fastICA with reference
signal), which can output the interested signal first. We can use this algorithm instead
and output EP signal only to reduce calculation in later study.
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Abstract. Building a precise respiration system model is very helpful for setting
appropriate ventilation conditions to fit each patient when artificial respiration
is performed on the patient. In this paper, a new respiration system model is
proposed, which is a second order nonlinear differential equation including volume
dependent elastic term described by RBF network. The model is able to describe
the nonlinear dynamics of respiration. By using Sagara’s numerical integration
technique, a discrete-time identification model is derived. Then, off-line and on-
line parameter estimation algorithms are presented. It is easy to obtain pulmonary
elastance from identified model. The proposed model and the parameter estimation
method are validated by clinical examples.

1 Introduction

If a patient cannot breathe autonomously, then artificial respiration will be performed on
the patient. Artificial respiration is an emergency procedure used in almost all hospitals.
When the artificial respiration is performed, it is necessary to appropriately set the
parameters of respirator so that the ventilation conditions are suitable for each patient.
For this purpose, pulmonary characteristics of each patient must be known. Especially,
pulmonary elastance is generally considered as an important basis for deciding the
pressure of ventilation.

Pulmonary elastance describes the relationship between pressure and volume of
lung. There are various direct methods to measure the pulmonary elastance, for exam-
ple, the super syringe technique[1], the interrupter technique[2,3], or the constant flow
technique[4]. These techniques are sometimes not practical to perform or require the
presence of a trained investigator. And the respirator settings may need to be changed
for these techniques. On the other hand, several indirect methods have been proposed
in the literature[5,6]. These methods adopt various respiration system models including
a polynomial elastic term and a polynomial resistive term. The elastance can be de-
termined from the parameters of estimated models. The most important advantage of
these methods is that permit elastance to be obtained noninvasively without interfering
with the ventilation pattern being employed. However, these model structures are still
not efficient enough to model the clinical data, so sufficient accurate elastance estimate
cannot be obtained based on these models.

In this paper, a second order nonlinear differential equation model including an
elastic term expressed by RBF network is proposed for modeling respiration system,
and estimation algorithms based on Sagara’s numerical integration technique is derived.

F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 507–512, 2004.
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The pulmonary elastance can be easily obtained form estimated respiration model. The
proposed model and the parameter estimation method are validated by clinical data.

2 Continuous-Time Model of Respiration System

Since 1950’s, several simple models of respiration are proposed by Otis, Mead and
Mount, respectively. These models can be generalized as a linear model[7]:

P (t) + aṖ (t) = bV (t) + cV̇ (t) + fV̈ (t), (1)

where, V (t) is the volume of lung, V̇ , V̈ the first and second order derivatives of the
volume, P (t) the pressure of the airway, Ṗ the first order derivative of the pressure. a,
b, c, d are the coefficients of the model. In model (1), the pulmonary elastance and the
airway resistance are expressed by a constant coefficient b and a constant coefficient c,
respectively. But, in fact, the elastance and the resistance are not constant, values of the
elastance and the resistance change nonlinearly with pulmonary volume. There exists
essential problem that the model (1) is not able to describe nonlinearities.

In recent years, several models considering the nonlinearities of elastance and resis-
tance have been proposed[6,8]. The expression of these models can be written as

P (t) = E(V )V (t) +R(V )V̇ (t), (2)

where, the elastic coefficient and the resistive coefficient are described by polynomials
of pulmonary volume, E(V ) and R(V ), respectively. So, a feature of model (2) is that
the model has capability of describing the nonlinearities. However, the terms of Ṗ and
V̈ are omitted in this model (in contrast to the model (1)), the model structure (2) is not
sufficient to describe the dynamics of respiration. Consequently, the accurate respiration
model cannot be acquired from the measurement data, and the sufficiently accurate
estimates of E(·) and R(·) cannot be obtained.

In this paper, a new respiration system model is addressed:

P (t) + aṖ (t) = fE(V )V (t) + fR(V )V̇ (t) + hV̈ (t) + ε(t), (3)

fE(V ) =
nE∑

i=1

biψi(V (t)), (4)

fR(V ) = c0 + c1|V̇ (t)|, (5)

where, ε(t) contains model errors and measurement noises. In this model, the orders
of derivatives are the same as model (1), and elastic coefficient is described by Radial
Basis Function (RBF) network expressed by (4) whose input and output are respectively
the volume of lung and the value of elastance. Here, nE is the number of nodes, and bi
(i = 1, · · · , nE) is the weight of i-th node. The RBF is as follows:

ψi(V ) = exp(−(V − V0i)2/(2πσ2)) (6)

By the expressive power of RBF network, the model has the capability of describing the
nonlinear dynamical characteristics of respiration.
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Considering the relationshipQ(t) = V̇ (t) between the air flowQ(t) and the volume
of lung V (t), the respiration model (3) can be written as:

P (t) + aṖ (t) = fE(V )V (t) + fR(V )Q(t) + hQ̇(t) + ε(t). (7)

Substituting (4) and (5) into (7), we have

P (t) = −aṖ (t) + V (t)
nE∑

i=1

biψi(V ) +Q(t)(c0 + c1|Q(t)|) + hQ̇(t) + ε(t). (8)

Let data vector ϕ(t) and parameter vector θ be

ϕ(t) =





Ṗ (t)
− − −

V (t)ψ1(V )
...

V (t)ψnE
(V )

− − −
Q(t)

Q(t)|Q(t)|
Q̇(t)





, θ =





−a
− − −
b1
...

bnE

− − −
c0
c1
h





, (9)

then simple expression of the model is obtained:

P (t) = ϕT (t)θ + ε(t) (10)

3 Discrete-Time Model of Respiration System

In general, the measurement data that is obtained from the mechanical ventilation system
is only the sampled data of pressure P, air flow Q, and volume V.

P =





P (1)
P (2)

...
P (N)



 , Q =





Q(1)
Q(2)

...
Q(N)



 , V =





V (1)
V (2)

...
V (N)



 (11)

In the continuous-time model (10) (or (8)), the differential terms are contained. Gen-
erally speaking, it is not desirable to calculate derivatives directly from the measurements,
because it may make the noise effects worse. In this section, a discrete-time identifica-
tion model for respiration system is derived based on Sagara’s numerical integration
technique[9].

Denote the sampling period of data collection as T . At time instant t = kT , integrate
both sides of Equation (10) over the interval [(k − �)T, kT ]. Let y(k) be the left hand
side of the resultant equation. Then y(k) can be calculated as

y(k) =
∫ kT

(k−�)T
P (τ)dτ .=

�∑

j=0

gjP (k − j), (12)
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where, � is a natural number that decides the window size of numerical integration. The
coefficients gi (i = 0, 1, · · · , �) are determined by formulae of numerical integration.
For example, when the trapezoidal rule is taken, they are given as follows:

{
g0 = g� = T/2,
gi = T, i = 1, 2, · · · , �− 1, (13)

The integral of data vector ϕ(t) can be calculated by

φ(k) =
�∑

j=0

gjϕ(k − j) =





P (k) − P (k − �)
− − −

�∑

j=0

gjV (k − j)ψ1(V (k − j))

...
�∑

j=0

gjV (k − j)ψnE (V (k − j))

− − −
�∑

j=0

gjQ(k − j)

�∑

j=0

gjQ(k − j)|Q(k − j)|

Q(k) −Q(k − �)





(14)

Here, analytical forms are taken for the terms where the integral can be calculated
analytically. Get together the approximation error ∆Σ caused by numerical integration
and the integral of error term ε(t) of Equation (10) in e(t). Namely, e(k) is

e(k) = ∆Σ +
∫ kT

(k−�)T
ε(τ)dτ. (15)

Consequently, a discrete-time identification model of respiration system is derived:

y(k) = φT (k)θ + e(k). (16)

4 Estimation of Pulmonary Elastance

From measurements of the airway pressure P (k), air flowQ(k) and pulmonary volume
V (k), it is easy to calculate y(k) by equation (12) and φ(k) by equation (14) at each
instant k = �+ 1, · · · , N , then N − � regression equations can be derived as:

y = Φθ + e, (17)

where, y = [y(�+ 1) · · · y(N)]T , Φ = [φ(�+ 1) · · · φ(N)]T and e = [e(�+ 1) · · ·
e(N)]T , respectively.



Estimation of Pulmonary Elastance Based on RBF Expression 511

0 2 4 6 8 10 12 14 16

0

10

20

30

40

50

60

 Pressure  P[cmH
2
O]

 
V
o
l
u
m
e
 
 
V
[
m
l
]

Fig. 1. Estimation of pulmonary elastance of a patient

The least squares estimate that minimizes the criterion function J defined as a sum
of squared errors J = ||y − Φθ||2 is given by

θ̂ = (ΦTΦ)−1ΦTy (18)

provided the inverse exists. Then, the estimate of pulmonary elastance are obtained:

f̂E(V ) =
nE∑

i=1

b̂iψi(V ) (19)

The above algorithm is an off-line algorithm in which the calculation is carried
out after the data of length N are collected. But, in clinical cases, the data are recorded
successively, and the state of lung may change, so on-line estimation algorithm is desired.
The on-line algorithm for calculating the above LS estimate is as the follows[10]:






θ̂(k) = θ̂(k − 1) + L(k)(y(k) − φT (k)θ̂(k − 1)),

L(k) =
S(k − 1)φ(k)

λ+ φT (k)S(k − 1)φ(k)
,

S(k) =
1
λ

[
S(k − 1) − S(k − 1)φ(k)φT (k)S(k − 1)

λ+ φT (k)S(k − 1)φ(k)

]
,

(20)

where, λ (λ ≤ 1) is the forgetting factor, and the initial values of θ̂ and S are taken as
θ̂(0) = 0, S(0) = s2I (s is a sufficiently large real number).

5 Validation by Clinical Examples

In this section, to verify the applicability of our new model, the pulmonary elastance of
a patient is estimated based on the proposed model and the on-line estimation algorithm.
In this example, the sampling period is T = 0.005 second, the data length is N = 470.
The measurement data of P (k) and V (k) are plotted by dotted line in Figure 1. In this
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example, the elastic term fE(V ) is approximated by a RBF network which have nE = 5
nodes. By the proposed estimation algorithm, the weights of RBF nodes are estimated:

[ b̂1, b̂2, b̂3, b̂4, b̂5] = [1.444, −3.331, 4.496, −3.640, 1.662]

where, the integration window size is taken as � = 20. The static P/V characteristic
curve calculated by the estimated parameters b̂1, b̂2, b̂3, b̂4, b̂5 is drawn in “+" symbols
in Figure 1.

In figure 1, the static P/V curve obtained by the interrupter technique is drawn in
“�" symbols (inspiration) and “o" symbols (expiration). We can see that the estimated
elastance curve fits the practically measured static P/V curve quite well.

6 Conclusions

In this paper, a new respiration system model is proposed, which is a second order
nonlinear differential equation with elastic term expressed by RBF network. The model
is able to describe the nonlinear dynamics of respiration. By using Sagara’s numerical
integration technique, a discrete-time identification model is derived. Then, off-line and
on-line parameter estimation algorithms are presented. It is easy to obtain pulmonary
elastance from identified model. The proposed model and the parameter estimation
method are validated by clinical examples.
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Abstract. Inter-residue contacts map prediction is one of the most im-
portant intermediate steps to the protein folding problem. In this paper,
we focus on protein inter-residue contacts map prediction based on ra-
dial basis function neural network (RBFNN), and propose a novel binary
encoding scheme for the purpose of learning the inter-residue contact
patterns, and get a better prediction results.

1 Introduction

Protein spatial structure predictions, including secondary, tertiary and quater-
nary structure prediction, from primary amino acids sequence are the fundamen-
tal and unresolved problems in molecular biology. Full molecular modelling to
find the structures is at present intractable, and so intermediate steps, such as
inter-residues contact prediction, [1]-[4], and residue spatial distance prediction,
[5]-[7], have been developed rapidly recently. Our previous studies show that 2
amino acid residues which are far apart in sequence might be close together in
spatial relation, and this will increases the contact probability of the residues.
Therefore, the prediction of inter-residue contacts in proteins is an interesting
problem whose solution may be useful in protein-folding recognition, secondary
or tertiary structure prediction, de novo design and so on.

A contact map is a particularly useful two dimensional representation
of a protein’s three dimension structure. Within a protein sequence S =
{S1, S2, · · · , SN}, two amino acid residues, Si and Sj , are considered in contact
if the 3D spatial distance is less than a contact threshold t. The distance involved
in the different contact definitions can be that between the Cα −Cα atoms of the
two residues (Mirny and Domany, 1996), between the Cβ − Cβ (Thomas et al.,
1996; Lund et al., 1997; Olmea and Valencia, 1997) and the minimal distance
between atoms belonging to the side chain or to the backbone of the two residues
(Fariselli and CAsadio, 1999). But here, we use the distance between the two
residues geometrical centers, determined by the coordinates of their atoms, to
gain the contact map. Specifically, we use the spatial distance described in [7],

F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 513–518, 2004.
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(a) Tertiary
structure

(b) Desired maps of 5
and 6 Å

(c) Desired maps of 7
and 8 Å

Fig. 1. The tertiary structure and inter-residue contact maps of a soybean protein
sequence (PDB code 1AVU). (a): the sketch of the protein tertiary structure from
PDB; (b): blue asterisks in the upper left represent the contact map with the threshold
of 5 Å, while red circles in the lower right denote the map of 6 Å; (c): blue asterisks
and red circles represent the maps of 8 and 7 Å, respectively.

σ(Si, Sj) = |ri − rj |, where ri and rj are the geometrical coordinates of the 2
residues, to determine the residues are in contact or not.

The contact map of a protein with N amino acid residues ia an N ×N matrix
C, whose elements are defined as

Ci,j =
{

1 if residues Si and Sj are in contact
0 otherwise (1)

The contact between two residues can be defined in different ways. In partic-
ular, we will use the spatial distance described in [7] to determined the residues
are in contact or not, so the definition 1 becomes

Ci,j =
{

1 if |ri − rj | < Rc

0 otherwise (2)

where ri and rj are the geometrical coordinates of the 2 residues. As shown
in Fig1, a soybean protein sequence (PDB code 1AVU) contact map and its
tertiary structure are demonstrated. Here, we illustrate 4 inter-residue contact
maps with different threshold values of 5, 6, 7 and 8 Å, respectively.

2 Radial Basis Function Neural Network

Generally, a radial basis function neural network consists three layers (see the
RBFNN architecture which was shown in Fig.2): (1) the input layer, where all
the feature vectors of the training samples are input; (2) the hidden layer, where
at each node the input feature vector is put through a radial basis function
(RBF) that is centered on a corresponding exemplar vector −→V ; (3) the output
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layer, where all the inputs from the hidden layer are combined to indicate the
class of input sample. The weights between the hidden and the output layer
are adjust during the training procedure for the purpose of minimizing the cost
function.

Let we denote the training exemplar feature vectors set as {xq :
q = 1, · · · , Q}, and xq is an exemplar vector with N components, xq =
(xq

1, x
q
2, · · · , xq

N ). Each actual output from the jth node, zq
j is forced to match

the target component, tqj by adjusting the weights. At the same time, a bias, bj ,
is added onto the sum and also adjusted to help approximate the target value.
Then the output from each of the J nodes for the input vector, xq, has the
following form:

zq
j =

1
M

M∑
m=1

wmjy
q
m + bj

=
1
M

M∑
m=1

wmjexp(− (xq − xm)2

2σ2 ) + bj

(3)

where bj is a bias, wmj is the weight between the hidden and the output layer,
and the exp(·) the Gaussian radial basis function.

Table 1. The binary encoding scheme of the input sample space

Possible Pairwise Binary (8 Bits) Residue Classification Binary (4 Bits) Secondary Structure Binary (3 Bits)
Ala-Ala 00000000 Np-Np 0000 α-α 000
Ala-Cys 00000001 Np-P 0001 α-β 001
Ala-Asp 00000010 Np-A 0010 α-Coil 010
Ala-Glu 00000011 Np-B 0011 β-β 011
Ala-Phe 00000100 P-P 0100 β-Coil 100
Ala-Gly 00000101 P-A 0101 Coil-Coil 101

.

.

.

.

.

. P-B 0110
Ala-Tpy 00010100 A-A 0111

.

.

.

.

.

. A-B 1000
Tpy-Tpy 11010010 B-B 1001

Np: nonpolar-hydrophobic; P: polar-hydrophilic; A: acidic and B: basic

Fig. 2. The architecture of radial basis function neural network
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3 Input Encoding Scheme

Here, we use binary encoding scheme to denote the input vectors for every pos-
sible residue pairwise. Specifically, each possible pairwise is encoded by a 15 bits
binary, in which the first 8 bits denote the possible pair of 20 amino acids, the
following 4 bits denote the residue classification information, while the last 3
stand for its secondary structure information.

Possible residues pairwise (8 bits for the 210 possible pairwises): As we
known, the 20 different amino acid residues have 210 (20×(20+1)/2 = 210) pos-
sible couples (considering that each residue couple and its symmetric are coded
in the same way)[3], such as the couple of Ala-Ala, Ala-Cys, Ala-Asp, and so on.
So we can denote these 210 possible couples by a 8 bits binary which is shown
in Table 1.

Residue classes (4 bits for the 10 possible class pairs): Residues may be clas-
sified into 4 classes, ie., nonpolar-hydrophobic, polar-hydrophilic, acidic or basic.
So to a given pair of residues, there are totally 10 possible pair cases, such as
both nonpolar-hydrophobic, nonpolar-hydrophobic to acidic, and so on. In this
case, a given residue pair classification information can be denoted by a 4 bit
binary as shown in Table 1.

Secondary Structure Information (3 bits for the 6 possible structure pairs):
Studies show that the residue spatial structures, such as secondary structure
and tertiary structure, are important factors of residue contact. A amino acid
residue has three possible secondary structures:α-helix, β-sheet, and Coil. So,
we can use a 3 bit binary to denote the 6 possible secondary structure pairs, ie.,
α-α, α-β, α-Coil, β-β, β-Coil and Coil-Coil. Table 1 gives the detailed encoding
elements.

4 Simulation Results and Discussions

We use a large set of globulin proteins of known 3D structure to train the radial
basis function neural network for the purpose of learning the inter-residue contact
patterns. In Table 2, the 53 globulin protein sequences, which are got form PDB
with the sequence identity lower than 90%, are grouped into 5 classes: Ls < 100,
100 ≤ Ls < 200, 200 ≤ Ls < 300, 300 ≤ Ls < 400 and Ls ≥ 400, according
to their residue length, and the five sequences( identified by boldface), named
1TTF, 1E88, 1NAR, 1BTJ B and 1J7E A, are used to test the RBFNN.

4.1 Contacts Map Prediction Results

Here, we give the detailed contacts map (with a threshold of 6 Å) prediction
results of the globulin protein, PDB code 1E88, which was shown in Fig.3. In
the figure, the upper-left is the desired contacts map with the threshold of 8
Å, and the lower-right area is the predicted contacts map based our proposed
binary encoding scheme and an RBF network. Moreover, what should be stressed
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Table 2. The PDB code of globulin proteins with different residue length used for
training the radial basis probability neural network

Ls < 100 100 ≤ Ls < 200 200 ≤ Ls < 300 300 ≤ Ls < 400 Ls > 400
PDB Code Length PDB Code Length PDB Code Length PDB Code Length PDB Code Length
1OWW 98 1DV9 162 1F5F 205 1LOT B 376 1J78 A 458
1J8K 94 1KDK 177 1NAR 290 1OQH 337 1J78 B 458
1Q38 89 1KDM 177 1JQF 334 1H76 696
1QGB 93 1D2S 170 1D3K 329 1J7E B 458
1FNA 91 1LHN 189 1BTJ A 337 1LOT A 458
1FBR 93 1LHO 189 1TFD 304 1KW2 A 458
1O9A A 93 1LHU 189 1A8E 329 1JNF 676
1O9A B 36 1LHV 189 1B3E 330 1OD5 A 492
2FN2 59 1LHW 189 1N7X 331 1OD5 B 492
1TTG 94 1MUP 166 1OQG 337 1J7E A 458
1TTF 94 1QO6 101 1N84 331

1E8B 160 1BP5 A 337
1E88 160 1BP5 B 337
1E88 160 1BTJ B 337

Protein length Ls is the residue number of its amino acid, and the last 5 globulin protein (boldface) are used as
test sequences.

Table 3. Numbers and accuracies of predicted contacts map

Globulin Sequence 5Å 6 Å 7 Å 8 Å
PDB Code (Length) Np Nd A (%) Np Nd A (%) Np Nd A (%) Np Nd A (%)
1TTF (94) 145 482 30.08 245 783 31.29 346 1072 32.28 376 1421 26.46
1E88 (160) 424 1437 29.51 660 1955 33.76 772 2438 31.67 1006 3352 30.01
1NAR (290) 1394 4533 30.75 2025 6197 32.68 2583 7864 32.85 3346 10524 31.79
1BTJ B (337) 1783 5944 30.00 2767 8630 32.06 3250 10745 30.25 3796 14283 26.58
1J7E (458) 2751 9732 28.18 4601 15688 29.33 5504 19645 28.02 6589 25026 26.33
SUM & Accuracy 6497 22128 29.36 10298 33253 30.96 12455 41764 29.82 15113 54606 27.67

is that all the residues pair contacts, whose sequence separation |i − j| ≤ 4, are
not shown in the figure.

4.2 Predicted and Desired Numbers

The five globulin protein sequences, named 1TTF, 1E88, 1NAR, 1BTJ B and
1J7E A, which are shown in Table 2, are used to test the proposed RBFNN.
The correctly predicted contacts numbers and the corresponding accuracies are
given in Table 3, from which we can see that the network overall performance
with the contact threshold of 6 Å score higher than the other three, 5, 7 and 8
Å, and the average accuracy reaches about 30.96%. This demonstrates that the
contact threshold with 6 Å is the best.

Fig. 3. The predicted and desired contacts map with a threshold of 6 Å for the globulin
protein sequence 1E88, the red squares in the lower-right area denote the predicted
contacts, while the blue squares in the upper-left stand for the desired contacts.
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5 Conclusions

In this paper, we proposed a new binary input encoding scheme for the purpose
of training radial basis function neural network to predict inter-residue contacts
map within the globulin protein sequences, and got a better results. Future
works will include protein inter-residue distance distribution analysis and ter-
tiary structure prediction.
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Abstract. In this paper, we focus on modeling and exploring the genetic
regulatory systems (GRS) with an artificial recurrent neural network (ARNN).
Based on the approximation capability of the ARNN, the proposed model can
be used to express and analyze the genetic regulatory systems of genetic
components, even the large-scale genetic systems. Unlike the conventional
ARNN, the ARNN used in the paper is the echo state network (ESN), in which
the connection weights of internal neurons are fixed and only the output
weights are adjustable. Thus, there are no cyclic dependencies between the
trained readout connections and, training the genetic regulatory system becomes
a simple linear regression task. The experiment studies shows the new genetic
regulatory system modeled by ESN and trained from the fluorescent density of
reporter protein has a satisfactory performance in modeling the synthetic
oscillatory network of transcriptional regulatory of Escherichia coli cells.

1   Introduction

Each cell of a (multi-cellular) organism holds the genome with the entire genetic
material, represented by a large double-stranded DNA molecule with the famous
double-helix structure. Cells are therefore the fundamental unit of living matter. They
take up chemical substances from their environment and transform them. The
functions of a cell are subject to regulation such that the cell acts and interacts in an
optimal relationship with its environment. The interaction of genetic components or
genetic regulatory is a complicated process, included ‘Transcription’ and ‘translation’.
Transcription is the process by which coding regions of DNA (called ‘genes’)
synthesize RNA (m-RNA) molecules. This is followed by a process referred to as
‘translation’ synthesizing proteins using the genetic information in RNA as a
template. Most proteins are enzymes and carry out the reactions responsible for the
cell’s metabolismthe reactions that allow it to process nutrients, to build new cellular
material, to grow, and to divide. Thus, the genetic regulatory is a nonlinear dynamical
process.

Modeling the genetic regulatory process as dynamical systems have been studied
extensively for biochemical oscillations, the genetic toggle switch in Escherichia coli
                                                       
* This work is supported by the NSFC 60272068.
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(E.Coli.) and λ phage, gene expression multi-stability in lactose utilization [1][5][8],
and circadian clocks found in many organisms. All of these works stress the
importance of feedback regulation of transcriptional factors. From the previous works,
it is possible to design and construct an artificial neural network with new functional
properties from genetic components to model the genetic regulatory process.
    In this paper, we use ARNN, in particular echo state network, to model the genetic
regulatory process, and then, the ESN is identified from the green fluorescent protein
(GFP) of reporter protein, which represents the intensity of reporter proteins.

2   Genetic Regulatory Systems

Gene expression is a complex process regulated at several stages in the synthesis of
protein, included ‘Transcription’ and ‘translation’. There are several basic models for
genetic networks [2][3][4][6][7]: 1) the Bayesian or logical (Boolean) model, 2) the
ordinary (or partial) differential equation (ODE), called as the rate equations, also. By
virtue of random graphs, the vertices or nodes represent the genes or other elements,
and edges may represent the interaction relation. Under the Markov field assumption,
the joint probability distribution of edges or multiple nodes, which may represents the
interaction intensity of two or multiple genes, can be estimated from the expression
data, such as the micro-arrays experiments. Figure 1(A) depicts an example of genetic
regulatory network modeled by the graph models. Although the Bayesian networks
and graph models are intuitive representation of genetic regulatory systems, they have
the drawback of leaving dynamical aspects of gene regulatory implicit and coarse. In
contrast, ODE or rate equations describes the concentrations of gene products such as
mRNAs, protein and other small molecules, which are more accurate and can provide
detailed understanding of the nonlinear dynamical behavior of biological systems,
such as multi-stability, toggle switch and synthetic oscillatory. This paper will focus
on the latter, i.e. the ODE based regulatory systems.
    Figure 1 systemically shows genetic regulatory process, and the concentrations of
gene products in Figure 1 can be modeled as

( ) ( ), ( )m pd t dt t t τ = − m f m p (1)

[ ]( ) ( ), ( )p md t dt t tτ= −p f m p (2)

where [ ] NT
n Rtmtmt ∈= )(),()( 1m and [ ] NT

n Rtptpt ∈= )(),()( 1p are the concentrations

of mRNAs and proteins, respectively. [ ] NT
mnmm R∈= τττ ,1 and [ ] NT

pnpp R∈= τττ ,1  are

the positive real vectors indicating the time-delays of mRNA and protein respectively.

( )[ ] ( )[ ] ( )[ ][ ]Tpmnpmpm ttfttftt τττ −−=− pmpmpmf ),(,),(),( 1
(3)

( )[ ] ( )[ ] ( )[ ][ ]Tmpnmpmp ttfttftt pmpmpmf ),(,),(),( 1 τττ −−=− (4)

are the continuous function vectors. By sampling procedure, the ODE (1)(2) can be
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rewritten in discrete form as

( ) [ ])(),1(),(),(1 pm Qkkkkk −−=+ pppmfm (5)

[ ])(),(),1(),()1( kQkkkk mp pmmmfp −−=+ (6)

where ,2,1,0=k represents the sampling instant, )(),( kk pm are the sampling values

of )(),( tt pm . The vectors [ ]•mf and [ ]•pf are similar to their continuous forms. pQ and

mQ are the positive integers.

Fig. 1. Genetic regulatory network with feedback components for transcriptional and splicing
processes. (A) genetic regulatory network, (B) structure of node-i or sub-network.

3   GRS Modeled by RNN and ESN

Certainly the ODE or rate equation can be modeled by an artificial recurrent neural
network (ARNN). Figure 2 (A) depicts a standard ARNN, in which all weights
denoted by dotted arrows, including input, output and internal (or hidden) neuron, are
adjustable aim at minimizing the error )()()( kykdke −= .

    Observing the ARNN, we can see that the output )(ky and error )()()( kykdke −=  are

apparently the nonlinear functions of the weight parameters apart from the output
weights. As a result, the training is complicated and may converge to a local minima.

Instead of the standard ARNN, we use an ESN [9] to model the genetic regulatory
networks. An ESN is also an ARNN, but its approach differs from the conventional
ARNN in that a large RNN is used (on the order of 50 to 1000 neurons, the
conventional ARNN typically use 5 to 30 neurons) and in that only the synaptic
connections from the ARNN to the output readout (output layer) neurons are modified
by learning. Figure 2 (B) illustrate an ESN, in which only the connection weights,
dotted arrows, associated with the output neurons are adjustable by the learning.
Because there are no cyclic dependencies between the trained readout connections
and, training the genetic regulatory system becomes a simple linear regression task.
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Fig. 2. (A) Conventional RNN model, (B) Echo State Networks. Sold bold arrows, fixed
synaptic connections; dotted arrows, adjustable connections.

   From Figure 2 (B), the output )(ky is
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where ESNN is the number of internal neurons, )(kwi is the output neuron weights, i.e.
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( ) ( )











++−+−= ∑∑ ∑∑∑

=1 2

121

1 2

121
1

)(
,2

)(
,,2

)(
,, )()(

l l

N

j
ij

inneuron
jil

out
lli

l l
l

in
llii

ESN

kxwlkywlkuwgkx β
(8)

with the fixed weights )(
,, 21

in
lliw , )(

,, 21

out
lliw and )(

,
inneuron
jiw . [ ]•g is the activation function and

is chosen to be the Sigmoidal function, and iβ is a constant.

Because the connection weights of input and internal neurons are fixed, ( )kxi is

known in estimating )(kwi . From (7), the adjustable weights can be easily estimated

from the training set{ })(),(),( kxkykd i , ,2,1=k . More detail refers to [9].

4   GRS Identified by the Fluorescent Reporter Proteins

We consider a genetic regulatory system composed of three repressors in E. coli., i.e.
a plasmid illustrated in [1] . The first repressor protein, LacI from E. coli., inhibits the
transcription of the second repressor gene, tetR from the tetracycline-resistance
transposon Tn10, whose protein product in turn inhibits the expression of a third gene,
cI from λ phage. Finally, CI inhibits lacI expression, completing the cycle. The detail
about the plasmid refers to [1]. By isolating single cells under the microscope, the
transcription process is observed by monitoring their fluorescence intensity as they
grew into small two-dimensional microcolonies consisting of hundreds of progeny
cells. Figure 3 is copied from of the experiment measurements in [1].
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    We use ESN to model the synthetic oscillatory network, which is composed of
three transcriptional repressors. Three repressor-protein concentrations, )(kpi , and

their corresponding mRNA concentrations, ( )kmi , are treated as the dynamical

variables. In the initial phase, six variables are randomly perturbed to initiate the ESN,
which simulates that the transcription process is initiated by the binding of several
transcription factors to regulatory sites in the DNA, usually located in the promoter
region of the gene. And then, ESN is trained by the GFP measurements.

Fig. 3. Repressilation in living bacteria. a, b, The growth and time-course of green fluorescence
protein (GFP) expression for a single cell of E. coli host strain MC4100 containing the
repressilator plasmids. Snapshots of a growing micro-colony were taken periodically both in
fluorescence (a) and bright-field (b). c. The pictures in a and b correspond to peaks and troughs
in the time-course of GFP fluorescence density of the selected cell. Scale bar, 4 mm. Bars at the
bottom of c indicate the timing of septation events, as estimated from bright-field images.

In ESN, we use 50 internal neurons, and the fixed weights, )(
,, 21

in
lliw and )(

,, 21

out
lliw take

value as random variable uniformly distributed within )1,0( , and

=)(
,
inneuron
jiw ( ) ( )jirjir ,, 21

(9)

where ( )jir ,1 is a random variable uniformly distributed within )1,0( , and ( )jir ,2 is

( )


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≥
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=
1.00

1.01
,2 r

r
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(10)

where r is a random variable uniformly distributed within )1,0( . Thus, the connectivity

of internal neurons is only 10% controlled by (9)(10), a sparse interconnectivity.

Fig. 4. The ESN outputs. (50 internal neurons, only 10% connectivity)
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Figure 4 shows the original measurement and ESN outputs. Observing Figure 4, we
can see that the ESN with sparse interconnectivity can better model the genetic
regulatory system. Because only output weights need to estimated and adjusted, the
learning process is simpler than the conventional ARNN. After ESN identification, it
is easy to analyze the nonlinear dynamic property of the regulatory networks. Because
of space limitation, the detail will not be discussed here.

5   Conclusion and Remarks

Based on the approximation capability, we have used an ARNN to model and analyze
the genetic regulatory systems, even the large-scale genetic systems. Unlike the
conventional ARNN, the ARNN used in the paper is the ESN, in which the
connection weights of internal neurons are fixed and only the output weights are
adjustable. Thus, there are no cyclic dependencies between the trained readout
connections and, training the genetic regulatory system becomes a simple linear
regression task. The experiment studies show the new genetic regulatory system
modeled by ESN and trained from the GFP density of reporter protein has a
satisfactory performance in modeling the synthetic oscillatory network of
transcriptional regulatory of E. coli cells.
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Abstract. This paper designs a new adaptive disparity filter which
implements the binocular matching of disparity features in stereo
images, and constructs a computational model as well as a stereopsis
system based on the disparity filter along with mechanism of biological
vision by integrating it with Grossberg’s FACADE theory, to process
real-world images of 3-D scenes. By using this stereopsis system, depth
perception of surfaces in real-world stereo images is simulated and
realized.

Keywords. Neural Networks, Depth Perception, Surface Perception,
FACADE Theory.

1 Introduction

Although Marr’s computational system of stereo-vision, which processes 3-D
(three-dimensional) scenes through 2.5D representation, was the dominate the-
ory in the research field of computer vision for several decades (see [1]) and
succeeded in many applications, it is not a universal framework for processing
images of complex and diverse 3-D natural scenes. As we all know, the fact that
human’s biological vision system can percept and understand natural scenes
without any embarrassment, inspires lots of researchers to develop computer
vision system by simulating mechanisms of biological vision (see [2], [3], etc.),
and Grossberg’s FACADE (Form-And-Color-And-DEpth) theory may be one of
most successful and integrated framework among these efforts and work.

In 1980s, Grossberg proposed the concepts of BCS (Boundary Contour Sys-
tem) and FCS (Feature Contour System) as integrated pre-attentional process-
ing models of biological vision system. BCS generates boundary segmentation
by imposing neural mechanisms of short-range competition and long-range co-
operation, while FCS obtains surface perception through filling and diffusing
features such as brightness, color, within these segmentation boundaries from
BCS. To explore more about the in-depth perception mechanism of binocular
� Supported by the Distinguished Young Scholars Fund of China (60225015), Natural
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vision inside biological system, Grossberg and his colleagues introduced the idea
about FACADE model which combined BCS and FCS firstly in 1994 (see [3]),
proposed the integrated FACADE model and then established FACADE theory,
an integrated neural network theory of 3-D biological vision in 1997 (see [4]).
Recently in 2003, Grossberg proposed the 3D LAMINART model (see [5]) to
cope with data about perceptual development, learning, grouping and attention.
The 3D LAMINART model, as Grossberg claimed, refined the FACADE model,
introduced some new features, and can be employed to explain a much larger
set of neurophysiological, anatomical and psychophysical data about stereopsis
as well as 3-D surface perception than FACADE model had previously been
possible.

FACADE theory and 3D LAMINART model have established primary frame-
works of binocular vision system upon biological foundations. However, both
models are primarily aiming at constructing mathematic depictions of biological
vision system as closely as possible. They are chiefly applied to explain some
visual phenomena such as illusions through simulating process using only simple
images which contain ordinary object such as regular geometries, but it is quiet
difficult for such models to analyze and process images of the real-world scenes
in which there are lots of confusions, fuzzy edges and complex objects. More-
over, FACADE theory and 3D LAMINART model are both too complex to be
practical as computational model for real-world image processing.

The aim of this paper is to implement a practical computational model and to
construct an image processing computer system to be able to process real-world
images of 3-D scenes based on biological mechanism. Inspired by the success of
FACADE theory for their uniqueness and superiority with neural mechanisms
such as competition and cooperation, we designed an adaptive disparity filter,
and integrated it with FACADE theory to achieve a stereopsis system to process
complex images with feasible computational load. By using this stereopsis sys-
tem, depth perception of surfaces in real-world stereo images is effectively and
efficiently realized.

2 Model of Biological Vision for Stereopsis

Full description of FACADE theory can be found in [3] and [4], this paper won’t
repeatedly discuss all the details, but introduce a similar model presented for
this paper, whose diagram is shown in Fig.1, and explain the primary mech-
anisms. As what can be seen in the diagram, monocular preprocessing (MP)
of left eye and right eye inputs generates parallel signals to BCS and FCS via
pathways 1 and 2 respectively, which is carried out by the ON and OFF chan-
nels of lateral geniculate nucleus (LGN). Pathways 1 model monocular inputs to
the inter-blobs in cortical area V1, and monocular inputs activate model simple
cells which complete the function of oriented contrast filter (OC Filter). Path-
ways 2 model monocular inputs to blobs in cortical area V1 and thin stripe
in cortical area V2. Pathways 3 support binocular combination of outputs from
monocular simple cells at complex cells, which generate populations of disparity-
sensitive cells (namely, multiple BCS copies are formed, each corresponding to
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certain depth plane) and realize disparity filtering. The outputs of complex cells
reach the Cooperative-Competitive Loop (CC Loop) via pathways 4. CC Loop
is constitutive of hyper-complex cells and bi-pole cells, in which each BCS copy
implements boundary grouping and optimizing within a given depth range, its
outputs are transported into cortical area V4 via pathways 5. While the FCS
signals reach the cortical area V4 via pathways 6 that control the one-to-many
topographic registration of the monocular FCS signals. In V4, firstly these FCS
signals from left and right eye are binocularly matched, then the surviving FCS
signals that can be selectively captured by the BCS boundary signals from path-
ways 5 are used to initiate diffusive filling-in of a surface representation. Finally,
visible surface perception is gained by the diffusive filling-in in the corresponding
depth plane. The following text will only present and discuss those significant
processes of this stereopsis model, especially the disparity filter brought forward
in this paper.

Fig. 1. Circuit diagram of the biological stereopsis model. Sold lines designate BCS,
while dashed lines designate FCS

2.1 Disparity Filter

After MP has discounted the illuminant and OC filter has achieved boundary
localization (see [4]), the complex cells in this stage combine the left and right
monocular information for the first time, form multiple BCS copies to code dif-
ferent disparities and realize the function of disparity filter. Therefore, it is the
key aspect of the stereopsis model. Considering the horizontal bias of eyes config-
uration in binocular vision system, we classify the binocular features received by
complex cells into two categories: disparity features and non-disparity features,
the latter only concern the horizontal contrast features and the former concern
the others. To disparity features, the present model carries out the operation of
disparity filtering to distribute them into the corresponding disparity-sensitive
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pools of cells (namely, the corresponding depth plan). On the contrary, to non-
disparity features, this model directly transports them to the next stage.

In the FACADE model and the 3D LAMINART model , the membrane po-
tential equations of complex cells that realize the function of disparity filter are
the differential equations without analytical equilibrium solutions (see [4], [5]).
So, a great number of iterative operations are needed to solve those differen-
tial equations. Ensuring inhibitory interactions are generated only when a cell
is sufficiently active over its firing threshold, the two models introduce some
half-wave rectifying operations with thresholds, which make their parameters
less robust. However, an adaptive disparity filter designed by us overcomes the
above shortcomings and achieves disparity tuning of complex cells rapidly and
efficiently.

The adaptive disparity filter is composed of the binocular combination and
the disparity competition. The binocular combination receives the outputs from
the simple cells of left and right eye. When the complex cells receive the outputs
with approximately the same magnitude of contrast from like-polarity simple
cells of left and right eye, they register a high pattern match and are strongly acti-
vated, otherwise they register a less perfect match and aren’t strongly activated.
Then the following disparity competition suppresses false and weak binocular
matches and implements the function that each disparity-sensitive pool of cells
only codes the information corresponding its depth. Because, within the current
implementation, the activities of complex cells that have been perfectly acti-
vated are approximately 2 times as strong as the activities of those that receive
the common monocular inputs but aren’t perfectly activated, in the binocular
combination. Thus complex cells in each disparity-sensitive pool of cells can be
inhibited by only those: (a) that are in different disparity-sensitive pools of cells;
(b) that receive monocular inputs from common simple cells; (c) whose activities
exceed half of their activities. Basing the above factors, we design the dynamics
equation of disparity competition, the kernel of this adaptive disparity filter, as
follows:

dJijk̂d

dt
= −αJijk̂d +

(
U − Jijk̂d

)
Fijk̂d −

(
Jijk̂d + L

)
C . (1)

where,

C =
∑
e,p

g
(
Fi+p,j,k̂,e, Γijk̂d

)
GL

pde +
∑
e,p

g
(
Fi+p,j,k̂,e, Γijk̂d

)
GR

pde . (2)

Γijk̂d = 0.6Fijk̂d . (3)

g(x, y) =
{

x, for x > y
0, others . (4)

In (1), α is a constant decay rate, U/L bounds the upper or lower limit of cell
activity, k̂ designates the orientations corresponding to disparity features; Fijk̂d

is the total input to the complex cell centered on location (i, j), of orientation
k̂, and tuned to disparity d; Jijk̂d is the output activity of complex cell. In (2),
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GL
pde and GR

pde are the left and right inhibitory connections between complex
cells that code different disparities. Equation (1) has an analytical equilibrium
solution, (3) and (4) embody the adaptive threshold.

This adaptive disparity filter achieves the role of the disparity filter and
generates the outputs in one step without iterative operations, which remarkably
reduces computational load, and makes the present model’s parameters more
robust than other models’.

(a) Left image (b) Right image

Fig. 2. Real-world stereo image pair processed in the simulation of this paper

(a) Farther
plane

(b) Far plane (c) Near plane (d) Nearer
plane

Fig. 3. The final outputs of the simulation of stereopsis model

2.2 Filling-in

The filling-in process in cortical area V4 is the last stage in this model. This
stage receives not only the monocular FCS signals from left and right eye (via
pathways 6) but also the binocular BCS signals from CC Loop (via pathways
5). Because only disparity features contain disparity information, non-disparity
features don’t, so in this model, only disparity features in binocular BCS are
used to capture the outputs from the ON and OFF channels of LGN to select
those FCS signals that are spatially coincident and orientationally aligned with
binocular BCS boundaries in different depth planes. Then filling-in, which allows
the brightness signals to diffuse spatially across the image except where gated by
the presence of BCS signals (see [4]), is carried out in the corresponding depth
plane using those captured FCS singles. In each depth plane, because there are
two FCS signals (the outputs of ON channel and OFF channel) corresponding
to one signal from BCS, there are two filling-in domains: ON filling-in domain
and OFF filling-in domain. Ultimately, visible surface perception is generated by
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the competition between the outputs of ON filling-in domain and OFF filling-in
domain.

3 Simulation and Realization

We have realized this stereopsis model in personal computer system and proces-
sed many stereo images of real-world scenes. Simulation and experimental results
indicate that this stereopsis model is feasible and efficient. To demonstrate the
capabilities of our realization in analyzing and processing 3-D real-world images,
a sample everyday stereo image pair, as presented in Fig.2, is processed and exhi-
bited here. To illustrate more expressly, only 4 separate disparity-sensitive pools
of cells corresponding different depth planes are specified in this simulation.

Although there are fuzzy edges, shadows of the objects, and uneven illu-
mination presented in the image pair shown in Fig.2, the processing result is
satisfying. Figure 3 displays the final outputs of the stereopsis model, where
the activities in the disparity-sensitive pools of cells reflect exactly the relative
depth correlations of the objects in the stereo images, shadows of objects are
suppressed, and figure-ground separation is also realized.

4 Discussion

The computational stereopsis model of this paper, as a realization of FACADE
theory, circumvents the complex interactions between BCS and FCS to reduce
model complexity and computational load. Moreover, the model is more efficient
and parameter-robust by using the adaptive disparity filter proposed in this
paper. Furthermore, it can process the stereo images of the real-world scenes
rapidly and efficiently to realize 3-D surface perception, which is not achieved
by other models that instantiate the FACADE theory.

However, original FACADE model simply divides the 3-D scene into a series
of vertical planes, therefore the model can’t realize 3-D perception of slanted or
curved surfaces since these surfaces can’t be filled out in any single depth plane.
These situations will be further researched whether by designing a continuous
disparity model or by constructing a filing-in mechanism across the disparity
planes.
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Abstract. A new reconstruction approach to computerized tomography(CT)
with Cauchy Radial Basis Functions network is presented. The distribution of
material parameters is represented by the weighting sum of Cauchy functions.
The analytical formula of the line integral of Cauchy functions along any
straight-line path is deduced, and the theoretical projection data along a bent
ray is computed by optimization algorithm. The parameters in RBFs network
are found by the learning rule based on the gradient decent method. The new
reconstruction approach is suitable for the CT with a relatively small number of
bent ray paths or projection dada, such as seismic tomography. Computer
simulations show its good effects.

1   Introduction

Computerized Tomography (CT) is to visualize a spatial distribution of material pa-
rameters, such as attenuation rate or propagation velocity, from measured projection
data. One of the key matters of CT is reconstruction algorithm. Filtered Back-
Projection (FBP) of image reconstruction is in common use, but it is unfit for the case
with a small number of projection dada. Seismic tomography is a method to deter-
mine the seismic wave propagating velocity in subsurface material from the seismic
wave travel times measured in borehole or on ground, and has been used in geologi-
cal and mineral prospecting applications. In seismic tomography, seismic travel times
are given only; the goal is to infer the velocity, but the bent ray paths depend on the
velocity distribution strongly. So the nonlinear inversion is required. One has pro-
posed many iterative methods for traveltime inversion of seismic tomography, such as
Algebraic Reconstruction Technique (ART), Least Squares Methods (LSM), and so
on [1]. These methods divide the material into many small homogeneous pixels (or
cells), and set up the discretized form of the equations between traveltimes at receiv-
ers and average velocities of all cells. Then the velocity value in each cell is recon-
structed from traveltimes. In order to get a good reconstruction result, each pixel must
be enough small, and be covered by a number of rays. When projection data are
scarce it is uncertain whether each pixel covered by rays. If the pixels are large, the
resolution of imaging must be lowered. Ichihashi et al (1993) proposed a neuro-fuzzy
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approach to CT for the reconstruction of cross section images from small number of
projection data, assuming the straight ray-optic model of the propagation mechanism
[2]. The Gaussian RBFs are adapted to the direct method of solution using iterative
technique. The line integral formula of Gaussian RBFs along infinite straight-line can
be obtained in a simple manner, but not for definite one. Consequently, the theoretical
projection along a definite straight-line ray or a bent ray can not be computed accu-
rately with this kind of RBFs, and the CT with bent ray, such as seismic traveltime
tomography, can not be achieved. Gaussian and Cauchy functions have a same spatial
distribution. The analytical formula of the line integral of Cauchy functions along any
definite straight-line path can be deduced, so the Cauchy RBFs are used to express the
propagating velocity distribution of material in this paper. A bent ray is approximated
by a set of small straight segments. The theoretical projection along any bent ray path
can be computed by summing the projection data along all segments. Moreover the
proposed method with Cauchy RBFs in this paper can solve the CT problem with a
relatively small number of bent ray paths.

2   Theory and Methodology

2.1   Cauchy RBFs Network

Cauchy distribution function in x-y plane can be expressed as
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where (a, b) is its central coordinate, and -∞<a, b<∞. α and β show the variation rate
of the function along the radial direction, and α>0 and β>0. The function is elliptical.
If α equals β the function is circular.
Let the Cauchy function be kernel function of RBFs network. The final output of the
network is defined as:
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where K is number of neural cells in middle layer; ωk is the kth weight, and ),( yxf k is

kth Cauchy RBF.

2.2   Line Integral of Cauchy RBFs

Figure 1 shows the normalized region of imaging. 0  x 1, 0  y 1. The line EF rep-
resents straight path used by Ichihashi et al (1993), and SR represents bent path used
in our method. The line from G (xi, yi) to H (xi+1, yi+1) can be writ-
ten )( iii xxyy −+= γ , where )/()( 11 iiiii xxyy −−= ++γ . The line integral formula of

the network output function ),( yxµ along straight line segment GH is obtained as:
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The projection data along broken line SR can be computed by summing the line inte-
gral value along each segment, that is

∑=
i

iII  . (8)

2.3   Computation of Bent Ray Paths and Projection Data

Seismic wave propagates in heterogeneous media along bent ray paths, which obey
Fermat’s principle of least time. We must trace the bent ray paths starting from the
sources to the receivers for seismic tomography. Assuming the velocity distribution
of media can be expressed as equation (2), and the parameters K, ωk, αk, βk, ak, and bk

are known, now we determine the bent ray path for each pair of sources and receivers.
According to Fermet’s principle we seek the least time path between the two points
using trial and error. First we use many small straight segments to approximate the
curve paths between S and R, as shown in Figure 1, and give the starting coordinates
of the intersection points of the segments. The traveltime along each segment can be
computed with equation (3), so the general traveltime from S to R can be obtained by
simply summing. Then coordinates of the intersection points are corrected iteratively
by optimization algorithm. Once the bent ray paths are determined the corresponding
traveltimes (theoretical projection data) at receivers can easily obtained by equation
(8).
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Fig. 1. A region of imaging and ray paths

2.4   Tomographic Inversion with Neural Network

If the information in very small number of projection data is not sufficient to recon-
struct the velocity distribution the tomographic inversion is an ill-posed problem. It
has an infinite number of solutions. The reguralization is a technique to transform an
ill-posed problem into a well-posed one. Tabuchi et al (1995) consider the recon-
struction method with regularization conditions from very small number of projection
data on the assumption that the spatial distribution of media velocity is relatively
smooth [3]. We let the cost function with regularizations be as
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where P is the number of rays; I0p and Ip are measured projection data and computa-
tional projection data, respectively; W is the set of data points chosen in the region; λ
is a positive weighting constant for regularization condition.
We apply the learning algorithm based on the steepest descent method to find the
required Cauchy kernel function parameters αk, βk, ak, and bk, and weighting coeffi-
cient, ωk in the RBFs network.

3   Computer Simulations

We demonstrate the theoretical modeling example of cross-borehole seismic tomog-
raphy. The sources and receivers are located regularly on left and right edges of
probing region, respectively, because of the limitation of probing direction. 36 propa-
gation paths are chosen from 6 equally spaced transmitter and receiver locations. We
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have simulated three theoretic models, respectively shown in Fig.2a~Fig.3a. The
velocity of background media is 1.2km/s, and that of local anomalous velocity objects
is 4.8km/s. 16 Cauchy functions are distributed evenly in the probing region. The
initial values of parameters αk, βk and ωk all are 0.01. The corresponding reconstruc-
tion results are shown in Fig.2b~Fig.4b. We can see the proposed method have a
good performance. If we discretize the region of imaging according to the size of a
single anomalous velocity object in the theoretic model, there will be 100 pixels,
while the number of projection data is only 36, so it’s a serious ill-posed inverse
problem. It’s hard to reconstruct the velocity distribution with usual discrete algo-
rithms, such as ART, LSM, and so on.

Fig. 2. Theoretic model I (left) and reconstructed result (right)

Fig. 3. Theoretic model I (left) and reconstructed result (right)

4   Conclusion

In the article we presented a reconstruction approach to CT with Cauchy RBFs Net-
work. The formula to compute the projection data is deduced for the spatial distribu-
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    Fig. 4. Theoretic model I (left) and reconstructed result (right)

tion of material parameters as Cauchy RBFs. The bent ray paths are traced. The pro-
posed method can obtain an effective reconstruction result with a relatively small
number of bent ray paths.
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Abstract. With increasing demands on higher performance, more safety and
reliability of dynamic systems, especially on safety-critical systems, fault
diagnosis became a research interests in recent years. In this paper, a systematic
approach to design fault diagnosis and accommodation with compound
approach such as applying improved robust observer to fault diagnosis on
linearized system aided by dynamic neural network, which is trained to bridge
the gap between simulated system and real system on nonlinear attributes and
modeling errors. Using an instance of fault diagnosis on attitude control system
of satellite attitude, advantages of new scheme are tested to be effective.

1   Introduction

With modern control systems being more complicated, researches on how to make
control systems cost effective and reliable are not only important to safety critical
systems such as satellites, chemical plants, but also systems applied on vehicles and
home electrical appliances which are close to our daily lives. Fault diagnosis and fault
tolerance control approaches, which provide solutions for these demands, have been
received more attention of many researchers [1,2].

Fault diagnosis can be classified as linear and nonlinear by characteristics of
systems [2]. Research on fault diagnosis of linear system had made great
improvements. Although there are some achievements on fault diagnosis, it is still
hard to find a desirable general approach on nonlinear fault diagnosis [1]. [3] presents
a fault diagnosis of satellite based on model-free approaches such as possibility theory
and fuzzy set. Combination of neural network and dead-beat observer in [4] improves
fault detection. Systems with weak nonlinear attributes can be linearized on several
key points, a set of segmented linear systems can be used to approximate whole
nonlinear system in wide operation region [5]. Systems with hard nonlinear attributes
cannot be approximated by a set of linearized systems with desired precision due to
modeling error. Both model-based and model-free approaches have their pros and
cons, their merits can be applied and drawbacks be discarded. Robust observer
approaches can be applied to tolerate modeling error and model-free approaches such
as dynamic neural network can be applied to absorb hard-modeling factors. With
inspiration of taking advantages of both model-based and model-free approaches, a
project of fault diagnosis on attitude control of satellite is proposed.



538        H. Hao, Z. Sun, and Y. Zhang

2   Scheme of Fault Diagnosis

A linearized model, which can model most dominant characteristics of nonlinear
system, and a dynamic neural network, which is applied to compensate residual error
between linearized model and real system, are applied together to simulate real
system. Compound approach in Fig.1 is aimed to take advantages of linear fault
diagnosis on nonlinear systems. Simulated model is in dotted zone. Linear fault
diagnosis approach can be applied on dominant linear revised model. Common fault
diagnosis schemes use different kinds of observers to generate diagnostic residual
signals. After residual generation, different methods of residual analysis can be done.

Fig. 1. Scheme of compound fault diagnosis approach

Linearized model can be described as (1) and real nonlinear model as (2). A
dynamic neural network constructed by dynamic neurons partially interconnected to a
function of their own output is trained off-line to bridge the gap between proximate
linearized model and real system by data pairs of inputs and respective errors between
dominant linearized model and real system. The general equation of a dynamic neural
network can be described as (3). x  is state variable. u  is external input. θ  is a vector
of parameters. Function f  and g  are vector fields that define dynamics and output

mapping of the designed dynamic neural network respectively [6]. Dynamic neural
network, formed by many neurons, can be described as (4). 

iβ ,
,i jω ,

,i jγ  are adjustable

weights. 
ix  is activation state of unit i. ( )jxσ is activation function,
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The form of dynamic neural network is very similar to affine system with same
input and output states variables. Proved in [6], these similarities do ensure nice and
stable approximation. After training dynamic neural network by error between real
system and linear model with various random inputs and corresponding errors from
different initial conditions, optimizing on structure of network, real system can be
simulated by a well-trained dynamic neural network and dominant linear model. With
prior knowledge on faults, most parts of faults can be modeled. This provides
freedom as well as difficulty for design. Balance on complexity of linear model and
performance of fault diagnosis is also an optimization issue. Define differences
between real system and linear model as (5) with 

realx  and 
linx , 

realx  and 
linx being

respective state and derivative of state of real and linear system. A performance index
of approximation is defined as (6), N  is the number of evaluation data.

real line x x= − , 
real line x x= − (5)
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−−= =∑
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It is not hard to choose a linear model, which can approximate system with 0.1I ≤ .
The following theorem proves that compound approach with linear model and a
dynamic neural network simulates the real system with higher precision.

Theorem 1: A linear model (1) and a dynamic neural network (3) simulate
nonlinear system (2) with higher precision as (7). ( )real linx x−  is simulated output of

dynamic neural network. ∆  is efficiency of approximation of dynamic neural network.

( )
lim (1 * )

lin real lin

t
real

x x x
I I

x→∞

+ −
= − + ∆

(7)

Proof: Define modeling error between linear model and real system as (8), error
between real system and compound system as (9). A dynamic neural network is
trained to simulate the error between system and linear model. A theorem in [6] gives
a boundary of simulation error between nonlinear model and dynamic neural network
as (10). 

0Q  is strictly positive definite matrix. 0ε is bounded positive. Define

efficiency of approximation as (12). ( )e t  is approximate error of neural network.

Compound system can simulate nonlinear system described as (2) with precision as
(13). So, (7) is proven.

real linx x= −  , *real lin realx x I x= − = (8)

real lin dnnx x x∂ = − − (9)
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Compound approach can simulate nonlinear system within a higher precision as
(7). Higher precision means better performance of fault diagnosis.

3   Project Description

Satellite is highly autonomous spacecraft. Once it is at fault on orbit, it must make
self-diagnosis and reconfiguration to regain control and stability to avoid the loss.
Both hardware and analytical redundancies can help satellite to prolong life with fault.
This paper describes a project of satellite self-diagnosis and reconfiguration of
attitude control. The approach of attitude stabilization is zero-momentum using 3 plus
1 momentum wheels to absorb disturbances by exchange momentum with satellite on

ZYX ,,  axes. The whole scheme can be shown as Fig.2. A controller is applied to
change speeds of wheels to absorb disturbances to maintain precious attitude.

Fig. 2. Sketch of attitude control system

When one of three wheels fail and backup wheel starts up, the control law of
attitude system must be reconfigured. The angular momentum equation of satellite
can be described as (14). ω~  is skew symmetric matrix of ω , [ ]Tzyx ωωωω = . By

leaving high order items and coupling effects between attitude and orbit out, dynamic
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equation of attitude can be simplified as (15). )(sx , )(sy , )(sz  are respective attitude

angles of ZYX ,,  axes. 
.

( )xh s , 
.

( )yh s , 
.

( )zh s are control momentums on respective axis.

)(sTx
, )(sTy

, )(sT z
 are disturbance moments on respective axis. Being simulated by a

linear part and a dynamic neural network, linear fault diagnosis such as robust
observer is applied in this paper. In design of robust observer, an improvement on
precision is applied in [5]. After fault detection by observers, corresponding
remediation can be applied to maintain health of system to the utmost extent, such as
shutdowns fault components, starts backup, changes control law for reconfigured
system. Linear Quadratic Regulator (LQR) is applied to realize optimal solution with
constrain on energy of control signal and tracking error. This control law saves energy
and avoids surges of control signal while minimize the tracking error. By applying
LQR, state feedback law, Kxu −= , minimizes quadratic cost function (16) with
weighted matrices , ,Q R N .
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Fig. 3. Residuals of compound approach        Fig. 4.  Residuals of linear approach
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4   Simulation of an Instance

In this instance, a certain type of satellite is adopted. Parameters in 
sI  are 

xI =80kg,

yI =200kg, 
zI =210kg,

xyI =8kg,
yzI =15kg,

xzI =16kg. Models of reaction wheels and

sensors are defined with dead zones and saturations. In simulation, system is sampled
every 0.05 second. A fault on motor of 3rd wheel, named fault3, defined as drifts 2%
from normal point of reaction wheel with white noise of 1% occurred at 5000th step.
Fig.3 and Fig.4 show results of improved approach and direct linearization approach
respectively while fault3 occurred. In Fig.3, thresholds can be easily defined and
response of fault detection is faster than case in Fig.4. After simulations at different
working points, statistics conform that compound approach can keep fault alarm
below 0.1% with desirable efficiency contrast to direct one about 1%, which uses
about triple detection time. Aided by dynamic neural network, this compound strategy
of fault diagnosis makes nice performance.

5   Conclusion

In this paper, a new scheme of fault detection and accommodation on attitude of
satellite, with a compound approach based on improved robust observers and a well-
trained dynamic neural network has been proposed, which can make better
performance as well as make design easier, can be applied to nonlinear model for
general cases. This new scheme also can be extended to relative application fields.

Acknowledgements. This work was jointly supported by the National Key Project for
Basic Research of China (Grant No: G2003cb312205).
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Abstract. Parity space is a well-known model-based scheme for fault detection
and diagnosis. However, the construction of parity vector is strictly based on
the formulation of linear systems, and can hardly be extended to nonlinear
cases. From the view of analytical redundancy and the nature of parity space,
we propose a new parity check scheme for nonlinear deterministic systems,
which can be realized by neural networks and the condition that the parity
relation exists are also given theoretically. Simulation studies on the model of
the three tank system DTS200 demonstrate the effectiveness of the new
strategy, which can detect faults fast and accurately.

1 Introduction

Fault detection and diagnosis (FDD) has received more and more attention due to the
increasing demand for higher performance as well as for more safety and higher
reliability of dynamic systems, in which an active research area is model-based FDD,
and a classical method is parity space proposed by Chow and Willsky [1], which has
received much attention.

However, the construction of parity vectors is strictly based on the formulation of
linear systems, and can hardly be extended to nonlinear cases. Yu et al. [2] and
Gertler et al. [3] extended the parity space to bilinear systems and a special type of
nonlinear systems which can be transformed into an input-output form. Note that
these two types of nonlinear systems are very special which are very similar to linear
cases, so parity vectors can be constructed under the similar way. Staroswiecki et al.
[4] investigated the parity check scheme for another special type of nonlinear system,
namely polynomial systems. Krishnaswami et al. [5] proposed a nonlinear parity
equation for FDD based on NARMAX models, but the design method is a bit
complex and lacks theoretical analysis.

Inspired by the work of Moraal et al. [6] and Guo et al. [7], and based on analytical
redundancy: the nature of parity space, a new strategy for FDD of nonlinear systems
is proposed here which can be realized by neural networks due to its universal
approximation capability [8]. On the basis of the observability of nonlinear systems,
the condition for the existence of parity relation is also given theoretically. Simulation
results on the three tank system DTS200 with different types of faults illustrate the
effectiveness of our new FDD strategy.
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2 A New FDD Strategy Based on NN

2.1 Brief Review of Parity Space

Consider a linear discrete system as follows,
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H

CA B CB D−

 
 
 =
 
 
 

Under certain conditions [1], the left null space of  x

s
H  is not null, which is called

parity space. Then we can find a matrix Ω such that 0x

s
HΩ =  i.e. the rows of Ω

which are called parity vectors span the parity space. Then the residual is constructed
as follows [1],

: :( )u x
k k k s s k k s s kr Y H U H x+ += Ω − = Ω (3)

It is obvious that kr  is non-zero only if a fault occurs in the system. The existence of

Ω  denotes the parity relations in (2).

2.2 Extension to Nonlinear Case Based on Neural Networks

Consider a nonlinear deterministic discrete systems as follow,

1 ( , )

( , )
k k k

k k k

x f x u

y h x u
+ =

 =
(4)

Let ( ) : ( , )uf x f x u=  and ( ) ( , )uh x h x u= , then as is done in (2) we have,
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 i.e. : :( , )k k s s k k k sY x U+ +=H (5)

where “ ” denotes the composition of functions. Different from the linear case, the
unknown variables kx  can’t be eliminated simply by orthogonality technique as is

done in (3). So the parity space method proposed by [1] can’t be extended to
nonlinear systems intuitively.

However, it can be seen that the nature of parity space is analytical redundancy, the
redundancy of the set of linear equations of (2). Without loss of generality it’s
assumed that the first n  rows are linear independent. Then it is to say that other rows

of s

x
H  can be described as linear combinations of the first n  rows and it’s obvious

that parity vectors in Ω  could be obtained directly from the coefficients of linear
combinations, which means that the residual in (3) is actually constructed from the
redundancy of the set of linear equations of (2). Therefore it is intuitively to guess that
we can also obtain the residual from the redundancy of nonlinear set of equations of
(5). First a definition is given below.

Definition 1 (N-Observability). [6] The nonlinear system (4) is said to be N -
observable at a point nx ∈R  ( 1N ≥ ) if there exists :k k sU +  such that x  is the unique

solution of (5) with 1s N= − . The system is uniformly N -observable if the mapping
* 1 1

1 : ( ) ( ) ( )n m N p N m N
N

− −
− × → ×H R R R R  by : 1 1 : 1 : 1( , ) ( ( , ), )k k k N N k k k N k k Nx U x U U+ − − + − + −→ H

is injective; it is locally uniformly N -observable with respect to n∈RO  and
1( )m N −∈ RU  if *

sH  restricted to ×O U  is injective.

When the system (4) is (locally) uniformly N -observable, the equation (5) with
1s N= −  can be uniquely solved for kx  i.e. 1 : 1 : 1( , )k N k k N k k Nx Y U− + − + −= Ψ  where 1N −Ψ

is the first n  rows of the inversion of *
1N −H . Moraal et al. [6] solved kx  by Newton-

Broyden’s method, based on which an observer was also constructed. Guo et al. [7]
proposed to use neural networks to approximate the inversion 1N −Ψ  to get a rough

estimation of state variables which are used as the initial states of EKF.
Then if we construct (5) for a N -observable system with s N≥ , there exist

redundancy equations in (5), i.e. a definite mapping s
NΦ , which denotes the parity

relation in the set of  equations in (5), exists such that

: : 1 :( , )s
k N k s N k k N k k sY Y U+ + + − += Φ (6)

Note that (6) is always satisfied if there is no fault. i.e. the residual is simply
constructed as 1: : : 1( , )s

k k N k s N k k N k k sr Y Y U+ + + + + −= − Φ .
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2.3 Discussions

The parity relation and residual for fault detection has been constructed theoretically
in the previous sub-section. However, for general cases, the mapping s

NΦ  can hardly

be obtained explicitly. So it is proposed here to use neural networks as an
approximation of s

NΦ  to get the parity vector. As indicated by Hornik et al. [8] the

neural networks can approximate any continuous real function with arbitrary accuracy
in a compact set.

The question is why we don’t use neural networks as in [7] to get the estimation of
states x  directly? As is well-known, one of the main difficulties in model-based FDD
is due to the presence of unknown and unmeasured states x . Two approaches can be
used to deal with them: estimation and elimination. The estimation of x  is usually
known as observer or filter, which is also a difficult problem in nonlinear cases. The
elimination of x , such as parity space, directly explores the analytical redundancy in
the mathematical model. Note that our purpose is to detect if a fault occurs in the
system, not to estimate the states! On the other hand there exists unavoidable error
between the NN and the real function, though NN has universal approximation
capability theoretically. Although there will also be errors in our new strategy, the
threshold for fault detection can be decided referring to the maximum training error.
But if the states x  are not accurate, the property of residual which is transformed
from x  can hardly be analyzed.

Another problem is the training of NN. Theoretically NN should be trained all over
the area ×O U  in which the nonlinear system (4) is N -observable, but it’s usually a
hard task, especially when N  and s  is large. Fortunately, in engineering we only
need to train NN with the data under normal conditions. Bias from normal conditions
can also be regarded as a fault, though there may not be any real faults in the plant,
actuators or sensors.

3 Simulation Study

The simulation model is the DTS200 three-tank system, which is a benchmark
problem in chemical engineering [9]. The dynamics are described as follows,

1 13 1

3 13 32

2 32 20 2

/

/

/

A dh dt Q Q

A dh dt Q Q

A dh dt Q Q Q

⋅ = − +
⋅ = −
⋅ = − +

 where 

13 1 1 3 1 3

32 3 3 2 3 2

20 2 2

( ) 2

( ) 2

2

n

n

n

Q az S sign h h g h h

Q az S sign h h g h h

Q az S gh

= − −

= − −

=

(7)

The state vector is the level of three tanks: [ ]1 3 2, ,
T

x h h h= ; the input vector is the

controlled pump flow [ ]1 2,
T

u Q Q= ; and the output vector is [ ]1 2,
T

y h h= , i.e. the

measurement equation is y Cx= , where 
1 0 0

0 0 1
C

 
=  
 

. The actual parameters are
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max 62 1cmh = ± , 1max 2max 100ml/sQ Q= = , 0
1 0.5az = , 0

3 0.45az = , 0
2 0.6az = ,

29.81m/sg = , 20.0154mA = , 5 25 10 mnS −= × . The levels of tank 1 and tank 2 are

both controlled by PI controllers respectively and the parameters of the controllers are
both 0.001pK = (gain constant) and 5000sIT =  (integral time constant) in our

simulations. By Euler discretization with sampling time 0.1sT = , the nonlinear
discrete model (4) is obtained.

DTS200 is locally uniformly 2-observable, so we have 2s = . Without u  in the

measurement equation, the input of s
NΦ  in (6) is simplified to : 1 : 1( , )k k N k k sY U+ − + − , so

there’s eight inputs and two outputs in our example now. We choose three layer
multilayer perceptron as our neural network in simulations with 16 perceptrons in the
hidden layer. The normal setpoints of the levels of tanks 1 and 2 are 0

1 0.5mh =  and
0
2 0.3mh = , respectively. The training data are obtained from step response with

change 0.05m± in setpoints, and trained by the NN toolbox of MATLAB 6.5. In the
following simulations with a fault at 100s, the setpoint of the level of tank 1 is

0
1 0.48mh = at the beginning and step to 0

1 0.46mh = at 50s and the setpoint of the

level of tank 2 is 0
2 0.31mh = for all the simulation times, which are all different from

the training data to test the generality of the NN. Consider three types of faults in the
system: plant fault, actuator fault and sensor fault, respectively, and the simulation
results are illustrated in Fig. 1.

Fig. 1. The residual in simulations. (a) Plant fault: abrupt leakage in tank 1 with
1 2

1 12leakQ az r ghπ= ⋅ , where 3mmr = . (b) Actuator fault: the gain of pump1 step to 70%

of normal value. (c) Sensor fault: the gain of sensor 2 step to 80% of normal value.

 Fig. 1 shows that different types of faults in the system can be detected quickly by
our new parity check strategy based on NN. Note that at 50s there is a small jump in
the residual respect to the change of set-point of 1h , but compared to the jump of PV

respect to the fault it’s negligible. Then we can conclude that the training of NN is
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fairly good with some degree of generality, i.e. the residual is robust to the working
condition and the change of set-point, but still sensitive to faults.

4 Conclusions

By exploring the nature of parity space, a new parity check strategy for nonlinear
deterministic system is proposed in this paper. In literature, parity space method was
proposed strictly based on the description of linear systems, which is very difficult to
be extended to nonlinear cases. However, the existence of parity relation is due to the
redundancy of the set of equations, from which we similarly obtain the parity check
strategy for nonlinear systems. The proposed strategy is realized by neural networks.
Simulations on a benchmark problem of chemical engineering show the effectiveness
of the new strategy. The future work is to enhance the robustness of the method to
uncertainties of models and keep sensitive to faults as well.
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60234010), and the national 973 program (Grant No. 2002CB312200) of China.
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Abstract. In view of non-stationary and non-linearity of vibration signal from
machine surface, a new method, which is called Local-Wave Method (LWM),
is presented to decompose it into number of Intrinsic Mode Weighs (IMW).
Then improved RBF network model is constructed and trained using IMW as
inputs. Taking the diesel fault diagnosis as an example, the method, which is
checked through theory and practice, provides a power means for condition
monitoring and fault diagnosis for the diesel engine.

1   Introduction

The vibration signal from machine surface as the multi-stimulation response, not only
contains stimulation information in detail, but also contains the transferring charac-
teristic and relative fault information. So it is an effective method to carry perform-
ance monitoring and fault diagnosis without disassembling by using the surface vi-
bration signal. However, especially in the forepart of the diagnosis happening, the
characteristic parameters selected and pick-up was very difficulty because the signal
is non-stationary in machine fault diagnosis. For the traditional method, the charac-
teristics, which are expressed by different diagnosis, can possibly be the same or
similar fault, so only by these methods can’t diagnose the type of the machine fault.

LWM may decompose non-stationary time-varying signal into some intrinsic-
mode weights, and there is little influence among them. The intrinsic-mode weight
has two kinds of information, one is fuzzy frequency band, the other is instantaneous
frequency. As a method of nonlinear-mode identifying, RBF neural network has
stronger capability of self-organizing and self-learning. On the basis of the two meth-
ods, a new method is represented. Namely network is construct through learning and
training by intrinsic-mode weights.

2   Local-Wave Fundamental

Global wave analysis methods are suitable for stationary and linear signals. Local-
wave Method[1] is a new method based on the development of the empirical-mode
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decomposition[2], and which can processes available analysis for time-varying or
non-stationary signals.

A complex non-stationary signal may be include multi-oscillation modes, and the
signal can have multi-instantaneous frequencies at any time. While the instantaneous
frequency is the single-value function of the time, so there is only one frequency-
value at any time. Thereby it can form the discrepancy in the signal analysis. Hence,
it is necessary to process the complex signal in order to realize the separation of the
multi-oscillation modes at some time. Based on the necessary condition of the in-
stantaneous frequency on the physical meaning, the IMW must satisfy two condi-
tions: (1) in the data set, the numbers of the extremum point and zero crossing point
must either equal or differ at most by one; (2) at any time, the mean value of the en-
velope defined by the local maximum and envelop defined by the local minima is
zero[2].

According to the discussed fundamental above, the Local-wave decompose of the
original signal Xi(t) may be shown as equation 1.

)()(
1

tRCtX l

l

i
i +=∑

=

 .
(1)

where Ci(t) is the i  intrinsic-mode weight, Rl(t) is the trend weight, when its value is
less than the desire value or is the monotone function, the decomposition of the signal
is over. The reference [2, 3] proved the maturity and feasibility of the decomposition
method. So the information included in the original signal may be adequately em-
bodied through the intrinsic-mode weights.

Considering the simulating signal as equation 2, which is formed by three signals,
one is sine signal which frequency is fixed, the other two is linearity frequency
modulation signal which instantaneous frequency is different.

))1(2sin())1(2sin()2sin()( 321 ttfcttfbtfatf ++++= πππ  . (2)

under this case, the frequency maybe mix in certain time. So the analysis error would
be obviously, if the spectrum analysis way was adopt. However they can be separated
by Local-wave decomposition because of instantaneous frequencies different.

Fig. 1. Simulating signal and its weights, (a) is original data, figure 1(b) ~ (d) is three weights
respectively
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When a is 10, b is 5, c is 10, and f1 is 5Hz, f2 is 10Hz, f3 is 25Hz, the time-domain
waves of the simulating signal and the intrinsic-mode weight of the Local-wave de-
composition are shown in Fig. 1. In order to show distinctly, here only gives partial
data (sampling frequency is 1000Hz).

As fig. 1 shown, the complex multi-oscillation signal can be efficiently decom-
posed into every mode weight by Local-wave. In flowing content, the author choice
intrinsic-mode weighs as characteristics, which are input in constructed network. By
this way, local wave neural network could be obtained.

3  Construction of RBFN

3.1   Neural Networks Principle and Structure

RBF neural network shares the features of Back Propagation neural networks (BPNN)
for pattern recognition. They are being extensively used for on-line and off-line non-
linear adaptive modeling and control applications. Now, the BP neural network is
broadly and maturely used in pattern recognition domain. Most fuzzy neural networks
use BP neural network to recognize. But there are some shortages in practical appli-
cation. Such as learning convergence speed is slow and it is easy to appear local
minimum. The initial data has great effect on the study performance, etc.

RBF neural network is one of the neuron-classified organs. Its neural center trans-
formation function can form several segment-received domain. They can form com-
plex structure decision field. RBF neural networks are presented with training set of
input-output pairs and use a training algorithm to learn the nonlinear mapping form
input to output. Thus they essentially carry out an approximation for nonlinear map-
ping from input to the output. RBF NNs have been used in signal processing, system
identification and control applications. This paper uses the RBF neural network to
train and recognize.

RBF NNs is one of three feedback neural networks; containing input node level,
middle nonlinear dealing level and linear output level. The middle nonlinear dealing
level adopts radial symmetry neuron function. The mostly common use is the Gaus-
sian function. The expression is equation 3 [4].

)
1

exp(
2

2 i
i

i cxR −−=
σ

 Ni ,,3,2,1 ⋅⋅⋅=  .
(3)

where: x is n-dimension input vector; ci is the center of neural networks with the same
dimension of x; σi is stands for the scalar quality value of width, m is number cell of
middle level, ‖x-ci‖is stands for Euclid distance between x and ci.

Neural networks output is the linear combination of neuron function as equation 4.
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(4)
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wik-stands for authority value between the No. i node of latent level and the No. k
node of output data p-stands for the numbers of output node.

3.2   Algorithm and Training Process

In fact, RBF algorithm is to chose classification core. The SAOSL (self-adaptive or-
thogonal least squares) learning algorithm is adopted in order to improve traditional
approach. To eliminate the correlation among sample radically, the method translates
samples into orthogonal samples type through matrix transform, then classification
core is chosen from its using LS (Least Squares). SAOLS principle is introduced in
detail as following.

The relation between network input and output can denote for equation 5 simply.

XTY =  . (5)

where: Y is N-dimension output row vector, X is N×M-dimension input matrix, T is
M-dimension transfer row vector. By matrix transform method,  X may be expressed
orthogonal matrix as equation 6 shown.

CAX =  . (6)

Where: A is M×M-dimension triangle matrix, C is satisfy with the equation of

HCC T = , and TC is variation matrix of C, H is M×M-dimension diagonal ma-
trix. It shows that row vectors of C are orthogonal, so input samples are orthogonal.
Based on equation (5) and (6), equation (7) is gained as following.

CgCATY ==  . (7)

So the square of network output can express as equation 8.

∑
=

−− =
M

i
i

T
ii

T CCgNTYN
1

11  .
(8)

gi is i-th element of g, Ci is row vector of C matrix. During network training, original
signal energy and its intrinsic-mode weights energy are characteristics of input sam-
ples. By this way, the ideal network will be constructed.

4   Application

4.1   Test Data and Parameters

Fig. 2 left is the time-domain waves under different stations of the 6BB1 diesel en-
gine, which is measured when the diesel engine is at the same working condition (the
rotate speed of the crankshaft is 1100rpm, moderate load, and guarantee the normal
lubricating state.
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Fig. 2. Time domain wave of tested signals and its weights. Normal is (a). Injection starting
pressure high (ISPH) is (b). Piston-liner wear (PLW) is (c). Exhausting gate leak (EGL) is (d).
Nozzle leaking oil (NLO) is (e). Nozzle leaking oil badly (NLOB) is (f). The sampling fre-
quency is 25.6kHz and 1024 points waiting for analyzing.

Fig. 2 right is the time-domain waves of the original data (A0) and intrinsic-mode
weights (A1-A6). It can be seen that the number of the intrinsic-mode weight is de-
cided by the complexity of the signal. According to the fundamental of the Local-
wave, it can be known that every intrinsic-mode weight shows the information of dif-
ferent frequency region of the original signal and instantaneous frequency, so using
the characteristic parameter of every weight as the input of the network, and carrying
through training for it. By this way, the kind of fault and fault parts can determinate
easily. The Local-wave decomposition of the other state signals is not given here be-
cause of the limit of the paper length.

Table 1. Six stations learning samples (unit: m2
·s-4)

A0 A1 A2 A3 A4 A5
Faults

E0 E1 E2 E3 E4 E5

Normal F1 681.8 176.9 320.0 97.6 46.4 21.8
ISPH F2 620.7 150.3 311.6 84.2 40.7 18.2
PLW F3 770.3 208.2 356.4 110.7 60.2 27.6
EGL F4 645.3 219.8 248.0 97.4 48.7 20.2
NLO F5 641.5 142.2 301.3 89.6 69.4 19.8
NLOB F6 594.0 134.5 269.8 90.4 70.3 20.1
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Table 2. Diagnosis result

Samples F1 F2 F3 F4 F5 F6

1 0.908 0.041 0.003 0.052 -0.013 0.009
2 -0.122 0.087 0.021 0.047 0.674 0.293
3 0.064 0.008 0.846 0.011 0.038 0.033

4.2  Fault Diagnosis

The original signal and the every intrinsic-mode weight of the tested data above six
states are regarded as fault learning samples, shown in the Table 1, the sign E stands
for the energy of every intrinsic-mode weight. However, the energy of original is
higher than the total of all weights energy adding up because of energy leaking. The
best network structure is chosen by SASCC[4].

The data samples under some states, which were acquired by using practical engi-
neering, are waiting diagnosis. Then they are input into the trained neural network,
the result of the diagnosis shown as Table 2. Seeing from the result of the diagnosis, it
is coincident with the factual stations of tested diesel engine.

5   Conclusion

Comparing with original signal, non-stationary level of each weight is lower than
original signal, and each weight contains fuzzy frequency band and instantaneous
frequency specially. These characteristics stand for different fault types and fault de-
gree. Using them as training samples of neural network makes process converge
quickly, meanwhile network model is stable. In fault diagnosis especially using non-
stationary signals, the diagnosing result is very accurate proving in practice.
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Abstract. The fault diagnosis of hybrid systems is a challenging research topic
at present. Model based fault diagnosis methods have been paid much attention
in recent years, however, because of the complexity of hybrid systems, it is
usually difficult to achieve a first principle model. To address this problem, this
paper proposes a novel hybrid neural network, and based on it, a gray-box
approach to fault detection of hybrid systems is presented, which combines
some priori knowledge with neural networks instead of the common first
principle model. Simulation results illustrate the effectiveness of the proposed
approach.

1   Introduction

Hybrid systems have been used to describe complex dynamic systems that involve
both continuous and discrete states. The continuous state evolves according to a
differential/difference equation that depends on the discrete state (or mode), and the
modes are described by a finite set. Mode transitions may occur when the certain
conditions are satisfied. Due to the complexity of hybrid systems and the increasing
demand for quality, safety and reliability, the fault diagnosis problem of hybrid
systems becomes a crucial and challenging research topic. In terms of the type and
amount of available knowledge, three levels of model can be defined. White-box
models are derived from the first principle, black-box models are constructed from the
observed data, and gray-box models incorporate some priori knowledge into observed
information. Recently, white-box model based hybrid system fault diagnosis have
been much studied, such as Petri nets [1], mixed logical dynamical [2], hybrid bond
graph [3], particle filter [4]. The main disadvantage of white-box approaches is that
the success is highly dependent on the quality of models. While the hybrid system is
very complex, it is often difficult to achieve an accurate white-box model. In order to
address this problem, this paper presents a novel hybrid neural network (HNN). Based
on the HNN, a gray-box approach to fault detection of hybrid systems is proposed.
This gray-box approach incorporates some priori knowledge about hybrid system
modes and observed data into the HNN. The HNN consists of an adaptive resonance
theory 2 (ART2) net [5], a probabilistic neural network (PNN) [6] and a bank of BP-L
nets, where a BP-L net [7] consists of a backpropagation (BP) net and a linear
dynamic system. The priori knowledge is embedded into the HNN construction in
training stage. After training, the HNN can predict the hybrid system output
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accurately based on the system input. By comparing the observed output with the
predicted output, the difference is used as a residual to detect faults. To the authors’
knowledge, this is the first such approach to fault detection of hybrid systems.

Fig. 1. A hybrid neural network based gray-box approach

2   The Hybrid Neural Network Based Gray-Box Approach

The hybrid system studied in this paper has no well-developed model, the interior
mechanism is unknown but some priori knowledge is available. Hence, it is necessary
to develop a gray-box approach that combines the priori knowledge with the observed
data for detecting faults in the hybrid system. A hybrid neural network based gray-
box approach is proposed as shown in Fig.1.

In this gray-box approach, the priori knowledge about system modes is used at the
selection of the adequate parameters of the ART2 net. ART2 [5] is known as a
category learning net that self-organizes input patterns into various clusters. The
parameters of ART2 net play a crucial role in determining how fine the categories
will be. By adequate selecting the parameters, the ART2 net classifies the historical
data into various categories while each category denotes a mode of the hybrid system
through an unsupervised learning algorithm. The classification results determine the
amount of the BP-L nets that construct the BP-L bank, and supervise the training of
the PNN and the bank of BP-L nets.

According to the classification results, the PNN [6] is trained to identify the system
modes. The PNN has four layers: an input layer, a pattern layer, a summation layer
and an output layer. The input of PNN is the hybrid system’s input-output, and the
output is the current mode based on the Bayes optimal decision. The training and
recalling stage of the PNN is described as follows (for detail, please refer to [6]).

In the training stage, the weight 1
ijω  between input node i and pattern layer node j is

( )1 j
ij ixω =   for 1,2,...,i n= , 1,2,...,j p= (1)

where ( )j
ix denotes the ith node input of the jth training pattern. The weight 2

jkω
between pattern layer node j and summation layer node k is

2 1, pattern mode

0, pattern modejk

j k

j k
ω

∈
=  ∉

 for 1,2,...,k m= , 1,2,...,j p= (2)

residual

Hybrid system

PNN

BP-L
Bank

ART2

PNN

BP-L
Bank

ŷ

+
-

input output

+
-

ŷ

(a) HNN training stage (b) HNN recalling stage
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where p is the number of training patterns, n is the dimension of training pattern, m is
the number of modes.

In recalling stage, the input vector is [ ]1,...,
T

nx x=x , the output of pattern layer is

( )21 2
j

1

P exp 2
n

i ij
i

x ω σ
=

 = − − 
 
∑  for 1,2,...,j p= (3)

where σ is the smoothing parameter. Then the output of summation layer nodes is

p p
2 2

k jk j jk
j=1 j 1

S Pω ω
=

= ⋅∑ ∑  for 1,2,...,k m= (4)

The output layer makes a decision that which mode is active

k
k

O arg  max  S=  for 1,2,...,k m= (5)

For each mode, a BP-L net is trained to approximate the continuous nonlinear
dynamic trajectory using the corresponding observed data. So a bank of BP-L nets is
trained for the different modes of the hybrid system. All the BP-L nets have same
structure but different parameters. A BP-L net [7] consists of a three-layer BP net, a
linear dynamic system and a delay unit. The basic idea is to determine the parameters
of the BP net using the corresponding historical data, so as to obtain the trained BP
net that can drive the selected linear dynamic system to track the observed system
output. The BP net has the sigmoid activation function for hidden layer and the linear
activation function for output layer. The output of BP net is

(2) (1) (1) (2)( )i ij jk k j i
j k

v w w u b bσ= − −∑ ∑ (6)

where ( ) ( )1 1 xx eσ −= + , (2)
ijw , (2)

ib , (1)
jkw and (1)

jb are the parameters of the BP net,

u and v are the input and output vector of BP net, respectively.
The linear dynamic system has a general form:

( ) ( ) ( )
( ) ( )

1 A B

ˆ C

k k k

k k

+ = +


=

x x v

y x
(7)

where the matrices A, B and C are chosen to make the linear dynamic system
completely controllable.

In the training stage, the objective is to minimize the error

( ) ( )( ) ( ) ( )( )ˆ ˆ 2
T

J k k k k= − −y y y y (8)

where ( )ky and ( )ˆ ky are the observed and BP-L net’s output, respectively. The

gradient method for the optimization of parameters based on the partial derivative of
the objective function J [8] is used to derive the off-line learning rule for the BP net.
Let θ denotes the parameter to be optimized, and then the off-line learning rule is:
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( ) ( )1k k Jθ θ λ θ+ = − ×∂ ∂ (9)

where λ is the learning velocity. J θ∂ ∂ can be calculated by (6), (7) and (8).

In fault detection, the PNN is used to discriminate the mode by classifying the
observed data, track the mode changes and activate the corresponding BP-L net to
track the continuous dynamic evolution. The output of the active BP-L net is used to
predict the hybrid system output. The difference ( ) ( ) ( )ˆk k k= −r y y  is used as a

residual to detect faults. So the fault detection law is

( ) ( )
1

1 k
T

i k L

i i
L = − +

∆ = ∑ r r  
no fault in system

fault occured

δ
δ

∆ ≤
∆ >

(10)

where L is the size of the decision time window and δ is a predefined threshold.

Fig. 2. Two-tank system

3   Simulation Study

The proposed approach is applied to a two-tank system that is a simple but typical
hybrid system as shown in Fig.2. The system consists of two identical cylindrical
tanks that are connected by a pipe at level h (20cm). Two tanks water levels

1h and 2h are measured via piezo-resistive pressure meters. The dynamic evolution is

1

2

in c

c out

A dh dt Q Q

A dh dt Q Q

⋅ = −
⋅ = −

(11)

where A is the section of each tank (154cm2). inQ  is the input flow provided by a

pump. 22out outQ k gh= ⋅  is the output flow. 2980 /g cm s=  and outk is the linear gain

(0.25). cQ  is the flow between the two tanks and has four modes that depend on the

water levels 1h and 2h as follows:
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( )
( )

( )

1 2

1 1 2

2 1 2

1 2 1 2 1 2

0 if and , Mode1

2 if and , Mode 2

2 if and , Mode3

sgn 2 if and , Mode 4

c

c

c

c

h h h h

k g h h h h h h
Q

k g h h h h h h

h h k g h h h h h h

< <


− > <=  − − < >


− − > >

(12)

where ck is a linear gain (0.25). The continuous state is [ ]1 2,
T

x h h=  and the input is

inu Q= . Using the Euler discretization method with the sampling interval 1sT = , the

discrete-time model is described by

( ) ( ) ( )( ) ( )
( ) ( ) ( )

1 ,

1 1

qx k f x k u k k

y k x k k

ϖ

ξ

 + = +


+ = + +
(13)

where { }1,2,3,4q∈ is the discrete mode as described in (12). qf  describes the

continuous dynamic based on the mode q . Mode transition occurs when the water

level exceeds h. ( ) ( ),k kϖ ξ are both white noise with mean zero and variance 0.01.

The level of tank 2 is controlled by a discrete PI controller and the parameters are
100pK = (proportion gain) and 0.1IK =  (integral gain) with the set-point 0

2 10 mh c=
In the simulation, the PNN has 3 input nodes and one output node. For each mode, a
BP-L net consists of a 3-7-2 BP net and a linear dynamic system where the system
matrices are all selected as identity matrices. Let 0.1δ =  and 10L = .

Case 1: There is an abrupt leakage fault in tank 1 10.075 2lQ gh= ⋅  after 100st = .

The result is shown in Fig.3 (a). We detect the fault at 108st = . Case 2: There is an

incipient clogging fault in the connection pipe ( )( )4' 1 5 10 100c ck t k−= − × −  after

100st = . The result is shown in Fig.3 (b). We detect the fault at 130st = . It is shown
clearly that the residual increases rapidly once the fault occurs. Either the abrupt fault
or the incipient fault can be accurately detected.

    
(a) (b)

Fig. 3. The results of simulation: (a) an abrupt leakage in tank 1, and (b) an incipient clogging
in connection pipe
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4   Conclusions

This paper presents a novel gray-box approach based on the hybrid neural network for
fault detection of hybrid systems The main advantages of this approach are: 1) it’s
feasible for fault detection of hybrid systems while first principle model is not
available; 2) it’s feasible for both abrupt and incipient faults; 3) it works well under
closed-loop control. The simulation results show the effectiveness of the proposed
approach. Further work will be focused on the fault isolation problem.
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Abstract. In this paper, a new Eigencurves method to detect leaks in oil
pipelines is presented based on enhanced independent component analysis
(EICA) and wavelet transform. EICA is used to derive Eigencurves from
appropriately reduced principal component analysis (PCA) space of the training
pressure images set. Wavelet transform de-noising (WTDN) is employed to
preprocess measured pressure signals before getting the training and test
images. In order to detect leaks, a classifier is designed to recognize negative
pressure wave curve images by training set. The test results based on real data
indicate that the method can detect many leak faults from a pressure
curve，and reduce the ratio of false and missing alarm than conventional
methods.

1 Introduction

Leak detection in oil transport pipelines is important for safe operation of pipelines,
reducing oil loss and environmental pollution. This problem has drawn intensive
attention. For all a lot of pipeline leak detection techniques, the negative pressure
wave based approach has been widely adopted in practical applications.

The basic idea of the negative pressure wave based methods is that, when leak
occurs, there is a negative pressure wave propagating from the leak point toward the
upstream and downstream ends and so that we can detect leaks by detecting the
pressure changes at the both ends [1].

Many approaches have been introduced for leak detection based on negative
pressure wave, including Wavelet Transform [2], Pattern Recognition [3] etc..
However, these methods often have high possibility of false alarm when there are
strong noises in the pressure measurement records and high possibility of miss
detection when a leak is small or slow.

In this article, we propose a novel Eigencurves method to detect changes in a
pressure curve, which uses wavelet transform to de-noise the pressure signals and

_____________________________
* Supported by the National Natural Science Fund of China (60274015) and the 863 Program

of China
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uses Eigencurves extracted by Enhanced Independent Component Analysis (EICA)
[4] to process leak detection. The improved performance has been tested by the
experiment.

Compared with second-order method principal component analysis (PCA), ICA, an
extension of the PCA, derives independent components by means of high order
statistics. Different from normal ICA methods, the Enhanced ICA proposed by [4] is
applied in this paper, which balances the representation and magnitude criterion and
has better performance.

The paper is organized as follows. Section 2 gives out a three-step Eigencurves
method which is composed of preprocessing pressure signals with wavelet transform
de-noising (WTDN), extracting Eigencurves, and detection of negative pressure
wave. The proposed method is demonstrated by history data of a real pipeline in
section 3.  Last, we draw a conclusion in section 4.

2 Eigencurves Method

This section details the three-step Eigencurves method: (i) De-noising; (ii) extracting
eigencurves using EICA; (iii) projecting new pressure curves to be detected onto the
eigencurves, then, using the nearest neighbor rule to realize on-line detection.

2.1 Preprocessing Pressure Signals with WTDN

In transport pipelines, noises are sometimes so large that the useful information is
buried in them invisible. So the observed pressure signals often need to be de-noised
before they are used to characterize the whole process. In this paper, we use discrete
wavelet transform to decompose the pressure signals, and then de-noise them
separately, and finally reconstruct the de-noised pressure signals [5].

The key of de-noising the signal is how to select the wavelet coefficient of signal
decomposition. A threshold algorithm proposed by Donoho [5]

0 2 logj j n nδ λ σ= (1)

is adopted in this paper, where jσ is the variance of the noise at the j th scale detail

coefficients jD , n is the size of the jD , and 0λ is a constant. In the de-noising

procedure, any jD  smaller than jσ is set to zero, while the others remain unchanged.

2.2 Extracting Eigencurves

Different from the conventional leak detection methods which were based on the idea
of signal processing, in this paper we treat the pressure curve of some length as an
image and use EICA, an image processing method,  to realize leak detection in
transport pipelines.

EICA is proposed in [4] to improve the generalization performance of ICA and
reduce its computational complexity, which first chooses a proper low dimension
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space based on PCA by excluding small-valued trailing eigenvalues before extracting
Eigencurves.

Let 
2Nχ ∈ℜ be a vector representing a de-noised pressure image with NN ×

pixels. The vector is formed by concatenating the rows or the columns of the image.
Let the training set of pressure images be { }1 2, , , Mχ χ χΧ = … , where M is the

number of images in the training set. It is usually desirable to work with the
standardized variables that are normalized to have unit norms. Standardization avoids
the problems of having variables with large variance unduly.

Let 
2 2N NC ×∈ ℜ  denote the covariance matrix of Χ . We can get the orthogonal

eigenvector matrix 
2 2N N×Ψ ∈ ℜ  and a diagonal eigenvalue matrix 

2 2N N×Λ ∈ ℜ  with

diagonal elements in decreasing order by using PCA. Now let 
2N nP ×∈ ℜ be a matrix

whose column vectors are the first n ( 2Nn < ) leading eigenvectors of C ,

1 2[ , , , ]nP ψ ψ ψ= … (2)

where 
2N nP ×∈ℜ is the loading matrix, n  is determined by balancing the image

representation and ICA generalization [4].
The projection of X on P  is then adopted as a new matrix Y in the reduced PCA,

which is defined as

TY P= Χ (3)

After building the reduced PCA space, we can directly extract Eigencurves in it
using the ICA method [4], i.e.

Y FS= (4)

where mnF ×ℜ∈ is called the mixing matrix. The row vectors ( nm ≤ ) of the new

matrix m MS ×∈ℜ are independent.
From Eq. (3) and (4), we can get,

( )T TS PF= Χ� (5)

where mnF ×ℜ∈~
is the inverse (or pseudo inverse) matrix of the mixing matrix.

(Conventionally, we often choose n=m). The column vectors of TFP
~

are in analogy
to the Eigenfaces [6], so we call these basis vectors the Eigencurves.

In this paper, we use the FastICA, introduced by Hyvärinen to extract Eigencurves
[7]. FastICA is a method by which the independent components are extracted one
after another by using Kurtosis. This method has high-speed convergence.

2.3 Online Detection

For an unknown pressure curve image f, we firstly normalize the pressure image to
zero-mean and unit norm and get a normalized vector χ . Then we get the feature
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vector [see (5)] s of χ  by projecting the normalized vector χ to the Eigencurves

space of the training image set extracted with EICA.

( )T Ts PF χ= � (6)

Let  , 1, 2, ,kI k N= …  , be the mean of the training images for class kω  in the

EICA space ( N  is the number of classes), we can use Eigencurves extracted with
EICA to realize classification based on the nearest neighbor (to the mean) rule. Let
δ be some similarity measure

( , ) min ( , )k j k
j

s I s I sδ δ ω= → ∈ (7)

The feature vector s  is classified to the images subset of the closest mean kI . In

this paper we use well-known cosine similarity measure cosδ , which is defined as

cos ( , ) ( ) ( )Ty y yδ χ χ χ= − (8)

where . denotes the norm operator.

3   Experiment

This section assesses the performance of the Eigencurves method based on EICA for
Recognition of the negative pressure waves. The effectiveness of the Eigencurves
method is shown in terms of high performance.

3.1   Data Preparation and Sample Set

In this paper, the pressure curve is formed by ordinal connecting 2000 continually
sampled pressure data. The sample time is 60 ms.

From the experience of the operator, we can detect occurrence of the negative
pressure wave by search the shape of the pressure curve. Since the shape of the
pressure curve is some local information, here we fragment the original pressure
curve image into several 30×30 images and treat them as training and test images set.

Fig.1 shows some sample images we get by fragmenting one-hour pressure curve.

Fig. 1. The sample images set reflecting the occurrence of the negative pressure wave. (b) The
sample images set indicating normal condition
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In this paper, we intercept 7,080 fractional images as sample set from the history
data of a 32 Km real oil pipeline, in which 2,600 images contain negative pressure
wave. We pick 3,200 samples images as training samples and the remnant 3,880
images are used as test images set.

3.2 Eigencurves

Since the condition of the transport pipeline is very complicated, the patterns of the
sample images are diversiform. To achieve high accuracy of leak detection and reduce
the computational complexity, we classify the training images set as 6 different
patterns (negative pressure wave curves class, horizontal curve class, ascending curve
class, fluctuant curves class, noisy curve case and sloping curves class respectively).

Fig.2 (a) shows the first 60 Eigencurves extracted with EICA from the training
images. For comparison purpose, Fig.2 (b) shows the first 60 Eigencurves derived
from the same training set with PCA. We can see the EICA-Eigencurves express
more local feature.

Fig. 2. (a) First 60 Eigencurves extracted with EICA from training pressure images set. (b) First
60 Eigencurves extracted with PCA from the same training pressure images set

3.3 Recognition of Negative Pressure Wave

For an unknown pressure curve image f, we firstly normalize the pressure image to
zero-mean and unit norm and get a normalized vector. Then we get the feature vector
[see (5)] s by projecting the normalized vector to the Eigencurves space. Finally, the
On-line detection in section 2.3 is applied to realize the recognition of negative
pressure wave.

1 1, ,6
( , ) min ( , )j

j
s I s I the Negative Pressure Waveδ δ

=
= →

… (9)
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Table 1. Test results

Test set Num. of samples Num. of correct classif. % of correct
Leak samples 1000 939 93.90
No-leak samples 2880 2838 98.54
Sum 3880 3777 97.35

3.4   Results

The results of detection by our approach are shown in Table 1. It can be seen that the
Eigencurves method based on ICA can effectively detect the negative pressure wave
with an acceptable miss detection rate 6.1% and false alarm rate 1.46% respectively.

4   Conclusion and Future Research

In this paper, a new Eigencurves method based on EICA to detect the negative
pressure wave is proposed, in which the key step is to extract Eigencurves in a proper
low dimension space achieved with PCA. The experimental results verify that the
Eigencurves method can detect many leak defaults more effectively.

Some further work will be done. For example, the problem of operations on the
upstream and downstream which might also lead to the pressure changes is not
discussed in this paper. The localization of leak is another challenge.
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Abstract. This paper presents a novel monitoring-oriented and diagnosis-
oriented software architecture model of Internet-based remote monitoring and
fault diagnosis system based on Unified Modeling Language. This system
combines rule-based reasoning and data mining techniques with case-based
reasoning for fault diagnosis. A novel knowledge-based fuzzy neural network
has been proposed and implemented to mine data stored in monitoring database.
The applied technologies can be used for other research domains.

1   Introduction

Recently, the growth of equipment poses formidable challenges to cost-effective
maintenance, such as distribution, high speed, and complexity. Personal computer,
field bus, networking, and Internet technologies provide an easily implemented
communications backbone for solving the above challenges. An Internet-based
remote monitoring and fault diagnosis system (IRMFDS), as a feasible solution, has
been designed and developed for key equipment in industries. The main advantages of
an IRMFDS are no-cost clients, low-cost maintenance, low-cost network investment,
shared knowledge, shared experts, shared component packages, and cooperation
diagnosis. Data mining (DM) techniques provide an effective way to mine knowledge
from machine fault data, which are combined with rule-based reasoning (RBR) and
case-based reasoning (CBR) in IRMFDS. Section 2 introduces a novel monitoring-
oriented and diagnosis-oriented software architecture (MODOSA) model based on
Unified Modeling Language (UML); a novel DM approach for diagnosis is described
in section 3; the prototype system implementation and conclusion are in sections 4
and 5, respectively.

2   MODOSA Model

Software technology now goes into an era of development based on component
technology after structured design and object-oriented design [1] and software
architecture (SA). Some domain-specific software architectures have been proposed,
such as avionics control system, mobile robotics [2]. Developing MODOSA of
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IRMFDS is as essential as having a blueprint for large building. UML [3] was chosen
to be the modeling language for description of MODOSA. The following sections will
demonstrate our modeling works, which are typical parts of an iterative process
consisting of the analysis, design, implementation and deployment of an IRMFDS.

Office-based Expert B: 
Client

IRMFDS A

Internet

IRMFDS C

IRMFDS B

RDC A Development Group

Local Network A: Network

Proxy Server: 
Server

Web Server: 
Server

Database Server: 
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Computing 
Workstation A: Client

Development 
Workstation A: Client

Development 
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Local Network B: Network
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Database Server: 
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Computing 
Workstation A: Client

EMC A

Factory-based Expert A: 
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Factory-based Expert B: 
Client

Authorized User B: 
Client

EMU A

A:Data acquisition 
system

A: Cable

A: Control 
Workstation

Key Equipment

Intranet

Authorized User A: 
Client

Office-based Expert A: 
Client EMC B

EMU B

Fig. 1. Topological structure of IRMFDS

2.1   Topological Structure Model of IRMFDS

An IRMFDS is a combined hardware and software system, which provides
enterprises with the capability to connect factory-based experts and office-based
experts together over Internet. Heterogeneous architecture should be adopted for an
IRMFDS, which consists of client-server style, layered style, object-oriented style and
repository style. An IRMFDS consists of one Remote Diagnosis Center (RDC),
several Enterprise Monitoring Centers (EMCs), many Enterprise Monitoring Units
(EMUs), and a great deal of authorized experts and users (see Fig. 1).

− EMU. It collects data from sensors, preprocesses data and generates alarms
based on defined operational limits from an EMC.

− EMC. It manages several EMUs in the same Intranet, displays real-time alarms
and monitoring plots, extracts knowledge from fault data, and diagnoses machine
faults.

− RDC. It mainly provides tech support about monitoring methods and diagnosis
algorithms. Any authorized user can use remote analysis and remote diagnosis
tools in a RDC.
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From Fig. 1, a great cooperation diagnosis network (CDN) can be composed of the
IRMFDS A, the IRMFDS B and the IRMFDS C. Also, authorized users can fuse
diagnosis results from different RDCs using a result fusion tool in a RDC. The
performance of the CDN will be continually improved and upgraded using new
component packages from the development groups.

2.2 Static Class Model of EMC

A simplified static class model of an EMC is shown in Fig. 2. Some stereotype such
as <<client page>>, <<server page>>, <<HTML Form>>, <<link>> and <<target
link>> are described in [4]. A HTML formatted <<client page>> function1.html will
be sent back to the client side when a user requests the <<server page>> function1.
An instance of the <<boundary>> GUIObject1 class is embedded in the
function1.html. The UIRMSController class manages the communications between
the DBAccess class, <<boundary>> classes, and <<entity>> classes. The DBAccess
class separates application logic from a database. <<Table>>, <<SP Container>> and
<<derive>> are used to implement a database model.

RemoteMonitoring

Orbit_params
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ConnctString

<<object parameters>>

MainWindow.html
<<target>>

ToolMenu.html

OnlineUserNum
UseManagement
RemoteMonitoring

FaultDiagnosis
EquipmentMaintenance

ExitSystem

RemoteMonitoring.html
<<frame>> TreeMenu
<<frame>> MainWindow
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<<link>>
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...
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{col=1}
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ChannelChoice.html

<<build>>

SettingWindow
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ChannelSetting.html
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<<script>> SelectChannel()
<<script>> CheckValid()

T_Head

ID : INT
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Fig. 2. Static class model of EMC
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2.3   Dynamic Behavior Model of Monitoring and Diagnosis

Remote monitoring is one of key functions in an IRMFDS. Both the thin Web client
pattern and the thick Web client pattern are based on HTTP. The inherently
connectionless behavior of HTTP is not suitable for many real-time monitoring
applications on the Internet. If there is effective control of client and network
configurations, the Web delivery pattern is very suitable for quick and voluminous
data exchanges between the client and the server [5]. A monitoring mechanism based
on a mixed thick Web client pattern (see Fig. 3a) has been designed that combined the
thick Web client pattern with the Web delivery pattern. An IRMFDS is a data-driven
system. The knowledge learning process extracts expert knowledge from confirmed
fault data using data mining techniques. These knowledge works within a CBR cycle
(Fig. 3b) to support knowledge-based fault diagnosis of an EMC and a RDC.

Fig. 3.  Behavior model of remote monitoring and fault diagnosis

3   Intelligent Diagnosis Based on Data Mining

The current rates of growth of data sets collected in monitor systems exceed by far
any rates that traditional analysis techniques can cope with. Much of the information
in this data is not being fully utilized to diagnose machine faults. DM techniques, like
fuzzy set theory (FST), decision tree (DT), genetic algorithm (GA), and rough set
theory (RST) can help alleviate the difficulty that humans classify and understand a
large data set [6]. An IRMFDS incorporates RBR and DM techniques within a CBR
cycle. A novel knowledge-based fuzzy neural network (KBFNN), as a DM approach
for fault diagnosis, has been investigated that integrates RST, FST, NN and GA [7]. It
takes advantages of the above theories and offset their shortages for fault diagnosis.
Firstly, we obtain crude rules from training samples and calculate the dependency
factors and antecedent coverage factors of the rules based on RST, and then a NN is
constructed using the rules and configured using the factors mentioned above. The
input and output parameters of the NN are also fuzzlized. At the same time, GA is
utilized to optimize output parameters of those networks. Finally, a KBFNN are
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constructed based on the rules and factors. A five-layer ANN is used in the KBFNN
which consists of the input layer, the fuzzification layer, the third and forth layers for
describing the antecedent and consequential parts of the rules, and the unfuzzification
layer. The implemented KBFNN component in an IRMFDS employed a digital signal
processing (DSP) component, a RST component, and a GA component. All
components are developed using Microsoft’s Component Object Model (COM).

The classification performance of a KBFNN and a general back propagation fuzzy
neural network (GFNN) is compared in terms of efficiency and accuracy (see Table
1). The structure of KBFNN is 11-3-7-5-5. The structure of GFNN is 11-33-10-5-5.
Hardware used in the experiment is shown in Fig. 4. Some typical fault samples are
obtained through simulating corresponding faults on Bently Rotor Kit 4 at certain
constant speeds. All calculations were carried out on a 1.0GHz Pentium III server
with 524MB RAM running under the Windows NT operating system. In summary,
the KBFNN performs better than the GFNN in both the network training speed and
accuracy.

Table 1. Performance comparison between KBFNN and GFNN

KBFNN (11-3-7-5-5) (%) GFNN (11-33-10-5-5) (%)
Train epoch times Train epoch times

100 200 300 400 100 200 300 400
Normal 98.00 100.00 98.00 98.00 64.00 88.00 92.00 84.00
Unbalance 78.00 94.00 94.00 100.00 70.00 82.00 66.00 98.00
Radial Rubbing 95.83 97.50 92.50 96.67 77.50 86.67 84.17 80.00
Oil Whirl 100.00 100.00 100.00 100.00 95.00 100.00 98.75 100.00
Rotor Crack 99.00 99.00 99.00 99.00 93.00 94.00 90.00 97.00
Level 95.50 98.25 96.50 98.50 82.25 90.75 87.25 91.00
Train Time(s) 0.328 0.656 1.000 1.453 0.876 1.750 2.625 3.579

Fig. 4. IRMFDS hardware and software
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4   System Implementation

A prototype system of an IRMFDS has been implemented using the MODOSA model
and component-based programming. It consists of two EMUs, an EMC and a RDC.
The basic functions of the EMU are data acquisition, data preprocessing, online
alarm, and data backup. The basic functions of the EMC are user management (UM),
equipment management, remote monitoring, and fault diagnosis. The basic functions
of the RDC include remote analysis and remote diagnosis besides UM. A test
environment of the IRMFDS has been built in our laboratory (see Fig. 4). There are
two rotor test beds as monitored objects in top left corner of Fig. 4. The number 1 is
Bently Rotor Kit 4. The EMU in top right corner consists of a 6 slot VXI-bus
JV53500 and a DELL Aw-Precision 530. The picture in bottom left corner is a
complete machine Web page to monitor the No.2 rotor test bed. The picture in bottom
right corner displays the diagnosis knowledge mined from a confirmed fault base
using a decision tree algorithm. This IRMFDS can steadily run and satisfy the
requirements of online monitoring through continually monitoring Bently Rotor Kit 4.

5   Conclusion

This article presents the design and development of IRMFDS. A UML-based
MODOSA model of an IRMFDS is proposed that has proven very useful after being
used in a prototype system. As a direct result, this IRMFDS will easily able to
suitably evolve in the fast changing Internet environment. This IRMFDS integrates
RBR and DM techniques within a CBR cycle. A novel KBFNN approach has been
designed and implemented to mine data stored in an EMC and an RDC for
performing fault diagnosis. Three MODO shared component packages are published
on the Internet, which are a basic algorithm package, a basic monitoring graphic
package and an advanced analysis graphic package. This IRMFDS gives other
researchers a paradigm to accomplish similar systems. It is of value to plant operators
in order to better schedule maintenance and avoid damaging expensive plants.

Acknowledgements. Support for this project from the National “10.5” Science and
Technology Key Project (Approved Grant: 2001BA204B05-KHKZ0009) and
National Natural Science Foundation of China (No.50335030) is gratefully
acknowledged. The thanks go to Haiming Qi, Yanxue Liang, Yiming Chen,
Guangwei Guo, Liang Chen, Xun Chen and Yanxia Yuan for support and work
during the project.

References

1. Shaw M., Garlan D.: Software Architecture: Perspectives on an Emerging Discipline
Prentice Hall PTR, U.S.A (1996).



Internet-Based Remote Monitoring and Fault Diagnosis System         573

2. Katharine Whitehead.: Component-based Development. Addison-Wesley Longman Inc.,
U.S.A (2001).

3. Booch G., Rambaugh J., Jacobson I.: The Unified Modeling Language Reference Manual.
Addison-Wesley Longman Inc., Boston, U.S.A (1999).

4. Conallen J.: Modeling Web Application Architectures with UML. Communications of the
ACM, 42 (1999) 63-70.

5. Conallen J.: Building Web Applications with UML (Second Edition). Addison-Wesley
Longman Inc., Boston, U.S.A (2002).

6. Usama Fayyad, Paul Stolorz. “Data mining and KDD: Promise and challenges”. Future
Generation Computer Systems, 13 (1997) 99-115.

7. Ruqiang Li, Jin Chen, Xing Wu: Fault Diagnosis of Rotor using Knowledge-based Fuzzy
Neural Networks. Applied mathematics and mechanics (English Edition), in press.



F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 574–580, 2004.
© Springer-Verlag Berlin Heidelberg 2004

Rough Sets and Partially-Linearized Neural Network
for Structural Fault Diagnosis of Rotating Machinery

Peng Chen1, Xinying Liang1, and Takayoshi Yamamoto2

1 Department of Environmental Science & Technology, Mie University
1515 Kamihama, Tsu, Mie Pref., 514-8507, Japan

chen@bio.mie-u.ac.jp
2 
Project of Machinery Diagnosis, Japan Science and Technology Agency

Abstract. Structural faults, such as unbalance, misalignment and looseness etc.,
are often occurring in a shaft of rotating machinery. These faults may cause se-
rious machine accidents and bring great production losses. In order to detect
faults and distinguish fault type at an early stage, this paper proposes a diagno-
sis method by using "Partially-linearized Neural Network (PNN)" by which the
type of structural faults can be automatically distinguished on the basis of the
probability distributions of symptom parameters. The symptom parameters are
non-dimensional parameters which reflect the characteristics of time signal
measured for diagnosis of rotating machinery. The knowledge for the PNN
learning can be acquired by using the Rough Sets of the symptom parameters.
The practical examples of diagnosis for rotating machinery are shown to verify
the efficiency of the method.

1   Introduction

In the case of machinery diagnosis, the knowledge for distinguishing failures is am-
biguous because definite relationships between symptoms and fault types cannot be
easily identified. The main reasons can be explained as follows. (1) It is difficult to
identify the symptom parameters for diagnosis by which all fault types can be distin-
guished perfectly. (2) In the early stages of a fault, effects of noise are so strong that
the symptoms of a fault are not evident.

The conventional neural network (NN) cannot reflect the possibility of ambiguous
diagnosis problem. Furthermore, the NN will never converge, when the symptom
parameters put in the 1st layer have the same values in different states [1].

To overcome the problem and to detect faults of rotating machinery at the early
stage, we propose the diagnosis method using "Partially-linearized Neural Network
(PNN)" to identify the fault type of machinery.

The data (the diagnosis knowledge) for the PNN learning must be acquired in
some way. Therefore, we also propose the knowledge acquisition method for the
PNN by using the Rough Sets [2]. In this paper, practical examples of fault diagnosis
of rotating machinery will verify that the method is effective.
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2   Partially-Linearized Neural Network

The neuron numbers of m-th layer of a NN is Nm. The set }{ ),1()1( j
iXX =  expresses the

pattern inputted to the 1st layer and the set }{ ),()( kM
i

M XX =  is the teacher data to the

last layer (M-th layer). Here, 11,1 NtojPtoi == , 
MNtok 1= , and,

),1( j
iX : The value inputted to the j-th neuron in the input (1st) layer;

),( kM
iX : The output value of k-th neuron in the output (M-th) layer; 

MNtok 1=
Even if the NN converge by learning )1(X  and )(MX , it cannot well deal with the

ambiguous relationship between new )*1(X  and )*(M
iX , which have not been learnt. In

order to predict )*(M
iX  according to the probability distribution of )*1(X , partially

linear interpolation of the NN is introduced as Fig. 1, we called it "Partially-linearized
Neural Network (PNN)".

Fig. 1. The partial linearization of the sigmoid function

In the NN which has converged by the data )1(X  and )(MX , the symbols are used
as follows.
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Fig. 2. Interpolation by the PNN

In the above way, the sigmoid function is partially linearized as shown in Fig. 1. If
a function, such as Fig. 2, need to be learnt, the PNN will learn the points •  shown in shown in
Fig. 2. When new data (s1', s2') are inputted into the converged PNN, the value sym-
bolized by ■ correspond to the data (s1', s2') will be quickly identified as Pe shown in
Fig. 2. So the PNN can be used to deal with ambiguous diagnosis problems.

3    Knowledge Acquisitions by Rough Sets

In order to acquire the diagnosis knowledge by rough sets [2], the data jx  must be

measured in each state. The total number of the data 
jx  is J. The values of symptom

parameters
ms

j
s

j pp1
 can be calculated by vibration signal measured in each state.

The 
is

j p  must be digitized as the teacher data for the PNN by the following formula.

]1}/})min{}/{(max{int[0 +−== piis
j

is
j

is
j

piis
j NpppAtop (2)

Here, int[x] is the function which gives the integral values of x.

},,,{ 21 mpppP = (3)

is the initial symptom parameter set. jPS is the set of symptom parameter values meas-
ured in the state S.

},,,{ 21 mS
j

S
j

S
j

S
j pppP = (4)

 [xj]Ri and A set are shown as follows :

Jtotjppxxandxxrx i
t

i
j

RijtjjiRij 1,;][|{][ ==→∈== ••　　 } (5)

}]{[}1|{ Riji xQtoirA === (6)

The value sets (riP and rjP) of symptom parameters of ri and rj are :
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},,,{ ..2.1 m
riririri pppP = ; },,,{ ..2.1 j

rjrjrjrj pppP = (7)

The symptom parameters set Pij selected from P shown in formula (3), which can
discriminate between ri and rj, is :

)}()(;;{ **** PPPPPPporPpPofvaluetheispPppP rjrirjri
k

ri
k

ri
kkkkkij ∪−∪∈→∈∈∈= 　　　　　 (8)

For distinguishing ri(i=1 to Q) from rj (j=1 to Q, j i), there may be redundant
symptom parameters in the initial set P shown in formula (3).  In order to remove the
redundant symptom parameters, the following algorithm is proposed.

 (1) Removing pi from P;
(2) Calculating Pij shown in formula (8).

(3) If Φ≠ijP (empty set), then pi is the redundant symptom parameter.  Remov-

ing pi from P. Returning to (1) and repeating from (1) to (3) and from i=1 to i=Q;
(4) After removing all of redundant symptom parameters, the new set of symptom

parameters )(},,,{' 21 mlpppP l ≤= 　　  is obtained and the values set of P' of ri is :

},,,{' 21 l
riririri pppP = (9)

The possibility Sβri of state S expressed by ri can be calculated by

%
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i

j
s

ri
s

xcard

xcard
=β

(10)

Here, card(·) is the element number. ij
S rx ∈  is the xj obtained from state S.

According to the above principle, the input data and teacher data (diagnosis
knowledge) for PNN are as follows.

Input data : The value sets riP' (formula (9) ) of symptom parameters of ri (i=1 to
Q), from which redundant symptom parameters have been removed.

Teacher data : The possibility Sβr  (formula (10) ) of state S.

4   Failure Diagnoses for Rotating Machinery

The above method has been applied to the diagnosis of rotating machinery. Here, we
use the non-dimensional symptom parameters in time domain shown as follows for

the diagnosis. The ix  is digital data of vibration signal for the diagnosis.
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XXp p /4 = (14)

Here, pX  is the mean value of peak values of ix  (i=1 to N).

pXXp /max5 = (15)

Here, 
maxX  is the mean value of 10 peak values (from maximum peak value to

tenth value).

ppXp σ/6 = (16)

Here, 
pσ  is the standard deviation of peak values of ix  (i=1 to N).

LLXp σ/7 = (17)

Here, xL and σL are the mean value and the standard deviation of valley values of xi

respectively.
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Fig. 3. Rotating machine

Fig. 3 shows the rotating machine for the diagnosis. Fig. 4 shows the time signals
(1Hz to 320Hz low pass filtering) measured in each state. In this case, the values of
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the initial symptom parameters calculated by using the time signals of vibration are
shown in Table 1.  The redundant symptom parameters in the rough sets are removed
so that we can distinguish each state by only using 

6p and 10p . The acquired knowl-

edge of diagnosis for PNN learning is shown in Table 2.

       (a) Normal                 (b) Misalignment             (c) Unbalance             (d) Looseness

Fig. 4. Time signal of vibration measured in each state

Table 1. Values of symptom parameters in each state

Table 2. Knowledge of diagnosis for PNN learning

Fig. 5 shows the PNN built on the basis of the method, and verification results. By
learning the knowledge shown in Table 2, the PNN can quickly diagnose the faults
with the possibility grade

ri
S β .

We sued the data measured in each state, which have not been learnt by the PNN,
to verify the efficiency of the PNN. When the data of symptom parameters measured
in the normal state (N), are inputted to the PNN, the probability of correct judgment is
87.5%. Similarly, the probabilities of correct judgment for M, U and L stets are all
100.0% respectively as shown in Fig. 5.
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Fig. 5. PNN for the diagnosis and the verifications

5   Conclusions

In order to diagnosing faults of rotating machinery and processing ambiguous infor-
mation for diagnosis by neural network,  the "Partially-linearized Neural Network
(PNN)" and the knowledge acquisition method by rough sets have been proposed.
The diagnosis results of structural faults of rotating machinery have been shown to
verify the effectiveness of the methods discussed here.

The superiority of PNN can be explained as;
(1) It can deal with the ambiguous diagnosis for machinery fault;
(2) It is always convergent because the learning data is made consistent by rough sets;
(3) The convergence when learning is speedy.
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Abstract. A practical approach is proposed to power system transient stability
assessment by monitoring and controlling active power flow on critical trans-
mission lines. A radial basis function network is trained to estimate transient
stability limit of active power flow on a critical line. Once the transient stability
limit is violated, a preventive control decision is made in terms of generation
rescheduling. Control amount is determined using first-order sensitivities of
transient stability margin with respect to generator outputs, which can be de-
rived directly from partial derivatives of the trained radial basis function net-
work’s output to inputs. Simulation results of a real-world power system dem-
onstrate the effectiveness of the proposed approach.

1   Introduction

Electric power systems nowadays tend to be operated with smaller security margins
due to inadequate transmission capacity caused by the lack of incentives for transmis-
sion expansion and operating uncertainties introduced by the deregulation of the
electric power industry. To maintain power system security, on-line dynamic security
assessment (DSA) plays an increasingly important role. The goal of on-line DSA is to
analyze the dynamic state of the power system in an on-line manner and ensure power
system security against a set of credible contingencies such as line and generator out-
ages.

As a function of DSA, transient stability assessment (TSA) focuses on judging
whether the power system loses synchronism under credible contingencies, evaluating
the degree of transient stability or instability, and making control decisions to ensure
stability [1]. A practical implementation of on-line TSA is to provide timely informa-
tion on transient stability limits of critical operating parameters. Stability status of the
power system can be derived from such information including whether the power
system is stable or unstable and how large the stability margin is. For instance, it is a
common practice to execute on-line calculation of transient stability limit of active
power flow on a critical line. The line is at a transmission interface or a bottleneck
constrained by transient stability for power transfer.

In this paper, an on-line TSA approach is proposed to monitor and control active
power flow on critical lines. Periodically, active power flow on a critical line is
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monitored and its transient stability limit is computed. If current active power flow
violates its transient stability limit, the power system is judged to be unstable but can
be prevented from losing synchronism by generation rescheduling. First-order sensi-
tivities of the stability margin with respect to changes of generator outputs are used to
determine the generation schedule. Due to their learning ability, adaptability and fast
execution, artificial neural networks have the potential to be applied to on-line esti-
mation of transient stability limit of active power flow on a critical line. Also, first-
order sensitivities can be derived directly from partial derivatives of the trained neural
network’s output to inputs [2]. Radial basis function (RBF) networks are applied be-
cause of their better convergence characteristics over commonly used multilayer per-
ceptron networks [3].

2   RBF Network for Online TSA

In terms of active power flow on a critical line, transient stability margin is defined as
the difference between its transient stability limit and current value. Instead of esti-
mating transient stability limit directly, transient stability margin is approximated by a
RBF network-based approach.

2.1   Estimation of Transient Stability Margin

Estimation of transient stability margin can be regarded as a function approximation
problem mapping current operating condition to transient stability margin considering
a set of credible contingencies

MOf → : (1)

where O denotes the current operating condition including network topology, load
level, generation schedule, etc., M represents the minimum transient stability margin
among all considered contingencies.

As general ANN-based approaches, the first step of our approach is to generate
training examples off-line. To ensure the representativeness of training examples, a
large number of time-domain simulations are executed covering various operating
conditions under a set of credible contingencies. The operating conditions are combi-
nations of different network topologies, load levels, generation schedules, etc. More
importantly, they are all feasible cases, i.e., power flow equations can be solved under
these conditions. For each case, generation shifts are made among generators with
transient stability simulations executed under a contingency until the maximum value
of active power flow on the line is found. The process is repeated for the whole set of
contingencies. Each contingency corresponds to a constrained active power flow and
transient stability limit is the minimum among them. Then transient stability margin is
derived from the difference between transient stability limit and current value of ac-
tive power flow on the line.

Three types of quantities are selected as input features including active power out-
puts of generators, load level and generation shift factors. These quantities represent
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operating conditions well and are measurable or can be derived easily. Particularly, it
is flexible to take generation shift factors as representatives of network topologies.
Generation shift factors are defined as [4]

i

l
li P

f
a

∆
∆

 =
(2)

where ∆Pi denotes change in generation at bus i and ∆fl represents change in active
power flow on line l when a change in ∆Pi occurs. They are linear sensitivity factors
and can be computed easily.  Thus the input vector is composed of active power out-
puts of generators, load level and generation shift factors of the critical line with re-
spect to generators

T
lNglNg LaaPP ],,,,,,[ 11=x (3)

where Ng represents the number of generators in the power system, l is the critical
line and L is load level.

Output is transient stability margin

                                                 My = . (4)

A RBF network is applied to such function approximation problem. RBF networks
are three-layer networks with activation function of hidden nodes being radial basis
function, e.g., Gaussian function. Input-output relationship of a RBF network with n
inputs, m hidden nodes and one output is as
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(5)

where wk denotes the connecting weight between the k-th hidden node and the output
node, w0 is the bias, ck and σ are center and width of the k-th hidden node, respec-
tively, ║•║ represents the Euclidean norm.

The orthogonal least squares (OLS) algorithm is employed to train the RBF net-
work [5].

2.2   Generation Rescheduling for Preventive Control

Periodically, the critical line is monitored with its transient stability margin estimated
using the trained RBF network. Once the transient stability margin is estimated to be
less than zero, i.e., active power flow on the line violates its transient stability limit;
the power system would lose synchronism should occur a contingency. A preventive
control decision must be made to maintain transient stability. Generation reschedul-
ing, redispatching active power outputs among generators, is an effective control
measure. First-order sensitivities of transient stability margin with respect to changes
of generator outputs are used to determine the control amount.
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Assume the sensitivity of transient stability margin with respect to changes of ac-
tive power output of the i-th generator being

                  
i
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M
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(6)

By changing the active power output of the i-th generator with

                      MsP lii
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the power system is pulled back to the stable status. First-order sensitivities can be de-
rived directly from partial derivatives of the trained RBF network’s output to inputs
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In practice, generators are ordered according to their sensitivities with their active
power outputs shifted one by one, i.e., generator with the maximum absolute sensi-
tivity is redispatched first until the needed control amount is beyond its available
control range.

Fig. 1. Geographical diagram of Yantai-Weihai power system

3 Simulation Results

A regional power system in China, Yantai-Weihai power system is simulated. Geo-
graphical diagram of Yantai-Weihai power system is shown in Fig. 1. There are three
power plants in the system including Huawei, Longkou and Yantai with about 2250
MW installed generating capacity. Constrained by transient stability, power output of
Huawei power plant is suppressed below its rated value. Fenglin-Laotai line, respon-
sible for power transfer from Huawei power plant to the load center, is a critical line
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vulnerable to transient stability limit. An on-line TSA scheme is designed with active
power flow on Fenglin-Laotai line monitored and controlled.

3.1   Estimation of Transient Stability Margin

A RBF network is applied to the estimation of transient stability margin. To generate
training examples for the RBF network, a large number of power flow cases are con-
sidered covering various operating conditions. Load level fluctuates in the range of
80% to 120% of the basic value (about 2234 MW). Power outputs of Huawei, Long-
kou and Yantai change randomly from 80% to 100% of the rated values. Two typical
topologies are considered. Totally, there are 610 cases. For each case, a set of three
phase-to-ground short-circuit faults on transmission lines are simulated and the most
restricting one determines transient stability limit of active power flow on Fenglin-
Laotai line.

In total, there are 610 input-output pairs generated. Since generators among the
power plants usually behave coherently, the input vector is formed by quantities of
power plants instead of individual generators. To be specific, the input vector is
seven- dimensional composed of active power outputs and generation shift factors of
Huawei, Longkou and Yantai power plants and load level. Output is transient stability
margin, the difference between transient stability limit and current value of active
power flow on Fenglin-Laotai line. Take randomly 400 input-output pairs as training
examples and the other 210 ones as test examples. After training, average relative er-
ror is 0.05% for the training set and 1.77% for the test set, which verifies the RBF
network is precise in estimating transient stability margin. Estimation results of part
of the test set by the RBF network are shown in Fig. 2, compared with results by nu-
merical computations.

Fig. 2. Estimation results of RBF network compared with numerical results
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3.2   Preventive Control

As listed in Table 1, two unstable scenarios are selected to test preventive control ef-
fects. Shift range of active power outputs for every power plant is ±5%. After gen-
eration rescheduling, the power system is stable.

Table 1. Preventive control results (Huawei, Longkou, Yantai)

Active power outputs/MW First-order sensitivities Generation rescheduling/MW

850, 1080, 320 -0.334, -0.031, 0 -39.7, 0, 0
850, 864, 256 -0.349, 0, 0 -37.7, 0, 0

4   Conclusions

A RBF networks is successfully applied to the estimation of transient stability limit of
active power flow on a critical transmission line. Having first-order sensitivities of
transient stability margin with respect to generator outputs, an appropriate preventive
control decision can be made in terms of generation rescheduling whenever active
power flow on the critical line violates its transient stability limit to maintain power
system transient stability.
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Abstract. This paper presents an optimized shunt hybrid power quality condi-
tioner (SHPQC) for the compensation of harmonics and reactive power in
power distribution network. A novel signal processing technique based on the
adaptive neural network algorithm is applied to determine harmonics for gener-
ating the reference signals for the current controller of the SHPQC. The con-
ventional hysteresis current controller for the three-phase insulated gate bipolar
transistor (IGBT) voltage source inverter (VSI) is replaced by a current regu-
lated space vector pulse width modulated controller. Simulations and experi-
mental results are presented verifying the excellent power quality improvement
performance of the proposed topology while keeping the apparent power of the
SHPQC minimal.

1   Introduction

The wide application of nonlinear loads, such as static power converters and adjust-
able speed drives, etc., has resulted in a decreasing power quality due to the harmonic
distortion. These harmonic current producing loads have caused various undesirable
problems to both the power system and the equipment connected to these power lines.

Different harmonic power filters [1], [2] have been investigated in the past and
have been installed in power systems to keep the harmonic distortion within accept-
able limits. However, traditional passive filters have suffered from unstable filtering
characteristics. A high cost for high-power application restricts the popularization of
active power filters (APFs). In this paper, a full digital compensating system called a
shunt hybrid power quality conditioner (SHPQC) is presented for the compensation
of harmonics and reactive power in power distribution network, overcoming the
shortcomings of the aforementioned filters.

Various harmonic analysis methods such as DFT, FFT, pq-transformation, etc.,
need additional updates and hence mostly complicated and difficult to implement and
adjust [3]. Nowadays, neural networks [4] are widely applied in different fields of
engineering and their application to estimation of harmonic components in power
distribution network contributes to a solution to power quality improvement.
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Fig. 1. Shunt hybrid power quality conditioner topology

In this paper, the estimation of the magnitude and phase angle of the current har-
monics with an adaptive linear neural network is based on its training process [5].
The proposed algorithm is much simpler, highly adaptive, and capable of tracking the
time varying harmonics accurately.

Simulations for a typical harmonic distorted power distribution network with reac-
tive power compensation are presented as well as experimental results obtained with a
laboratory prototype to verify the excellent performance of the SHPQC.

2   Shunt Hybrid Power Quality Conditioner

The proposed topology is illustrated in Fig. 1. A distribution network represented by
the voltage source es and its inductance Ls, supplies a harmonics producing load.

The reactive power compensator consists of a chain of capacitor banks connected
in a grounded Y connection and a medium-voltage synchronous circuit-breaker
(SCB) with a magnetic drive [6]. Switching transients can be avoided or reduced by
keeping the appropriate conditions of null initial current and null voltage difference
between the capacitor banks and the power lines [7] with the help of the SCB which
allows the closing and opening operations to be synchronized with the distribution
network.

The shunt APF (SAPF) controlled as a current source compensates the harmonic
currents of the nonlinear load, and the residual small amounts of load unbalance and
power factor that the capacitor banks cannot eliminate due to their binary condition.
In addition, the rating of the SAPF is notably reduced because most of reactive power
compensation is done by the capacitor banks, and there is a sharp reduction of the
troublesome problems caused by connecting capacitors to power systems.

An adaptive neural network is employed to determine the current harmonics of the
nonlinear load for generating the reference signals for the current controller of the
whole system. The total calculation and control of the SHPQC is implemented on a
DSP-based master-slave system. It mainly comprises the synchronization of all sig-
nals, calculation of active and reactive power, and control of the SCB and the
inverter.
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2.1   Calculation of Harmonic Components

In the proposed adaptive neural network the nonlinear load current is sampled syn-
chronously and the obtained values are used to extract the fundamental component of
the distorted load current. The general form of a nonlinear load current with the fun-
damental angular frequency ω  can be represented as
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=

− ++=
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n
nn

t
L tnIeIti

1
0 )sin()( φωλ  .

(1)

where the I0 and λ are the initial value and decaying constant of the dc component, In

and nφ  are the amplitude and phase of the nth (n=1, 2, … , N) harmonic currents re-

spectively, and N is the total number of the harmonics.
In general, a decaying dc component can be expressed using the first two terms of

its Taylor series. If we transform (1) into the discrete time domain, we obtain
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where Ts is the sample time and k is the time index or adaptation cycle number.
For the adaptive on-line estimation of the harmonics, a Fourier linear combiner

called adaptive linear element or Adaline [4] is proposed. The implementation of the
neural network circuit according to (2) is given by Fig. 2.

The input vector at time k can be written as

TNNkTkX s ]cos,sin, ,cos,sin,,-1[)( θθθθ …=  . (3)

The weight vector for the original Widrow-Hoff delta rule [4] is updated as
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)()()1( 2 kekk ⋅+⋅=+ µαρα  . (5)

where 10 << ρ  and 0>µ . )(kα is the adaptive learning parameter, the linear error

e(k) is the difference between the desired response input i ^(k) (training signal) and the
linear output i(k), and β is usually a small value avoiding a zero denominator.

The choice of the step size α  plays an important role in the performance of the
Adaline algorithm. A smaller value of the step size produces lower misadjustment,
but it yields lower convergence speed of the algorithm and hence may not be able
totrack nonstationary signals. While a bigger step size ensures faster convergence and
better tracking capability at the cost of misadjustment. With the help of the fuzzy
logic based algorithm using the error covariance, α  is rewritten as

)()()1( kkk ααρα ∆+⋅=+  . (6)
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where iρ  and iα∆  are the firing level of the fuzzy rule and the center of gravity of

the output fuzzy subset of the ith rule, respectively [8], [9].
Furthermore, the disadvantageous effect on the accuracy of the Adaline algorithm

due to the fundamental frequency drift within the permitted range, can be effectively
solved by the FFT algorithm with windows and interpolation [10].

The convergence of the learning rule for the neural estimator can be studied by
Lyapunov Theorem [5]. During the training process, the present error is reduced by
the factor of α  when the weights are changed while keeping the input fixed until the
next adaptation cycle starts. Then the next error is unceasingly reduced as such proc-
esses continue. The initial weight vector is usually set to be zero and the practical
range of α  is between 0.1 and 1 so that the tracking error e(k) can converge to zero
asymptotically. When a perfect training is obtained, the error will be brought to zero,
and after the final convergence is reached the weight vector yields the Fourier coeffi-
cients in (2) as

T
NNNN IIIIIIW ]sin,cos, ,sin,cos,,[ 1111000 φφφφλ …=  . (8)

Finally, the amplitude and phase of the nth harmonic current are given by

)2+2(+)1+2(= 2
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2.2   Discrete Current Controller

From Fig. 1, the total of all harmonics calculated by subtracting the fundamental
component from the nonlinear load current, are used to generate the reference signals
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for the current controller. Since the filter voltage of a voltage source inverter (VSI)
can be controlled directly [11], the previously obtained signals together with the sup-
ply voltage and inverter phase voltage are applied for the calculation of the command
voltage space vector, and the gating signals of the VSI are determined by a space
vector pulse width modulation (PWM) technique [12], [13], [14].

The optimization of connection configuration for power factor correction (PFC)
capacitor banks can achieve a desirable performance of reactive power compensation.
However, the residual small amounts of load unbalances and power factor cannot be
eliminated due to the binary condition of the capacitor banks. When the reactive cur-
rent component is considered simultaneously, we obtain the perfect reactive power
compensation as well as harmonic compensation.

3   Simulations for a Power Distribution Network

In the simulation environment PSCAD and MATLAB, the proposed SHPQC has been
examined in detail. The values used in the simulations are given in Table 1. The non-
linear load current containing the fundamental current, the most common harmonic
currents, and a decaying dc component, is represented by

)10+7sin(014.0+)5sin(02.0+)3+sin(12.0= πωtωπtωiL

t15-03.0+)7+11sin(009.0+ eπtω  . (11)

The sampling frequency is set to 6.4 kHz and the learning parameter is chosen as
0.8 for this study. Fig. 3 shows the performance of tracking of the fundamental com-
ponent. When full compensation is provided, the nonlinear load, compensating, and
source currents are shown in Fig. 4. If a compensating current is applied as depicted
in the second diagram below, the source current becomes nearly sinusoidal.

Table 1. Simulation values

Description Symbol Value
Source voltage es 380 V
Fundamental frequency f1 50 Hz
Source inductance Ls 2.68 mH
PFC capacitor C 0.66 mF
Filter inductance Lf 820 µH

Filter resistance Rf 4Ω
Filter capacitor Cf 2.5 µ F

Switching frequency fs 12.5 kHz
DC-link capacitor CDC 4.7 mF
DC-link voltage VDC 390 V
Load resistance RL 16Ω
Load inductance LL 22.8 mH
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4   Experimental Results

A full-rated experimental prototype for harmonic and reactive power compensation
was installed with a three-phase full-bridge rectifier supplying an inductance of 22.8
mH and a resistor of 16Ω in series at the dc output of the rectifier. The source induc-
tance has been measured at the output terminal and a value of 2.68 mH was obtained.
The transformer with a magnetizing inductance of 0.12 mH referred to the secondary
side and a ratio of ten, was used to reduce the voltage applied to the IGBT VSI so that
the switching devices with a lower breakdown voltage of 1200 V can be used directly
in the power distribution network. The dc-link capacitor of the VSI has a capacitance
of 4.7 mF and the dc voltage set to 390 V can be controlled by injecting active power
from or into the dc capacitor. The smoothing output filter of the VSI consists of a
inductor of 0.82 mH, a resistor of 12Ω , and a capacitor of 2.5µ F.

The experimental results are partly shown in Fig. 5. Particularly, the measuring
values of the harmonic currents at 20 ms are given in Table 2. The reactive power
compensator of 75 kVA with capacitors of 0.66 mF as well as the APF of 15 kVA can
maintain the power factor around 0.95.



An Optimized Shunt Hybrid Power Quality Conditioner         593

Fig. 5. Harmonic filtering performance of the SHPQC (from top to bottom): line voltage (400
V/div), load current (25 A/div), compensating current (15 A/div), and source current (25
A/div)

Table 2. Measuring values of harmonic currents at 20 ms

Harmonic
order

Amplitude / Phase
Theoretic
value (p.u.)

Measuring
value (p.u.)

Absolute
error (p.u.)

Relative
error (%)

1 1.3278 / 30 1.3251 / 30.11 -0.0027 / 0.11 -0.20 / 0.37
5 0.2213 / 150 0.2202 / 150.48 -0.0011 / 0.48 -0.50 / 0.32
7 0.1549 / 210 0.1574 / 211.03 0.0025 / 1.03 1.61 / 0.49
11 0.0996 / 330 0.1017 / 327.26 0.0021 / -2.74 2.11 / -0.83
13 0.0879 / -30 0.0863 / -29.02 -0.0016 / 0.98 -1.82 / -3.27
17 0.0695 / -90 0.0708 / -93.14 0.0013 / -3.14 1.87 / 3.49
19 0.0598 / -150 0.0612 / -144.05 0.0014 / 5.95 2.34 / -3.97

5   Conclusion

In today’s competitive energy market, power quality issues are becoming an impor-
tant performance indicator and receiving much more attention than in the past. In this
paper, an optimized shunt hybrid power quality conditioner with a novel signal proc-
essor based on an adaptive neural network has been studied for the compensation of
harmonics and reactive power, and thus improves the power quality in distribution
network. The proposed algorithm of harmonic determination in the Adaline form is
applied to provide the reference currents for the SHPQC by sensing the nonlinear
load currents only and keeping adequate tracking of time varying harmonics. The
conventional hysteresis current controller for the three-phase IGBT VSI is replaced
by a space vector PWM controller to avoid subharmonics and minimize the inverter
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losses. An excellent performance of the SHPQC for power quality improvement is
proved via all simulations and experimental results.
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Abstract. This paper proposes a novel cyclic statistics based artificial neural
network for early fault diagnosis of rolling element bearing, via which the real
time domain signals obtained from a test rig are preprocessed by cyclic
statistics to perform monitoring fault diagnosis. Three kinds of familiar faults
are intentionally introduced in order to investigate typical rolling element
bearing faults. The testing results are presented and discussed with examples of
real time data collected from the test rig.

1 Introduction

Vibration monitoring has been widely reported as a useful technique for the analysis
of the condition of rotating machines [1,2]. More efficient maintenance schedule can
be planned if accurate information about the machine’s condition is known and if on-
line monitoring and diagnosing [3] is used, the machine can be left unattended for
longer periods of time. Artificial neural networks have been used in a wide variety of
pattern recognition applications including vibration monitoring [4] and consequently
appear to be a possible solution to this problem. This paper presents the design of the
cyclic statistics based artificial neural network diagnosis algorithm. The bearing
vibration invariable frequency features extracted via cyclic statistics processing are
applied to artificial neural networks to build an automatic bearing fault diagnosis
machine. Experimental results indicate that a cyclic statistics based neural network
bearing vibration diagnosis algorithm can give very accurate information about the
condition of the rolling element bearing.

2 Cyclic Statistics and Artificial Neural Networks

2.1   Cyclic Statistics Theories

A random signal ( )tx  is 1st-order cyclostationary, if its first order moment, i.e. the

mean, is time periodical for all t

( ) ( ){ } ( )TtmtxEtm xx +== (1)
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where E  is the mathematical expectation. The coefficients in the generalized Fourier
series expansion of ( )tm  is called the Cyclic Mean (CM)

( ) ( ) ( ) ( ) ( )
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T x
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M παπαα 2exp2exp
1

lim
2

2
−=−= ∫−∞→

(2)

where α  is the so called cyclic-frequency.

The signal ( )tx  is 2nd-order cyclostationary, if its second order moment

( ) ( ) ( ){ }22, τττ −+= ∗ txtxEtRx , i.e. autocorrelation function is time periodical for
all t

( ) ( )ττ ,, TtRtR xx += (3)

where ∗  denotes complex conjugation. T  is the cyclic period, and T1=α  is the
fundamental cyclic frequency. The coefficients in the generalized Fourier series
expansion of ( )τ,tRx  is called Cyclic Autocorrelation Function (CAF).
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where ,...3,2,1, == nnTα .

Fourier transforming ( )τα
xR , then give the Cyclic Spectral Density (CSD) function.

This is the cyclic version of the power spectral density known as Cyclic Wiener
Relation and has the following equation

( ) ( ) ( ) ττπταα dfjRfS xx 2exp −= ∫
+∞

∞−
(5)

2.2 Artificial Neural Networks

Artificial Neural Network has been found to be an effective tool for pattern
recognition in many situations where data is fuzzy or incomplete. It is based upon
models of human neurons and it has been used to perform tasks, which previously
relied on human judgment to make a decision. The basic building block for an
artificial neural network is neuron. Each neuron consists of many inputs and one
output. The output is a non-linear transformation of the sum of the inputs scaled by
weights and a bias.

( )∑ += bxwy imim φ (6)

where { }ix are the inputs, { }iw  are the corresponding weights, b  is the bias, y  is the

output of the neuron and φ  represents the transformation. A pictorial representation

of an artificial neuron is given in Fig.1. In this paper, the tangent sigmoid function
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( ) ( ) ( )
( ) ( )xx
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expexp

expexpφ (7)

is used for ( )xφ . We use the most common configuration, the feed-forward neural
network, the neurons are arranged into 3 layers. The output of each layer is fed into
the input of the next layer as shown in Fig.2.
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          Fig. 1. Artificial neuron                    Fig. 2. Configuration of feed-forward ANN

2.3 Artificial Neural Network Based on Cyclic Statistics

The architecture of a feed-forward neural network is not suitable for direct
classification from the time series data, as it has no memory of previous inputs.
Therefore, it is necessary to extract time invariant features from the time series data to
use as inputs to the network. The choice of features has a significant impact on the
network’s success.

If the vibrations of the bearings are stationary, the statistics such as the Mean, the
Root Mean Square (RMS), the Peak Value, the Kurtosis and so on, will be invariant
and classification based upon them can give an indication of the bearing’s health. But
unfortunately, in the fact, the vibration signals of rolling element bearing are
produced by a combination of periodic and random processes due to the machine’s
rotation cycle and interaction with the real world. This phenomena appears
prominently especially when faults occurred. The combination of such components
can give rise to signals, which have periodically time-varying ensemble statistical and
are best considered as cyclostationary, so it is much more appropriate to use cyclic
statistics such as CM, CAF, CSD and so on to extract the almost time invariant
features of the cyclostationary process and used as inputs. The cyclic statistics based
artificial neural network diagnosis algorithm can be performed as shown in Fig.3.

The neural network used here consists of three layers. There are 9 neurons in the
input layer, 3~10 neurons in the hidden layer and 4 in the output layer. The training
data need 9 input nodes to correspond to the characteristic parameters extracted via
cyclic statistics of the signal. The 4 output nodes are used for representing the
probabilities rolling element bearing’s conditions. We use 100 groups of training sets
of each condition to train the ANN, and use 100 groups of testing sets of each
condition to test the ANN based on cyclic statistics. The performance of ratio of
calculation quantity of feature extracting and training of ANN about different
structure for different cyclic statistics are compared, as shown in Table.1
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M easured vibration
signal Cyclic statistics Invariant features

Artific ial neural networkRsults Output

Input

Fig. 3. Execute scheme of the cyclic statistics based artificial neural network diagnosis system

Table 1. Performance comparison about different structures for different cyclic statistics

9: 3: 4 9: 4: 4 9: 5: 4 9: 6: 4 9: 7: 4 9: 8: 4 9: 9: 4 9: 10: 4
CM 52.65 50.00 47.25 45.00 49.85 56.40 61.20 68.75
CAF 64.00 61.35 57.28 54.30 59.50 66.36 75.68 86.25
CSD 78.00 76.50 73.80 70.00 83.50 92.00 98.75 100.00

3 Test Rig

The data used for this work are obtained from the following experimental test rig, as
shown in Fig.4. Fig.4 (a) illustrates the plot of the rolling element bearing vibration-
measuring system. Fig.4 (b) illustrates a view of implementation sketch of this
experiment. The test rig can be divided into three subsystems: the machine set, the
transducers and the computer hardware.

The machine set used is a rolling element bearing vibration-measuring machine
ZST-1, consisting of a three-phase asynchronies AC motor, a belt transmission
system, a shaft coupling, two back-up bearing systems, and a test bearing with load.
The rotating frequency of the shaft rf  is about Hz67.11 . A series GB203 rolling

element bearing with local detects are used. The ball diameter is mm747.6 , the pitch
diameter is mm5.28 , the contact angle 0=θ , and the number of rolling elements is

7=n . The transducers used are a B&K4368 accelerometers positioned to measure

(a) Plots of a rolling element bearing vibration-measuring system

Rolling element bearing
GB203

Acceleration sensor
B&K4368

Charge amplifier
B&K2635

Low pass anti-aliasing
filter YE3761

Rolling element bearing vibration measuring machine ZST-1 High speed date access board PCI9118 and PC

(b) Sketch of the measuring system for vibration signal of rolling element bearings

Fig. 4. Experimental test rig
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Fig. 5. Time waveform of training and testing signals

Fig. 6. Output of the cyclic statistics based ANN

the vibration signals of the outer-race, a charge amplifier B&K2635, and a low pass
anti-aliasing filter YE3761. The computer hardware is a G4.2 Hz PⅣ PC with a high
speed data access board PCI9118. The sampling frequency is Hz5120 , and the
number is 4096.

Using this equipment, it was possible to create four different conditions:
− No fault applied (NOF): the rolling element bearing is in normal condition.
− Only outer-race early fault applied (ORF): the rolling element bearing has a single

early fault in outer-race.
− Only inner-race early fault applied (IRF): the rolling element bearing has a single

early fault in outer-race.
− Only rolling element early fault applied (REF): the rolling element bearing has a

single early fault on one rolling ball.
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Examples of the measured vibrations of training and testing are shown in Fig.5.
Here the training sets use the vibration signals of the rolling element with very serious
faults, and the testing sets use the vibration signals of the rolling element bearing with
early faults, so as to testify the system.

Table 2. Performance comparison about cyclic statistics based ANN

4 Result and Conclusion

Fig.6 plots the results of output nodes for each testing condition of the rolling element
bearing with different cyclic statistics. Table.2 illustrates the performance comparison
about different cyclic statistics based ANN.

These results presented above show that the network trained with given data sets
successfully performed early fault diagnosis for the rolling element bearing using pre-
processed vibration signals by cyclic statistics processing. Comparing the CM, CAF
and CSD, we find that it is much more appropriate and realizable to using the CAF to
extract the invariable features of the vibration signal. Cyclic statistics based ANN
condition monitoring and early fault diagnosis can replace some conventional
methods currently in use. This work is also related to the representation of the input
vector to multilayer feed-forward network.
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Abstract. The objective of this paper is to model the abnormal mould friction
in continuous casting, using back propagation (BP) neural network. It is also
discussed two capturing algorithms of abnormal characteristics, ample-change
judgement and modified pass-zero-ratio judgement algorithms, which are
designed to capture the abnormal modes, sharp pulse and big ramp. A set of
software for mould friction abnormity has been developed, and the results of
simulating prediction accord elementarily with the abnormal records in steel
plant. Compared to the traditional technique, the BP neural network in
combination with ramp and pulse judgements is much more convenient and
direct, and can achieve a much better prediction effect.

1   Introduction

Approximately 80% of all steel produced today is continuously cast. In continuous
casting, liquid steel is continuously cast into the mould which oscillates at a definite
frequency and is strongly cooled by water, along with the mould length, newly
forming shell will becomes thicker and the slab are drown out the mould. Mould
behavior have a critical influence on the formation of an even shell and strand surface
quality, while shell quality and breakout are closely related to the heat transfer and
friction force between the newly forming shell and the oscillating mould. The
interaction between shell surface and copper plates is expressed in terms of mould
friction (MDF). Breakout and other MDF abnormities bring with much economic loss
to continuous casting, so the method of abnormal prediction is a concerned question
to steel plants and investigators, and much work has been done on these. Based on the
analytical results of measuring MDF data by power method [1], it is found that the
dramatic change in MDF can indicate a critical situation or an abnormity in the
mould.
The object of this paper is to model and predict the abnormal mould friction in
continuous casting by applying the method combining BP network and two capturing
algorithms of abnormal characteristics, ample-change judgement and modified pass-
zero-ratio judgement algorithms. Based on the method, a set of software for
abnormity prediction is developed, and the results of simulating prediction for on-line
measurement MDF data are discussed in the end of the paper.
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2   Model by Neural Network

Nowadays, the neural architectures have become more and more important as an
effective learning technique in pattern recognition areas. The neural networks have
strong abilities to learn and to self-organize information, and need only a few specific
requirements and prior assumptions for modeling. These advantages have attracted
much interest in the research on manufacturing process. Thus, in this study, the neural
network analysis will be adopted to model the complicated MDF abnormities.

2.1   BP Neural Network

The most successful learning algorithm used to train multilayer neural networks is
currently the BP scheme [2]. It is basically a gradient descent algorithm designed to
minimize the error function in the weights space. And the BP network is also the most
popular learning algorithm for multiplayer feedforward neural networks because of its
simplicity, its power to extract useful information from examples, and its capacity of
storing information implicitly in the connecting links in the form of weights [3]. In
principle, it has been proved that any continuous function can be uniformly
approximated by a neural network model with only one hidden layer. Therefore, a
three-layer BP network is employed in our study.

2.2   Determination of Inputs and Output(s)

In order to construct a BP network, the number of input and output(s) should be
determined. In learning and forecasting, n pairs of root mean square (RMS) of MDF
and mould oscillation frequency ahead of t-m moment is assigned for the inputs, and
the output is the forecast RMS of MDF at current moment t (shown in Figure.1). In
view of the training time and the training precision, as is the case with m = 15, n = 15,
these parameters might be chosen through many applications of try-and-error
procedures. Therefore, there are thirty neurons in the input layer and one neuron in
the output layer.

2.3   Decision of Number of Hidden Layer Neurons

It is not so easy to choose the appropriate number of neurons in the hidden layer
because there is currently no definite rule to determine it except through

Fig. 1. Time schematic illustration for training and forecasting
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Fig. 2. NMSE and training time as a function of number of hidden neurons

experimentation. Too few neurons impairs the neural network and prevents the correct
mapping of input to output., however, too many neurons impedes generation and
increases training time. A common strategy, the one used in this study, is to replicate
the training several times, starting with 3 neurons and then increasing the number
while monitoring the normalized mean square error (NMSE) and training time. For all
the BP models with different hidden neurons, they are trained with the same patterns
using above BP algorithm, and the training stops after same iterations. Such
experiment is carries out until there is no significant improvement in the NMSE with
an increase in the hidden neurons. As shown in Fig.2 for this study, the optimized
number of hidden neurons is 10.

2.4   The Data for Use in Training and Testing the BP Network

Data of typical normal and abnormal samples are gathered for use in training and
testing the BP network, including the input patterns and the target output, one half of
which are randomly chosen as training patterns and the other as testing patterns.
These data basically contain the various distinct characteristics of the problem that the
BP network is likely to encounter in the finished application. Preprocessing of the
data is usually required before presenting the patterns to the BP network. This is
necessary because the sigmoid activation function modulates the output of each
neuron to values between 0 and 1. Various normalization strategies have been
proposed. The following normalization procedure is commonly adopted and is used in
this study.

21
minmax

min dd
XX

XX
Y +×

−
−

=
(1)

where X is the original value of RMS or frequency, Y is the normalized value, d1 and
d2 are 0.8 and 0.1, respectively, and Xmin and Xmax are the minimum and maximum
values in the data set.
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2.5   Determination of Abnormal Valve Value

Through training by a great deal of on-line measuring data, in normal conditions, the
maximal error between RMS forecasted and target RMS is less than 5%, while the
error will be much more than 5% when abnormities happen. Thus, the abnormal valve
value is designed to be RMS/20, when the error between RMS forecasted and target
RMS is larger than the valve value, the abnormity is to be captured.

3   Judgements for Abnormal MDF Characteristics

It is sensitive to the abnormal conditions in production through the method which
calculates the difference between measured value and forecasted value by BP
network. At the same time, based on the analysis and summary of the abnormal time-
region characteristics in the MDF curve before abnormities happened, MDF date
often appear sharp pulse and big ramp fluctuation. In order to improve the prediction
accuracy to the MDF abnormities, two capturing algorithms of abnormal
characteristics, ample-change judgement and modified pass-zero-ratio judgement
algorithms, are adopted to capture sharp pulse and big ramp abnormal modes [4].

3.1   Ample-Change Judgement

In order to capture the sharp pulse of MDF abnormities, the method based on range
change judgement is applied in this study. The MDF of current moment is to be
compared with the average value of continuous N entries of MDF current moment
ahead, if the difference between them overruns the limitation set, the instance will be
captured as a sharp pulse abnormity. This method is very sensitive to the state of
ascending and descending of MDF, and the time lag is very small.

3.2   Modified Pass-Zero-Ratio Judgement

The modified pass-zero-ratio method is adopted to capture the abnormal ramp change
of MDF. Firstly, each data of M entries of MDF current moment ahead will be
subtracted by their average value, then the difference of symbol function is summed
up, finally the pass-zero-ratio is calculated through dividing the sum by M. If the
absolute value of pass-zero-ratio is closed to 1, it means that the MDF is in the
ascending and descending trend.

4 Simulation Results

Based on the method which combines the BP network with two capturing algorithms
of abnormal characteristics to predict MDF abnormity discussed above, a set of
software for MDF abnormity prediction is developed using VC++ language. Based on
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Fig. 3. The prediction result for breakout

Fig. 4. The prediction result before submerged entry nozzle broken

the measuring data and abnormal records of continuous slab casting in steel plant,
using the software to predict MDF abnormities, many simulations are carried out.
Fig.3 and Fig.4 show two simulation results of prediction off-line. The vertical line in
these figures describe that the abnormity is captured at that moment.

Fig.3 gives the fluctuation of measuring data before a breakout (8:14). It can be seen
that RMS forecast is almost equal to the actual RMS in normal conditions, but the
difference between them is increasing rapidly when abnormity happened. The
software captures the abnormity of breakout at 8:08, which is 6 minutes ahead of
breakout. The abnormal condition of submerged entry nozzle (through which molten
steel flow into mould continuously) broken (14:48) is shown in Fig.4. The abnormity
is captured in the middle of MDF ascending, and it is captured 4 minutes before
abnormity happens.
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5   Conclusion

Abnormities influence seriously on steady process in continuous casting, and they can
result in huge economic loss to steel plants. Therefore, much work has been done on
these, and some models have been developed for the abnormity prediction in the past
few years. One of the important points for prediction is that the abnormities should be
predicted several minutes ahead, for the sake of providing enough time for operators
to take action to avoid the abnormities or alleviate economic loss.
In this paper, the authors propose to use the model that combines the BP network with
two capturing algorithms of abnormal characteristics to predict MDF abnormity in
continuous casting, and develop a set of software for abnormity prediction. The
results of simulating prediction for on-line measurement MDF data accord
elementarily with the abnormal records in steel plant, and the software can predict
most abnormities such as breakout, submerged entry nozzle broken, mould level
fluctuation and other abnormities. During simulation process, it is also found that the
method can make prediction several minutes ahead of traditional temperature system
warning. Thus, results of simulation predictions prove that the model is feasible and
can be applied to future work on the abnormity prediction in continuous casting.
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Abstract. It is well known that the time-varying parametric model based on
wavelet neural network has excellent performance on modeling a signal. The
spark discharge signal is a typical nonstationary one. The spark discharge has
two types in a static dust catcher. one is normal discharge, another is anti-
electric-corona discharge. A few simulations indicate that the performance of
the TVAR model on modeling a discharge signal is fineness, especially, on
distinguishing between normal discharge and anti-electric-corona discharge.

1   Introduction

The time-varying autoregressive (TVAR) parametric model is representative and used
widely [1]. Assume x(n) is a nonstationary random signal with zero-mean. Grenier
proved that the TVAR parametric model does not always exist [2], In this paper, how
to prove the model exists or not is not touched upon. it is supposed that the model
exist is true, and its analytical expression is shown in (1).

)()(),()1()1,()( nepnxpnanxnanx =−++−+  . (1)

Accordingly, its time-varying transform function which is denoted by H(n, z) can be
written as
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Where, a(n, i), i = 0, 1, … , p, are the time-varying parameters of the model. e(n) is
the white noise with zero mean and б2 variance for exciting the model.

For some special random signals, Kalman filter algorithm, polynomial-algebraic
algorithm etc. can be used to solve the parameters of model [1], [3]. But, decompos-
ing a(n, i) to linear combination of base function is a general method [1]. The base
function can be chose freely. In general, They are at least linear independent, self-
contained, may as well orthogonal to reduce the number of parameters (such as Walsh
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function). Assume that base function is fk(n), k = 0, 1, … and si(k) are the weighted
coefficients, then a(n, i) can be written as
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Put (3) in (2),
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By this way, the problem with time-varying coefficients can be converted to the one
with constant coefficients (all of si(k) are constant). Certainly, other costs have to be
suffered. Because of the number of unknown coefficients increasing, the chief cost is
the scale of problem. When the time-varying problem is considered, the cost will be
worth paying out. To get these coefficients(viz. si(k)), Recursive Least Square (RLS)
algorithm or polynomial-algebraic method are available [1], [3]. For all practical
purposes, limited precision a(n, i) may be also accepted. Therefore, superior limit of k
need not be up to ∞, Assume it is up to m-1. The “m” is named “base degree”[1].

The wavelet neural network (WNN) [4] for function approximation can be write as
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Where, “m” is the number of wavelet function (viz. base degree); “gk” is the kth shift
factor; “hk“ is the kth scale factor; “wk” is the kth weight coefficient; “ψ(t)” is a kind
of mother wavelet. “d” is a constant for approximating to non-zero mean function. In
expressions (1), substitute a(n, i) by the WNN shown in expressions (5), and change
wavelet to a discrete form. The TVAR based on WNN can be obtained as
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After the wavelet neural network is introduced into TVAR parametric model, How
to estimate the parameters of model is converted to how to train the neural network.
There are several training algorithms available to solve the model parameters in (6).
Zhang used the random gradient algorithm in his WNN [4]. Szu used conjugation
gradient algorithm to solve parameters [5]. Other algorithms, such as orthogonal
Least Square algorithm are available [6]. To reduce computation cost, a new LMS
algorithm based on input signal whitened is presented [7]. Because only part data is
used in an iterative training, its computation cost will be very low.
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2   The TVAR Parametric Model Based on WNN Applying for
Detecting Anti-Electric-Corona Discharge

The electric sketch map of static dust catcher is shown in Fig.1(a). A high voltage
charge source builts a static field between two pole board. When a dust particle passes
the room between two pole board, ionization will happen. The ionization results in
the dust particle is decomposed into a electron and a dust particle with positive
charge. Any electriferous particle will be forced to move in electric field as shown in
Fig.1(a). When a dust particle reach negative pole board, the electric neutralization
makes it discharge its charge. When a dust particle passes through the median of two
pole board, The minimum voltage to insure any dust will not escape from the dust
catcher is

2

22

min
qL

vmd
U =  .

(7)

Where, d is the distance of two pole board. U is the voltage of two pole board. L is the
length of pole board. m is the mass of a dust particle. q is the charge amount of a dust
particle.

(a)                                                              (b)

Fig. 1.  Electric sketch map of static dust catcher

For a kind of dust, m and q are usually considered as a constant. When a dust
catcher is made of, d and L are almost not changed. To process more dust particles, v
is needed to increase. So U is also needed to increase. By limit of air discharge inten-
sity, U does not increase unboundedly. Because the property of dust particles changes
momently, discharge between two pole board may occur(shown in Fig.1(b)). The
power of high voltage source  is usually small. When a discharge occurs, the voltage
between two board will be very low. A spark discharge will not transition an arc dis-
charge. To avoid the discharge is very difficult, but, the times need to be controlled. If
not, the efficiency of dust catcher will be very low.

After discharge, dust particles reveal neutral electricity character. But they still stay
up in virtue of adhere force. Obviously, the discharge of dust particles on surface
have to pass inner dust particles. While the resistance of dust layer is very high, it will
results in discharging difficultly. In fact, dust layer on negative pole board comes into
being a layer with positive charge, which is shown in Fig.2(a), and it is zoomed in
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Fig.2(b). In Fig.2, the electric field largens the adhere force of dust particles, and dust
is wiped off hardly by vibration. On the other hand, dust layer close with negative
board, the discharge happens easily. (anyone can easily find the baby blue glimmer
on negative board surface) This kind of discharge is called anti-electric-corona dis-
charge. The anti-electric-corona discharge is usually expected, because it makes the
electric field intensity descend, and results in dust can not be wiped off effectively.

      (a)                                                         (b)

Fig. 2. Sketch map of anti-electric-corona discharge

Fig. 3. Discharge signal collection sketch map

When a static dust catcher is working, its work state is needed monitor, especially,
if anti-electric-corona discharge has occurred. If it is, all of steps must be adopted to
wiped off dust on pole board. As we know, the mechanism of discharge is that there
is a plasm channel between two electriferous object. Because plasm is very unsteady,
the electric character of plasm is also nonstationary. How to monitor dust catcher also
becomes very difficult. In this paper, The TVAR parametric model based on WNN is
adopted for discharge signal modeling. By the TVAR parametric model, signal char-
acter can be extracted easily. In Fig.3, The signal collection sketch map is shown. In
Fig.3, U1 denotes the voltage between two board. U2 denotes the current between two
board by ohm law (I = U2/R). They are collected by digital oscillograph. Usually, a
broad way attenuation network is needed to avoid to damage the input device of os-
cillograph.
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3   Simulation and Conclusion

For normal discharge and anti-electric-corona discharge, four sets data including
voltage and current signal are collected. The total number of examples is twenty. The
TVAR parametric model based on WNN is used to model the collection data, and the
training algorithm in [7] is used to solve the parameters of model. In the TVAR
model, p equals 2, base degree equal 3. The initial value of WNN parametrics are
according to reference [5]. Because digital oscillograph is working in trigger-mode,
The are a lot of noise data before-and-after valid data. To improve modeling effect,
shorten the training time, All of original data are needed to preprocess properly. The
preprocessing process includes seven step. They are (1)high pass filter with linear
phase to wipe off DC component; (2) wipe off unuseful noise data by short time win-
dowed energy; (3)obtain main component period (Tmain) by classical power spectrum
density; (4) extract valid data including about ten Tmain; (5) high pass filter again with
linear phase to wipe off DC component; (6)find out absolute maximum; (7) normalize
all data by the absolute maximum.
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(c) Normal current                                     (d) Anti-electric-corona current

Fig. 4.  A few modeling results (TVAR denotes the output of model)

A few results of modeling are shown in Fig.4. It can be found that the avail is ac-
ceptable. According to same procedure, every data example has its model. Based on
these models, the equivalent attenuation coefficient of model can be calculated [8],
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and they are listed in table 1. The equivalent attenuation coefficients of normal dis-
charge voltage fasten on 0.0007, and the ones of anti-electric-corona discharge volt-
age fasten on 0.0015. the equivalent attenuation coefficients of normal discharge
current fasten on 0.0036, and the ones of anti-electric-corona discharge current fasten
on 0.0033. They can be easily distinguish from each other, so, they can be parametric
for monitoring dust catcher directly or input for other pattern sorter.

The wavelet transform has excellent character on time-frequency field, and it is
also called microscope on math. The neural network has powerful learning ability,
and it is fit for nonlinear problem. The WNN combine. When the WNN is introduced
in the TVAR model, their virtue is exerted, and very fit for model of nonstationary
signal.

Table 1. Equivalence attenuation coefficients by algorithm in this paper

discharge state(voltage) coefficients discharge state(current) coefficients
7.263e-004 3.649e-003
7.120e-004 3.646e-003
7.584e-004 3.827e-003
7.193e-004 3.800e-003

normal

7.088e-004

Normal

3.538e-003
1.623e-003 2.946e-003
1.587e-003 3.515e-003
1.597e-003 3.346e-003
1.548e-003 3.437e-003

anti-electric-corona

1.633e-003

anti-electric-corona

3.257e-003
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Abstract. Fuzzy neural networks fault diagnosis technology and diagnosis
mode are used to diagnose cracks. It is trained with promoted BP arithmetic.
The faults of cracked cantilever plate are diagnosed. Firstly the mode and fre-
quency of numerical simulation intact plate and different cracked plates are cal-
culated. Then five crack diagnosis indexes are calculated. Divide five indexes
into three groups and create three fuzzy neural networks. The fuzzy neural net-
works are trained using these indexes, and diagnosis is taken to the crack in the
end.

1   Introduction

Crack is a common form of structural damage. Plate and beam are the basic element of
engineering structure [1]. Diagnosis to thin plate crack is taken as an example in this
paper. Fault diagnosis based on fuzzy neural networks adapts to fault feature of fuzzy
boundary, multi-levels and randomness. It can make good use of self-adaptive and
self-learning ability of neural networks, and the strong encoding ability to scribe the
expert language of fuzzy sort.

2   Fuzzy Neural Network Model [2]

A simplified fuzzy neural networks model is used. As to the structural crack, we use a
half-liter concave convex function as the membership function:
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where K  is the crack identifying index. a  is the x value of crossing point between
half lifter concave convex function and x axis. Each node of the second level repre-
sents a fuzzy rule to calculate the relevance grade of each rule:
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Take separation angle cosine function as the output assorting membership grade:
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where jkc  is the k th eigenelement of the j th mode center jc :
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The following is learning ratio adjustment algorithms:
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The weight adjustment equation is:

[ ])1()()()1( −−⋅++=+ kwkwOkwkw jijiijjiji αηδ (7)

3   FEM Analysis Stimulation to Cantilever Thin Aluminum Plate
Crack [3]

There is a cantilever thin aluminum plate with one side fixing, which is 0.4m long and
0.2 wide. Its Young’s modulus 68.5E GPa= , Poisson’s ratio 0.34µ = , density

32700 /Kg mρ =  and thickness is 0.005m.The FEM model to calculate the canti-

lever plate is shown as figure 1, the element mesh size is 0.01m. We use the change of
mode and natural frequency to diagnose the cracks.
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Fig. 1. FEM analysis mode of cantilever plate

4   Crack Diagnosis Index Choosing

4.1   Mode Tangential Angle Variance Ratio Index [4]
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where { }
1, +ijxu  and { }

ijxu
,

 is respective the ( 1+i )th and i th mode of j th range in

y direction tangent line. xl∆  is the position distance between ( 1+i )th and i th.
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                 Fig. 2. αtg∆  of a cracked plate              Fig. 3. αtg∆  of different cracked plate

The above is the mode tangential angle variance ratio of a marginal straight crack
of cantilever plate (see figure 2).  Figure 3 is the mode tangential angle variance ratio
of intact plate and cracked plate.
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4.2   DSN Index [5]
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4.3   Rate Decline of The Natural Frequency
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where oi
f  is the i th natural frequency of intact plate. 'if  is the i th natural fre-

quency of cracked plate.

5   Crack Diagnosis Using Different Indexes

Take αtg∆  and f∆ , DSN  and f∆ ,ϕ  and f  and f∆  as different three groups to

diagnose cracks based on FNN [6-7]. Choose 62 different crack as training samples.
Another 10 different crack as the detection samples. The following tables show the
diagnosis result. The analysis to the results is given in these tables at the same time.

Table 1. Diagnosis result to single crack based on αtg∆  and f∆

Position/m Length/m
Actual FNN Error Actual FNN Error
0.100 0.09266 7.34 0.005 0.00446 12.83
0.025 0.02642 5.66 0.068 0.07289 7.19
0.018 0.01879 4.37 0.092 0.09693 5.36
0.250 0.22955 8.18 0.078 0.08305 6.47
0.300 0.27231 9.23 0.052 0.04715 9.32
0.034 0.03182 6.41 0.041 0.03690 10.01

Depth/m Angle/degree
Actual FNN Error Actual FNN Error
0.005 0.00479 4.14 90 83.916 6.76
0.005 0.00483 3.42 90 87.408 2.88
0.005 0.00485 3.07 45 47.763 6.14
0.005 0.00470 5.97 60 54.012 9.98
0.005 0.00468 6.35 90 80.172 10.92
0.003 0.00271 9.76 90 92.133 2.37
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Table 2. Fault diagnosis result to single crack based on DSN  and f∆

Position/m Length/m
Actual FNN Error Actual FNN Error
0.100 0.08846 11.54 0.005 0.00431 13.72
0.025 0.02697 7.89 0.068 0.07435 9.34
0.018 0.01894 5.23 0.092 0.09846 7.02
0.250 0.22470 10.12 0.078 0.08464 8.51
0.300 0.26616 11.28 0.052 0.04584 11.84
0.034 0.03116 8.36 0.041 0.03580 12.69

Depth/m Angle/degree
Actual FNN Error Actual FNN Error
0.005 0.00468 6.37 90 82.863 7.93
0.005 0.00476 4.81 90 85.851 4.61
0.005 0.00476 4.74 45 48.897 8.66
0.005 0.00465 7.09 60 52.812 11.98
0.005 0.00460 7.92 90 77.067 14.37
0.003 0.00258 14.05 90 95.769 6.41

Table 3. Diagnosis result to single crack based on ϕ , f  and f∆

Position/m Length/m
Actual FNN Error Actual FNN Error
0.100 0.08369 16.31 0.005 0.00413 17.49
0.025 0.02802 12.07    0.068 0.07744 13.88
0.018 0.01983 10.19 0.092 0.10319 12.16
0.250 0.20605 17.58 0.078 0.08897 14.07
0.300 0.24171 19.43 0.052 0.04319 16.95
0.034 0.02929 13.84 0.041 0.03357 18.11

Depth/m Angle/degree
Actual FNN Error Actual FNN Error
0.005 0.00438 12.41 90 77.562 13.82

0.005 0.00460 7.99 90 81.927 8.97
0.005 0.00460 8.03 45 51.4485 14.33
0.005 0.00452 9.69 60 50.448 15.92
0.005 0.00450 9.96 90 72.675 19.25
0.003 0.00242 19.17 90 101.106 12.34

6   Conclusions

The diagnosis result indicates that crack diagnosis based on fuzzy neural networks is
an effective intelligent technique. Different crack diagnosis indexes group bring dif-
ferent diagnosis precision. The diagnosis precision using αtg∆  and f∆  indexes

group is much better than others. The diagnosis precision to longer crack is higher
than that of small cracks. Full crack diagnosis precision is higher than that of partial
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cracks. The diagnosis precision to straight crack is higher than that of oblique cracks.
The diagnosis precision to crack nearby fixing side is higher than that of far fixing
side cracks.
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Abstract. A blind diagnosis method of photovoltaic radar digital and analog
integrated circuit based on the CPN neural networks is presented. By measuring
the temperature and voltage of circuit component, the membership functional
assignment of two sensors to circuit component is calculated, and the fusion
membership functional assignment is gained by using the CPN neural net-
works, then according to the fusion data, the fault component is found. Com-
paring the diagnosis results based on separate original data with the ones based
on CPN fused data, it is shown that the blind diagnosis method is more accu-
rate.

1   Introduction

In analog circuit fault diagnosis, according to the different stages of testing process,
we can divide the method of the analog circuit fault diagnosis into two types: one is
before-testing simulation[1] and the other is after-testing simulation[2].In these meth-
ods, no matter before-testing simulation diagnosis or after-testing simulation method,
generally, we must analyze the working principle and inner structure of the circuits,
and know some information about the circuit, then undergo the diagnosis. However,
in many cases, it’s very difficult for us to get such information, and this limits the
effectiveness of these diagnosis. For example, in an electronic component fault hunt-
ing system of a certain type airplane photovoltaic radar[3], although we know the
fundamental functions of many electronic components, we don’t understand their
inner structure, and it’s still difficult to find precisely fault components by using gen-
eral diagnosis methods.

In this paper the multi-sensor information fusion technique[4-6] based on
CPN(Counter propagation Network) is introduced for photovoltaic radar electronic
components fault diagnosis. By using multi-dimension signal processing method of
information fusion, it can diminish the uncertainty of analog electronic components
fault diagnosis, and exactly orient the fault components. Moreover, it need not know
the principle and structure of the circuit. It is a blind diagnosis.
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2   CPN Neural Networks Information Fusion Fault Diagnosis

The construction of multi-sensor information fusion system is shown in Figure1. The
key voltage of each circuit component can be gotten by using probes. The tempera-
ture of each component is measured by using thermal image instrument (inframetrics
600). According to fuzzy logic theory, for each sensor, the fault possibility of the
tested component can be described by a set of membership function values. Then two
fuzzy sets of membership function values can be gotten, which  may appear two
cases: one is for the mutual affection of each component in an electric circuit, there
has sometimes some misjudgement when using a signal sensor to distinguish a fault
component; secondly if two sensors give different membership function values, it will
be much harder to judge a fault component. An approach is to make a fuzzy neural
network information fusion classify model, the model combines fuzzy logic with
CPN neural network, and the input and output data are the meaningful membership
function values. During fault diagnosis, consider the membership function values of
voltage and temperature tested as input data of CPN network. And output data are the
fusion fault membership function values. By using the fusion fault membership func-
tion values, the fault component can be determined on certain fault determination
criterion.

Fig. 1. Fault diagnosis based on multi-sensor information fusion

2.1   Forms of Membership Function

Membership function is designed by the working characteristics of the sensors and
the characteristics of the parameters to be tested. For a certain component in the elec-
tric circuit system, when the system is working properly, the voltages of component
key points should be stable and the temperature should be a fixed value. If there are
some fault components in the system, generally the voltage values will deviate the
normal range and the temperatures will have a change (increasing or decreasing).

The bigger the deviations are, the more fault possibility will be. For a conven-
ience, we define the distribution of membership function μij(x) as shown in Figure 2.
The formula (1) is the distribution of membership function μij(x).  Xoij is the standard
parameter value of the tested component when the electric circuit is working prop-
erly; eij is the normal changing range of the tested component parameters; tij is the
margin deviation of the parameter of the component to be tested; μij(x) is the mem-
bership function value of the component j tested by the sensor i; Xi is the practical
measuring value of the sensor i.
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2.2   CPN Neural Networks Model

CPN is a new mapping neural network[7-8] by combining Kohonen and Grossberg
learning algorithm, and it’s widely used in data classification, pattern recognition,
associative memory and so on. In this paper, it was used in information fusion to
recognize the fault components. The CPN has three layer neurons, the input layer:
receives the input information; the middle layer is Kohonen competition layer and it
is connected to the input layer through weight matrix V; Grossberg output layer is
connected to the middle layer through weight matrix W. The structure of CPN is
shown in Figure 3. When applying the CPN information fusion to recognize the fault
pattern, the input and output of CPN are value that has certain physical meaning. In
the figure, the input layer corresponds to the feature of fault(the membership function
value of voltages and temperature) and the output layer corresponds to reasons(fault
component). In practical data fusion fault diagnosis system of electric circuit, the
applied network model has 2n input nodes to represent fault membership function
values of the component tested by the two sensors. There are n nodes in the output
layer to represent the membership function values of the fusion data(n is the number
of component tested). And there is one hide layer.

2.3   Fault Component Judge Criterion

To each fused component, using methods based on rules to recognize the fault pat-
tern, its specific contents are as follows:①Object patterns to be judged should have
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maximal membership function value; moreover, it should be bigger than a certain
value. Generally, this value should be at least bigger than 1/n (n stands for the number
of components to be tested), and the bigger the threshold value is and the more pre-
cise the judgment should be. However, if the threshold value is too big, membership
function value from testing will not satisfy the requirement. Therefore, we should,
according to the real situation, choose a moderate one, such as 0.7 in the diagnosis
example given in this paper.②The difference of the function value between object
patterns with other patterns should be bigger than a certain threshold value, such as
0.50 in the example of this paper.

3   Photovoltaic Radar Electronic Components Fault Diagnosis

In a certain type plane photovoltaic radar electronic components fault diagnosis sys-
tem, the “fault tree” method is adopted to search fault components[3], Testing voltage
of the components on specific circuit board and comparing it with the normal signals,
we can make a proper judgment. Although this method is simple and convenient, its
diagnosis accuracy is poor. The reason lies in two aspects: when a fault in an analog
circuit occurs, not only the fault component’s output signal but also the conjoint com-
ponents corresponding signals will be distorted, because the conjoint components
functions are affected. In other words, for the mutual influence of each component
electric signal, it is hard to judge correctly whether a component has some fault by
testing only the voltage or electric current of the component. On the other hand, for
some imported components, we don’t know their inner structure, the “fault tree” may
not be well rationalized. So we introduce CPN to fault components hunting. We use
two kinds of sensors to test electronic component fault information from different
aspect, then conduct neural network information fusion and judge the fault compo-
nents. This method need not know the knowledge of principle and structure of the
electronic components, and it is a blind diagnosis method. Figure 4 is a picture of
voltage-code changing circuit board for fault diagnosis experiment, and its main
function is to change analog voltage into eleven bit digital signal. There are five elec-
tric component(A1,A2,A3,A4,A5)  are  fault  components  doubted.  U1,U2 ,U3 ,U4 and U5

are the key voltages of the component 1,2,3,4 and 5 respectively. Firstly, the tem-
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Fig. 4. The A/D circuit of photovoltaic radar diagnosed

perature of each component is measured by a thermal image instrument (inframetrics
600) when the circuit is working properly. Secondly, if there is some fault in the cir
cuit, the fault components temperature will change (increase or decrease), so the new
temperature of each component is measured, and  the temperature fault membership
function value can be calculated using the formula given before. In addition, the volt-
age of each key point can be gotten by using probes, and the voltage fault member-
ship function values can be gotten also.

3.1   Structure of CPN and Training Sample

In this experiment, there are five object components and two sensors, so the neuron
number of network input should be 10 and the neuron of output should be 5; the neu-
ron number of the middle hidden layer is m=12; the initialized weight is a normalized
random value. Membership function is defined mainly by the characteristics of sen-
sors and object parameters, and for a certain component in electronic equipment, the
distribution of its membership functionμij（x）can be illustrated by formula (1). To
simplify the problem, and under the condition of not changing the fault characteris-

tics, we choose 0=ije , ijij xt 0= , voltage sensorα =1/3, temperature sen-

sorα =2.8, and set different artificial fault, under different input conditions, calculate
the membership function value of each component tested by the two sensors. Each
group of sensor membership function value is normalized and then used as the input
vector of network training sample; the output vector is defined by the fault compo-
nents, that is, for the real fault components, their corresponding neuron output is 1,
while for other components, the output is 0. Table 1 shows the membership function
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Table 1. CPN network training sample

Input membership function value Output valueNo. Sensor

A1         A2             A3          A4          A5 A1  A2  A3  A4  A5

1 Voltage
Temperature

.2746      .0313       .3511     .0708      .2722

.5608      .2143       .0454     .0891      .0902
1    0    0    0    0

2 Voltage
Temperature

.0144      .5152       .2656     .0108      .1939

.1000      .6185       .1905     .0000      .0921
0    1    0    0    0

3 Voltage
Temperature

.0113      .0326       .6900     .2158      .0505

.0852      .0760       .6314     .1395      .0679
0    0    1    0    0

4 Voltage
Temperature

.0393      .3132       .2212     .3875      .0387

.1039      .0000       .0000     .7957      .1004
0    0    0    1    0

5 Voltage
Temperature

.0101      .2838       .2486     .0069      .4506

.1143      .0892       .0616     .1779      .5569
0    0    0    0    1

6 Voltage
Temperature

.3272      .0613       .2775     .0747      .2593

.6169      .1489       .0489     .0966      .0887
1    0    0    0    0

7 Voltage
Temperature

.0168      .5029       .2698     .0139      .1964

.0050      .7004       .1893     .0045      .1008
0    1    0    0    0

8 Voltage
Temperature

.0112      .0350       .7055     .1160      .1570

.0882      .0761       .6382     .1228      .0748
0    0    1    0    0

9 Voltage
Temperature

.0466      .3047       .2121     .3964      .0402

.1011      .0055       .0114     .7826      .0994
0    0    0    1    0

10 Voltage
Temperature

.0078      .2761       .2444     .0067      .4641

.0996      .0853       .0572     .1762      .5816
0    0    0    0    1

value of each object component on the voltage-code changing circuit board, that is,
input and output of CPN training sample.

3.2   Discussion of Fault Diagnosis Results

According to the above fusion algorithm and fault judging rules, the fault diagnosis
result of the circuit is shown in Table 2. The first and the second groups of the table is
respectively the membership function value of component tested by temperature
sensor and voltage senor, the third group shows the membership function value of
each component after fusion. The table shows distinctly that fault membership func-
tion values gotten by the two sensors respectively are sometimes very similar for the
five components diagnosed in photovoltaic radar electric circuit system, the single
sensor can not judge the fault component correctly using the judge criterion given
before, but fusion membership function values can judge the fault component. For
example, when component 1 is the real fault component, the membership function
values of component 1 and ones of component 3 from voltage sensor are very similar,
and we can not decide the fault component. But after fusion, the membership function
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Table 2. Comparison of diagnosis results by single sensor and data fusion

value of component 1 increased greatly and is much higher than the values of other
components, we can point out the fault component correctly. In other words, the in-
formation fusion algorithm increases the objective membership function value as-
signment and decreases the values of the other components. This makes the uncer-
tainty of the diagnosis system decrease greatly and error diagnosis has been removed
from the inadequacy of single sensor information. In the example, the correction of
fault diagnosis can reach 100%. So multi-sensor information fusion based on CPN
network and fuzzy logic improves the analyzable of the system and the judgment
ability of fault models, and greatly increases the correction of fault component deci-
sion.

It can be seen that the data used in table 2 is not the sample data in table 1, which
indicates that when applying the CPN to realize multi-sensors information fusion, it
has certain generalization ability. So this method has a good adaptability. Addition-
ally, in the whole fault diagnosis process, we needn’t know too much about the inner
principle and structure of the electronic components, and it’s a blind diagnosis
method for fault components hunting.

4   Conclusion

We can see from the experiment results that, as long as the components diagnosed are
properly chosen, and the signals are precisely tested, then the fault components can be
precisely recognized by using the multi-sensor CPN neural network information fu-
sion.
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Abstract. In this paper, a cipher based-on chaotic neural network is proposed,
which is used to encrypt JPEG2000 encoded images. During the image
encoding process, some sensitive bitstreams are selected from different
subbands, bit-planes or encoding-passes, and then are completely encrypted.
The algorithm has high security with low cost; it can keep the original file
format and compression ratio unchanged, and can support direct operations
such as image browsing and bit-rate control. These properties make the cipher
very suitable for such real-time encryption applications as image transmission,
web imaging, mobile and wireless multimedia communication.

1   Introduction

With the rapid development of multimedia technology, research on multimedia
encryption, such as image, audio and video encryption, has become intensive recently.
Due to its large-volume property with real-time transmission requirement, multimedia
data cannot be well encrypted by traditional cryptographic techniques, at least not
directly. Faster and better encryption algorithms are needed in order to meet these
demands.
    Neural networks can be used as a good random source based on its complicated and
time-varying structures, if suitably designed [1]. This makes it suitable for data
encryption. In the current literature, there exist some neural-network-based encryption
algorithms reported [2-4]. The one proposed in [2] gives a good method to generate
pseudo-random numbers; while the one proposed in [3] presents a method for secure
communication by combining chaotic systems with neural networks. Moreover, the
one proposed in [4] presents a block cipher based on the combination of a chaotic
stream cipher and a neural network. All these algorithms have some properties
suitable for the intended applications.
    A novel still image compression standard, JPEG2000 [5, 6], has been widely used
in today’s markets. In this paper, we propose a novel encryption algorithm by
combining chaotic neural networks with JPEG2000 codec. It encrypts images
selectively for plaintexts of arbitrary sizes. Because the selected bitstream is often
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higherly sensitive to the images’ understandability, the designed encryption algorithm
has high security with low cost, and supports direct bit-rate control required by many
imaging applications.
    The rest of the paper is organized as follows. In Section 2, a chaotic-neural-
network-based cipher is proposed. A JPEG2000 image encryption algorithm is
presented in Section 3. In Section 4, the algorithmic performance is analyzed in detail.
Finally in Section 5, some conclusions are drawn and future work is discussed.

2   A Cipher Based on Chaotic Neural Network (CNN)

For JPEG2000 compressed bitstream, a stream cipher [7] is more suitable in order to
support direct bit-rate control. However, most random number generators are not truly
random, which makes them theoretically predictable. In order to solve this problem,
here we propose a Chaotic Neural Network (CNN)-based cipher, which is a
modification of the one developed in [4]. The new cipher proposed here is described
as follows.

1) Extension to Arbitrary Sizes

The encryption process is symmetric to the decryption process. Here, P and C are the
plaintext and the ciphertext, respectively, and the weight ω and bias Ө are used as
encryption/decryption keys. P is composed of N bits, and P = [p0, p1, …, pN-1]

T (pi = 0
or 1). Similarly, C = [c0, c1, …, cN-1]

T (ci = 0 or 1), • = [• = [•0, •1, …, •N-1]
T  (•i =
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Thus, the encryption process is

                ).( θω += PfC (1)

Here, f(x) is a function taking value 1 if 0≥x  and 0 otherwise. The parameters ω and
Ө are determined by a chaotic sequence generator that will be described below. The
decryption process is symmetric to the encryption one; that is, the plaintext P is
replaced by the ciphertext C, and the ciphertext C by the plaintext P. In the proposed
cipher, the size of the plaintext, N, is arbitrary.

2) The Chaotic Sequence Generator

A chaotic sequence generator based on the Logistic map [4] is not secure enough.
This is because its control parameter is fixed at 4, which makes the relationship
between adjacent states recoverable, and gives some help to the attacker. Observing
this weakness, a more suitable chaotic map, the skew tent map, is used here, which is
defined as
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Here, the parameter h ranges from 0 to 1, and together with x0 they are used for the
key. Thus, the chaotic binary sequence b(0)b(1)b(2)… generated by quantizing the
chaotic sequence {x0, x1, … xn} is used to determine the parameters ω and Ө. For
example, if b(i) = 0, then ωi,I = 1; otherwise, ωi,I = 0.

3) The Chained Encryption Mode

A chained encryption mode is used here to enhance the cryptosystem’s security. The
encryption process is

                 ( ).,1 iiii KPPEC ⊕= − (3)

Here, ⊕  means the bitwise operation, and )(⋅E  is the encryption algorithm. The
decryption process is
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Seen from (4), the i-th ciphertext decryption depends on all the previous ones, but is
not affected by the following ones. Thus, the encrypted data stream can be directly cut
off at the end, which makes it suitable for applications with the bit-rate control
requirement.

3   Encryption Algorithm for JPEG2000 Encoded Images

JPEG2000 codec is based on embedded block coding with optimized truncation
(EBCOT) scheme [8]. The encoder consists of six steps: preprocessing,
intercomponent transform, intracomponent transform, quantization, tier-1 encoder,
and tier-2 encoder. Among them, Tier-1 encoder is the core, and it encodes each code
block with three coding passes: significance pass, refinement pass, and cleanup pass.
It is actually a context-based adaptive arithmetic coder named MQ [9].
    Considering that image encryption emphasizes on content protection, encrypting
only some sensitive data segments is recommended and studied here, which has both
high security and high speed. A secure encryption scheme is proposed here, as shown
in Fig. 1. The whole image is divided into three parts according to frequency ranges:
low-frequency part (I), middle-frequency part (II), and high-frequency part (III). The
entire encryption scheme is described as follows.

1) Low-frequency part encryption. For each code block, the six most significant bit-
planes are encrypted. And, for each bit-plane, the three passes are all encrypted.
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Fig. 1. Frequency band division. Taking 3-level wavelet transform for example, LL3 belongs to
low-frequency part, LH3, HL3, HH3, LH2, HL2 and HH2 belong to middle-frequency part, and
LH3, HL3, HH3 belong to high-frequency part.

2) Middle-frequency part encryption. For each code block, the 6 most significant bit-
planes are encrypted. But, for each bit-plane, only the cleanup pass is encrypted.
3) High-frequency part. For each code block, the 3 most significant bit-planes are
encrypted. And, for each bit-plane, only the cleanup pass is encrypted.
4) The cipher to be used. For all the encryption processes, the CNN-based cipher
proposed in Section 2 is used.

Taking two images for example, the encryption results are shown in Fig. 2. As can
be seen, the encrypted images are too chaotic to be understood by human eyes.

   
(a)                                (b)                                 (c)                               (d)

Fig. 2. Image encryption results. (a) and (c) are the original images; (b) and (d) are the
encrypted images. The two images are Lena (256× 256, gray, 5-level wavelet transform) and
Plane (512× 512, colorful, 6-level wavelet transform), respectively.

4   Performance Analysis

4.1   Security Analysis

Its security against brute-force attack is determined by the key in the CNN-based
cipher. In this cipher, the initial condition x0 and control parameter h are used as key,
which are both composed of 64 bits. Thus, the key space is 2128. If n different keys are
used, then the key space is increased to 2128n. Therefore, it can be secure enough
against the brute-force attack.
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    For this cipher, the known-plaintext attack process is to solve Eq. 1. Taking the i-th
plaintext-ciphertext couple for example, in order to obtain ωi and Өi, 4 times of
attempts should be carried out. Thus, the attacker should attempt for 22N times in
order to obtain P. If N is bigger than 64, the difficulty is no smaller than the brute-
force attack ( 1282 22 ≥N ). This property keeps the cryptosystem secure enough
against the known-plaintext attack.

Replacement attack [10] is often used to break multimedia encryption algorithms,
which means to replace some of the encrypted data with others in order to reconstruct
the plaintext. In wavelet transform, the unencrypted coefficients can give some help
to replacement attackers, so most of the coefficients should be encrypted. For
example, the reconstructed images, encrypted by different algorithms, are shown in
Fig. 3. It can be seen that the algorithm proposed by in this paper is secure enough
against the replacement attack.

                
(a)                                                   (b)

Fig. 3. Replacement attack. (a) is the image reconstructed from the one whose low-frequency
and middle-frequency parts are encrypted while the high-frequency part is left unencrypted; (b)
is the image reconstructed from the one that is encrypted by the algorithm proposed in this
paper.

4.2   Computational Complexity

Various images have been tested, on the encryption data ratio (Edr) and the
encryption time ratio (Etr). The results are shown in Table 1. It shows that the Edr is
often no more than 20% and the Etr is often smaller than 15%. This implies that the
encryption process does not affect the encoding process significantly. Similar result is
obtained on decryption process.

Table 1. Encryption speed test. Different gray and color images with different sizes are tested.

Image Size Color/Gray Edr Etr
Lena 128*128 Gray 13.4% 8.9%
Boat 256*256 Gray 10.8% 10.6%

Village 512*512 Gray 16.8% 11.1%
Lena 128*128 Color 14.7% 9.4%

Peppers 256*256 Color 12.1% 10.4%
Baboon 512*512 Color 15.3% 9.7%
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5   Conclusions and Future Work

In this paper, a CNN-based encryption algorithm has been proposed. Both theoretical
analysis and experimental results have shown that the algorithm has high security
with low cost, and supports direct bit-rate control. It should be noted that the design
methodology can be further extended to MPEG4 codec, which is left for future work.
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Abstract. A combined hash and encryption scheme by chaotic neural network
is proposed. With random chaotic sequences, the weights of neural network are
distributed and the permutation matrix P is generated. The nonlinear and paral-
lel computing properties of neural network are utilized to process hash and en-
cryption in a combined mode. In-depth analyses of the performance indicate
that the scheme is efficient, practicable and reliable, with high potential to be
generalized.

1   Introduction

As the core of Cryptography, hash and encryption are the basic techniques for info-
security. Currently, some novel directions have been widely exploited, for example,
the chaos based cryptography [1]. In this paper, by investigating the nonlinear and
parallel computing properties of neural network and integrating chaos with them, a
combined hash and encryption scheme by chaotic neural network is proposed. The
scheme can securely, efficiently complete hash and encryption in this combined
mode. It is practicable and reliable, with high potential to be adopted for E-
commerce.

2   Our Scheme

In this paper, a network is called a chaotic neural network if its weights and biases are
determined by a chaotic sequence. Chaos is a kind of deterministic random-like proc-
ess generated by nonlinear dynamic systems. Its properties include: sensitivity to
initial conditions and parameters, random-like behavior, ergodicity and one-way, etc.
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2.1   Our Chaotic Neural Network Model and Its Theoretical Foundation for
Hash and Encryption Application [2] [3]

We construct a 4-layer neural network model shown in Fig.1. The 1st layer is not
actually a layer of neurons, but rather the input 640-bit plaintext themselves. The 2nd
layer consists of 64 neurons. The 3rd layer consists of 128 neurons, and will generate
the final hash result. The 4th layer consists of 640 neurons, and will output the ci-
phertext. The activation functions in each layer are the nonlinear Sigmoidal function:
f(x)=1/(1+exp(-βx)),β>0,  whereβ determines the slope of the function. When β
become infinite, the Sigmoidal function is actually the Step function. In our scheme,
β=1 in the 2nd layer, β=1000 in the 3rd layer, β=∞ in the 4th layer.

Fig. 1. Structure of the chaotic neural network

Nonlinearity is used in most existing algorithm. Neuron is a nonlinear component,
while neural network consisting of Neurons has complicated nonlinear characteristics.
Moreover, we utilize the chaotic system to distribute the weights and permute the
corresponding relation between plaintext and ciphertext. All form the solid theoretical
foundation for hash and encryption. The detailed analysis will be given later.

2.2   The Weight Distribution Algorithm

The chaotic map chosen in the scheme is logistic map: Xn+1= bXn(1-Xn), where b is the
gain and Xn∈[0,1]. b=3.78 and X0=0.232323 are chosen secretly as the key.

Calculates the chaotic sequence X(1),X(2),…，X(640), and transforms them to bi-
nary representation. Extracts the 16-bit values of X(m) after the decimal point to the
corresponding b(16m-16),b(16m-15),b(16m-1); and gets a array b(k), k=1,2,…,10240.
To reduce the computation, on the precondition that the scheme security can be guar-
anteed, the value of the array can be reused so that a new array b(k) ,k=1,2,
…,131072, can be generated for the following weight distribution.

The weights W 12
ij  between 1st layer and 2nd layer are distributed as follows:

For i=1 To 640
  For j=1 To 64
    If i=j
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The weights W 23
ij  between 2nd and 3rd layer, W 34

ij  between 3rd and 4th layer can

be distributed similarly. We will not give detailed description due to page limit.

2.3   Generation of Permutation Matrix P

After section 3.1, using X(640) of iteration orbit as the new initial value to begin new
iterations: X(1),X(2),…，X(i)，…. When i=1, the number 640*X(1) is rounded to a
integer r∈[1，640], and stored into permutation matrix P; when i=2, 3, …, the new
random integer gotten each time will be verified whether it has existed  in P, if not, it
will be stored into P. Similar operations will be done until there are 640 numbers in P.
The ergodicity of chaotic orbit can ensure the smooth generation of P. The matrix P
actually rearranges the integers from 1 to 640.

2.4   Realization of Hash Function

The input can be of variable bits long, similar to MD5, padding is done: A single ‘1’
bit is appended followed by ‘0’ bits until the length of the message is congruent to
448 bits. This is followed by a 64-bit representation of the original message length.
The hash process proceeds by taking the inputting 512-bit data at a time, combines
the input with the 128-bit output of the previous round, and obtains the 128-bit repre-
sentation. The process stops when on more 512-bit data blocks are available. The last
128-bit output is the hash representation of the inputting plaintext. A known initiali-
zation vector is needed at the beginning of the process.

The hash function involves the 1st, 2nd, 3rd layers of our model. The jth neuron in
ith layer is represented as Si(j). The hash function is realized as follows: Equation (1),
Equation (2) denotes the process in 1st –2nd and 2nd –3rd layers respectively, where
f(x) is the corresponding Sigmoidal function in 2nd and 3rd layers. The output of each
neuron is a real number between 0 and 1. We set a threshold of 0.5: if output>=0.5, it
will be taken as 1; while output<0.5, it will be taken as 0. The output of the 3rd layer
in the last round S3(1),S3(2), …, S3(128) is the final hash value of plaintext.
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2.5   Realization of Encryption and Decryption Function

The encryption and decryption functions involve the 1st, 3rd, 4th layers of our model.
The 1st layer is the plaintext input layer, S1(j) represents the jth neuron in 1st layer, it is
0 or 1; the 4th layer is the ciphertext output layer, S4(j) represents the jth neuron in 4th
layer; the permutation matrix P confuses the corresponding relations between neurons
in 1st and 4th layer. The encryption and decryption is realized as follows:

For the encryption of the pith plaintext bit S1(pi), the corresponding index i to pi is
looked up through the permutation matrix P, and the ith ciphertext bit S4(i) is:

S4(i)= S1(pi) ⊕ ))*)(((
128

1
3∑

=j

34
jiWjSf ;

For the decryption of the kth ciphertext bit S4(k), the corresponding pk to k is looked
up through the permutation matrix P, and the pkth plaintext bit S1(pk) is:

S1(pk)= S4(k) ⊕ ))*)(((
128

1
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Where f(x) is the Sigmoidal function in 4th layer, actually a Step function.
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3   Performance Analysis

3.1   Analysis of Hash Function

3.1.1   One-Way
One-way property means that it only allows a digest to be created from the original,
yet the inverse is very hard [4]. Our final hash is gotten by equation (1) and (2). It
seems possible to find the original from the final by performing Gauss-Jordan reduc-
tion. Suppose that a probability of 5% for the output to be 0.9999999999999999999,
then β=-20ln((1/0.9999999999999999999)-1)=921≈1000.By setting β=1000 in
the 3rd layer, the probability that 1-bit output is not equal to 1 or 0 will be 10%, and
that for 128-bit output will be 0.1128, which is so small that Gauss-Jordan reduction
will no longer work.

3.1.2   Collision Resistance and Birthday Attacks Resistance
Collision resistance is the difficulty of finding two different inputs hashing to the
same. Birthday attacks are similar [4]. Each neuron in a layer is connected to all in the
next layer. This inherent structure expedites the avalanche effect; furthermore, we set
β=1 in the 2nd layer, while the input can only consist of 0 or 1. These ensure that
even a single bit change in input will definitely result in great changes in the output.

3.1.3   Flexibility
Simply modifying the number of neurons in every layer, the length of the final hash
value will be changed. Compared with the traditional hash algorithm, it can satisfy the
actual demand than that of the traditional hash algorithm better.

3.2   Analysis of Encryption Function

3.2.1   Exhaustive Attack Resistance
The key space of X0 and b in logistic map is very large. Even if attacker knows all the
weight values of the neural network, the matrix P with 640 number has still 640！
possible arrangements, which is greatly larger than the key space 256 of DES.

3.2.2   Auto-Correlation and Cross-Correlation Function with Least Different
Keys

Repeated plaintext such as “QQ……” is encrypted and the corresponding auto-
correlation function is analyzed. It is a δ function and has no repeated period. In
Fig.2, for the sensitivity of chaos, least different keys will result in the great changes
in the weights and the matrix P, which will totally change the ciphertext.
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Fig. 2. Cross-correlation function

3.3   Analysis of the Process Speed and Its Applying Prospect

Neural network can process vast amount of data in parallel. Although the weight
distribution and matrix P generation seem a little troublesome, yet they are only the
pre-process before the true hash and encryption. The parallel data-process will inevi
tably ensure the high efficiency of the complete scheme. Furthermore, we can only
use chaos to determine part of the weights and fix the rest without bad effects to the
scheme security. Finally, hardware can be utilized to realize the neural network. Our
scheme can perform encryption, decryption and hash in a combined mode. Integrated
with RSA, a simple system can be constructed to efficiently deal with lots of actual
occasions where encryption and hash are required at the same time.

4   Conclusions

In this paper, we investigate the nonlinear and parallel computing properties of neural
network and integrate chaos with them, propose a combined hash and encryption
scheme by 4-layer chaotic neural network. The scheme can securely and efficiently
complete hash and encryption. It is practicable, flexible and reliable.
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Abstract. Recently, a novel encryption algorithm that integrates Haar wavelets
transformation into chaotic signal generator, was proposed by R.Luo et al. In
this paper, we first analyzed the merits and demerits of this algorithm. Then an
improved scheme which uses a clipped neural network is proposed. Both theo-
retical analysis and computer simulations show our proposed scheme succeeds
in overcoming the defects of Luo's algorithm while retaining all its merits.
Moreover, the way that the clipped neural network evolves may present a new
idea to the cryptography.

1   Introduction

Chaos-based encryption has received much attention in recent years. Recently, a
hybrid symmetric cryptography[1] is proposed. In the scheme, a plaintext block p of
16-bit is first multiplied by a matrix H16 (i.e., m=pH16), which is one permutation of
the 16 subwavelet bases {h0, h1, … , h16}. Then chaotic signals (x, y, z) from the
Chua’s circuit[2] are generated. Finally, m is added to one chaotic signal, see, x to
produce the ciphertext. For more security, the authors suggest that all the chaotic
parameters be updated from time to time using a one-way function.

There are at least 4 virtues of this novel encryption scheme:
1) New approach of encryption
2) Enhanced security for chaotic encryption
3) Fast implement by hardware
4) Feasible way to error-detection
However, we also found some flaws of the scheme:
1) Difficult for key management
2) Slow by software implement
3) Longer ciphertext than plaintext
4) Vulnerable to chosen-plaintext attack
The fourth one is the foremost defect of the algorithm. The chosen-plaintext attack

is based on the fact that, for some special plaintexts, the encoded data remain un-
changed however the 16 wavelet bases are arranged. For example, in the extremely
simple case, when we choose zero vector as the plaintext , the encoded data m must
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be zero vector in spite of the arrangement of the wavelet bases. Note that on such
condition, the scheme is degraded to the pure chaotic synchronization encryption.
Using the method proposed in [3], we could identify the private key with only 2000
blocks of ciphertexts averagely. Thus, the cryptography system is broken down with a
simple trick. We noticed that the primary cause to its failure is the lack of confusion
before combining with the chaotic signals. This makes us think of neural network
naturally.

The content of this paper is organized as follows: Section 2 gives a detail descrip-
tion of our scheme. Section 3 shows some experiment results. In Section 4, we dis-
cuss the security issues, advantages and disadvantages of the scheme, and give some
conclusion.

Fig. 1.  Structure of the CNN: color of each vertex stands for neuron’s state: black for 1 and
white for -1, while the thickness of edge indicates the weight between neurons: the thicker one
for 1 and thinner one for -1.

2   A Symmetric Cryptography Scheme

2.1   Structure of the Clipped Neural Network (CNN)

The structure of the neural network is depicted in Fig1. Obviously, neurons are or-
ganized as a cube. We clip the synaptic weight between two neurons to only two
values {-1, 1}, and for this reason we name it as clipped neural network (CNN). Each
neuron has a state, which could be also -1 or 1. Each time the neuron perceives states
of its three neighbors, and then transforms its own states as a response. The trans-
forming function is defined as:

where is  is the state of ith neuron, ijw  is the synaptic weight between ith and jth

neuron. )(xsign  returns the sign of x.

2.2   Evolutionary Mechanism of the CNN

The information of neuron network relies upon the synaptic weights and how they
evolve. It is often helpful to emulate Nature to obtain complex and confused data. In
our scheme, we regard CNN as a collect of interconnected neural cells, and chaotic

)()(
8

1
∑

=
=

j
jiji swsignsf (1)
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signal as the environment that stimulate neurons.  As a matter of fact, neuron changes
its weight to adapt to the outside environment ei. The weight changes as follow:

IF si=ei THEN wij and wji do not change, ELSE wij=-wij, wji=-wji (2)

2.3  Encryption/Decryption

The encryption system of our scheme consists of two main parts: the CNN and the
chaotic tent map. The tent map is defined by (3):




<<−
≤<= 15.0)1(

5.00)( xxr
xrxxT (3)

Where r is a real number very near to 2.
Now, we describe the detail procedure of encryption algorithm as follows:
Step 1) Both the transmitter and the receiver hold the same private key, which in-

cludes initial state of CNN S0, initial value x0 and parameter r of chaotic tent map.
Step 2) For higher security, both the transmitter and the receiver iterate the tent

map and the CNN for 128 times before encryption.
Step 3) Plaintext is divided into blocks of 8 bits, i.e., one byte each block. For each

block of plaintext:
i) CNN works to obtain its new state s0, s1, …, s7.
ii) The tent map iterates for 8 times, generating x0, x1, …, x7.
iii) Extract the 4th bit from each xi, and substitute -1 for 0 to get ei. As strictly
proved by [4], these neuron’s states are independent and identical distribution.
iv) The 8 states s0, s1, …, s7 is XORed with the plaintext byte, thus generates a
new byte B. Transform the new byte to a decimal fraction between 0 and 1.
v) Combine B with the chaotic signal x7 together to produce the final ciphertext

byte C by )( 8xBfC +=  where )(xf  is an addition modulo 1 operation.

vi) Finally, change the CNN weights according to (2), to prepare for next
plaintext block.

Step 4) The transmitter do step 3 with next plaintext block until the whole plaintext
is exhausted.

The decryption process is similar to encryption, except iv of Step 3 where the
states s0,s1,…,s7 is XORed with the ciphertext byte instead of plaintext, and vi of Step

3) where )( 8xBfC +=  is replaced by )( 8xCfB −= . Error-detection can also

be done in decryption process.

3   Experiment Result

We implemented the proposed algorithm by Matlab software. In the experiment, we
have S0= [1 -1 1 -1 1 -1 1 -1], x0=0.40 and r=1.99, and the gray image lena.gif
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Fig. 2. Gray image Lena.gif (a) the source image  (b)XORed with the CNN states (c) En-
crypted image

Table 1.  Statistic comparison of CNN and Uniform distribution

Mean STD
CNN State 127.500 74.045
Uniform 127.505 73.913

(Fig2(a)) with the size of 512*512 pixels and 8-bits/pixel as the plaintext. Both the
chaotic signal and the ciphertext are stored with a precision of 52-bits. Fig2 depicts 3
states of the picture during the encryption process.

3.1   Statistic Characters of the CNN States

1) Statistic characters of the neuron’s state
We generated first 2097152 states of CNN using the encryption scheme with pa-

rameters mentioned above, of which 50.027% are 1 and 49.973% are -1.
2) Statistic characters of the CNN’s state

The CNN’s state is the combination of the 8 neurons’ states each time. To quantify it
more evidently, we transform every 8 neurons’ states to an integer between 0 and
255, then compare their statistic characters with those of ideal uniform distribution
(Table 1).

From all the statistic data presented above, we can see that the CNN's states have
the character of uniform distribution.

3.2   Sensitivity to the Outside Stimulation

A basic requirement of encryption algorithm is that the ciphertext must be sensitive to
the key. In other words, a slightest variation of key should lead to ciphertext’s obvi-
ous change. We have carried out 3 experiments to test the sensitivity of the CNN’s
state to the little change of the initial state S0 of the CNN, the initial value x0 and the
parameter r of tent map respectively. The experiment results are depicted in Fig3
which show that the states of the neurons are sensitive to the key.



A Novel Symmetric Cryptography Based on Chaotic Signal Generator        643

Fig. 3. The first 32 neurons’ states (black for 1 and white for -1) driven by deferent keys with
slightest change. On bottom line of each subplot, the corresponding key is S0=[1 -1 1 -1 1 -1 1 -
1], r=1.99 and x0=0.40, and on the top line the corresponding key is:(a) S0=[1 -1 1 -1 1 -1 1 1],
r=1.99 and x0=0.40   (b) S0=[ 1 -1 1 -1 1 -1 1 -1], r=1. 98999999 and x0=0.40  (c) S0=[ 1 -1 1 -1
1 -1 1 -1], r=1.99 and x0=0. 39999999

4   Discussion and Conclusion

Our scheme can resist the cipher-only attack, known-plaintext attack as proved by [1]
in detail, due to the same aperiodic and unpredictable character of the chaotic signal
and the CNN’s state. Moreover, this new proposed scheme can resist the chosen-
plaintext attack we proposed in Section I. Suppose the attacker could choose any
plaintext p and acquire corresponding ciphertext C. To get the chaotic signal x, he
must first guess the value of m which totally depends on CNN’s state even the plain-
text is a constant. Moreover, the CNN's state is sensitive to the chaotic signal x in
turn. Therefore, if the attacker decides to use the attack in [3], he may have to try all
possible states of the CNN, the number of which is 28. Suppose the attacker can figure
the key out by a series of only 20 tent map chaotic signals (the average number pre-
sented by [3] is 400 ), there are total of 2160 possible states. For this reason, the at-
tacker would prefer to guess the key, whose possible number is only about 2130. Thus,
it could be seen that our scheme is resistant to the chosen-plaintext attack in Section I.

It is easy to verify that our scheme retains 4 advantages of [1]. However, it can
overcome almost all the disadvantages of [1]:

1) Difficult for key management. In our scheme, the secret key includes S0, x0 and r.
The number of the parameters is much less than that of [1]. Therefore it is easier to
generate and transmit the key.

2) Slow by software implement. Substitution of tent map for Chua circuit improves
the speed of the software encryption greatly.

3) Vulnerable to chosen-plaintext attack. As discussed above, our scheme can re-
sist such attack.

For scheme we proposed here, it still cannot avoid the 3th disadvantage of [1], i.e.,
4) Longer ciphertext than plaintext
Similar to [1], 8 bytes ciphertext is produced for each byte of plaintext. However,

we found there may be a simple method to solve this problem, that is, replacing the
cube structure of CNN by a 4-dimension hypercube. Hence, the CNN can generate
64-bits each time and the scheme produces 8 bytes ciphertext for 8 bytes plaintext.
This new idea is still under experiment for security and efficiency issues.

From the discussion above, we can see that our scheme has overcome almost all
the flaws we found of in [1], while retaining all its merits successfully. We noted that
such good performance of our scheme originates mostly from the introducing of the
CNN.



644         T. Zhou, X. Liao, and Y. Chen

Acknowledgements. The work described in this paper was supported by National
Nature Science Foundation of China (NO. 60271019) and the Doctorate Foundation
of the Ministry of Education of China (No 2002061107)

References

1. Luo R., Chung L., and.Lien C,: A Novel Symmetric Cryptography Based on the Hybrid
Haar Wavelets Encoder and Chaotic Masking Scheme. IEEE trans. Industrial Electronics,
Vol.49, NO. 4, Aug. 2002

2. Chua L.O, Komuro M., Matsumoto T.: The Double Scroll Family. IEEE Trans. Circuits
Syst., Vol.33, NO.11, pp.1072-1118, Nov.1986.

3. Dedieu H. and Ogorzalek M.J.: Identifiability and Identification of Chaotic Systems Based
on Adaptive Synchronization. IEEE Trans. Circuits Syst., Vol.44, No10, pp.948-962,
Oct.1997

4. Kohda T.: Information Sources Using Chaotic Dynamics. Proceedings of the IEEE, Vol.90,
NO.5, pp.642-661, May. 2002



F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 645–650, 2004.
© Springer-Verlag Berlin Heidelberg 2004

A Neural Network Based Blind Watermarking Scheme
for Digital Images

Guoping Tang 1,2 and Xiaofeng Liao 1

1 Department of Computer Science and Engineering, Chongqing University,
 400044 Chongqing, P. R. China

xfliao@cqu.edu.cn
2 Logistical Engineering University of PLA, 400016 Chongqing, P. R. China

tgptgp@sina.com

Abstract. A new blind watermarking scheme by combining neural network
with chaotic map is proposed. Using a chaotic sequence, the binary highpass
watermark is generated. An encrypted watermark is to map to a selected pixel is
modified according to the bit will be embedded. Embedding and extraction of
watermark are based on the relationship between the pixel and its neighborhood
in each block of image. A neural network and an adaptive embedding algorithm
are adopted to enhance the characters of the watermarking system. Experimen-
tal results show that this watermarking scheme is very robust to common image
processing and the extracted watermarks are readily recognizable.

1   Introduction

Over the past few decades, the amount of digital multimedia information distributed
through communication networks has increased rapidly. Nevertheless, the illegal data
access and unauthorized data reproduction have become easier and more prevalent.
The design of robust schemes for copyright protection and content verification of
multimedia data have become an urgent necessity. Such demand has been addressed
lately by the emergence of a variety of watermarking method. The digital water-
marking can be described as the process of embedding by means of a secret key, an
imperceptible digital signal (the watermark) into multimedia content. The watermark
may be visible or invisible in the embedded media.

A number of invisible watermarking techniques have been reported in recent years
[1-4]. Among these schemes, many require that the original signal is available during
the detection [1], whereas some schemes, i.e., the so-called blind methods [2–4],
don’t. In terms of the domain where the watermark signal is embedded, two tech-
niques have been presented: (i) embedding watermark in the spatial domain [4] by
modulating the intensity of pre-selected samples; (ii) embedding watermark in an
appropriate transform domain, e.g. the DCT[1], DFT[2], or DWT[3] domain.

In this paper, a robust blind watermarking scheme over the spatial domain is pro-
posed. The basic idea is as follows. First, the watermark is encrypted and its spectrum
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is spread using a chaotic sequence. Second, the host image is divided into 3×3 blocks,
and a neural network is given to memorize the relationships among the pixels in each
blocks. Finally, the masked binary watermark is embedded into the host image adap-
tive through changing the value of central pixel in a block of image. The extraction is
the inverse processing.

2   The Chaotic Watermarks Generating

The chaotic sequence with such as pseudo-random and broad-spectrum properties
makes it naturally suitable to secure communication and robust watermarking sys-
tems. The watermark generation procedure aims at generating a highpass chaotic
watermark with a secret key K. As in [6] theoretically and experimentally evaluated,
highpass chaotic watermarks have been proven to perform better than white ones,
whereas lowpass watermarks have the worst performance.

Firstly, the skew tent map is used to generate a chaotic sequence based on the se-
lected parameter α and initial value x0 (used as the secret key K), which can be de-
scribed as:
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we can obtain a binary sequence ∞
=0))}(({ n

n
t xfθ from the sequence ∞

=0)}({ n
n xf .

Secondly, by employing the classical chaotic masking technique [5], a highpass

watermark }1,0{' ∈w can be obtained:

)(' xww tθ⊕= (3)

3   The New Watermarking Scheme

3.1   Watermark Embedding

After the watermark generation we proceed to the watermark embedding by altering
the pixels of the original (host) image I(s) according to the following formula:
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where f0, f1 are called embedding functions and N(s) denotes a function that de-
pends on the neighborhood of pixels s. The functions used in our scheme are based on
superposition of real quantities in the pixels, which can be described as:
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here, B( s ) is the output of a neural network from the input N( s ) and δ is the embed-
ding strength, its value determines the watermark power, which is defined in next
sub-section.

3.2   Decision of Watermarking Strength

In a watermarking algorithm, it is noted that the bigger the watermarking strength, the
better the robustness of watermark, but the less the invisibility. To achieve maximal
watermarking while remaining invisible to the human eyes, we using an adaptive
approach based on signal-noise-ratio (SNR) [7], which defined as:

∑ ∑
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where '
,, , yxyx pp is the pixel value of original and watermarked image, respectively.

x=1,2,…,M1, y=1,2,…,M2 represent respectively the image width and height. For a
given SNR, we can calculate the strength of embedding  for each block:
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Consequently, the embedding strength is adaptive. Thus, the properties of invisi-
bility and robustness are both guaranteed.

The size of the region around s used for the calculation of N(s) is important for the
watermarking procedure. Moreover, the number of pixels used for calculation of N(s)
determines the upper bound of the number of watermarked pixels in an image. If a
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pixel to be selected is contained the neighboring region of another selected pixel, the
related watermark detection may be affected by the neighboring pixel alterations,
furthermore resulting in a false detection. To avoid such problem we should use small
watermark embedding blocks (e.g., 3×3). Assume that a host image is M1×M2 dimen-
sions and is divided into (2r+1)×(2r+1) blocks, Then the maximum number of pixels

that can be selected in this image is given by [5] 2
21 )1/()( +×= rMMn .

3.3   The Neural Network Training

It is well-known that neural networks perform a highly adaptive nonlinear decision
function from training examples. We establish the relationship among the pixels
around s by using the back-propagation neural networks (BPNN) model. For a se-
lected pixel Ii,j = I(s)/255, the network is trained with its 3×3 neighbors , i.e., let Ii-1,j-1,
Ii-1,j, Ii-1,j+1, Ii,j-1, Ii,j+1, Ii+1,j-1, Ii+1,j, Ii-1,j+1 as input vector and the value of pixel I(s)/255 as
output value. We construct three layer BPNN with 8, 10 and 1 neurons in the input,
hidden and output layer respectively, and the tangent sigmoid, sigmoid transfer func-
tion are used for recognition. The mean absolute value of difference, for example,
between simulation and true in Lena, Pepper, and Fishingboat is 2.101, 3.243 and
2.445, respectively. Generally, 2~4 differences in pixels value is invisible for human
vision. This states that there is tight correlation among the pixels in a block of image,
the BPNN can approach the relationship and memorize it between the original image
and the watermarked image.

3.4   Watermark Extracting

According to the model of BPNN and the secret key K, the masked watermark can be
retrieved as follows:



 >=

otherwise0
)()(if1~ ss ww BI

w (11)

where )(swI , )(swB is the watermarked image and the output of BPNN, respectively.

Performing as Eq.(3), the original watermark w can be obtained approximately.

4   Simulation Results

To demonstrate the effectiveness of the proposed algorithm, MATLAB simulation
results are given in this section. In the simulation, host image of size 512×512 called
"Lena" is used. The watermark is a image with size 64×64. The value of parameters
in Eq.(1) is t=0.5, α=0.35, and the initial value of x is selected arbitrary x0=0.670118.
The original image and watermark are shown in Fig. 1 (a) and (b), respectively. The
watermarked image with SNR=35 in Eq.(10) is shown in Fig. 1 (d) for comparison.
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                                (a)                         (b)                        (c)                            (d)

Fig. 1. (a) the original image, (b) the watermark, (c) the masked watermark, (d) the water-
marked image

                  (a)                              (b)                  (c) ρ=0.9568         (d) ρ=0.8681

Fig. 2. Degraded by noise with (a) PSNR=36.97, (b) PSNR=31.54, and the corresponding
extracted watermark (c) and (d)

               (a)                     (b) ρ=0.9401                    (c)                  (d) ρ=0.9872

Fig. 3. (a) JPEG lossy compression, (b) the extracted watermark, and (c) Enhance contrast
using histogram equalization, (d) the extracted watermark.

                        (a)                   (b) ρ=0.8990                   (c)                (d) ρ=0.9891

Fig. 4. (a) Cropped 31%, (b) the extracted watermark, and (c) Gaussian lowpass filtered, (d)
the extracted watermark.

The similarity between the extracted watermark and the original watermark is de-
fined as:
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where W is the original watermark, W
~

 is the extracted watermark. The experimental
results are shown as follows: Fig. 1 (a) and (d) show that the embedding watermark
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does not degrade the quality of the host image. In fact, we calculate PSNR=48.55.
Fig. 2 (a)-(b) show that the watermarked “Lena” is degraded by Gaussian noise with
PSNR=36.97, 31.54 respectively. Fig. 2 (c)-(d) present the corresponding extracted
watermarks. Fig. 3 (a) and (b) show the watermarked “Lena”(768K) is compressed by
JPEG to 58.7K and the corresponding extracted watermark. Fig. 3 (c) and (d) denote
the watermarked “Lena”, which is attacked by enhance contrast using histogram
equalization with 256 discrete levels and the corresponding extracted watermark. Fig.
4 (a) and (b) show the watermarked image cropped 31% and the corresponding ex-
tracted watermark. Fig. 4 (c)-(d) denotes the watermarked “Lena” attacked by Gaus-
sian lowpass filter with n=3,sigma=0.5 and the extracted watermark, respectively.

5   Conclusion

A blind watermarking scheme by combining neural network with chaotic map has
proposed in this paper. It has the following characteristics: (i) Due to working in the
spatial domain, the speed of this scheme is fast. (ii) The BPNN model and an adaptive
embedding algorithm are used to improve imperceptibility and robustness. (iii) The
chaotic masking technique is employed to increase the security and the robustness of
the watermarking system.
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Abstract. This paper presents a color image watermarking scheme
based on neural networks. A binary image watermark is embedded into
the spatial domain of the host image. A fixed binary sequence is added
to the head of the payload image watermark as the samples to train
the neural networks. Each bit of the watermark is embedded in multiple
positions. Because of the good adaptive and learning abilities, the neu-
ral networks can nearly exactly extract the payload watermark. Experi-
mental results show good performance of the proposed scheme resisting
common signal processing and geometric attacks.

1 Introduction

With the rapid development of digital technology and multimedia networks,
almost all kinds of works can be put on Internet, and be duplicated and spread
quickly. A very crucial issue for copyright protection has emerged. As an effective
method for digital works copyright protection and authentication, watermarking
technique has been extensively studied and notable results have been obtained
[1,2,3,4,5,6].

Some watermarking schemes based on neural networks have been developed
in the literature [4,5,6]. In [3], Kutter proposed a method using amplitude mod-
ulation in spatial domain to embed watermark, Yu et al. improve the robustness
of Kutter’s method by using neural networks [4]. In this paper, we propose an-
other method based on Kutter’s scheme and use neural networks in a different
way from [4] for watermark extraction to improve the robustness.

2 Watermark Embedding

Let I represent a RGB color image with size M × N , where I = {Vr, Vg, Vb},
Vr, Vg and Vb are the red, green and blue channels information of im-
age I, Vr(i, j), Vg(i, j), Vb(i, j) ∈ {0, 1, . . . , 255}, i ∈ {0, 1, . . . , M − 1}, j ∈
{0, 1, . . . , N − 1}. We embed the watermark into the blue channel. The em-
bedded watermark sequence W consists of two parts

W = P + S = p0, p1, . . . , pk−1, s0, s1, . . . , sl−1 = w0, w1, w2, . . . , wm−1 (1)

F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 651–656, 2004.
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where P is a fixed binary pattern sequence with length k, p0, p1, . . . , pk−1 ∈
{0, 1}, S is a payload watermark sequence with length l, s0, s1, . . . , sl−1 ∈
{0, 1}, which is obtained by a binary image watermark, and m = k + l,
w0, w1, . . . , wm−1 ∈ {0, 1}.

(a) (b)

Fig. 1. (a) The symmetric square-shaped window. (b) The symmetric cross-shaped
window.

The proposed watermark embedding scheme can be described as follows
1) Generate a pseudo-random coordinate sequence Z = {(it, jt)|t =

0, 1, . . . , m × n} according to a secret key, where it ∈ {0, 1, . . . , M − 1},
jt ∈ {0, 1, . . . , N − 1}, n represents the repeated embedding times for a bit.

2) For each position (it, jt) ∈ Z, firstly we compute the luminance by

L(it, jt) = 0.299Vr(it, jt) + 0.587Vg(it, jt) + 0.114Vb(it, jt) (2)

then we compute the blue channel average value V b(it, jt) over the square-shape
window centered at (it, jt), as shown in Fig. 1(a), that is

V b(it, jt) =
1

(2c + 1)2 − 1
(

c∑

x=−c

c∑

y=−c

Vb(it + x, jt + y) − Vb(it, jt)) (3)

where c is the width parameter of the window.
3) We embed each bit of W n times at n different locations selected sequen-

tially from Z. Suppose a watermark bit ws is embedded, s ∈ {0, 1, . . . , m − 1},
the embedding formula is

Vb(it, jt) = V b(it, jt) + (2ws − 1)L(it, jt)α, t = sn, sn + 1, . . . , (s + 1)n − 1
(4)

where α is the positive embedding strength.
4) Repeat step 3 m times until all watermark bits are embedded into the

original image I. We then obtain the watermarked image with size of M × N .
In our scheme, we use an adjustable k to control the pattern sequence length

as the training sets of the neural network proposed in Section 3. We also consider
the correlation between the embedded point and its square shaped neighborhood
by using V b(it, jt) in step 3, which makes the scheme more robust than Kutter’s,
while in Kutter’s scheme Vb(it, jt) = Vb(it, jt) + (2ws − 1)L(it, jt)α.
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Fig. 2. Back Propagation Neural Network

3 Watermark Extraction

For watermark extraction from the input image I∗ = {V ∗
r , V ∗

g , V ∗
b }, the following

steps are performed
1) Generate the same Z using the same secret key as the embedding process.
2) For each (it, jt) ∈ Z, we compute the luminance L∗(it, jt) and the neigh-

borhood average value V
∗
b(it, jt) as the step 2 in the embedding process.

3) In order to extract ws, s ∈ {0, 1, . . . , m − 1}, we define

δs(it, jt) = V ∗
b (it, jt) − V

∗
b(it, jt), t = sn, sn + 1, . . . , (s + 1)n − 1 (5)

then we get the input sets {δs(it, jt)}, s = 0, 1, . . . , m−1, for the neural network.
4) In our scheme, we use the traditional Back Propagation Neural Net-

work shown in Fig. 2, which is a 9-5-1 multiplayer perceptron. The training
set is built from the first k input sets {δs(it, jt)} and pattern sequence P as
{{δs(it, jt)}, 2ws − 1}, s = 0, 1, . . . , k − 1.

5) For extraction of the payload watermark sequence, the last l input sets
are fed to the trained neural network, each bit s∗

t is determined by the output
wo

k+t of the neural network, the extracted s∗
t can be obtained by

s∗
t =

{
1 if wo

k+t ≥ 0
0 else

t = 0, 1, . . . , l − 1 (6)

thus we obtain the extracted watermark sequence W ∗.
In our scheme, because we use the correlation of square shaped neighbor-

hood area in watermark embedding process, δ(i, j) that we compute in step 3 of
section 2 reflect the composition of the luminance and embedding strength more
accurately than the cross shaped neighborhood in Kutter’s scheme [3] shown in
Fig. 1(b). Furthermore, in step 4, we use the BP neural network to determine
the adaptive watermark which can improve the robustness as shown in later
experiments, while in [4], the train sets also do not consider the neighborhood
correlation as in [3].
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(a) (b)

(c) (d)

Fig. 3. (a) Original image. (b) Watermarked image. (c) Original watermark. (d) Ex-
tracted watermark from (b) (epochs=40).

4 Experimental Results

In our experiments, we use the color 512 × 512 F16 battleplane image with 24-
bit color as the original image shown in Fig. 3(a). We use the 010101 . . . 0101
sequence as the pattern with length k = 50, The payload watermark is a 64×64
binary image shown in Fig. 3(c). The embedding strength α = 0.1. The multiple
embedding parameter n = 8, the square window width parameter c = 1, and the
learning rate for BP network lr = 0.2. The watermarked image is shown in Fig.
3(b).

In order to describe the correlations between original watermark S and the
extracted watermark S∗ for making a binary decision on whether a given water-
mark exists or not, we calculate the normalized cross-correlation (NC) values [1]
defined by

NC =

∑
i

∑
j S(i, j) · S∗(i, j)

∑
i

∑
j [S(i, j)]2

(7)

Fig. 3(d) shows the extracted watermark from Fig. 3b, its NC is computed to
be 1, which shows the exactly extraction.

We add Gaussian additive noise to the watermarked image is shown in Fig.
4(a), and the extracted watermark is shown in Fig. 4(c). Fig. 4(b) shows the
blurred image with a 5 × 5 cross-shaped window filter, Fig. 4(d) shows the ex-
tracted watermark. Fig. 4(e-g) show the extracted watermarks from the attacked
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(a) (b)

(c) (d) (e) (f) (g)

Fig. 4. (a) Image under additive Gaussian noise attack. (b) The watermarked im-
age was blurred. (c) Extracted watermark from (a) with NC=0.9848(epochs=70).
(d)Extracted watermark from (b) with NC=0.9663(epochs=70). (e) Extracted water-
mark from Gaussian low-pass filter with NC=0.9985(epochs=60). (f) Extracted wa-
termark from high-pass filter with NC=0.9995(epochs=60). (g) Extracted watermark
from JPEG quality 70 with NC=0.8677(epochs=80).

image under Gaussian low-pass filter, high-pass filter and JPEG compression
with quality 70. All these show good robustness against common signal process-
ing attacks.

To test the robustness of the proposed scheme against geometric attacks,
the watermarked image has been rotated to the right by an angle 60◦ shown in
Fig. 5(a). In order to decrease the search space, supposing it is a pure rotation
attack, and Fig. 5(b) shows the rotation response to the watermark detector, we
can see that the watermark can also be extracted, which is shown in Fig. 5(c).
Fig. 5(d) shows the extracted watermark under attack of resizing with factor
1.5, while Fig. 5(e) with factor 0.5 which is less robust than Fig. 5(d), this is
because zooming out image result in much more information loss than zooming
in.

5 Conclusions

In this paper, we propose a color image watermarking scheme based on neu-
ral networks. The experimental results show that it is more robust to common
image processing and geometric distortions. Since the watermark embedding is
controlled by a secret key, our scheme is also secure.
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(a) (b)

(c) (d) (e)

Fig. 5. Geometric attacks. (a) The watermarked image was rotate 600 to right. (b)
NC detection response to the rotation space. (c) Extracted watermark from (a) with
NC=0.9 (epochs=100). (d) Extracted watermark with resize factor 1.5 (epochs=100).
(e) Extracted watermark with resize factor 0.5 (epochs=100).

Acknowledgments. This work is supported by Shuguang Program of Shanghai
Education Development Foundation.

References

1. Petitcolas, F.A.P., Anderson, R.J., Huhn, M.G.: Information hiding - a survey. Proc.
IEEE, 87(7) (1999) 1062-1078

2. Cox, I.J., Killian, J., Leighton, T., Shamoon,T.: Secure Spread spectrum water-
marking for multimedia. IEEE Trans. Image Processing, 6 (1997) 1673-1687

3. Kutter, M., Jordan, F., Bossen, F.: Digital Watermarking of Color Image Using
Amplitude Modulation. J. Electronic Imaging, 7(2) (April 1998) 326-332

4. Yu, P.T., Tsai, H.H., Lin, J.S.: Digital Watermarking based on Neural Networks for
Color Images. Signal Processing, 81 (October 2001) 663-671

5. Fan, Y.C., Mao, W.L., Tsao, H.W.: An Artificial Neural Network-based Scheme for
Fragile Watermarking. IEEE Int. Conf. Consumer Electronics, (2003) 210-211

6. Zhang, Z.M., Li, R.Y., Wang, L.: Adaptive Watermark Scheme with RBF Neural
Networks. IEEE Int. Conf. Neural Networks & Signal Processing, (Dec 2003) 1517-
1520



F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 657–662, 2004.
© Springer-Verlag Berlin Heidelberg 2004

A Novel Intrusion Detection Method Based on Principle
Component Analysis in Computer Security∗

Wei Wang1, Xiaohong Guan1, 2, and Xiangliang Zhang3

1 SKLMS (State Key Laboratory for Manufacturing Systems Engineering) and Research Center
for Networked Systems and Information Security,
Xi'an Jiaotong University, 710049 Xi'an, China
{wwang, xhguan}@sei.xjtu.edu.cn

2 Center for Intelligent and Networked Systems,
Tsinghua University, 100084 Beijing, China

3 Department of electronic science and technology,
Xi'an Jiaotong University, 710049 Xi'an, China

zhangxl@mailei.xjtu.edu.cn

Abstract. Intrusion detection is an important technique in the defense-in-depth
network security framework and a hot topic in computer security in recent
years. In this paper, a new intrusion detection method based on Principle Com-
ponent Analysis (PCA) with low overhead and high efficiency is presented.
System call data and command sequences data are used as information sources
to validate the proposed method. The frequencies of individual system calls in a
trace and individual commands in a data block are computed and then data col-
umn vectors which represent the traces and blocks of the data are formed as
data input. PCA is applied to reduce the high dimensional data vectors and
distance between a vector and its projection onto the subspace reduced is used
for anomaly detection. Experimental results show that the proposed method is
promising in terms of detection accuracy, computational expense and imple-
mentation for real-time intrusion detection.

1   Introduction

Intrusion detection system (IDS) is an important component of the defense-in-depth
or layered network security mechanisms [1]. In general, the techniques for intrusion
detection fall into two major categories depending on the modeling methods used:
misuse detection and anomaly detection. Since anomaly detection can be effective
against new attacks, it has become a hot topic in research of computer security.

Many types of data can be used for anomaly detection, such as Unix commands,
audit events, keystroke, system calls, and network packages, etc. Early studies [2, 3]
on anomaly detection mainly focus on learning normal system or user behaviors from
monitored system log or accounting log data. Examples of the information derived
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from these logs are: CPU usage, time of login, duration of user session, names of files
accessed, etc. In recent years, many research in anomaly detection focus on learning
normal program behavior. In 1996, Forrest et al. introduced a simple anomaly detec-
tion method based on monitoring the system calls issued by active, privileged proc-
esses [4]. This work was extended by various methods. Lee et al. used data mining
approach to study a sample of system call data to characterize sequences occurring in
normal data by a small set of rules [5]. Warrender et al. proposed Hidden Markov
Model (HMM) method for modeling and evaluating invisible events based on system
calls [6].

In practice, a protected computer system could produce massive data streams, for
example, during the experiments of capturing the system calls on the sendmail, only
112 messages produced a combined trace length of over 1.5 million system calls [4].
Therefore, processing the high dimensional audit data in real time for online intrusion
detection would be computationally expensive.

Principle Component Analysis (PCA, also called Karhunen-Loeve transform) is
one of the most wildly used dimension reduction techniques for data analysis and
compression in practice. In this paper, we discuss a novel intrusion detection method
based on PCA, by which intrusion detection can be employed in a lower dimensional
subspace and the computational complexity can be significantly reduced. Two types
of data are used to verify the proposed method and the testing results show that the
method is efficient and effective.

2   The Proposed Intrusion Detection Method Based on PCA

Suppose an observation dataset is divided into m blocks by a fixed length (e.g. di-
vided consecutively by 100 in the command data) or by an appointed scheme (e.g.
separated by processes in system call data), and there are totally n unique elements in
the dataset, the observed data can be expressed by m vectors with each vector con-
taining n observations. A mn ×  Matrix X, where each element ijX  stands for the

frequency of i-th individual element occurs in the j-th block, is then constructed.
Given a training set of data vectors mx,,x,x 21 , the average vector µ  and each

mean-adjusted vector can be computed. m eigenvalue-eigenvector pairs
),(,),,(),,( 2211 mm uuu λλλ  of the sample covariance matrix of vec-

tors mx,,x,x 21 can be also computed [7, 8].

Several eigenvectors kuuu ,,, 21 ( mk << ) forming the kn × matrix U, which can

be used to represent the distribution of the original data, is decided by experiences.
Any data vector of the training set can be represented by linear combination of the k
eigenvectors such that the dimensions of the data are reduced.

Given a test data vector t , it can be projected onto the k-dimensional subspace ac-
cording to the rules [7]

           )( µty −= TU (1)
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The distance between the test data vector and its projection onto the subspace is
simply the distance between the mean-adjusted input data vector µtΦ −= and

yΦ Uf = (2)

If the test data vector is normal, the vector and its projection would be very similar
and the distance between them would be very small and near to zero [9]. Based on
this property, normal program and user behaviors are profiled for anomaly detection.
In this paper, three measures, squared Euclidean distance, Cosine distance and Signal-
to-Noise Ratio (SNR) measure, are applied to map the distance or similarity of this
two vectors for comparison of the experimental results.

Squared Euclidean distance, Cosine distance and SNR measure, are defined re-
spectively by the following rules for anomaly detection

2
1 fΦΦ −＝ε (3)

f

f
T

ΦΦ
ΦΦ

＝2ε
(4)


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






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





−
2

2

3 log10
fΦΦ

Φ
＝ε

(5)

In the procedure of anomaly detection, 1ε , 2ε and 3ε  are considered as detection

index. If either 1ε , 2ε  is below or 3ε  is above a predetermined threshold, the test

data t  is then classified as normal, otherwise as anomalous.

3   Experiments

3.1   Experiments on System Call Data

The first data used in the experiments is from the data set collected by Warrender and
Forrest [6]. Since a great number of traces are included in the lpr data, we use MIT
lpr data to validate the proposed method in this paper. The data set is available for
downloading at http://www.cs.unm.edu/~immsec/. The procedures of generating the
data are also described in the website. Each trace of the lpr data is the list of system
calls issued by a single process from the beginning of its execution to the end. The
data set includes 2703 traces of the normal data and 1001 traces of the intrusion data.
We use the former 600 traces of the normal data and the former 300 traces of the
intrusion data in the experiments. The data descriptions in the experiments are shown
as Table 1.
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Table 1. Data descriptions in the experiments

Number of system
calls

Number of unique
system calls

Number of
normal traces

Number of intru-
sion traces

842,279 41 600 300

Fig. 1. Experimental results on the MIT lpr system call data. The y-axis represents the detec-
tion index and x-axis represents the system call trace number. The star (*) stands for abnormal
data and dot (•) for normal data

Using PCA for intrusion detection, we can get good testing results. Figure 1 shows
the experimental results using squared Euclidean distance measure with the former
200 traces of data for training and other 700 traces for testing. It is observed that
abnormal data can be easily distinguished from normal data.

Using different number of the traces in the normal data for training and different
distance or similarity measures for anomaly detection, we can get different detection
rate and false alarm rate. We use principle component percentage of the total varia-
tion as 99.9% in the experiments and the results are summarized as table 2.

Table 2. False Alarm Rate (FAR) and Detection Rate (DR) with different conditions

Squared Euclidean
distance measure

Cosine distance
measure

SNR measureNumber of the
normal training

traces FAR DR FAR DR FAR DR
100 3.4% 100% 12.4% 100% 12.4% 100%
200 2.75% 100% 10.25% 100% 10.25% 100%
300 3% 100% 8% 100% 8% 100%
400 4% 100% 7% 100% 7% 100%

From table 2, we observe that the experimental results are the best for low alarm
rate when the number of the training traces is 200 with squared Euclidean distance
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measure. Another observation is that the squared Euclidean distance is better than
Cosine distance measure and SNR measure for intrusion detection.

3.2   Experiments on Unix Command Data

To further investigate the performance of intrusion detection using the proposed
method, we use another data set which comes from a UNIX server at AT&T's Shan-
non Research Laboratory. User names and the associated command sequences make
up the data. Fifty users are included with 15000 commands for each user, divided into
150 blocks of 100 commands. The first 50 blocks are uncontaminated while some
masquerading command blocks are inserted into the command sequences of the 50
users starting at block 51 and onward. The goal is to correctly detect the masquerad-
ing blocks in the user community. The data are available at
http://www.schonlau.net/intrusion.html, see [3] for more about the data descriptions.
We revised the data and reconstructed them in the experiments. We selected two data
sets of two users from the user community. The first 50 data blocks of the first user
are used for training and other data, which contain 100 data blocks of the first user
considered as normal and 150 blocks of the second user as abnormal, are used for
testing. User 5 and user 32 are selected in the experiments.

We used principle component percentage of the total variation as 99.9% and
squared Euclidean distance for anomaly detection in the experiments. Experimental
results are shown as Fig.3.

Fig. 2. The experimental results of the combining data of user 5 and user 32. All the data
blocks of user 5 and 32 are uncontaminated, therefore the first 100 data blocks from user 5 are
treated as normal (•) and blocks 101~250 from user 32 are considered as abnormal (*)

From Fig.2, it is easily observed that the abnormal data can be 100% distinguished
from the normal data without false alarm by using PCA.
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4   Conclusion

In this paper, a new intrusion detection method based on PCA is proposed. Instead of
considering the transition information of the system calls or commands, the new
method takes into account those of frequency property. Since there is no need to
consider each system call in each trace or command in each block, the computational
cost of the proposed method is low and suitable for real-time intrusion detection. Data
found in intrusion detection problem are often high dimensional in nature. By using
the proposed method, the high dimensional data can be greatly reduced by projecting
them onto a lower dimensional subspace for intrusion detection so that the complexity
of the detecting algorithm is significantly reduced.

The method is implemented and tested on the system call data from University of
New Mexico and the Unix command data from AT&T Research lab. Experiment
results show that the method is promising in terms of detection accuracy, computa-
tional expense and implementation for real-time intrusion detection.

Further research is in progress to mix the frequencies property with the transition
information of system calls and commands so that lower false alarms and missing
alarms can be achieved.

References

1. Lee, W., Xiang, D.: Information-Theoretic Measures for Anomaly Detection. Proceedings
of the IEEE Symposium on Security and Privacy, IEEE Computer Society Press, Oakland,
CA (2001) 130-143

2. Anderson, D., Frivold, T., Valdes, A.: Next-Generation intrusion Detection Expert System
(NIDES): A Summary. Technical Report SRI-CSL-95-07, Computer Science Laboratory,
SRI International, Menlo Park, California (1995)

3. Schonlau, M., Theus, M.: Detecting Masquerades in Intrusion Detection Based on Un-
popular Commands. Information Processing Letters, Vol. 76 (2000) 33-38

4. Forrest, S., Hofmeyr, S.A., Somayaji, A., Longstaff, T.A.: A Sense of Self for Unix Proc-
esses. Proceedings of the IEEE Symposium on Security and Privacy, IEEE Computer Soci-
ety Press, Oakland, CA (1996) 120-128

5. Lee, W., Stolfo, S.: Data Mining Approaches for Intrusion Detection. Proceedings of the 7th
USENIX Security Symposium, Usenix Association, San Antonio, Texas (1998) 79-94

6. Warrender, C., Forrest, S., Pearlmutter, B.: Detecting Intrusions Using System Calls: Alter-
native Data Models. Proceedings of the IEEE Symposium on Security and Privacy, IEEE
Computer Society Press, Oakland, CA (1999) 133-145

7. Duda, R.O., Hart, P.E., Stork, D.G.: Pattern Classification. 2nd Edn. China Machine Press,
Beijing (2004) 568-570

8. Jolliffe, I.T.: Principal Component Analysis. 2nd Edn. Springer-Verlag, New York (2002)
9. Turk, M., Pentland, A.: Eigenfaces for Recognition. Journal of Cognitive Neuroscience.

Vol. 3, No. 1 (1991) 71-86



A Novel Wavelet Image Watermarking Scheme
Combined with

Chaos Sequence and Neural Network

Jian Zhao1,2, Mingquan Zhou1, Hongmei Xie3, Jinye Peng2, and Xin Zhou2

1 Computer Science Department, Northwest University,
Xian 710069, Shaanxi, PR China

2 Electronic Science Department, Northwest University,
Xian 710069, Shaanxi, PR China

3 Electronic Engineering Department, Northwestern Polytechnical University,
Xian 710072, Shaanxi, PR China

Abstract. Digital watermarks have been proposed in recent literature
as a means for copyright protection of multimedia data. In the absence
of standardization and specific requirements imposed on watermarking
procedures, anyone can claim ownership of any watermarked images.
In order to protect against these counterfeiting techniques, we examine
the properties that are necessary for resolving ownership via invisible
watermarking. A method for watermarking of chaos and neural network
is proposed in this paper. The watermark is embedded in the wavelet
descriptors. Watermarks generated by this nonlinear technique can
be successfully detected even after rotation, translation, scaling. And
watermarks of our scheme are good at protecting from many kind
watermark attacks. The experimental results demonstrate that the
watermark is useful and practical.

Keywords. Digital Watermarking, Chaotic Sequence, neural network,
wavelet transform

1 Introduction

With the increasing importance and widespread distribution of digital media,
the protection of the intellectual property rights of the owner for their media
has become increasingly significant. One type of such media is digital imagery,
which can be copied and widely distributed without any significant loss of quality.
Protecting the property rights of these images is therefore more important. A
straightforward way to protect this is to completely encrypt the data and thereby
require the end user to have the encryption key for the decoding. Another means
to protect this data is to apply a digital watermark.

Digital watermarking is the process of encoding an image with its owner’s
watermarks. It can be done in two general approaches. One is to transform the
original image into its frequency domain representation and embed the water-
mark data therein. The second way is to embed the watermark into spatial
domain of the original image directly. The general methods of watermark em-
bedding and verifying are shown in Figure 1 and Figure 2.
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Digital Image

Public/Private Key

Watermark

Watermarked

ImageArithmetic
Embedding

Fig. 1. General method of watermark embedding

Watermarked Image

Public/Private Key

Original Information

Embedding
Arithmetic

Existing
or

Watermark

Fig. 2. General method of watermark verifying

2 Advantages of Wavelet Image Watermark

Embedding watermark at the frequency domain is better than doing it in the
spatial domain. There are some virtues: people cannot distinguish the distinc-
tion between embedded images and original images; the energy of watermark is
dispersed to all pixels; computing at the frequency domain matches the interna-
tional standard (Such as JPEG2000). In addition, considering the character of
a visual system, we can get the effective results in concealment and robustness.
The wavelet basis function has better correlate to the broadband nature of im-
ages than the sinusoidal waves used in Discrete Cosine Transform (DCT). The
Discrete Wavelet Transform (DWT) adapts HSV more than DCT, so it attracts
more attention to searching in digital watermark. The new technologies used
in JPEG2000 makes the watermark arithmetic, which is based on DWT, more
practicable.

In the wavelet domain, the low frequency band owns much larger energy
than the high frequency band. That means the most energy of image exists in
the low frequency; and the energy of the image edge exists at high frequency. If
we embed the watermark at the low frequency band, the information of image
may be lost. While if we embed it in the high frequency band, some watermark
information may disappear after image processing (such as code, compress). So,
when we do the experiment of this paper, the image is disposed by the 3rd DWT
function firstly, then it is divided as big as the watermark image size, and the
sub-image have no any overlapped blocks. After that, we embed watermark to
each sub-image. The area of the high frequency is bigger than that of the low
frequency, so we get more sub-images at high frequency band. Thus the part
of high frequency gets more watermarks while the part of low frequency gets
fewer. Through this method, When image embeded watermark is transformed
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back to spatial domain, the watermark is widespread to whole image. And the
watermark of image is more robust according to spread-frequency theory.

3 Application of Chaos and Neural Network

A deterministic system is a system which statistic result is completely determined
by its initial conditions. On the contrary, a stochastic system’s statistic result
only partially determined by the initial condition, due to noise, or other external
circumstances beyond our control. For a stochastic system, the present state
reflects the past initial conditions and the particular realization of the noise
generated. Chaos means that the system obeys deterministic laws of evolution,
but the outcome is highly sensitive to small uncertainties in the specification of
the initial state. If a deterministic system is locally unstable and globally mixing,
it is said to be chaotic.

The chaos function can be superposed and extended, so it could not be
forecasted. In the paper, we get the chaos sequence from the discrete dynamic
Logistic mapping. We define:

xk+1 = µxk(1 − xk), xk ∈ (0, 1) (1)

Where 0 ≤ µ ≤ 4. After transformation, the Logistic mapping is expressed at
[−1, 1] as follow:

xk+1 = (1 − λx2
k), λ ∈ (0, 2) (2)

With the value of λ increasing, the result of the function will be changed sin-
gularity and markedly. When λ = 1.40115, after several iterative steps, the
system will be chaotic. The average value of the chaotic sequence is 0, and
the sequence is the δ - like self-correlation sequence, and its cross correlation
is 0. It has all the characters of white noise’s statistical property. Here, we let
λ = 2, initial value of x0 is 0.3. After iterative computing of equation (2),
we get the sequence XK . We use chaos key as the user’s key. Though the
pirate picked-up the information of the watermark, they cannot resume the
image of the watermark if they do not know the value of K. In the exper-
iment, we define k = 8, and the precision is 10e(−4), the chaotic sequence
is XK = {0.3, 0.82, −0.3448, 0.7622, −0.1620, 0.9475, −0.7955, −0.2656}. We de-
note the watermark image as vector Wp, where p = 1, 2, · · · , M × N , and then
encrypt the watermark image by XK . We get the cryptograph watermark image
Wv.

Wv = Wp ⊗ XK , v = 1, 2, · · · , M × N (3)

Here, “⊗” denotes the XOR.
In order to make XK more difficult to be interpreted, a nonlinear mapping by

neural network of XK is used. We use a simply 3 layers BP neural network, and
XK is nonlinear mapping to X ′

K . User can design the X ′
K sequence. Sometimes

you can design X ′
K more like some statistic sequence to puzzle the people who

want to get watermark. So at last when we use function (3), we use more like
some statistic sequence to puzzle the people who want to get watermark. So at
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last when we use function (3), we use X ′
K instead of XK . Fig 3 shows how 3

layers BP neural network make those nonlinear mapping.

X ′
K (x′

1 x′
2 · · · x′

8)

XK (x1 x2 · · · x′
8)

Fig. 3. Nonlinear Mapping (XK to X ′
K)

4 The Realization of the Scheme

Suppose X denote the original image whose size is M × M , each pixel is s bits,
then

X = {w(m, n), 0 ≤ m, n ≤ M} (4)

Here w(m, n) ∈ {0, 1, · · · , 2s − 1} is the value of the point (m, n) at the original
image.

Suppose W is the watermark image, the size is N × N , and each pixel is c
bits.

W = {w(m, n), 0 ≤ m, n ≤ N} (5)

Here w(m, n) ∈ {0, 1, · · · , 2c−1} is the value of the point (m, n) at the watermark
image.

In general, suppose the size of watermark image is smaller than the size of the
original image, and M = 2p ·N (where p is positive integer), then the algorithm
process is:

1. Confusing the watermark image through Arnold transform, Wd denotes the
confused image.

2. Transforming the original image by the 3rd DWT, we get some specifics
sub-images Xk

j and an approach sub-image X0
3 in different respective scale.

Xv = DWT (X) = {Xk
j , j, k = 1, 2, 3; if k = 0, then j = 3} (6)

Where X is the wavelet-transformed image.
3. Separating all specifics sub-images to 2(p+1)−2(j−1) blocks, which have the

same size as the watermark image, and any blocks do not overlap each other.

Xb = Block(Xv) = {Xk,i
j , i = 1, 2, · · · , 2(p+1)−2(j−1} (7)
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4. Computing the data of the watermark image according to formula 3, we will
get the encrypted watermark which processing by Logistic mapping chaotic
sequence and neural network at cryptograph space.

5. High-frequency part should be embedded repeatedly, low frequency should be
embedded only once. Embed the encrypted watermark to every sub-images
with formula:

Xi
bs = Xi

b + α(Wd) = {Xk,i
j (m, n) + αwd(m, n), 0 ≤ m, n ≤ N} (8)

Where α express the intensity of the watermark image. We should balance
the relation between visibility and robustness of the watermarked image. If
the value of α is large, then we’ll get high robustness but low quality images,
and vice versa.

6. Jointing all computed sub-images orderly. We will get the sub-image Xbs,
which size is M ×M . Restore the sub-image by reverse DWT , then we’ll get
the embedded image:

Xs = IDWT (xbs) = {xs(m, n), 0 ≤ m, n ≤ M} (9)

(a) original image (b) watermarked image

Fig. 4. Watermark performance

(a) original watermark image (b) chaotic watermark image

Fig. 5. Watermark image

5 Results and Conclusion

Figure 4 is the performances of the image, which is the watermark image pro-
cessed by the chaotic sequence and neural network at wavelet domain. Figure 4(a)
is the original image; figure 4(b) is the watermarked image. From figures we can
tell that there is no much different on visual affection between watermarked
image and original image. Figure 5(a) is original watermark; figure 5(b) is the
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watermark image processed by Logistic mapping chaotic sequence and neural
network. From figure 5(b) we can see that original watermark has been obscured
and can not be detected easily.

The afterward study shows the algorithm is good at the robustness. More
simulations show that it can extract watermark from embedded image absolutely
even the image suffers from pepper noise, Gauss noise, or is compressed by JPEG.
As facts show above, we can draw conclusions of the algorithm:

1) Encryption key’s Exclusivity. Different key gives different XK and different
Wv , so each image has its own key and watermark.

2) Irreversibility. We could not work out XK according to Wv .
3) Watermark invisibility. The embedded digital image is almost the same as

original image.
4) Robustness. The wavelet watermark image scheme has characters of spread

spectrum system, which is robust to disturb and noise. Here we use neural
network to improve robust of the algorithm. So our algorithm is more robust
than before studied similar algorithm.

As the mentioned above, this algorithm is valuable and practical. The further
study of choosing the chaotic sequence and choosing the key should improve the
robust, exclusivity and credibility.
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Abstract. In this paper, we investigate the application of Quantum
neural network (QNN) to the document image watermarking problem.
The method first divides the document into some weight-invariant parti-
tions in the spatial domain. For better performance, we then reduce the
watermarking problem to a classification problem, and use the Quan-
tum neural network to solve it. QNN, characterized by the principles
of quantum computing including concepts of qubits, superposition and
entanglement of states, is a relatively new type of neural networks. Own-
ing to the power of Quantum search, QNN is considered to have at least
the same computational power as classical networks. We test the perfor-
mance of QNN and the experimental results indicate the soundness of
our method.

1 Introduction

Security issue about digital images has attracted a lot of research recently. Many
methods such as [6,8] have been proposed for image watermarking and most
of them focus on minimizing the distortion to the image while protecting the
information. In particular, security concern about document images is impor-
tant, since document images are distributed in large amount both electroni-
cally and physically. They are easily copied and the copyright information is
difficult to identify. Most general image watermarking methods are based on
“transform-domain” techniques and are less useful for document images because
their modifications tend to be visible in the document and are easily removed by
binarization [7]. Several methods specific for document watermarking have been
proposed such as [1,2].

This paper presents a new method for document image watermarking us-
ing the Quantum neural network. The method first divides the document into
some weight-invariant partitions in the spatial domain. For better watermarking
results, we then reduce the watermarking problem to a classification problem,
and use the Quantum Neural Network (QNN) to solve it. QNN, characterized by
the principles of quantum computing including concepts of qubits, superposition
and entanglement of states, is a relatively new type of neural networks. Owning
to the power of Quantum search, QNN is considered to have at least the same
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computational power as classical networks. The experimental results indicate
the soundness of our method.

The rest of the paper is organized as follows: Section 2 describes the method
for embedding bits into a weight-invariant partition. Section 3 describes the
Quantum neural network for improving the partition method. Section 4 shows
the experimental results. In Section 5, we summarize the work.

2 Embedding Bits into Weight-Invariant Partitions

Our weight-invariant partition follows the one in [5]. For completeness, we briefly
describe the method in [5] as follows. Suppose we want to embed the binary se-
quence τ into a document. To partition a document is to divide the whole docu-
ment into pair-wise disjoint parts. In the following, we abuse the term “partition”
a little: we also let partition mean the disjoint part in the above definition. Let
S(P ) of cardinality n denote the set of all text lines in a partition P . The weight
w(li) of a text line li is the number of total pixels in li. The sum weight of P is
the sum of the weight of all text lines in S(P ). The average weight A(P ) equals
to the sum weight of P divided by n. We also call A(P ) the weight of the parti-
tion P . Let Sin of P denote the set of text lines with weight between A(P )±δ, δ
being a positive integer. Let Sout be S−Sin. The key observation of the method
is that A(P ) of a partition P is not likely to be significantly changed due to
noise.

Informally, a partition P is a uniform partition if half of lines in S(P ) have
the weight very close to A(P ). If δ is appropriately chosen, |Sin| will not be too
small and we can embed enough bits into a partition as follows. We first modify
the partition so that all the lines in Sin have weights of exactly A+ δ or A− δ.
We call it standardization process. Suppose that we have added r pixels in a total
(note that r can be negative) through the process. In order to maintain A(P ),
we must accordingly remove r pixels from lines in Sout, which is called flushing.
We use late flushing strategy, that is, we delay the flushing till the end of the
embedding process. After standardization process, τ is sequentially embedded
to each line in Sin. We will further modify the partition only when embedding
0: we add or remove δ/2 pixels to li such that after modification, li has a weight
of exactly A+ δ/2 or A− δ/2.

Refer to [5] for further details about determining δ, flushing pixels and the
principle for modifying a text line. The process of extracting watermarks from the
embedded document is simple. Since the weight of a partition is not changed by
the embedding process, we can simply search the embedded partition, compute
A(P ), and then compute δ as follows: find the line li such that |A − w(li)| =
mink |A−w(lk)|, then δ = 2|A−w(li)|. With δ, the extraction is straightforward.
Since we will always face with small noise, we have to set an error-tolerant
constant ξ for practical purpose, i.e., we treat δ ≈ δ ± ξ.

For robustness, we note that the average weight of a partition is unlikely to
be changed due to noise, assuming that the partition itself is large enough. For
higher robustness, we can incorporate the idea of fault tolerance, i.e., we can
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modify τ by using any error correcting code or simply the repetition code before
the embedding process.

It remains to present a method to partition the whole document into smaller
uniform partitions. The simplest way is that we first group a fixed number of
consecutive pages as a partition and then check for the uniform condition. If the
partition is not uniform, we divide it into smaller ones. This process is repeated
until some partitions are uniform. The main assumption of the above strategy
is that a reasonable number of physically consecutive lines can form a uniform
partition, however, this is not always true. Even if it is the case, partitions
formed in this way are usually small (while there are not many partitions),
which greatly limits the capacity for embedding bits. Therefore, we propose an
improved partition method in Section 3 without this assumption.

3 Partition Method Based on Quantum Neural Network

To compute the partition composed of logically close lines, which are not neces-
sarily physically close, we first select some featured lines from the document as
training examples, then use them to train a Quantum neural network. Finally,
we use the network to classify all other lines. The lines then in the same class
are logically close to each other.

Since the sum of the number of pixels in a line is important for the embedding
process, it is natural to use this information to guide the classification. Precisely,
suppose a text line contains m scan lines, then we will have m inputs, each of
which is a sum of the number of pixels in its own scan line, to the neural network.
After selecting some featured lines as training examples, each of which will be
assigned to a unique class as the target output of the neural network for that
training example, we are ready to describe the process of training the Quantum
neural network.

The Quantum Neural Networks [4], characterized by the principles of quan-
tum computing including concepts of qubits, superposition and entanglement of
states, are relatively new members of neural networks. Several quantum neural
networks have been proposed such as [9,10], some of which are shown to be
more efficient than conventional neural networks. For our classification problem,
we adopt the one proposed in [10], which excels especially in its efficiency of
the Quantum training process. We begin with a fundamental introduction to
Quantum computation.

As the smallest unit of information, a quantum bit or qubit is a quantum
system whose states lie in a two dimensional Hilbert space. Note that a qubit
can be in “1” state, “0” state or simultaneously in both (superposition). The
state of a qubit can be represented as |Ψ〉 = α|0〉 + β|1〉, where α and β spec-
ify the probability of the corresponding states, and |α|2 + |β|2 = 1. The state
of a qubit can be changed by unitary transformation (or quantum operator),
which is of central importance in quantum mechanics for many reasons, e.g., the
closed quantum mechanical systems transform only via unitary transformations
and unitary transformation preserves quantum probabilities. The state |Ψ〉 of
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a general quantum system can be described by the linear superposition of the
basis states |φi〉 as |Ψ〉 =

∑
i ci|φi〉, where ci is a complex and

∑
i |ci|2 = 1. By

quantum operators, an eigenvalue equation can be written as A|φi〉 = ai|φi〉,
where A is an operator and ai is the eigenvalue. The solutions |φi〉 to such equa-
tions are called eigenstates and can be used to construct the above basis of the
Hilbert space. In quantum computation, the target problem is first “translated”
to the language of quantum states and then quantum operators are applied to
drive the system to a final state where the solution can be identified with a high
probability. For an in-depth introduction to Quantum computation, we refer the
interested readers to [3]. We are now ready to describe the method proposed in
[10].

Suppose the number of training examples is n. The Quantum neural network
operates like a classical artificial neural network composed of several layers of
perceptions. There are one input layer, one or more hidden layers and one output
layer. Denote by |α〉i, |β〉k, |Ω〉j the quantum register for the input node i, hidden
node k and target output node j, respectively. Note that the range of i, j, k denote
the number of parameters, e.g., suppose there are five parameters in all n training
examples, then these examples share five input Quantum registers. Each layer
is fully connected to the previous layer. Each hidden layer computes a weighted
sum |ψ〉t of the outputs of the previous layer. If the sum is above a threshold,
the node goes high. Otherwise, it stays low. The output layer works similarly,
in addition, it checks the accuracy of the output of QNN as follows. The QNN
compares each computed output to its target output |Ω〉j , setting |ϕ〉j high
if they are equivalent, where |ϕ〉j is a new Quantum register representing the
ability of the network to classify the training examples. Then the performance
of the network is denoted by |ρ〉 =

∑ |ϕ〉j , which is the number of computed
output equal to their corresponding target output.

A straightforward way for training the QNN is that we start off with |ψ〉 as
a superposition of all possible weight vectors and all other registers except |α〉
and |Ω〉 are set to |0〉. The QNN then exhibits its power in the training process
where we can by superposition classify the training examples with respect to
every possible weight vector simultaneously. The training process terminates
when the solution correctly classifies an acceptable percentage of the training
examples.

The above algorithm is not efficient when carried out in our (classical) com-
puters and can be improved as suggested in [10]. We start off as a conventional
neural network. A node is randomly chosen and its weight vector |ψ〉i is put into
superposition. Note that all other weight vectors start with the classical initial
weights. Suppose this network correctly classifies a certain percentage of training
examples. We then search for a new weight vector for this node that causes the
network to correctly classify a higher percentage of training examples. Then the
weight vector is fixed classically and the process continues for another randomly
chosen node. Due to the nature of Quantum computing, the updating process
for weight vectors incorporates with some amount of randomness to avoid be-
ing stuck in local optimum. For further improving the convergence, we add a
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small penalty to weight vectors which cause a hidden node to output the same
value for all training examples. In this way, the selected weight vectors usually
contains useful information for output nodes. Once again, the training process
terminates when an acceptable percentage of the training examples is correctly
classified.
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Fig. 1. Distribution of lines in partitions

Table 1. Average line weight and its standard deviation before/after the embedding
phase

Original Document Embedded Document
Line Avg. Standard Dev. Line Avg. Standard Dev.

54742 131836 54742 160422
56196 109865 56195 140998
53065 95433 53067 118032
56331 148903 56328 179138
53552 89932 53550 129054
55835 128043 55835 158965
55482 119050 55481 150783

4 Experimental Results

Testing the robustness of the watermarking scheme described in Section 2 lies
outside the scope of this paper, we refer interested readers to [5] for the details.
We apply the method based on QNN-partition to embed a 128-bit sequence τ
into a twenty-three-page single-column paper where repetition code is used for
high robustness. We first preprocess the document such that it contains only
text by the standard block extraction method. We then use the QNN-based
method to partition the document into seven parts. The average line weight and
the standard deviation of the original document and the embedded document
are summarized in Table 1. The average line weight remains, while the standard
deviation differs. Figure 1 shows which partition the incrementally indexed lines
of the document are classified into. From Figure 1 and Table 1, one sees that
within each partition, the lines are not always physically close but the weights
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of them are close. Therefore, we can embed enough number of bits into the
partitions. Finally, the extractor is applied and τ is successfully extracted from
the scanned embedded document.

5 Conclusions

In this paper, we investigate the application of Quantum neural network to the
document image watermarking problem. The method first divides the document
into some weight-invariant partitions in the spatial domain. For better perfor-
mance, we then reduce the watermarking problem to a classification problem,
and use the Quantum neural network, which is a relatively new type of neural
networks and is considered to have at least the same computational power as
classical networks, to solve it. The experiments indicate the soundness of our
new method.
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Abstract. Detection of unknown malicious executables is one of most
important tasks of Computer Immune System (CIS) studies. By using non-self
detection, anomaly detection based on thickness, diversity of anti-body (Ab)
and artificial neural networks, this paper proposes an NN-based malicious
executables detection algorithm. This algorithm includes three parts, i.e.,
detector generation, anomaly information extraction and classification. At last,
a number of experiments illustrate that this algorithm has high detection rate
with very low the false positive rate.

1    Introduction

There doesn’t exist a strict definition for the Malicious Executable so far. It is
generally defined as a program that has some malicious functions that differ from
benign executable, such as compromising a system’s security, damaging a system or
obtaining sensitive information without the permission of users. These programs
include virus, trojan, worm and so on [3]. Some researchers has proposed some
algorithms or methods to detect Malicious Executables [1,2,3,4,5].

Aiming at automation detection Malicious Executables, this paper proposes a novel
Malicious Executable Detection Algorithm (MEDA) on the basis of the immune
principle and artificial neural networks (ANN). Extensive experiments show that the
algorithm has a better detection performance.

2   The Illumination of Immune System to Malicious Executable
Detection Research

Non-self Detection Principles: To nature immune system, all cells of body are divided
into two types of self and non-self. The immune process is to detect non-self  from
cell set.
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Anomaly Detection Based on Thickness: In the process of non-self detection, the
activation threshold of immune cells is determined by the thickness of immune cells
matching antigens.
The Diversity of Detector Representation and Anomaly Detection Hole: The diversity
of the representation of MHC cells determines the diversity of anti-body. This
property is very useful to increase the power of detecting mutated antigens and
decrease the anomaly detection hole.

3    Experimental Data Set

Dataset is composed of 4481 executables, which includes 915 benign executables and
3566 virus programs. All files are scanned then classified by a virus cleaner tool. We
collected all *.exe files (benign executables) of a computer when a windows 2000
operation system and some other application programs were installed in it. The 3566
virus files are collected from Internet, and also scanned as virus files, i.e., Malicious
Executables Set that mainly consists of DOS virus, Win32 virus, Trojan and Worm
and so on, by a virus killer.

4    Malicious Executable Detection Algorithm

4.1   Data Structure Definition

Seq(s,k,l): short sequence cutting operation. Suppose s be binary sequence, and
s=b(0)b(1)…b(n-1), b(i)∈B, B={0,1}, then Seq(s,k,l)=b(k)b(k+1)…b(k+l-1), k is the
starting position of the short sequence in s.

E: executables set, E= E(m)∪ E(b), m denotes malicious executable, b
denotes benign executable.

e(fj,n): executable, e(fj,n) can be expressed as binary sequence that Its
length is n, and fj is executable identifier.

ld: detector code length.
lstep: detector generation step length.
dl: detector, dl = Seq(s,k,l).
Dl: detector set, Dl ={ dl (0), dl (1),…, dl (nd-1)}, |Dl|= nd.

4.2    Algorithm Structure

First of all, the algorithm constructs a gene (G) that is used to generate detectors. In
this paper, G is constructed with Eg(b), a subset of E(b). Secondly, the algorithm
extracts anomaly information according to the anomaly detection principle based on
thickness. Thirdly, according to the diversity of detector representation, the algorithm
detects malicious executables with superior classifier. This algorithm includes three
parts, i.e., detector generation, anomaly information extraction and classification,
whose chart is shown in Fig.1.
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Fig. 1.  Chart of the malicious executable detection algorithm (MEDA)

4.3   Generation of Detector Set

Detector is encoded as a binary sequence, dl= Seq(s,k,l). The diversity of detector is
realized by changing the code length l. Through partitioning binary sequence of the
program into equal length, we generate detectors. We must construct the Gene (Eg(b),
a subset of E(b)), and there are two parameters to be set before the detector set is
generated. One is the generating step length lstep, the other is detector code length ld.

Detector generating algorithm:
Step 1. Initialize lstep,ld.
Step 2. Open one e(fk,n) from Eg(b).
Step 3. If e(fk,n) isn’t cut over, do d:=Seq(e(fk,n),i, ld), add d to Dld, and i:=i+lstep.
Step 4. Goto step5 if Eg(b) is empty, else goto step 2.
Step 5. Output Dld.

4.4    Extraction of Anomaly Characteristics

According to anomaly detection principle of immune system based on thickness, we
define the percentage of non-self unit number to file binary sequence as Anomaly
Property. Anomaly Property is named as Non-self Thickness (NTh) in this paper, and
expressed as pl. If detectors have m kinds, the file has an Anomaly Property Vector
(P=(pl1,pl2,…, plm)). We set ns is the number of self unit in one executable (e(fk,n)), and
nn is the number of non-self unit.

NTh extraction algorithm:
Step 1. Initialize lstep,ld.
Step 2. Open e(fk,n) to be detected.
Step 3. If e(fk,n) isn’t cut over, do s:=Seq(e(fk,n),i, ld). if s∉Dld, then nn :=nn+1,else ns

:=ns+1.
Step 4. Compute pld, pld := nn /( nn+ns).

For different detector set, this algorithm computes a separate NTh of the file.
Finally, all NThs are combined together to construct the Anomaly Property Vector.

Executable to be detected
(…00111101…)

Update Gene
(…10101101…)

Generating
detector set

Extracting
anomaly
property

Classifier

Gene
(…01101001…)
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4.5    Classifier

We use Anomaly Property Vector as input variable of a BP neural network classifier,
which consists of two layers. The number of neural nodes in the first layer is equal to
the dimension of Anomaly Property Vector. The transfer function of input layer
selects Sigmoid-type while liner function is chosen as the transfer function of the
output layer of our neural network classifier.

5    Experiment

5.1    Experimental Data Set Partition

Total data set is divided into benign and malicious executables subset (E(b) and
E(m)). E(b) is composed with 915 program files, and is divided into generating
detector data set (Eg(b)), which is the Gene used to generate detector data set, and
testing data set (Etest(b)). Eg(b) has 613 program files, and is constructed by randomly
selection from E(b). Other 302 program files of E(b) is components of Etest(b). E(m) is
composed with 3566 virus files.

5.2    Generating Detector Set

We select Eg(b) as Gene of generating detector, ld∈ {16,24,32,64,96}, and lstep=8bits.
With detector generating algorithm, we can get 5 detector sets, which are separately
referred as D16, D24, D32, D64, and D96.

5.3   Experimental Results

5.3.1    The Experimental Result Using Single Detector Set
At beginning, we separately detect malicious executables with single detector set of 5
kinds detector set. The experimental result is shown as Fig. 2.

When FPS = 0, we can get the best detection effect while ld =96, and the DR will
be worse as the length of ld being shorter. DR is changing better as FPS being worse.
When FPS ≥1%, the detection effect is best while ld =24. At same time, DR will be
worse as ld being longer. On the other hand, when ld =16, the DR is 0 because the
detector number is 216. When ld =96, to difference FPS, the DR changing is slow.

5.3.2    The Experimental Result Using Multi-data Set and BP Network
We don’t use D16 data set because the DR is 0 when select D16. At the same time, we
set the upper limit of ld equals to 96 because the DR is almost same when ld =96. So,
this experiment selects D24, D32, D64 and D96 four data sets as anomaly detection data
set, and uses these four data sets to extract Anomaly Property Vector, and uses BP
network to classify executables. In the process of classification, we randomly selects
30% files of Etest(b) to train BP network, and use other data to test the anomaly
detection effect. The experimental result is shown with ROC. It is shown as Fig.3.
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Fig. 2.  Detection ROCs of five kinds of detector-sets
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Fig. 3. The comparison of experiment results of several algorithms

5.4    Comparison with Matthew G. Schultz’s Method

Known from Matthew G. Schultz’s experimental result [3], using the Naive Bayes
approach, the DR can reach 97.43% when FPR is 3.80%. To MEDA, While FPR is
2%, the DR can reach the value. While using Multi-Naive Bayes, the algorithm
detection effect is the best, the DR can reach 97.76%. But to MEDA, the best DR can
reach 99.50%. The detail comparison is shown as Fig.3.



680         Z. Guo, Z. Liu, and Y. Tan

6    Conclusions

We can conclude from experiments that the detector generated with executables
binary short sequences can be used to detect malicious and benign executables. The
best detection performance of our algorithm is obtained when a multi-detector set is
used, and the DR is 97.46% when FPS is 2%. This verifies our clamed principle that
diversity of detector representations can decrease the anomaly detection hole, and also
tests the rightness and validity of non-self detection and detection based on thickness.

Because of the size of Detector Set, this algorithm is adaptive to statistically detect
Malicious Executables. The real-time detection capability of our algorithm is our next
research content.
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Abstract. Steganographic messages can be embedded into digital im-
age while most methods in use today are invisible to an observer’s senses.
Mathematical analysis may reveal statistical anomalies in the stego im-
ages. Since the difference of adjacent DCT coefficients can better reflect
the statistical difference between the cover image and the stego image, we
select six differences of adjacent DCT coefficients as the feature vectors
used by the classifier for training. Experimental results show that our
approach based on SVM can determine the existence of hidden messages
in JPEG images reliably and get excellent computational efficiency.

1 Introduction

The digital steganography is hiding information into a multimedia object (such
as image, video, audio etc.). The main purpose of steganography is to convey
messages secretly by concealing the very existence of messages. The embedded
information called hidden information. We can’t distinguish the difference be-
tween the the cover image and the stego image, which is the best property of
steganography. So it can’t attract the opponents’attention. Whether critical in-
formation embedded in a digital media or not is the steganalysis’s main purpose.
The relationship between the steganography and steganalysis is similar to the
relationship between the encryption and decryption.

In this paper, we propose an novel algorithm of detecting the messages hidden
in JPEG image using the SVM as the classifier, which has advantages of high
speed and accurate detection.

The presence of embedded messages is often imperceptible to the human
eye, so we can’t figure out the difference between the cover image and the stego
image. One of the efficient methods is to recognise the feature vector which can
perfectly present the changes after hiding the information.

Farid[1] proposed a dection algorithm which can be used generally in nat-
ural images. First, after transformed by multi-scaling wavelet transformation,
the image was decomposed into approximate, vertical, horizontal and diagonal
subbands. Then the approximate subband is further decomposed using the same
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method. For each vertical, horizontal and diagonal subband coefficients, calcu-
late four variables respectively, i.e mean, variance, skewness and kurtosis at each
scale. For example, 3 × 4 × (n − 1) feature vectors will be generated according
to this calculation. With the prediction value of each property, there will be
24 × (n − 1) feature vectors. If n = 4, it will be 72.

Table 1. Frequency grouping

Ci ={i}, i∈{1,2,3. . . 8,9,10}
C11 ={11,12}
C12 ={13,14}
C13 ={15,16}
C14 ={17,18}
C15 ={19,20}

C16 ={21,22,23}
C17 ={24,25,26}
C18 ={27. . . 63}

Jeremiah, J.H.[2] used KFD as classifier to detect the presence of messages
hidden in the JPEG images. Histogram is calculated according to the DCT
coefficients, e.g hi[d], where k∈0. . . 63, which value is got according to the Zig-
Zag sequence. After quantization, the expected number of nonzero coefficients
decreases as the frequency indices increase. To make use of these higher frequency
coefficients, grouping the middle-high frequency coefficients is necessary, which
refers to Table 1.

We calculate the histogram according to following equation

hc[d] =
∑

k∈c

hk[d] , (1)

For example hc[2], where c∈ {0 . . . 63} denote the total number of quantized
coefficients with the value of 2 and hc[3], where c = {0} is the total number of
DC coefficients with the value 3.

Select the feature vectors according equation (2)

F = {hc1[−p] · · ·hc1[0] · · ·hc1[p] · · ·hc18[−p] · · ·hc18[0] · · ·hc18[p]} . (2)

For instances, there are 9 × 18 = 162 feature vectors with p=4.
The number of the selected feature vectors of these two kinds of algorithms

we mentioned before is too much and the calculation is too complex, which
effects the detection effeciency.

In this paper, we propose a steganalytic technique based on the feature of
histogram of DCT coefficients. We select the difference between two neighbour-
hood frequency coefficients as feature vector, which can determine the existence
of hidden messages only with six feature vectors. We use the algorithm of JSteg
and OutGuess to hide information in our experiment.
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Fig. 1. Peppers(JPEG80 ) and Quantized DCT coefficients distribution(left and right)

2 Analysis of JPEG Coefficients

There are two processes in JPEG: lossy and lossless process. First, at the lossy
process, the encoder divides an image into 8 × 8 blocks, and each block denoted
f(x, y) is transformed by DCT into a set of 64 values denoted F (µ, ν).

FQ(µ, υ) = IntegerRound
(F (µ, υ)

Q(µ, υ)

)
, (3)

where, Q(µ, ν)is the 8×8 quantization table which is determined by the quantity
factor. Figure.1.left shows peppers image after JPEG compression with quantity
factor 80. Figure.1. right shows the histogram of JPEG coefficients.

JSteg[3] is the first publicity steganographic algorithm based on JPEG im-
ages. JPEG JSteg algorithm is a typical steganographic algorithm using JPEG
file as cover-image proposed by Derek Upham. After quantization of DCT co-
efficients, JPEG-JSteg replaces the least significant bits(LSB) of the quantized
DCT coefficients by the secret message bits. The embedding mechanism skips
all coefficients with the values 0 or 1. The OutGuess0.1 algorithm [4]has some
improvement to JSteg, which randomly select the DCT coefficients to embed the
hidden message by pseudo-random generator.

The only difference between JSteg and OutGuess0.1 is that the former se-
lects the hidden coefficients sequentially but the latter randomly. Figure.2.left
shows the image after embedded 4000 bits data into the peppers(JPEG format).
Figure.2.right shows quantized coefficients histogram of Figure.2.left.

For natural images, the distribution of DCT coefficients resemble Laplacian
or generalized Gaussian distributions[5]. The model shows that DCT coefficients
distribution satisfies symmetry.

The DCT coefficient frequency of cover image is denoted as hc(i) where i is
the DCT coefficients value; hs(i) presents the DCT coefficient frequency after
data embedded. Based on the feature of DCT coefficient distribution, we get:

hc(i) > hc(i + 1) > hc(i + 2) · · ·where i > 0

and
hc(i) > hc(i − 1) > hc(i − 2) · · ·where i < 0
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Fig. 2. Peppers after embedding messages and Quantized coefficient histogram of
it (left and right)
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Fig. 3. Difference of adjacent coefficient of Figure.1.right and Difference of adjacent
coefficient of Figure.2.right(left and right)

As the hidden message are even and random, after using JSteg and OutGuess
algorithm it occurs that the numbers of hc(i) flipping to hs(i+1) are more than
hc(i + 1) flipping to hs(i) where i >0. Therefore, we can draw the conclusion:

|hc(i) − hc(i + 1)| > |hs(i) − hs(i + 1)| , (4)

which is also satisfied where i < 0. According to the equation (4), we can know
that the difference of adjacent DCT coefficients frequency in cover image is
greater than which in hidden message image. Figure.3.left and Figure.3.right
show the difference of adjacent DCT coefficient frequency before and after em-
bedding message respectively.

According to the above analysis, we argue that the difference of adjacent
coefficients can better reflect the statistical difference between the cover image
and the stego image. We select six differences of adjacent coefficients as the
feature vectors used by the classifier for training.

Before embedding information, the feature vectors are:

Fc = {hc(i) − hc(i + t)} , (5)

where i = {−3, −2, −1, 1, 2, 3}, if i > 0 t=1, else t = −1;
After embedding information, the feature vectors become:

Fs = {hs(i) − hs(i + t)} . (6)
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Based on the equation (6) and (7), we can extract the features from cover
images and stego images.

3 Support Vector Classifier

The main idea of SVM is to establish a hyperplane as the decision-making sur-
face, which maximize the boundary between two classes.

First, we suppose that two classes is linear separable. The training sample is
denoted as {(xi, di)}N

i=1 where xi represents the input pattern and di represents
the target value (di ∈ {+1, −1}). With the hyperplane

ωx + b = 0 , (7)

If the input pattern can be separated linearly, there would be exist (ω, b)
which satisfy:

ωxi + b0 > 0 , di = +1

ωxi + b0 < 0 , di = −1

where, ω is the adjustable weight vector and b0 is excursion.
Given a hyperplane, the margin of separation is the distance between the

closest vector to the hyperplane. If the margin of separation is maximal, the
separating hyperplane is optimal. Supposing that we now get the optimal hy-
perplane, namely, the root set of ωx + b = 0. For this root set, the value of ω
and b0 are not exclusive. Consider a canonical hyperplane, where the minimum
distance is 1/‖ω‖, i.e ω, b0 are constrained by:

min
xi

∣∣ωxi + b0
∣∣ = 1 , (8)

The hyperplane that optimally separates the data is the one that minimizes
following equation:

Φ(ω) =
1
2
‖ω‖2 , (9)

Under the constraints of yi(ωxi + b0) ≥ 1, i = 1, . . . , n. The solution to the
Equation (9) is given by the saddle point of Lagrange function, which is the
classical solution to the problem of

J(ω, b0, λ) =
1
2
‖ω‖2 −

n∑

i=1

λi(yi(ωxi + b0) − 1) , (10)

Calculating the differential coefficient of ω and b0, we get the following opti-
mal condition:

ω =
n∑

i=1

λiyixi , (11)

n∑

i=1

λiyi = 0 , (12)
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To calculate the Lagrangian, using Equation (11) to expand the expression
of J(ω, b0, λ), we can get the expression

Q(λ) =
n∑

i=1

λi − 1
2

n∑

i=1

n∑

j=1

λiλjyiyjxixj , (13)

which is only depended on λ.
If λ∗

i is optimal, then

ω∗ =
n∑

i=1

λ∗
i yixi , (14)

From the Kunh-Tucker conditions, we know that at the saddle point the
product of the constraint and the dual variant is zero, i.e:

λi(yi(ωxi) + b) − 1 = 0 , i = 1, 2, · · · , n

Hence, the discriminant can be expressed by

f(x) = sgn((ω∗x) + b)

= sgn

{
n∑

i=1

λ∗
i yi(xix) + b

}
, (15)

For the non-separable case, some samples can’t satisfy the condition (9). So
we introduce non-negative variables xii, where

ξi ≥ 0 , (16)

The constraints of Equation (9) are modified as

yi

[
(ωxi) + b

] − 1 − ξi ≥ 0 , (17)

Solving the non-separable problem is to minimize the function subject to the
constraints of Equation (16) and (17)

Φ(ω, ξ) =
1
2
‖ω‖2 + C

n∑

i=1

ξi , (18)

Where C is a given constant which controls the penalty level of errors. The
solution to this optimization problem is identical to the optimal separating plane.
After that, we can find the result is mostly similar to the expression for separable
case except the former should satisfy more restrict constraints:

0 ≤ λi ≤ C , (19)

For non-linear case, we map input vector to a high dimensional space by
non-linear transform. Then get the optimal separating hyperplane through doing
classification in this feature space. Substitute point-conduct with inner-conduct
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(K(x, y)), which is equal to change the original space to a new feature space.
The optimized function of equation (13) becomes:

Q(λ) =
n∑

i=1

λi − 1
2

n∑

i=1

n∑

j=1

λiλjyiyjK(xi, xj) , (20)

also the equation (15) converts to

f(x) = sgn
{ n∑

i=1

λ∗
i yiK(xi, x) + b

}
, (21)

In this paper, we select the radial-base inner-conduct function as the core-
function.

k(x, xi) = exp
{

− |x − xi|2
256σ2

}
. (22)

4 Experimental Results and Conclusion

The training set consists of 1200 JPEG images which include 600 original im-
ages and 600 hidden message images. The test set consists of 800 JPEG images
involving 400 original images and 400 hidden message images. All images are
256 × 256 pixels collected from Philip Greenspnn’s photography 1.

According to the method of section 2, we extract six feature vectors from
each image. After scale transform,the range of each vector value is between −1
and 1.

We embed messages into the images using JSteg and OutGuess0.1 algorithm
and the length of those messages are 2000 bits, 4000 bits, 6000 bits. Our approach
can produce excellent detection rates which averagely exceeds 97 percentage for
all the kinds of embedding length.
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Abstract. The communication via electronic mail is one of the most popular
services of Internet. The volume of emails that we get is constantly growing. In
particular, unsolicited messages or spam, flood our email boxes, and result in
causing frustration, and wasting bandwidth and time. The paper presents a
novel schema to automatically filter spam emails by using the principal compo-
nent analysis(PCA) and the Self Organized Feature Map (SOFM). In our
schema, each email is represented by a series of textual and non-textual fea-
tures. To reduce the number of textual features, PCA is used to select the most
relevant features. Finally the output of the PCA and the non-textual features
should be inputted into a well-trained SOFM to classify (spam or normal). In
comparison with some traditional classification methods, the experimental re-
sult denotes that the scheme will increase the accuracy of filtering emails.

1   Introduction

Internet traffic has doubled almost every year since 1997, a growth rate set to con-
tinue for some time. The communication via electronic mail is one of the most popu-
lar services of the Internet. And the volume of e-mail that we get is constantly grow-
ing. In particular, unsolicited messages or spam, flood our email boxes, and result in
causing frustration, and wasting bandwidth and time. They also cost money with
connections and may expose minors to unsuitable content (e.g. when advertising
pornographic sites). Future mailing system should require more capable filters to help
users in the selection of what to read and avoid them to spend more time on process-
ing incoming messages.

Most modern email software packages have provided some form of programmable
filtering and classifying based rules, which involve in human beings observing emails
and writing a set of logical rules. Moreover, as the characteristics of the spam email
(e.g. topics, frequent terms) changes over time, these rule sets must be constantly
tuned and refined by the user themselves, that is time-consuming and often tedious. A
system that can automatically learn how to filter spam emails and classify non-spam
emails into a set of folders is highly desirable.

It is well known that artificial neural networks have been applied successfully in a
variety of fields. However, little studies have been presented using artificial neural
networks (ANN) to filter and classify emails. After adequate training, the main ad-
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vantage of ANN is the accuracy they can achieve, that are sometimes more accurate
than those of the symbolic classifiers.

In this paper, a system named Email Filtering Toolkit (EFT)  are proposed. In Sec-
tion 2, the structure of the system is expatiated in detail. Section 3 presents our intel-
ligent and dynamic email filtering tool. Section 4 analyzes the experimental results.
Finally, the conclusion and future work can be found in Section 5.

2   Architecture of Email Filter Toolkit

EFT, designed to filtering and classify emails efficiently, has several tasks to resolve
as follows:
(1) Extracting non-textual features of emails and parsing the text content of emails.
(2) Representing the emails and user’s interests.
(3) Evaluate the similarity between the emails and user’s interests.
(4) Filtering and classifying process.
(5) Learning process.

To address those above mentioned problems, the architecture of EFT is composed
of four modules: (1) a emails’ non-textual features retrieving module;(2) a emails’
content preprocessing module; (3) a emails’ textual features retrieving module based
on PCA, (4) a spam emails filtering module based on SOFM neural network, which is
shown in Figure 1 .

Fig. 1. Email Filter Toolkit Architecture

3   Intelligent and Dynamic Email Filter Toolkit

In EFT, original emails should be inputted into the emails’ feature retrieving module
first, whose results are as the input to the spam filtering module. Finally, the original
emails will be divided into two categories: spam emails and normal emails.

3.1   Emails’ Non-textual Features Retrieving Module

In the approach, a emails’ non-textual feature retrieving module is designed to ac-
count the non-textual aspect as a knowledge model of emails to filter. In order to
extract the non-textual feature, we collected a great deal of emails including spam and
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non-spam, and searched a set of factors that may discriminate emails and classify
them best.

Email contains many non-textual characters, which provide a great deal of infor-
mation allowing emails discrimination. In the approach, we consider particular non-
textual features, such as the domain type of the sender. For example, spam email is
virtually never sent from .edu domains. Another indicator (recipient) is found in ex-
amining if the message was sent by an individual user or via a mailing list. A number
of other simple distinctions, such as whether a message has attached documents (most
spam email doses not have attachment), or when a given message was received (most
spam email is sent at night), are also powerful distinguishers between spam emails
and non-spam. We also consider a number of other useful distinctions, such as the
percentage of non-alphanumeric characters, abbreviations, or numerical characters.
For example, spam email contains a high percentage of non-alphanumeric characters.

In the approach, the non-textual features of emails are: domain type of the email
sender (.com, .edu, .gov, etc.), header length, text content length, abbreviation, non-
alphanumeric characters, attached documents, sentence length, date, etc.

3.2   Emails’ Content Preprocessing Module

In the approach, the textual features of a email are extracted from the content of the
email. And parsing textual characters of a email is to represent the email as a term
vectors in multidimensional space. Each word is assigned a weight, which represents
its degree of importance. Before parsing the textual feature, the content of emails
must be preprocessed before input into the retrieving module using PCA.

The preprocessing is divided into stopping, stemming and weighting. The stemming
is a process of extracting each word from a email document by reducing it to a possi-
ble root word. For example, the words ‘compares’, ‘compared’, and ‘comparing’ have
similar meaning with the word ‘compare’. The stopping is a process of removing the
high frequent words with low content discriminating power in a email document such
as ‘to’, ‘a’, ’and’, ’it’, etc. Removing these words will save spaces for storing docu-
ment contents and reduce time taken during the subsequent processes. The weighting
is a scheme using TF-IDF algorithm to evaluate the importance of a term in a email.

TF-IDF is the one that has been well studied in the information retrieval literature.
This scheme is based on the assumption that terms that occur in fewer documents are
better discriminators. Therefore, if two terms occur with the same frequency in a
email document, the term occurring less frequently in other documents will be as-
signed a higher value. Specifically, the importance of a term is proportional to the
occurrence frequency of the term in each document, and inversely proportional to the
total number of documents to which the term occurs in a given document collection.

Let iTF  be score of term ti in a document p where i=1,…,m , and let iDF  be the

frequency of occurrence of document p in a collection. The weight of word i, denoted

by piW , , is expressed as 




⋅







=
i

i
pi DF

n
P

TFW log,
 , where n is the number of docu-
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ments in the collection and ∑=
j jTFP  is used to normalize term frequency to

[0,1] in order to avoid favoring long documents over short documents, where j=1,..,n.

After the page is automatically parsed ignoring common stop words, iTF (a term’s

score) could be calculated according to three rules shown as follow:
(1) Each time a word occurs in the title its score is increased by ten.
(2) Each time a word occurs in a heading its score is increased by five.
(3) Each time a word occurs its score is increased by one.

3.3   Emails’ Textual Features Retrieving Module Based On PCA

According to the length of emails’ content, the high-dimensionality of the term-
weight vectors representing emails has made the difficulty to filter and classify. To
improve the accuracy of filtering and classifying, our approach uses the principal
component analysis (PCA) technology, with a combination of statistical and natural
language approaches, to reduce the original term-weight vectors with high dimen-
sionality to a small number of relevant features.

The term-weight vector representing a email document is considered as inputs to a
PCA system. PCA provides a means by achieving such a transformation where the
feature space accounts for as much of the total variation as possible. Specifically,
based on the PCA procedure the original feature space is transformed into another
feature space that has exactly the same dimension as the original. However, the trans-
formation is designed in such a way that the original feature set may be represented
by a reduced number of ‘effective’ features and yet retains most of the intrinsic in-
formation content of the data. Therefore, using PCA we achieve not only the in-
creasing of feature variation but also the decreasing of feature space dimensionality.
Karhunen–Loeve transformation (KLT) is a well-known tool for PCA in multivariate
analysis. A complete analysis of the PCA method used in this paper may refer to
Refs. [2,3].

Briefly, in the approach the input vector of the PCA is the term-weight vector x,
while the output is a reduced vector y, which is given by the relation: y=Wx, where
the transformation matrix W contains the neural network coefficients. It is denoted
that after training, W will approach the matrix whose rows are the first d eigenvectors
of C, ordered by decreasing eigenvalues, where C is the covariance matrix of the
training set. And the set principal components y is represented as

xeyxeyxey T
dd

TT === ,...,, 2211 , where T
ie is eigenvector i of C.

3.4   Spam Emails Filtering Module Based on SOFM Neural Network

The textual and non-textual features representing a email, obtained through the
method mentioned previously, are as the input to the spam email filtering module. In
the approach, the filtering module is represent by a SOFM neural network.

The Self Organized Feature Map (SOFM) is one of the most widely applied ANN
first introduced by Kohonen [4]. It has successfully been used in a variety of applica-
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tions including, data visualization, data clustering, pattern recognition and data min-
ing. The SOFM’s objective in document clustering is to group the documents, which
appear similar, close to one another and place the very different ones distant from one
another. The Kohonen model is composed of two layers neurons, input layer and
output layer. And the output layer, called competition layer, is generally represented
on a map (in two dimensions) or on a line(one dimension).

In our paper, the inputs of SOFM are the outputs of the PCA representing emails.
The network combines its input layer with a competitive layer of neurons, and is
trained by unsupervised learning. The two layers are fully interconnected since every
input is connected to all of the neurons in the competitive layer. Kohonen self-
organization has a result the representation of similar classes, by neighboring neurons
on the competitive layer. Typically, the competitive layer is organized as a line.

Figure. 2 gives the Kohonen SOFM topology as the second part of the entire neural
network. After training, one neuron in the competition layer represents the spam
emails category to be filtered from the mailbox, the other is the non-spam emails
class.

Fig. 2. The two Stage of a neural network

Suppose that the input T
pyyyy ],...,,[ 21= , the weight vector of the neuron j in

SOFM is T
jpjjj wwww ],...,,[ 21= . There are two basic steps in SOFM, which are the

search for the Best Matching Unit (BMU) i of weight vector wi and y, and updating
the BMU i with it’s neighbours. The BMU i is found by computing the Euclidean
distance between the input data vector y and the reference vector wi as show as fol-
lows:
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||}||min{arg)( j
j

wyyi −= , nj ,...,2,1= (1)

where n is the number of neurons in the SOFM’s feature map. Once we have found
the BMU we update the BMU and it’s neighbouring nodes using:

)]()()[()()1( , twtxtnwtw ijiii −Λ+=+   , ,...3,2,1=t (2)

Where:
 )(, tjiΛ — the neighourhood function

t      — a discrete time constant
 The neighbourhood function 

ji ,Λ  used in equation (2), is a time decreasing func-

tion which determines to which extent the neighbours of the BMU will be updated.
The extent of the neighbourhood is the radius and learning rate contribution, which
should both decrease monotonically with time to allow convergence. The radius is
simply the maximum distance at which the nodes from the BMU are affected. A typi-
cal smooth Gaussian neighbourhood kernel is given bellow in equation (3).
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
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2

, t

rr
tt ji

ji σ
α

(3)

where )(tα is the learning rate function, )(tσ is the kernel width function, 2|||| ji rr −
is the distance of BMU i unit to current unit j.

There are various functions used as the learning rate )(tα  and the kernel width

functions )(tσ . For further details about the SOFM please refer to [3] and [4].

4   Experiments

The proposed scheme was extensively tested on a great deal of emails. Due to space
limitation, not to present additional examples in this paper. We have collected 800
emails from 10 mailboxes, including 300 spam emails and 500 normal emails. This
collection is split into a training set of 400(200 spam and 200 normal emails) mails
and a testing set of 400 mails (100 spam and 300 normal emails). The average preci-
sion of filtering email is 87.56%. And the average precision of Bayesian classification
is 83.28%. In comparison with Bayesian classifying, the above-mentioned scheme,
based on a combination of the PCA and SOFM, will increase the accuracy of filtering
emails.

5   Conclusion and Future Work

Because filtering is closely related to information retrieval, most information filtering
methods are based directly or indirectly on traditional techniques of information re-
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trieval. Research in information filtering is still an open field. One of the most prom-
ising approaches is to use advanced natural language technology such as lexical se-
mantic, terminology, shallow parsing, etc. An efficient filtering tool must use various
strategies to retrieve, filter, or to infer information.

Our system is an intelligent and dynamic email filtering toolkit, which helps users
in filtering emails and selecting what to read. The system contains two feature re-
trievers and a SOFM neural network to filter emails automatically. The feature selec-
tion in the system is based on the combination of the PCA and traditional statistical
methods. The scheme qualifies it to be a real user assistant by reflecting its intentions
during filtering operation and by having capability of auto-organization to act better.
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Abstract. Self-organizing maps (SOMs) have proven extremely useful because
of their ability to provide a condensed representation of data. This is
accomplished by creating a mapping from an often continuous data space to a
discrete map grid, relationships on which ideally preserve much of the structure
of the original data. When well-trained, Kohonen’s original SOM successfully
preserves continuity in the mapping from the SOM grid to the data space. When
the dimension of a map approximately matches the dimension of the data, or
when the folding of a map into higher-dimensional data space is controlled,
mapping algorithms can preserve the organization of the data more
comprehensively. In these cases, the structure of the map grid may reflect the
data structure at several levels of granularity, allowing the search for the best-
matching unit (BMU) of the trained map to speed up significantly.

1   Introduction

The basis of the usefulness of the self-organizing map (SOM) is its ability to
condense the representation of a set of data. The vector quantization performed by the
SOM contributes to this compression, as does the regression on the data that the
trained SOM represents in the form of adjacencies on the output map lattice. This
regression is intended to preserve certain data structure, which is necessary if an
application is to rely upon a mapping for an accurate summary of the data it requires.
Preservation of data structure is clearly important in many applications for which
SOMs and similar mapping algorithms are commonly used. Such applications include
the common uses of SOMs in data mining and compression, as well as the use of
SOMs to represent high-dimensional data visually, sometimes as a user interface [2].
In addition to these benefits of structure-preserving mappings, it becomes apparent
that, to the extent that a mapping can preserve data structure at multiple levels of
granularity, the speed of finding the best-matching unit (BMU) for a given data point
can be improved significantly.
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2   Topography-Enhanced BMU Search

Although a rigorous definition of topology preservation can be borrowed from
mathematics, the term topography-preserving mapping has been either used
informally, or defined flexibly as a mapping that preserves the data structures
important for a particular application [2]. The current paper discusses one benefit of
mappings that implicitly preserve a hierarchy of data structure. In this context then, a
topography-preserving mapping is one that preserves data relationships at various
levels of granularity.

Without the benefit of parallel search, performing the mapping ri = Ω(vk) from data
point vk ∈ V to SOM neuron ri ∈ A generally requires computation on the order of dp,
where d is the dimensionality of the data and p is the number of neurons in the map. A
topography-preserving mapping allows faster search, closer to the order of d log(p).
This improvement can be achieved by taking advantage of the implicit hierarchy that
the output lattice imposes on prototype vectors wi when the mapping is topography
preserving. When this is the case, a single codebook vector can serve as the prototype
vector not only of the data within its own receptive field or Voronoi cell, but also as a
rough prototype for the data mapping to neurons nearby in the discrete output space
A. In other words, wk might serve as a representative for the cluster of neurons rk-2 rk-1,
rk, rk+1, rk+2, where these neurons form a neighborhood in A. In this way, wk can serve as
prototypes simultaeously at more than one level of data generalization or abstraction.
The property of topography preservation can therefore enable BMU search to
approach the speed of a search of prototypes in a hierarchical map without the
overhead of a hierarchical architecture.

Fig. 1. BMU search tree for the first three comparisons in a one-dimensional topography-
preserving map.

For example, for a one-dimensional map lattice with p neurons, a comparison of a
new data point v with the pair of model vectors wp/3 and w2p/3 can narrow the BMU
search to half the neurons of a topography-preserving mapping. When the better
match for v is found in {wp/3, w2p/3}, the remaining search for the BMU can be
restricted to half of the map represented at this highest level of abstraction by the
better-matching prototype, assuming that the map preserves topography. With the
next step of the search, v is compared with the pair of prototype vectors at one-third
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and two-thirds of the remaining half-map, either {wp/6, wp/3} or {w2p/3, w5p/6}. The
repeated elimination of half the remaining neurons continues until, at some point, an
exhaustive search must be made of the remaining prototypes, since a lower-
dimensional mapping cannot in general perfectly preserve the structure of a higher-
dimensional data set. Ideally, this search of the prototype vectors of the one-
dimensional map, especially at the highest, most abstract levels of the search tree,
would require on the order of log(p) comparisons with each datapoint. In fact, as Fig.
1 shows for the first three comparisons, search at each level of the tree can reuse the
measure of similarity calculated at the previous, “parent” comparison, allowing search
with exactly log(p) comparisons. Of course, the situation is seldom ideal. The
bifurcation of the data space will certainly not be so neat that datapoints that map to
neurons near the boundary between submaps will always indicate a continued search
in the correct submap. A possible solution is to continue search in both submaps
whenever a datapoint excites both neurons beyond a certain threshold.

Fig. 2. One-dimensional topography-preserving mapping trained on six-dimensional vectors
denoting articulatory features of English simple vowels

Table 1. Articulatory features describing simple vowels in a dialect of American English.

i æ u
tongue high 1 1 0 0 0 0 0 1 1

tongue low 0 0 0 1 1 0 0 0 0

tongue back 0 0 0 0 1 1 1 1 1

lips round 0 0 0 0 0 0 1 1 1

lips spread 1 1 1 1 0 0 0 0 0

tense 1 0 0 0 0 0 0 0 1

To illustrate enhanced BMU search using a small and straighforward example, a
nine-neuron one-dimensional map was trained using the Genetically-Trained
Topographic Map (GTTM) [3][4]. Data were drawn from six-dimensional vectors
representing articulatory features of the set of simple vowel phonemes for a dialect of
American English. The features used to define each data point were adapted from a
subset of those described in Chomsky and Halle’s groundbreaking The Sound Pattern
of English [1], where the discussion concerned universal distinctive features, i.e.,
features used across all natural human languages. The resulting trained mapping is
represented in Fig. 2, and a list of the features describing each datapoint is given in
Table 1. The distance relationships between the nine feature vectors are presented in
Table 2, which depicts a dissimilarity matrix based on the Hamming distance between
pairs of vectors. Vowel labels in the table are ordered by their position on the trained
one-dimensional map, so small distances found near the main diagonal indicate near-
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continuity in the mapping, and a perfectly topography-preserving mapping would
show increasing Hamming distances corresponding to greater distance from the main
diagonal on each row and column. From the dissimilarity matrix, it is obvious that
perfect topography preservation is impossible for a one-dimensional mapping of this
data, since there is no way to order the vectors along one dimension that results in a
total ordering of the Hamming distances between them. In other words, the data do
not lie in a one-dimensional subspace of V.

If topography has been adequately preserved in the trained map, searching the
nine-neuron map can be accomplished using the search tree displayed in Fig. 3. In this
search tree, a data vector v is compared with pairs of prototype vectors that are
siblings on the tree, eliminating half of the tree with the match at each level of
abstraction. For example, searching for a vector representing the English phoneme
/ i / (corresponding to the vowel sound in the word neat) would use the following

sequence of comparisons. Here, International Phonetic Alphabet symbols are used as
abbreviations for feature vectors, and dist(v1,v2) indicates the dissimilarity of vectors
v1 and v2, in this case the Hamming distance between them.

1) dist(i, �) < dist(i, �), eliminating the need for comparisons in the right half-tree
2) dist(i, �) < dist(i, æ), eliminating comparison with �
3) dist(i, i) = 0

Table 2. Dissimilarity matrix showing Hamming distances between feature vectors
representing English simple vowels

It can be calculated that, when a new vector is presented that matches exactly one
of the prototype vectors in this mapping, it will be found in 5 comparisons at most,
with an average search of 3.56 comparisons. This compares favorably with the 9
comparisons for each new vector required by the typical exhaustive search. If a vector
is presented to the trained map for which there is not an exactly matching prototype,
the search must be pursued to the leaves of the search tree, requiring approximately
2 log(p) comparisons, each of which may involve d operations. This results in a
complexity of V (d log(p)), as mentioned previously.
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Fig. 3. Search tree for topography-enhanced BMU search of mapping of English vowel
phonemes.

The example above of articulatory feature mapping to a one-dimensional phoneme
map illustrates how topography-enhanced BMU search can operate. The procedure is
easily adapted for a two-dimensional map lattice. If the output grid is almost square, a
data vector v can be compared with four model vectors at each “level of abstraction.”
The U-Matrix in Fig. 4 shows an implicit and unnaturally regular hierarchy of data
discovered by a 1024-neuron square map. In such an ideal example, one would expect
that BMU search could be accomplished in very nearly 4 × log2 (p

0.5) comparisons for
each new data vector v. For this map, v will first be compared with four model vectors
representing the four quadrants of the map that are separated by areas of greatest
dissimilarity. After the first match, three-fourths of the map can be eliminated from
the search. Comparison with four model vectors at the second level of abstraction
eliminates three-fourths of the remaining one-fourth of the map, etc.

Fig. 4. U-Matrix for a 32x32 mapping revealing implicit hierarchy that can be used for
topography-enhanced BMU search

For a final experiment, a 1024-neuron square map was trained on a three-
dimensional artificial data set from which 2214 randomly-selected points were drawn
to test the mapping. It was discovered that mapping a new data point to the best-
matching neuron could be accomplished without error by making only 72
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comparisons, rather than the 1024 comparisons required by exhaustive search. In this
experiment, BMU search proceeded according to the following steps:

1) Data point v is compared with 4 model vectors representing the global
structure of the 32 x 32 map. Matching v to a model vector at this most general
level leads to reduction of the length of the sides of the map being examined by
approximately 1/3, eliminating roughly 5/9 of the neurons.

2) Data point v is compared with 4 model vectors representing an abstraction of
the remaining 22 x 22 submap. The length of the sides of the map under
consideration is again reduced by 1/3, eliminating 5/9 of the remaining neurons.

3) Attention is now focused on the best-matching 15 x 15 submap, and v is
again compared to 4 prototype vectors to reduce the scope of the search further.

4) The best-matching 11 x 11 submap is examined. After finding the best-
matching region of the submap, an 8 x 8 region of the original map remains.

5) Exhaustive search finds the BMU among the 64 remaining neurons.

3   Conclusions

It is apparent that the success of topography-enhanced BMU search depends upon
both the training of the map and the nature of the data. If the dimensionality of the
map, δA, approximately matches the effective dimensionality of the data, δeff, and if the
map is trained to preserve global as well as local relationships, then the enhanced
BMU search can be applied effectively. However, when δeff is enlarged relative to δA,
topography preservation becomes increasingly difficult. Despite this fact, it is
encouraging to note that initial experiments show that, even with relatively high δeff, a
globally well-trained map can benefit from topography-enhanced BMU search, often
saving at least half the comparisons required by exhaustive search.
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Abstract. As the activation function of neural networks is nonlinear, an
adaptive model and an algorithm are suggested for real-time calculation of the
network weights using an Unscented Kalman Filter (UFK). Because the method
can simplify the calculation of nonlinear systems, a global optimization of data
fusion information can be achieved by real-time adjusting the weights of the
networks according to the variations of the system inputs. An experiment was
made on a vessel board equipped with DGPS/GPS/ROLANDC/COMPASS to
testify the availability of the algorithm. Three algorithms are applied to the
system: the 1st with fixed weights of the network, the 2nd adjusting the weights
of the system with linear activation function by KF, and the 3rd adjusting the
weights of the system with nonlinear activation function by UKF. Experimental
results show that the proposed algorithm can improve the tracking accuracy of
the system. This method can be applied to integrated navigation and other data
fusion systems.

1   Introduction

The Kalman filtering theory has been widely used in the integrated navigation field.
The famous federated filtering [1] is a two-stage data processing technique in which
the outputs of local sensor-related filters are subsequently processed and combined by
a larger master filter. The global optimal state estimation is produced based on
various local state estimation and covariance. Literature [2] proposed a method of
state estimation using neurons. The weights of NN in literature [2] are off-line trained
and on-line applied. If a local state estimation has changed and the weights of NN are
still fixed, its global estimation precision will be affected. Using UKF nonlinear
optimal estimate theory[3][4], we developed a real-time learning model of multiplayer
neural networks to fuse each local state estimates. Consequently, the neural networks
weights can be adjusted in real-time via UKF.  The model has the better fitting effect
and self-adapting estimate capacity. The fusion model of multi-sensors with
DGPS/GPS/ROLANDC/COMPASS in integrated navigation system[8][9] is
implemented. The experimental results show that the proposed model and adaptive
training algorithm are effective to enhance the precision and the operating speed of
the overall system.   
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2   NN-UKF Model Research

The data fusions with neural networks combines local filter outputs and will yield
estimate that is globally optimal or near optimal. As suggested by the figure1, each
local filter operates in parallel, processing unique data from their local sensor, and a
destination data from a shared system. First, let the local filter #i solution be

represented by the state vector )(ˆ kX i  and covariance matrix iP , and the full state

vector )(ˆ kXf . Globally optimal state relies on each local estimate )(ˆ kX i and its

covariance iP , namely:

},........2,1,),(ˆ|)({)(ˆ NiPkXkXEkX iif == (1)

The maximum likelihood estimate )(ˆ kX i and covariance iP  are obtained according

to the reference [2]. )(ˆ kX f can be simplified as：

µWkX f =)(ˆ (2)

Obviously we may replace the formula (2) with the neural networks, where, W is the
neural networks weight vector, µ is the input vector. This method avoids computing
the condition covariance of each local filter, only needs to estimate the neural
networks weight vector.

Fig. 1. NN-UKF Model

As each local filter output varies with time, and the network weights was trained
offline[1][6]. Therefore an online adjustment is made to adapt each local state
variation and to keep the state estimation optimal.
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3   Algorithm Research

3.1   State Equation of Neural Networks

Supposition 1. The number of every layer neurons is N for n layers networks.
Connection weight from the jth neuron of the (n-1) th layer to the ith neuron of the nth
layer is wij

n, and its threshold value is θi

n;
Supposition 2. Nonlinear transformation f（·）of every neuron uses the sigmoid
function. That is:
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i

n
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Definition 1. Based on supposition 1 and supposition 2, transformation relation
between the input and output is:
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If we use the network connection weight as the state vector and regard the object
output vector as the observation value, then non-linear state equation can be written:
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Where, n
k RW ∈)(  is the system state vector at sample k and η(k ) is the process noise

it is a zero-mean Gaussian white noise sequences and its covariance is Q1. 
m

k Ry ∈)(

is measurement vector, v(k), is the measurement noise, it is also the zero-mean Gaussian

white noise sequences, the  covariance is R1.
The formula (5) is the non-linear state equation, which is unable to use the standard

Kalman filtering to carry on the state estimation. Here, we use UKF to carry on the
filter.

3.2   Nonlinear Filter Algorithm

Assume the stable neural networks weight is the UKF initial value of state. Firstly
carrying on the time update.

Supposes xk is N dimension state vector, which mean is xk/k and covariance is pk/k,
the number of sigma-points needed to do this 2n + 1, where n is the dimension of
X[5], that is:
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Where k∈R, is a proportionality factor, ))( / kkPkn +  the ith row or column of

weighted matrix square root of the covariance kkP / , iW is the weight that is

associated with the ith point. After giving out these sigma points, we may carry on the
forecast to the state variable and covariance, the method is:
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According to the observation model, we can calculate the measurement value and
the measurement estimate value:
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measurement  update：
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4   Experiments Results

To verify the usability of the proposed method, we integrate the navigation
equipments of DGPS/GPS/LORANC/COMPASS to carry out the actual vessel
experiment. The vessel sails at velocity ranged from 18 to 22 knots, heading in the
direction of 200~400.The filter’s state space consists of the longitude X1 (L), the
latitude X2 (λ), the north ocean current state X3 (VCN), east ocean current state X4 (VCE),
the direction X5 (S) and the speed X6 (H), namely, X = (ϕ, λ, VN, VE, G, V) T. The state
dynamics are:
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WKXKkkX ++Φ=+ )()/1()1( δδ (16)

where：
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The correlation model in the ocean current, the concealment supposition is the
correlation time, that is： cβ/1 .

To guarantee the KF running time is short enough, we suppose KF measurement
vector always maintain 4x1 dimensional, that is: Z(k)=(ϕ, λ, G, V)T. In actual system,
the biases of filter state model and a measurement model are designed. The new
measurement equation is：

)()()())(( kVkXkHkZ += δδ (17)

Here, nRkX ∈)(δ  is the system state vector at sample k and W(k) is process noise, it

is a zero-mean Gaussian white noise sequences, its covariance is R2 ,
MRkZ ∈)(δ  is

the measurement, and measurement noise V(k) is the same as W(k), its covariance is
R2,. )(kH  is a constant matrix. We take DGPS localization information as the

standard, and fuse various filters information with the neural networks. Because the
system described by formula (5) is nonlinear, NN weights are on-line estimated with
UKF. We compare this method with the linear networks. The simulation result
showed that fitting precision is higher. The simulation curve and estimate value is
showed in figure2.

Fig. 2.   Simulation curve  (a) linear NN and KF (b) nonlinear NN and UKF
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5   Conclusions

From the experimental results we can see that the nonlinear optimal estimation for
neural networks data fusion [7] can effectively solve the problem of real-time
information fusion. Using this method, as no calculation of various error covariance
and inverse matrix is needed, so that the computational loads are reduced greatly and
the computation precision is increased. Simultaneity, the global information can be
feasibly allocated, according to the change of the estimation quality in local filters.
The comparisons of its performance with those of the linear filtering in an integrated
navigation system have been made. The theoretical analyses and experimental results
show that this model and adaptive training algorithm are effective and practical.
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Abstract. In order for the map to visualize the structure of input data
more naturally, the positions of neurons of the SOM should be adjusted
based on their similarities. We study these position-adjustable SOM al-
gorithms using Himberg’s contraction model, and then improve them
into a uniform PASOM algorithm, which is easier to implement and con-
trol. In addition, by making use of the SOM’s topological ordering, the
side effect of randomly selected initial weight vectors and the excess con-
traction to one point can also be avoided mostly. Finally, the PASOM
algorithm is verified by experimental results very well.

1 Introduction

The Self-Organizing Map (SOM), which was first introduced in 1982 by
Kohonen[1], is a singular-layer neural network model based on competitive learn-
ing. As the combination of vector quantization and non-linear projection[2], the
SOM can map high-dimensional input data onto a regular low-dimensional dis-
crete lattice, i.e. a fixed grid of neurons, while preserving the topological relations
of the input data as faithfully as possible. Therefore, the SOM can generate in-
teresting low-dimensional representations of high-dimensional data, which makes
it a popular clustering, visualization and abstraction tool.

Due to the topology preserving nature (although incomplete topology
preservation[3][4]), the SOM is effective for the visualization of high-dimensional
data. However, there are several drawbacks for the standard Kohonen’s SOM
to visualize high-dimensional data. First, the network structure has to be pre-
specified. To solve this problem, several dynamic SOMs such as GCS[5][6][7] and
GSOM[3] have been presented recently. However, these approaches require more
prespecified training parameters, which makes them much less robust than the
standard Kohonen’s SOM[8]. Second, due to the fixed grid of neurons, the projec-
tion is very rude[2], and the inter-neuron distances are not directly visible, which
makes it necessary to use some color-coding schemes such as the U-matrix[2] to
mark relative distances between neighboring neurons in the input space. Even
so, the structure of input data may often appear in a distorted and unnatural
form[9].

In order for the map to visualize the structure of input data more naturally,
the distance quantity must be preserved on the map, along with the topology[9].

F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 707–712, 2004.
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One type of methods is to combine the distance-preserving mapping such as Mul-
tidimensional Scaling (MDS) with the SOM[4], or to minimize the MDS type
quantitative measure of topographical agreement directly[10], which is computa-
tionally very intensive, and which cannot avoid the shortcoming of MDS too, e.g.
no generalization capability. Another type of methods is to adjust the positions of
neurons synchronously during the training process, we call position-adjustable
SOMs, such as the grouping neuron (GN) algorithm[11], the adaptive coordi-
nate (AC) algorithm[8] and the double self-organizing feature map (DSOM)
algorithm[12][13]. Being add-ins to the standard Kohonen’s SOM, the robust-
ness of these methods is assured[8]. In addition, the adjustment rule is simple,
so the additional computation is little. In this paper, we study these position-
adjustable SOM algorithms using Himberg’s contraction model[14], and then
improve them into a uniform PASOM algorithm, which is easier to implement
and control.

This paper is organized as follows: In Section 2, we recall the standard Koho-
nen’s SOM. In Section 3, we improve those position-adjustable SOM algorithms
into a uniform PASOM algorithm. Finally, experimental results and conclusions
are given in Section 4 and Section 5 respectively.

2 The Standard Kohonen’s SOM

The standard Kohonen’s SOM consists of a singular-layer of neurons located on
a regular low-dimensional lattice, usually 1-D or 2-D. Each neuron k is repre-
sented by an n-dimensional weight vector mk = {mk1, · · · , mkn}, i.e. the refer-
ence vector, where n is the dimension of input data. On each training step, a data
sample x is selected randomly, and then the winner neuron (the best-matching
unit, BMU) mc is found according to the following rule:

‖mc − x‖ = min
k

‖mk − x‖ (1)

The weight vectors of the BMU and its neighbors are updated towards x:

mk(t + 1) = mk(t) + α(t) · hck(t) · (x − mk(t)) (2)

Where α(t) is the learning rate and hck(t) is the neighborhood kernel centered
on the BMU c. To assure the convergence, both the learning rate α(t) and
the neighborhood kernel radius (or its scalar parameter) σ(t) should decrease
monotonically with time.

The resulting weight vectors can be interpreted as conditional averages of the
input data. Because not only the BMU but also its neighbors are updated, the
weight vectors of neighboring neurons resemble each other[2]. Consequently, the
BMUs of similar data samples are close to each other within the lattice, which
is so-called SOM’s topological ordering.
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3 The PASOM Algorithm

To improve data visualization based on SOM, the distance quantity should be
used to represent the similarities on the map directly, rather than use a color-
coding scheme in a distorted lattice indirectly. However, the positions of neu-
rons are fixed for the standard Kohonen’s SOM, so several methods have been
presented to adjust the positions of neurons synchronously during the train-
ing process, such as the GN algorithm[11], the AC algorithm[8] and the DSOM
algorithm[12][13], we call position-adjustable SOMs, which don’t affect the whole
architecture of the standard Kohonen’s SOM and then preserve its goodness.

In these position-adjustable SOM algorithms, each neuron k has an n-
dimensional weight vector mk and a 2-D position vector pk attached, which
are updated synchronously. pk is initialized as the position of neuron k within
the lattice. On each training step, mk are updated according to formula (2),
different method adjusts pk differently (however, similar to formula (2)):

the GN algorithm : pk(t + 1) = pk(t) + a(t) · bck(t) · (pc(t) − pk(t)) (3)
the AC algorithm : pk(t + 1) = pk(t) + ∆Distk(t + 1) · (pc(t) − pk(t)) (4)
the DSOM algorithm : pk(t + 1) = pk(t) + ηck(t) · h′

ck(t) · (pc(t) − pk(t)) (5)

Both bck(t) in the GN algorithm and h′
ck(t) in the DSOM algorithm decrease

with the distance between the weight vectors of the BMU c and neuron k, so
both methods can attract the neurons whose weight vectors are close together
in the input space; however, both ∆Distk(t + 1) (it can be proved easily.) in
the AC algorithm and ηck(t) in the DSOM algorithm decrease with the distance
between the positions of the BMU c and neuron k within the lattice, so both
methods can attract the neurons that are adjacent to each other in the output
map. Due to the SOM’s topological ordering, these methods can reach similar
results.

In fact, bck(t), ∆Distk(t + 1), ηck(t) and h′
ck(t) can be used to represent

the similarity between the BMU c and neuron k in some sense, therefore, these
methods fall into the category of Himberg’s contraction model[14] (similar to the
hierarchical clustering), in which the neurons are contracted based on their simi-
larities: the new position of a neuron is calculated as the weighted average of the
positions of all the neurons, and the weights are the corresponding similarities.

Following the philosophy of Himberg’s contraction model and its similarity
to the SOM, these methods can also be unified (similar to formula (2)):

pk(t + 1) = pk(t) + αp(t) · hp
ck(t) · (pc(t) − pk(t)) (6)

Where αp(t) is the learning rate, and hp
ck(t) is the similarity kernel between the

BMU c and neuron k, which can take any form of hck(t), bck(t), ∆Distk(t + 1),
ηck(t), h′

ck(t) or their combinations, etc. Like the standard Kohonen’s SOM,
the parameters which are used to adjust the positions in these methods can be
classified into the learning rate αp(t) and the similarity kernel scalar parameter
σp(t) respectively, both of which are monotonically decreasing functions of time.
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For the convenience of implementation, and to converge synchronously with
the weight vectors, we can specify simply that the scalar parameter σp(t) of
the similarity kernel hp

ck(t) in (6) is identical to the scalar parameter σ(t) of
the neighborhood kernel hck(t) in (2), and that the learning rate αp(t) in (6) is
constant times of the learning rate α(t) in (2):

σp(t) = σ(t) (7)
αp(t) = cf · α(t) (8)

Where cf is the contraction factor to control the extent of one contraction step.
These methods don’t take the side effect of randomly selected initial weight

vectors into consideration. During the forepart of iterations, i.e. the ordering
phase, the neurons are still unordered. To solve this problem, we should ad-
just the positions not from the beginning but after the proper ordering takes
place, i.e. during the fine-adjustment phase. Thus, we can also diminish the time
cost by making use of the SOM’s topological ordering, What’s more, the excess
contraction to one point is avoided mostly, because the number of iterations is
reasonably large in order to achieve the better statistical accuracy of the final
mapping. So, the PASOM algorithm can be described as follows:

Specify the network structure;
Initialize the weight matrix randomly;
Initialize the position matrix whose elements are identical
to the corresponding positions within the lattice;
t=0; Specify alpha(0) and sigma(0);
Specify one form of the similarity kernel;
Specify cf and threshold;
WHILE the stop condition is not met

Initialize all the input data samples still unselected;
Do

Select an input data sample x unselected randomly;
Find the BMU c according to formula (1);
Update the weight vectors according to formula (2);
IF t>threshold THEN

Adjust the position vectors according to formula (6);
Until all the input data samples are selected;
Decrease alpha(t) and sigma(t); t=t+1;

END

4 Experimental Results

We apply the PASOM algorithm described above on the butterfly dataset
(Fig. 1, 2-D for comparison between the results of PASOM and the origi-
nal dataset; we can also apply PASOM on other high-dimensional datasets.)
using different contraction factors and similarity kernels. In the experiments,
we specify that the neighborhood kernel is a Gauss function, and the pa-
rameters are defined as follows: the number of neurons m=10×10, α(0)=0.9,
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σ(0)=66.666, α(t + 1)=0.99×α(t), σ(t + 1)=0.98×σ(t), the number of iterations
is 1000, threshold=200. The results are given in Fig. 3-8. From these results, we
can see that the structure of input data can be visualized more naturally and
clearly by using PASOM (Fig. 3-8) than by using the standard Kohonen’s SOM
(Fig. 2), especially by selecting the more proper contraction factor (e.g. cf =0.1),
which is easier to control.
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Following the philosophy of Himberg’s contraction model (similar to the hi-
erarchical clustering), Our PASOM algorithm can improve the visualization of
input data greatly.



712 C. Shao and H. Huang

5 Conclusions

In this paper, we adjust positions of all the neurons of SOM adaptively accord-
ing to their similarities, by which we improve those position-adjustable SOM
algorithms into a uniform PASOM algorithm, which is easier to implement and
control. What’s more, by making use of the SOM’s topological ordering, the side
effect of randomly selected initial weight vectors and the excess contraction to
one point can also be avoided mostly.
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Abstract. This paper discusses an important problem emerged in applying GPS
to wetland study--transformation method between coordinates system of local
electrical maps and global coordinates system of GPS data. Traditional method
is complex and not precise enough for large area. In this paper, a feed-forward
neural network is build and the back propagation algorithm is used. The
Levenberg-Marquardt algorithm and a modified error function are adopted to
improve convergence rate and generalization ability. Neural network model,
learning principle, simulation curves and results comparation are discussed in
detail. The study is undertaken on Songhua River Basin. Practice results prove
that compared with traditional method, neural network method succeeds in
solveing complex problem and is effective in dynamic data analysis of wetland.

1   Introduction

It has been recognized nowadays that wetland is a kind of important multi-functional
resource. Applying sufficient methods and reliable information technology to wetland
protection study has improved the work very much [1, 2].

Any point’s three-dimensional position on the earth can be obtained by receiving
GPS (Global Positioning System) signals. To link local electrical maps with GPS
data, coordinates transformation is necessary [3]. Concerning transformation, tradi-
tional method is complex and not precise enough for large area because of over many
calculations and similarities. New tools or better methods should be developed. NN
(Neural Network) has been widely applied in nonlinear function approximation. Ap-
plication of NN in GPS data transformation is a new trial attempt. The results of
practice prove that NN method is easier and more precise than traditional method. It is
expected to be an efficient and feasible method in transformation of GPS data.

2   Traditional Method of Transformation

Coordinates system of data derived form GPS is WGS84 which is a global uniform
geographic coordinates with the best approximation in the world as a whole [4]. Local
coordinates system such as BJZ54 is usually used as local electrical map’s system and
projected to x-y coordinates system. Therefore during the process of identifying posi
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tions on the electrical maps as illustrated in Fig. 1, x-y should be used and latitude-
longitude data should be transformed into x-y. Then it is possible to show moving po-
sitions on electrical maps by getting the real latitude and longitude from GPS message
and transform them to the scale on the projected maps.

Fig. 1. Local electrical maps of Zhalong Wetland

The transformation from geodetic coordinates (B, L, H) to three-dimensional Carte-
sian coordinates (x, y, z) is given by the following equations:
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Where BeaN 22 sin1−= , the principal radius of curvature along the prime verti-

cal, 6378137=a m, 22 2 ffe −= and 298.257/1 =f , the parameters describing size

(semimajor axis) and shape (flattening) of the adopted reference ellipsoid.
Prior to GPS and WGS-84, there were already many reference ellipsoids and da-

tums chosen to fit particular areas of the world. Each of these is typically referred to
as “local datum”. Coordinates can be transformed from one geocentric conventional
terrestrial datum to another local reference datum, and seven parameters similarity
transformation formulae is one of the common transformation models [5].

Local mapping projection is another necessary work. One of the conversion for-
mulae, Gauss-Kruger projection formulae, can be found in reference [6].
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3   Neural Network Method of Transformation

The neural network method of transformation includes taking latitude and longitude
of geodetic coordinates derived from GPS as input, training the neural network ac-
cording to certain rules, finally getting x-y values in local coordinates system as out-
put. A three layers feed-forward neural network is adopted to build the transformation
model. Hidden layer neurons’ transfer function is tan-sigmoid. Output layer neurons’
transfer function is linear function.

In almost all kinds of neural network algorithms, back propagation algorithm has
gained nearly full development. However, it still has several disadvantages for exam-
ple slow convergence rate and over fitting problem. The algorithm performance is
very sensitive to the proper setting of learning rate, so the optimal learning rate should
be adjusted on line during the learning process to quicken the convergence rate. An-
other problem during neural network learning is called over fitting. The error on
learning set is driven to a very small value, but when new data is presented to the
network the error is large. The network has memorized the learning set, but it has not
learned to generalize to new situations.

In this paper, a modified performance function is adopted in neural network learn-
ing process to solve the over fitting problem and Levenberg-Marquardt algorithm
which is proved suitable to the transformation work is adopted to make the learning
process become faster. The principle of the algorithm is introduced as following. The
standard performance function used for training feed-forward neural networks is
mean sum of squares of the network errors. The standard performance function is
modified by adding a term that consists of sum of network weights squares

as ∑∑
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2 ωαβ , where F is the performance function, α and  β  are the ob-

jective function parameters, e is the vector of network errors, ω is the network
weights, and n is the number of learning patterns. The values of α, β are optimized
according to Bayesian’s rule as following equations [7]:
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Where γ=Ν−α tr(H)-1 is the effective number of parameters, N is the total number of
parameters in the network, H is the Hessian matrix determined by the equation
H= βJTJ+αΙΝ and J is the Jacobian matrix of performance function with respect to the
weights. This performance function forces network response to be smooth and less
likely to be over fit. L-M algorithm is used to approach second-order learning rate
without having to compute the Hessian matrix. The Hessian matrix can be approxi-
mated as H= βJTJ+αΙΝ and the gradient can be computed as g=βJTe+αω. L-M algo-
rithm uses the approximation to Hessian matrix in the following weights update
equation:
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Where µ is the scalar. When µ is zero, this is Newton's method. When µ is large, this
becomes gradient descent with a small step size. The aim is to shift towards Newton’s
method as quickly as possible.

4   Simulation Examples

The study area is Songhua River Basin in northeast China, and Zhalong Wetland is
taken as the central research area. GPS application on wetland guarantees the preci-
sion of positional information and spatial data. To display and track points’ positions
in local electrical maps, coordinates transformation between GPS data and local elec-
trical maps is necessary. This paper collects sample data from Songhua River Basin,
and conducts simulation experiments to validate the efficiency of neural network
method.

Table 1. Parts of the learning points

Points Latitude Longitude y (units: m) x (units: m)
1 49.333 121.50 13510177.25 5485613.66
2 49.167 122.75 13649170.81 5467081.23
3 48.833 124.25 13815963.29 5430016.15

200 points is selected to train the network and 100 points to test. All these points
are collected from the study area which takes Zhalong Wetland as center and 45º30 to
48º20 degrees in north latitude, 122º00 to 126º15 degrees in east longitude. Parts of
the learning points are shown in Table 1. Before learning process, it is important to
scale the inputs and targets so that they always fall within the range [-1, 1].

The number of input neurons is two according to latitude and longitude in geodetic
coordinates system and the number of output neurons is two according to x-y in local
coordinates system. The number of hidden layers is one and the number of hidden
neurons is ten obtained by simulation experiments. The network structure is described
as following: two input neurons, single hidden layer, ten hidden layer neurons and
two output neurons. Weights of network are initialized as random numbers. The ob-
jective function parameters, α and  β,  are initialized as 0 and 1 respectively. The
scalar µ is initialized as 0.005.

Neural network method of transformation is mainly realized by two steps. First,
training the network according to samples, and second transforming test data using
neural network with learning results. The learning and testing error curves of neural
network with L-M and modified performance function are shown in Fig. 2 (a), where
error is computed by mean sum of squares of network errors. To compare, gradient
descent and standard performance function with the same learning data, testing data
and network structure is adopted. The learning rate is set to 0.01. The learning and
testing error curves of neural network with gradient descent and standard performance
function are shown in Fig. 2 (b), where error is computed by mean sum of squares of
network errors. Furthermore, L-M and standard performance function with the same
learning data, testing data and network parameters is adopted. The learning and test-
ing error curves of neural network with L-M and standard performance function are
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shown in Fig. 2 (c), where error is computed by mean sum of squares of network er-
rors. Performance index of different methods is shown in Table 2.
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Fig. 2. Learning and testing error curves with (a) L-M and modified performance function; (b)
gradient descent and standard performance function; (c) L-M and standard performance func-
tion

Table 2. Performance index of different methods

Methods Testing error Learning error Computing time (units: s) Epoch
(a) 1.91e-6 1.82e-7 0.54 300
(b) 0.35e-1 0.18e-1 3.23 2000
(c) 1.41e-5 1.58e-8 0.35 300

The error curves in Fig. 2 and performance index in Table 2 show that L-M algo-
rithm is suitable to the GPS data transformation with fast convergence and the modi-
fied performance function can solve the over fitting problem.

Table 3. Transformation results of different methods (units: m)

Point
s

BJZ-54 local
mapping grid

system

L-M and modi-
fied performance

function

Gradient descent
and standard per-
formance function

L-M and stan-
dard perform-
ance function

Traditional
method

1
x:13621372.12
y:5485613.66

x:13621903.66
y:5483433.74

x:13651120.35
y:5407389.53

x:13645396.49
y:5448476.39

x:13652375.99
y:5539287.31

2 x:13621372.12
y:5467081.23

x:13621794.02
y:5465498.47

x:13654591.80
y:5387579.37

x:13637427.64
y:5441768.38

x:13835562.33
y:5499440.19

3 x:13649170.81
y:5430016.15

x:13649312.21
y:5429192.14

x:13645484.64
y:5365089.40

x:13651524.25
y:5425060.43

x:13530419.38
y:5389504.22

Table 3 is several points’ transformation results with different methods including
L-M and modified performance function, gradient descent and standard performance
function, L-M and standard performance function and traditional method. Table 3
summarizes L-M and modified performance function can get better transformation re-
sults.
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5   Conclusions

This paper focuses on the research of transformation method between local electrical
map coordinates system and global coordinates system of GPS. Application of neural
network method in GPS data transformation is discussed in detail. The study is un-
dertaken on Songhua River Basin in northeast China and Zhalong Wetland in Hei-
longjiang Province is taken as the central research area. The results of simulation ex-
periments show that the three layers feed-forward neural network with L-M algorithm
and modified performance function adopted in this paper appears to be more efficient
and feasible than traditional method in dynamic data analysis of Zhalong Wetland
study.
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Abstract. Disk arrays are widely used in Storage Area Networks (SANs) to
achieve mass storage capacity and high level I/O parallelism. Data partitioning
and distribution among the disks is a promising approach to minimize the file
access time and balance the I/O workload. But disk I/O parallelism by itself
does not guarantee the optimal performance of an application. The disk access
rates fluctuate with time because of access pattern variations, which leads to a
workload imbalance. The user access pattern prediction is of great importance
to dynamic data reorganization between hot and cool disks. Data migration oc-
curs according to current and future disk allocation states and access frequen-
cies. The objective of this paper is to develop a neural network based disk allo-
cation trend prediction method and optimize the disks’ file capacity to their
balanced level. A Levenberg-Marquardt neural network was adopted to predict
the disk access frequencies with the I/O track. History. Data reorganization on
disk arrays was optimized to provide a good workload balance. The simulation
results proved that the proposed method performs well.

1   Introduction

Over the last decade, there has been an explosive growth of the Internet and data,
which has led to a rapidly increasing demand for storage. Much effort has focused on
improving distributed storage to provide better performance and scalability. The Stor-
age Area Network (SAN) represents a new scheme to transfer data directly between
the clients and the network storage system [1]. Disk arrays are used in the SAN to
provide mass storage and high I/O performance. Data striping spreads data to multiple
disks for parallel I/O processing and load balancing.

However, partitioning huge data objects into small chunks and distributing them
onto storage devices do not guarantee the optimal performance of an application.
Dynamic file data allocation in SAN disk arrays is being considered as a promising
approach. Striping data across multiple disks has originally been proposed in [2] and
[3]. The work in [4] and [5] presented file systems for dynamic data creation and
reorganization in disk arrays. But none of the mentioned work has considered the fact
that the disk allocation state and access frequencies tend to vary. Future disk load
imbalance status prediction is of great importance for I/O optimization. For example,
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if there is an overloaded disk A with decreasing access frequency and an underloaded
disk B with increasing access frequency, dynamic data migration from disk A to disk
B may cause a greater load imbalance.

This work aims at predicting future disk status and access frequencies by neural
network so as to guide the data reorganization. The look-ahead heuristic algorithm
provides a good way to maximize the I/O performance and minimize the response
time difference. In this study, a load generator and a simulated I/O system were im-
plemented to provide more insights into the performance of this new algorithm.

2   Dynamic File Allocation Problem in the SAN

Static file allocation with balanced response time on a distributed multi-server system
has been studied in [6]. The dynamic file allocation algorithm in [4] is based on the
current allocation state and disk access frequencies. This paper proposes an extended
file allocation algorithm with neural network prediction for dynamic data migrations
in SAN storage systems. Fig. 1 shows the basic elements of the SAN framework and
the data organization on the disks. The smallest data unit block is the minimal transfer
unit and is required to be the same for all disks. A physically contiguous collection of
logically consecutive blocks is a run. A physically contiguous collection of one or
more runs on one disk is called an extent. An extent is described by its disk number,
start address, and its size in blocks.  Detailed information of the above definitions can
be found in [4]. Our object was to allocate files dynamically to multiple disks so as to
minimize the variation in disk response time.

Fig. 1. The Storage Area Network (SAN) framework

Assume that files have been distributed and there is no replication of extents on the
disks. The static file allocation response time analysis in [6] is extended to the dy-
namic data migration. Data requests are assumed to arrive at the disk according to a
Poisson distribution. Each individual disk is modeled by an M/M/1 queue. When the
response times are balanced among the disks, the mean response time R for any given
disk i and disk j are equal. The optimal total file access rate that disk 

kD can accom-

modate without exceeding a balanced response time is:

d

totaltotal
koptk n

fs
s

−−= λ . (1)

Here 
ks is service rate of disk k. 

totals  is sum of the service rates of all disks. 
jf is

access rate of extent j. 
totalf is sum of the access rates of all extents.
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The file capacity that disk 
kD can further accommodate is defined as:

koptkkc λλ −=  
. (2)

Thus, 0>kc means that the disk can still accommodate more extents before reach-

ing the optimal balanced response time; and 0=kc means that the server has reached

the allocation limit; 0<kc means that the server is overloaded. If the disk response

time is balanced, 0=kc  for all k. 
kλ  is access rate of all extents assigned to disk k.

From the above analysis, the dynamic file allocation in a SAN storage system can
be defined as a bounded optimization problem as: find a dynamic allocation,

},...,1;...,1;,...,1|{ d
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λ . 
dn is total disk number. 

rn is total region number. i
en  is the

number of extents belong to region i .
Here λk and capacity factor ck are dependent on both i

jkx  and fj. At the same time, fj

and i
jkx  are influenced by the dynamic data migration caused by λk. Whether the

dynamic data migration should be implemented is not only based on the current file
capacity ck but is also based on the predicted ck

’ for the next time step. When the ck<0
and ck

’ < ck, the disk k is overloaded and will be more overloaded in the future. In this
case the data should be moved from this overloaded disk to other under-loaded disks.
The file capacity ck

’ and disk access rate λk

’ for the next time step is predicted by a
neural network method. With the aid of NN prediction, file capacities of the disks are
more close to zero, which provides a more balanced storage system.

3   Disk Status Prediction by Neural Network (NN)

Neural networks have been studied since 1943 [7]. Hopfield and Tank first used a
neural network to solve an optimization problem [8]. The original description of the
Levenberg-Marquardt algorithm was given in [9]. The application of Levenberg-
Marquardt to neural network training was described in [10]-[12]. This algorithm
appeared to be the fastest method for training moderate-sized feedforward neural
networks (up to several hundred weights). In the present study, a Levenberg-
Marquardt Neural Network (NN)-based predictor is implemented to provide the look-
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ahead parameters, such as the disk allocation state and disk access frequencies in the
future. The disk status variation trend is one of the most important factors for dy-
namic file allocation. The outstanding advantage of NN prediction in this problem is
that the unnecessary data migrations are prevented according to the file allocation
trend and all the disks are utilized at their optimal performance level.

The NN based dynamic file allocation consists of three stages. First, the NN is
trained through simulated problem sets of many different random access patterns and
generates the look-ahead parameters. Secondly, the NN model is used to simulate the
real time variation of the future disk access trend. Then the real disk access frequency
becomes known as time passed, and the differences between the predicted and the
real disk status values are used to retrain the NN. As a result, the NN model is dy-
namically corrected so as to match different user access patterns all the time.

Fig. 2. The Levenberg-Marquardt neural network with one hidden layer. The disk file capaci-
ties at the three previous time steps k-3, k-2, k-1 are used as input values. The disk file capacity
at the next time step k is predicted to guide the dynamic file allocation.

In order to predict the file capacity 
kc , application of the Levenberg-Marquardt

neural network was adopted (Fig. 2). The file capacity samples are passed forward
from the input layer to the output layer through a hidden layer with six nodes. The
number of the input nodes is three for the last three 

kc  in the history. A hyperbolic

tangent function was used as transfer function at each node of the network. An expla-
nation of the training and simulating process is provided in the following section.

4   Test of Dynamic File Allocation with Neural Network

A SAN storage system with five disks is simulated. The disk number and service rates
were fixed to test the effect of data distribution and system load on the response time.
The service rates of the five disks are listed in Table 1.

Table 1. Service rates of the five disks

Disk ID D1 D2 D3 D4 D5

Service rate  (transaction/sec) 200 150 100 50 125

The total number of extents was fixed at 30 and the file access rates were simu-
lated by a distribution pattern (Fig. 3 (a)) with a constant time shift for each extent.
The extent access rate at each time point represents the mean rate within a time win-
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dow with a certain length. First, the file allocation was fixed after the creation. The
variation trend of the file capacity with time was simulated by neural network. With
300 times training, the simulation provided a very satisfactory file capacity predic-

tion. The predicted file capacities of disk D1 through current fj and jkx are shown in

Fig. 3 (b).

Fig. 3. (a) The extent access rate distribution pattern; (b) Comparison of real D1 file capacity
curve with the NN simulated D1 file capacity curve for fixed file allocation method

Secondly, the dynamic file allocation was used to balance the load during the
simulation. Extents were reorganized according to the disk file capacity variation at
each time step. Fig. 4 (a) shows a good match of the fluctuation trend between the
real file capacity and the NN predicted results.

Fig. 4. (a) Comparison of real D1 file capacity curve with the NN simulated D1 file capacity for
dynamic file allocation; (b) Comparison of simulated D1 file capacities by fixed, dynamic and
NN based dynamic file allocation algorithms.

Finally, the dynamic file allocation with NN prediction was used to minimize the
response time difference between disks. The time that data immigration occurred was
not only dependent on whether the disk was overloaded, but was also dependent on
the criteria of 

kc  introduced in section 2. The NN based dynamic file allocation

shows a better performance than the one without future disk status information. In
Fig. 4 (b) the fixed, dynamic and NN based dynamic file allocation methods are com-
pared. When the disk file capacity curve of fixed file allocation algorithm increases,
the dynamic file allocation algorithm moves data from other overloaded disks to this
disk and causes a decrease of the file capacity value. The neural network prediction
algorithm provides a file capacity curve with the lowest values, which means that the
disk load is further balanced.
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5   Conclusions

A neural network based dynamic file allocation algorithm was proposed to minimize
the difference of response time between disks in SAN storage systems. The disk allo-
cation and file access information in the next time step was simulated by neural net-
work. Data migration usually occurs only when a disk is overloaded, but it should
also happen when a disk is expected to become overloaded in the near future. By
predicting a disk’s status, unnecessary data migration can be prevented, and more
balanced can be achieved.
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High-Tech Research and Development Plan of China under Grant (No.
2001AA111110).
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Abstract. We integrate probability distribution into pure competitive
analysis to improve the performance measure of competitive analysis,
since input sequences of the leasing problem have simple structure and
favorably statistical property. Let input structures be the characteristic
of geometric distribution, and we obtain optimal on-line algorithms and
their competitive ratios. Moreover, the introducing of interest rate would
diminish the uncertainty involved in the process of decision making and
put off the optimal purchasing date.

1 Introduction

In recent years, competitive analysis has been gaining recognition for being a
complementary approach in the analysis of algorithmic decision-making under
uncertainty. With the emergence of many on-line financial papers, the competi-
tive approach is shown to be productive for a variety of financial problems. For
on-line leasing problem, the prototype was the well-known “Ski-Rental” exam-
ple put forward by Karp in the field of theoretical computer science in 1992 [9].
Subsequently, a series of research has been carried out on the basic model. In
1994, Karlin et al. made on-line analysis for what they called “the ski-rental-
family of problem” [8]. In 1998, S. Irani et al. studied the situation which the
purchasing price varies but the rental cost stays at a fixed price [7]. In 1999,
R. El-Yaniv et al. investigated the leasing problem with interest rate [4]. In the
same year, S. al-Binali developed a famous Risk–Reward Framework to analyze
the rental problem and unidirectional trading problem [2]. In 2001, S. Albers
et al. introduced and explored natural delayed information and action models
to investigate several well-known on-line problems inclusive of the rental prob-
lem [1]. However, the previous research always avoids probabilistic assumption
intentionally. In 2002, H. Fujiwara et al. firstly integrated probabilistic distribu-
tion into pure competitive analysis to study on-line leasing problem, while they
suppose that input sequences are drawn form the exponential distribution [6].

F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 725–730, 2004.
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2 Our Contributions

The purpose of this study is to improve the performance measure of competitive
analysis by integrating distribution information into pure competitive analysis
for the leasing problem. Similar to the results in [6], we also obtain several in-
teresting results as follows. If the average cost of always leasing is less than the
purchasing cost, the optimal strategy for an investor is to lease the equipment
forever. Otherwise, the optimal strategy is to purchase the equipment after leas-
ing several periods, which the optimal purchasing data would be determined by
using the dichotomous search algorithm in the polynomial time. Furthermore,
we introduce the nominal interest rate on the market into the model. It could be
found that the introducing of interest rate would diminish uncertainty involved
in the process of decision making and put off the purchasing date. Although this
is only one step toward a more realistic solution of the problem, the introduction
of this parameter considerably complicates the analysis and also arises some new
issues that do not exist in the Fujiwara’s model with no interest rate.

Moveover, the reasons based on such consideration are as follows. Pure com-
petitive analysis always assumes that an investor has no information for input
sequences. Indeed, whenever a decision-maker does have some side information
or partial (statistical) knowledge on the evolution of input sequences it would be
a terrible waste to ignore it, which is precisely what the competitive ratio does.
In this case the use of competitive algorithms may lead to inferior performance
relative to Bayesian algorithms. Moreover, it is hardly true that competitive
analysis of the worst case intentionally emphasizes on difficulty to estimate the
input distribution. Other than many combinatorial problems with more com-
plicated input structures, there do exist a number of interesting problems with
relatively simple and tractable input structures. We can characterize accurately
their input structures by using statistical theory. Hence, stochastic competitive
analysis in this paper, as well as in [6], might help to overcome these difficulties.

The reason that we consider the on-line rental problem with geometric dis-
tribution comes from the literature [10] which analyzes a class of optimal stop-
ping of geometric distribution and from the “tossing coin” idea that the leasing
doesn’t cease until the purchasing appears. However, the literature [6] highlights
the continuous model with the exponential distribution, while we study a discrete
model that assumes the evolution of input sequences subject to the characteris-
tic of geometric distribution. Maybe, we could also amend several aspects of the
literature [6] as follows. (i) The continuous model could be unnecessarily equiv-
alent to the discrete case because the leasing problem is essentially discrete; (ii)
Geometric distribution may be more reasonable than exponential distribution
to depict input structures of the leasing problem, because the leasing activity
every period is similar to doing the Bernoulli trial what on earth to rent contin-
uously or to purchase immediately; (iii) In our discrete model, the immediately
purchasing at the beginning, i.e. the strategy A(0), could be also an optimal
strategy in practice, and the competitive ratio C(0) is a finite value, while it
could be not the case that the literature [6] pointed out the competitive ratio
c(k) diverging to +∞ as k approaching to zero.
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3 Optimal Analysis of Online Algorithms

For on-line problem, we consider the following deterministic on-line strategies
A(k) (k = 0, 1, 2, · · ·): rent up to k times and then buy. Thus let CostON be
the optimal cost of on-line algorithms, and let CostOPT be the optimal cost of
off-line algorithms. In this paper, we consider the discrete model. Therefore the
conception of the stochastic competitive ratio is defined as follows.
Definition 1. Let the number of the leasing be a stochastic variable X which
is subject to some type of probability distribution, and the probability function
is P (X = t), where t is the number of actual leasing. Then the discrete stochastic
competitive ratio is defined as

C(k) = EX
CostON (X, k)
CostOPT (X)

=
∞∑

t=0

CostON (t, k)
CostOPT (t)

P (X = t), (1)

where P (X = t) is a probability function that investors approximately estimate
for input structures. We consider that the inputs are drawn from the geometric
distribution, and let the hazard rate of continuous renting in every period ac-
tivity be θ, and then the probability function is P (X = t) = (1 − θ)θt−1 (t =
0, 1, 2, 3, · · ·).

Note that there is an essential difference of definitions between the stochastic
competitive ratio in this paper and the randomized competitive ratio in the
literature [9], [4]. The former indicates that input structure may be subject to
some probability distribution, i.e. investor has certain information distribution,
while the latter means that on-line players or adversary players choose some
strategy randomly in the strategy space set. Thereby we use different terms to
imply different meanings.

3.1 Leasing in a Market Without Interest Rate

Let the costs of renting and purchasing equipment be 1 and positive integer s,
respectively. Obviously, optimal off-line decision-making cost is

CostOPT (t) = min{s, t}. (2)

Based on the strategy set A(k), on-line decision-making cost is

CostON (t, k) =
{

t t ≤ k,
k + s t > k.

(3)

Obviously, the optimal strategy is immediately purchasing if s were equal to
1, so s is at least 2. We also make the assumption that the player needs the
equipment throughout n contiguous time periods.

According to (1), (2), and (3), we could obtain that, for k=0, 1, 2, 3, · · ·, s,

C(k) = (1 − θk) + (k + s)(1 − θ)
s∑

t=k+1

1
t
θt−1 +

k + s

s
θs, (4)
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and for k = s + 1, s + 2, s + 3, · · ·,

C(k) = (1 − θs) +
1 − θ

s

k∑

t=s+1

tθt−1 +
k + s

s
θk. (5)

Then we obtain the following result by theoretical analysis.
Theorem 1. 1). If 1

1−θ < s, then the average cost of always leasing is less
than the purchasing cost s. The optimal strategy for an investor is to lease the
equipment forever, and the competitive ratio is 1 + θs

s(1−θ) ;
2). If 1

1−θ = s, then the average cost of always leasing is equal to the pur-
chasing cost s. The optimal strategy for an investor is to purchase the equipment
after leasing s − 1 periods, and the competitive ratio is 1 + (1 − 1

s )s;
3). If 1

1−θ > s, then the average cost of always leasing is greater than the pur-
chasing cost s. The optimal strategy for an investor is to purchase the equipment
after leasing k0 periods, and the competitive ratio is 1−[1− k0s(1−θ)

k0+1 − s2(1−θ)
k0+1 ]θk0 ,

where k0 satisfies (1 − θ)s2 − 0.09s − 1 < k0 < (1 − θ)s2 − 1, which the decision-
making data k0 must be determined by using the dichotomous search algorithm
in the polynomial time O(log s);

4). If 1
1−θ → ∞, then the average cost of always leasing limits to ∞, and the

optimal competitive ratio of any strategy A(k) is 1 + k
s . The optimal strategy

for an investor is to purchase the equipment at the very beginning, and the
competitive ratio approaches to 1.

Whichever case to consider, the competitive ratio that the investor takes the
strategy A(s − 1), even when there is a large deviation for the hazard ratio θ to
be estimated, also is better than the deterministic competitive ratio 2− 1

s in [9],
and the randomized competitive ratio in [4]. For example, if s = 10 and θ = 0.95,
then the competitive ratio 1.56722 in this paper is better than the competitive
ratio 1.9 in [9], and better than the randomized competitive ratio 1.582 in [4].

3.2 Leasing in a Market with Interest Rate

When considering alternative financial decisions, an agent must consider their
net present value, that is, accounting for the market interest rate is an essential
feature of any reasonable financial model. Hence, let i be the nominal interest
rate in the financial market. Without loss of generality we assume that 1

s > i
1+i .

This is a reasonable assumption for any practical use because the purchase price
of the equipment must be less than the present discount value of the alternative
of always leasing (s <

∑∞
j=0

1
(1+i)j ). Otherwise, the online player can attain a

competitive ratio of 1 by simply never purchasing the equipment. Set β = 1
1+i ,

and then 1
s + β − 1 > 0. From economic point of view, 1

s + β − 1 is relative
opportunity cost to purchase equipment. In addition, let � = (1

s + β − 1)−1.
Clearly, the adversary player will never purchase the equipment after leasing

it for some time (as in [4]). Therefore, for any n optimal offline decision-making
cost is
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CostOPT (t) =

{
1−βt

1−β t ≤ n∗,
s t > n∗,

(6)

where n∗ is the number of rentals whose total present value is s. In other words,
n∗ is the root of 1−βn

1−β = s. That is n∗ = ln(1−s(1−β))
ln β . Based on the strategy set

A(k), on-line decision-making cost is

CostON (t, k) =

{
1−βt

1−β t ≤ k,

sβk + 1−βk

1−β t > k.
(7)

According to (1), (6), and (7), we could obtain that, for k=0, 1, 2, 3, · · ·, n∗,

C(k) = (1−θk)+(1−θ)(1−βn∗+k)
n∗∑

t=k+1

1
1 − βt

θt−1 +(βk +
1 − βk

s(1 − β)
)θn∗

, (8)

and for k = n∗ + 1, n∗ + 2, n∗ + 3, · · ·,

C(k) = (1 − θn∗
) +

1 − θ

s(1 − β)

k∑

t=n∗+1

(1 − βt)θt−1 + (βk +
1 − βk

s(1 − β)
)θk. (9)

Then we obtain the following result by theoretical analysis.
Theorem 2. 1). If 1

1−θ < �
1+i , then the average cost of always leasing without

interest rate is less than the present discount value of the reciprocal of relative
opportunity cost. The optimal strategy for an investor is to lease the equipment
forever, and the competitive ratio is 1 + 1+β(1−2θ)

�(1−β)(1−βθ)θ
n∗

;

2). If 1
1−θ = �

1+i , then the average cost of always leasing without interest rate
is equal to the present discount value of the reciprocal of relative opportunity
cost. The optimal strategy for an investor is to buy the equipment after n∗ − 1
periods, and the competitive ratio is 1 + ( θ

1+i )
n∗

;
3). If 1

1−θ > �
1+i , then the average cost of always leasing without interest rate

is greater than the present discount value of the reciprocal of relative opportu-
nity cost. The optimal strategy for an investor is to buy the equipment after
k0 periods, and the competitive ratio is 1 + sβ(1−θ)(1−βn∗+k0 )−βn∗

(1−βk0+1)
βn∗ (1−βk0+1) θk0 ,

where the decision-making data k0 is established by using the dichotomous search
algorithm in the polynomial time O(log n∗);

4). If 1
1−θ → ∞, i.e. the average cost of always leasing without interest

rate limits to +∞, then the optimal competitive ratio of any strategy A(k) is
1

s(1−β) + (1 − 1
s(1−β) )β

k. The optimal strategy for an investor is to purchase the
equipment at the very beginning, and the competitive ratio approaches to 1.

Note that Theorem 2 is the further extension of Theorem 1. If i → 0, then
n∗ → s, and �

1+i → s. Similar to Theorem 1, if s = 10, and θ = 0.95, and
i = 0.01, then the competitive ratio of non-optimal strategy A(9) that is 1.4983
is better than the competitive ratio 1.9 in [9], and better than the randomized
competitive ratio 1.582 in [4], and better than the stochastic competitive ratio
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1.56722 without interest rate. Moreover, it could be found that the entrance of
interest rate diminishes uncertainty involved in financial decision making and
puts off optimal purchasing date. For example, if s = 19 and θ = 0.98, the
introducing of interest rate i = 0.02 results in that the competitive ratio reduces,
and that the optimal strategy A(6) with no interest rate is postponed to become
the optimal strategy A(11) with interest rate.

4 Concluding Remarks

Although Ran El-Yaniv proposed the axiom set of the competitive ratio, the
conception has still inherent and insurmountable limitations [3]. It is still the
subject of worthy attention how to improve the performance measure of the
competitive ratio by combining other methods. Furthermore, it also is the subject
of research how to depict input information under uncertainty, while we think
that the theory of Rough set and possibility distribution may be an useful tool to
be integrated into pure competitive analysis to improve the performance measure
of on-line algorithms in the future.
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Abstract. Regression analysis is an essential tools in most research
fields such as signal processing, economic forecasting etc. In this paper, an
regression algorithm using probabilistic wavelet network is proposed. As
in most neural network (NN) regression methods, the proposed method
can model nonlinear functions. Unlike other NN approaches, the pro-
posed method is much robust to noisy data and thus over-fitting may
not occur easily. This is because the use of wavelet representation in the
hidden nodes and the probabilistic inference on the value of weights such
that the assumption of smooth curve can be encoded implicitly. Exper-
imental results show that the proposed network have higher modeling
and prediction power than other common NN regression methods.

1 Introduction

Regression have long been studied in statistics [1]. It receives attention from
researchers because of its wide range of applications. These applications include
signal processing, time series analysis and mathematical modeling etc.

Neural network is a useful tools in regression analysis [2]. Given any input
signal {xi, ti}Ni=1, neural network was found to be capable to estimate the non-
linear regression function f(·) such that the equation, xi = f(ti)+ε, hold, where
ε is the model noise. It outperforms many linear statistical regression approaches
because it makes very few assumptions, such as linearity and normality assump-
tions, as other statistical approaches do [3]. It was also found that nonlinear
neural network exhibits universal approximation property [4].

Researchers have proposed many neural networks for solving regression prob-
lem during past decades. For instance, multilayer network (MLP) [5], and Radial
basis function networks (RBFN) [6] have been explored in previous research. Al-
though the universal approximation property seems to be appealing, it may cause
problem in regression especially when data contains heavy noise. Noisy data is
quite common in applications such as financial analysis, signal processing etc.

Wavelet denoising and regression have been proposed to handle the noisy
data [7]. The idea of using wavelet in noisy data regression is that the signal
is firstly broken down into constituent wavelets, and those important wavelets
are then chosen to reconstruct back the denoised signal. The signal without
irrelevant wavelets or pulses is then used to approximate the nonlinear function
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f(·). Such approach has been integrated with neural network to form wavelet
network by some researchers such as [8]. However, the problem of over-fitting
still remains because the number of hidden nodes is unknown before regression.
If the number of hidden nodes is more than enough, over-fitting still occurs.

Inspired by the probabilistic framework of neural network [9] and Bayesian
model for wavelets [10] presented recently, probability framework for wavelet
network (wavenet) is proposed in this paper. Under this framework, the weights
in the wavenet will be updated according to the prior assumption of the model
simplicity and smooth curve, instead of minimizing the square error as in other
regression methods. Due to the above assumption, the final curve will be denoised
in certain sense such that it is smooth and is also best fitted to all data points
although the number of hidden nodes can be infinite initially.

2 Probabilistic Wavenet

As described in previous section, the proposed probabilistic wavenet aims at
modeling the nonlinear function or the series of input data without the problem
of over-fitting. In order to model the nonlinear function, simple wavelet analysis is
performed to find out the constituent wavelets of the input series or signal. To be
noise tolerant, wavelet denoising will be performed to remove those unimportant
wavelets. By using the proposed probabilistic wavenet, these two steps can be
performed automatically at once with high accuracy and in short time.

2.1 Wavelet Network

Wavelet network has been used for regression since its introduction [8]. The data
set is in the form of time series data D = {xi, ti}Ni=1, the wavenet will estimate
the regression function f(·) for X = {xi} and T = {ti} by the regression model:
X = f(T ) + ε.

In wavenet, the function is indeed represented by wavelet composition:
f(ti;ω) =

∑K
j=1 ωjψj(ti), where ωj and ψj are the wavelet coefficients and the

wavelet functions respectively.
To limit the number of wavelets to be used, dyadic wavelet is used. In

other words, the wavelet functions are constructed by translating and scaling
the mother wavelet as: ψm,n(t) = 2−m/2ψ(2−mt − n), where m and n are the
scaling and translating factor respectively. Given the signal size N , m is ranged
from 1 to log2(N) and n is ranged from 0 to 2−mN .

In the proposed system, the mother wavelet function is set as the ”Mexican
Hat” function: ψ(ti) = (1 − ( ||ti−µψ||

σψ
)2)exp(−||ti−µψ||2

2σψ2 ), where µψ and σψ are
the transition and scale factor of the mother wavelet.

Given a finite number of wavelet functions ψm,n, regression is done by find-
ing optimal solution set of wavelet coefficients (ωj). In most neural network
applications, the value of such wavelet coefficients or weights are estimated by
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minimizing the total error as shown:

ω∗ = minω{
N∑

i=1

(xi −
K∑

j=1

(ωjψj(ti)))2} (1)

Though it is usually possible to estimate the value of ω using common op-
timization methods, over-fitting may occur. To overcome such problem, proba-
bilistic inference is proposed to estimate the value of the wavelet coefficients.

2.2 Probabilistic Framework

In order to handle the problem of over-fitting because of noisy data, probabilistic
framework is adopted to estimate the value of the wavelet coefficients (or weights
in wavenet) and thus estimate the original signal (or smoothened signal).

As described in previous subsection, wavenet perform regression analysis on
time series data. Using the same set of notation as above, the regression model
and the wavelet composition model can be combined in matrix form as
X = Ψω + ε, where Ψ is the N × K design matrix formed from the wavelet
functions and ω is the weight vector.

With reference to the regression model, at any time ti, the probability of
having signal value xi or the likelihood of the model is given by:

p(xi|ti) ∼ N(f(ti), σ2) (2)

where ε ∼ N(0, σ2) in the regression model.
To be more specific, the matrix form of the regression model can be used in

expressing the probability of having data X given certain wavenet:

p(X|ω, σ2) = (2πσ2)
−N
2 exp{− 1

2σ2 ||X − Ψω||2} (3)

In common neural network, the weights (ω) are found by error minimization
and thus may cause over-fitting. In contrast, hyperparameter (α) is introduced
in probabilistic wavenet to limit the number of wavelets with large weight value.
The distribution of the value of weights is proposed as the following:

p(ω|α) = ΠK
i=1N(ωi|0, α−1

i ) (4)

From above, it is clear that the mean value of all weights is set to be zero.
Thus, there is a preference to have fewer constituent wavelets. Those constituent
wavelet should have large variance (α−1

i ). This conditional probability is served
as the prior probability in estimating optimal wavelet coefficient such that the
preference of fewer number of constituent wavelets is included in the estimation.

Given the weight (ω), the hyperparameter(α), the system noise (σ) and the
time series data D = (xi, ti) (or X = {xi}), the prediction can also be done.
Prediction is represented as the following through marginalization:

p(x∗|X) =
∫ ∫ ∫

p(x∗|ω, α, σ2)p(ω, α, σ2|X)dωdαdσ2 (5)
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Estimation of the value of weights, hyperparatmeters and system noise is
indeed done by maximizing the prediction power of the regression model.

The second term can be expressed as:

p(ω, α, σ2|X) = p(ω|X,α, σ2)p(α, σ2|X) (6)

From above, the posterior probability of having certain weight can be now
represented as:

p(ω|X,α, σ2) =
p(X|ω, σ2)p(ω|α)

p(X|α, σ2)
(7)

Suppose the normalizing term above follows Gaussian distribution, the pos-
terior probability can be simplified using Equation (3) and Equation (4):

p(ω|X,α, σ2) = (2π)−N+1
2 |Σ|− 1

2 exp{−1
2
(ω − µ)TΣ−1(ω − µ)} (8)

where Σ = (σ−2ΨTΨ + A)−1, µ = σ−2ΣΨTX and A = diag(α1, ..., αN ). This
gives expected value of weights, µ.

On the other hand, the second term in Equation (6) can be expressed as:

p(α, σ2|X) ∝ p(X|α, σ)p(α)p(σ2) (9)

It is possible to consider the likelihood function alone to obtain the optimal
values of α and σ. Here is the likelihood expression:

p(X|α, σ2) =
∫

p(X|ω, σ2)p(ω|α)dω (10)

= (2π)−N
2 |σ2I + ΨA−1ΨT |− 1

2 exp{−1
2
XT (σ2I + ΨA−1ΨT )−1X}

According to [9], the optimal value (αMP and σMP ) can be obtained by
iteration:

αnewi =
γi
µ2
i

(σ2)new =
||X − Ψµ||2
N − ∑

i γi
(11)

where γi = 1 − αiΣii.
After estimated the value of ω, α and σ at each stage, the prediction of the

trend of the signal can be made as the following:

p(x∗|X,αMP , σ
2
MP ) =

∫

p(x∗|ω, σ2
MP )p(ω|X,αMP , σ

2
MP )dω

∼ N(x∗|µ∗, σ2
∗) (12)

where µ∗ = µTψ(tN+1) and σ2
∗ = σ2

MP + ψ(tN+1)TΣψ(tN+1). The predicted
value (µ∗) and its variance (σ2

∗) is thus obtained.
In regression, the whole inference process repeats with the new values of

wavelet coefficients, the new values of both hyperparameters and system noise
are evaluated using Equation (8) and Equation (11) respectively until the equilib-
rium state is achieved. In making prediction, the predicted value and its variance
can be obtained using Equation (12).
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(a) (b) (c) (d)

Fig. 1. In (a), it shows the original Doppler function. In (b), it shows the Doppler
function contains 10dB noise. In (c), it shows the denoised signal in black solid line
compare with the noisy signal in cyan dotted line. In (d), it shows the relative square
error with peak value 0.67 and average value 0.153.

(a) (b) (c)

Fig. 2. In (a), it shows the Mackay-Glass series. In (b), it shows the prediction curve
in black solid line compare with the noisy signal in cyan dotted line. In (c), it shows
the relative square error with peak with 0.56 and average value 0.317.

3 Experimental Result

The proposed system was implemented using Visual C++ under Microsoft Win-
dows. Two experiments was performed to test the system. The experiments were
done on a P4 2.26 GHz computer with 512M ram running Microsoft Windows.

In the first experiment, the denoising and modeling power of the proposed
network was tested. A Doppler function (f(t) =

√
t(1 − t)sin(2π(1 + a)/t+ a))

with a = 0.05) which contains additive noise (10dB) was used in this experiment.
This function has been commonly used in research in wavelet denoising such
as [10]. Noisy signal generated from such function which with signal size 1024
was analysed by the network. The result of Doppler function modeling is shown in
Figure 1. The average relative square error ((|xoriginal −xdenoised|2)/(x2

original))
is 0.153. The processing time is around 4 seconds. Except the highly oscillated
region in the begining of the signal (up to signal point 180), the relative square
in later part is usually lower than 2. It shows that the modeling power of the
proposed network is good without susceptible to noise.

In the second experiment, the prediction power of the proposed network
was tested. Mackay-Glass chaotic time series were used in this experiment. The
Mackay-Glass series (xt+1 = (0.2xt−∆)/(1 + (xt−∆)10) + 0.9xt with ∆ = 17,
xt = 0.9 for 0 ≤ t ≤ 17) has been used in prediction test for a long time and a
comparative study in regression methods using such series can be found in [11].
In the experiment, a range of data of size 64 was analysed by the network each
time and the prediction is made at the time slot 65. Prediction result is obtained
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by performing predictions using the appropriate range of data shifting along
the input signal (with size 1024) generated from Mackey-Glass series stated
above. The result is shown in Figure 2. The average relative square error is
0.317. The processing time is usually less 1 second in making each prediction.
The normalized prediction error (ε = (

∑
t(xt − xpredictt )2)/(

∑
t(xt − xmean)2))

is 0.4777%. This result is relatively lower than the result given by other neural
network approaches or linear approach as indicated in [11] (normalized error of
MLP is 1.0%, those of RBF is 1.1%, those of polynomial fitting is 1.1%, those of
local linear fitting is 3.3%). It shows that the prediction power of the proposed
system is better than those of the other common neural network approaches.

4 Conclusions

In this paper, an regression algorithm using probabilistic wavelet network is
proposed to perform nonlinear regression reliably such that it can be applied
to real life applications such as economic forecasting. Experimental results show
that the proposed network have relatively high modeling power and prediction
power compare with common neural network regression methods. The proposed
method can model nonlinear functions reliably without susceptible to data noise.
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Abstract. For the reason that the conventional illumination models are
empirical and non-linear, the traditional shape from shading (SFS) methods
with conventional illumination models are always divergent in the process of
iteration and are difficult to initialize the parameters of the illumination model.
To overcome these disadvantages, a new approach based on the neural network
for indirect SFS is proposed in this paper. The new proposed approach applies a
series of standard sphere pictures, in which the gradients of the sphere can be
calculated, to train a neural network model. Then, the gradients of the
reconstructed object pictures, which are taken in the similar circumstances as
that of the standard sphere pictures, can be obtained from the network model.
Finally, the height of the surface points can be calculated. The results show that
the new proposed method is effective, accurate and convergent.

1   Introduction

Many surface reconstruction methods, including the stereovision, the shape from
shading (SFS), the structured light ranging and the photometric stereo, etc., are
developed rapidly recently. Especially, the method of SFS, which takes advantage of
the illumination model information to reconstruct the surfaces only by a single image,
has been paid great attention in surface reconstruction field. However, there are three
disadvantages of the method of SFS with illumination models. Firstly, for the reason
that the illumination models, generally are Lambert model, Torrance-Sparrow model
[1] and Cook-Torrance model [2], are empirical models, with a low accuracy of
reconstructed surface obtained [3]. Secondly, because the illumination models applied
in SFS are non-linear equations, a divergent process of iteration for surface
reconstruction with the method of SFS always takes place [4]. Finally, parameters of
the conventional illumination models are difficult to be estimated and have to be
initialized by experience. Recently, with the development of the neural network
technology, some scholars focus on the research of SFS based on the neural network
model. Wei [5] developed a multiplayer feedforward network for the parameterization
of the object surface. Cho and Chow [6] apply the neural network as a general
illumination model to take the place of the conventional illumination models in SFS.
However, similarly, they convert the SFS to an ordinary extremum problem in which
the cost function is to be minimized with respect to the network weights. Problems of
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the initialization of model parameters and the convergence problem are not resolved
effectively. Cheung [7] applies a self-organization neural network for direct shape
from shading. A linear feedforward network is applied by Jiang [8] to calculate the
height directly. Nevertheless, their methods lack the consideration of the integrability
and the smoothness for the reconstructed surface as a whole.

To overcome the disadvantages of the traditional SFS methods, a new neural
network approach for indirect SFS is proposed in this paper, which does not have to
initialize the parameters of the illumination model as traditional SFS methods.
Meanwhile, two experiments with this approach are provided. The new approach for
indirect SFS shows a high accuracy in surface reconstruction and a high efficiency.
Moreover, without using the non-linear illumination model to reconstruct surface, the
problem of divergence in iteration is avoided.

2   Neural Network Approach for Gradient Calculation

2.1   Traditional SFS Method

Generally speaking, SFS techniques are to reconstruct a surface from only a single
gray image with some necessary constraints. Take the most classical approach, the
minimization approach, for example, some constraints, such as the brightness
constraint, the smoothness constraint and the integrability constraint, have been
considered to ensure the reverse problem resolvable by minimizing an energy
function. The general energy function can be represented as:

( ) ( )( ) ( ) ( ) ( )22 22 2 2 2, ,F I x y R p q p p q q z p z q dx y x y x yλ µ
  = − + + + + + − + − Ω∫∫   

  Ω
 ,

(1)

where I  and R  are the real gray level and the calculated gray level, respectively, p

and q  are the gradients of a point on reconstructed surface, z  is the height of a point,
λ  and µ  are the coefficients of the smooth constraint and the integrability constraint,
respectively, Ω  is the effective area of an image. Especially, the important parameter
R , calculated by the illumination model, is empirical and non-linear, represented as:

cosR k Ip d l iθ= , where Il  is the effective brightness for diffuse reflection when the

light irradiates the surface perpendicularly, kd  is the coefficient of diffuse reflection

and iθ  is the incident angle. In addition, a discretization formula about gradient and

height is represented as:

( ) ( ) ( ) ( )( )
( ) ( ) ( ) ( )( )

( )

, ,

, ,

2 2

k p k p z I x y R p q Rij ij x p

k q k q z I x y R p q Rij ij y q

k k
z z p qij ij x y

λ µ λ µ

λ µ λ µ

ε ε


 ′ ′+ = + + −

 ′ ′+ = + + −

 = − +

 ,

(2)
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where 2λ λ ε=′ , pij  is the average value of p  corresponding to the pixel of ( i , j ),

ε  is the distance between neighboring pixels, k  is the discretization coefficient of

pij .

To prevent divergence in the process of iteration, the non-linear component of the
irradiance equation has to be dealt with by linearization. Based on Taylor formula, a
linear iteration formula of Eq. (2) is obtained[4]:

( ) ( ) ( ) ( ) ( ) ( ) ( )

( ) ( ) ( ) ( ) ( ) ( ) ( )

2
,

2
,

k k k k kR p R R q k p z I x y R Rp ij p q ij ij x p

k k k k kR q R R p k q z I x y R Rp ij p q ij ij y q

λ δ δ λ δ µδ

λ δ δ λ δ µδ

    ′′ ′+ + = + + −       

   ′′ ′+ + = + + −       

 ,

(3)

where ( )kR p  and ( )kR q  are ( ) ( )k kR p∂ ∂  and ( ) ( )k kR q∂ ∂ , respectively,

kλ λ µ′′ ′= + , δ  is variance relative to the reference point. Then the value of ( ),p q ,

corresponding to the direction of a surface point, can be derived as:

( ) ( )

( ) ( )

1

1

k kp p pij ij ij

k kq q qij ij ij

δ

δ

− = +


− = +

 .
(4)

Simultaneously, the formula for surface height zij  is also similar to Eq. (2).

2.2   Training the Network

As well known, the method of SFS with illumination model is to resolve a reverse
problem of the partial differential equations, which are derived by the non-linear
illumination models. To overcome the disadvantages brought by the non-linear
illumination models, an indirect approach based on the neural network to reconstruct
surface is proposed. The new approach take the place of the conventional illumination
model with a network model, which is trained with a series of standard sphere
pictures taken in the similar circumstances as the reconstructed surface, to calculate
the gradient of each point in the surface. Then, according to the gradients obtained,
the surface height of each point can be calculated.

To reduce the errors brought by the network, the circumstances of the standard
sphere pictures and the reconstructed surface picture have to be similar, including the
locations of the visual point and the light source, the reflection characters of the
surface and the camera parameters, such as the shutter speed, the f-number and the
white balance, etc. Meanwhile, the standard sphere pictures provided to train the
network should be complete.

The network model we use here is a backpropagation based neural network with
five layers: an input layer, an output layer and three hidden layers as shown in Fig. 1
(a). The nodal points of hidden layers are 8, 10 and 12, respectively. The output layer
has two parameters: the gradient ( , )p q . Assume that the gray level, the reflected light
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direction and the incident light direction of a point ( ),P i j  on the reconstructed

surface is ( ),I i j , ( ),V Vx y  and ( ),L Lx y , respectively, the input layer has nine

parameters: ( , )I i j , ( 1, )I i j+ , ( 1, )I i j− , ( , 1)I i j + , ( , 1)I i j − , Vx , Vy , Lx  and Ly .

The parameters ( 1, )I i j+ , ( 1, )I i j− , ( , 1)I i j +  and ( , 1)I i j −  are to ensure the
smoothness and the integrability of the reconstructed surface. The parameters ( , )I i j ,

Vx , Vy , Lx  and Ly  are the critical factors to calculate the gradients of the points on

reconstructed surface. Additionally, for the reason that the pictures of the standard
sphere and the reconstructed surface are taken in similar circumstances, some other
factors, which also contribute to the light reflection, are approximately equal and are
ignored. Moreover, the process of the training goes point by point except for the
boundary points of the picture.

Fig. 1. The image (a) is the network structure used in this paper with size 9 8 10 12 2× × × × . The
images (b) (each with size 30 30×  pixels) are the standard sphere images to train the network.
The origin of the Cartesian coordinate in image (b) is in the center of each image; the x axis is
toward and vertical to the bottom margin and the y axis is parallel to the bottom margin and
toward the right margin; locations of the light source and the visual point are L (-70, 0, 720)
and V (0, 0, 720), respectively

For considering a complete circumstance of the input parameters and the gradient
of a point in the surface, nine standard sphere pictures with different locations are
provided to train the network model, as shown in Fig. 1 (b). To assign appropriate
nodal points in the hidden layers, the process of training is convergent rapidly.

3   Calculation for Height

Generally speaking, for the discontinuous boundary conditions, the gradients obtained
from the network might be discontinuous in the boundary between the background
and object surface. Therefore, for reconstructing more accurate surface, the gradients
have to be filtered. By plenty of experiments, the averaging filter shows more

L2

L1

L3

L4

L5

(a) (b)
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efficient and the gradients obtained from the trained network are filtered before
reconstruction.

According to the representation of the surface gradient: zp x
∂= ∂  and zq y

∂= ∂
[3], the

height of a surface point ( , )p i j  can be obtained by a discretization method:

( ) ( )( , ) ( 1, ) ( , ) ( , 1)
( , )

2

p i j z i j q i j z i j
z i j

ε ε+ − + + −
=  ,

(5)

where ε  is the distance between neighboring pixels. Additionally, the heights of the
boundary points are initialized with zero. By calculating the height of the
reconstructed surface point by point, a point cloud of the final surface can be obtained
and the reconstructed surface can be formed with B-spline surface.

4   Using the Trained Network to Reconstruct Complex Surface

Firstly, we reconstruct one of the nine standard sphere images (size 30 30×  pixels) by
the trained network. For the reason that the neural network is trained by the standard
sphere images, the reconstructed surface for one of the standard sphere image is
perfect except for some boundary points, as shown in Fig. 2 (a).

Fig. 2. The images (a) are the result for hemisphere reconstruction with different view points.
The images (b) are the original images and reconstruction results for more complex surfaces, a
capsicum and a vase

Additionally, two more complex surface pictures, a capsicum picture and a vase
picture, which are taken in the similar circumstances as the nine standard sphere
images, are reconstructed by the trained network model, as shown in Fig. 2 (b).
Because there is little gray information in highlight area, the reconstructed surface of
the highlight area shows a little error. However, as a whole, the reconstructed results

(a) (b)
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of the complex surfaces are perfect. This new SFS approach, based on the neural
network model, shows effective in complex surface reconstruction and overcomes the
disadvantages of the iterative SFS method with conventional illumination model, such
as the low accuracy of the illumination model, the divergence in iterations and the
difficulty in initializing the parameters of the illumination model.

5   Conclusions

In this paper, a new indirect SFS method based on the neural network model is
proposed. This method overcomes the disadvantages of the traditional SFS method
with conventional illumination models, such as the low accuracy of the empirical
illumination model, the divergence in iterations and the difficulty in initializing the
parameters of the conventional illumination model. The purpose of the neural network
model adopted in this paper is to learn the gray information from the standard pictures
and derive the gradients of the points on the reconstructed surface. Then, the heights
of the surface points can be calculated from the discretization representation of the
height and the gradient. The reconstructed results show that the proposed method is
effective and robust. In addition, this approach can be extended to the fields of object
recognition, orientation tracking and non-contact measurement with low accurate
requirement.
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Abstract. This paper presents an approach to predict dimensional errors in end
milling by using a hybrid radial basis function (RBF) neural network. First, the
results of end milling experiments are discussed and the effects of the cutting
parameters on dimensional errors of machined surfaces are analyzed. The re-
sults showed the dimensional errors are affected by the spindle speed, the feed
rate, the radial and axial depths of cut. Then, a hybrid RBF neural network is
applied. This neural network combines regression tree and an RBF neural net-
work to rapidly determine the center values and its number, and the radial val-
ues of the radial basis function. Finally, the prediction models of dimensional
errors are established by using the RBF neural network, the ANFIS (adaptive-
network-based fuzzy inference system), and the hybrid RBF neural network for
end milling. Compared with the predicted results of the above three models, the
performance of the hybrid RBF neural network-based method is shown to be
the best.

1   Introduction

End milling is widely used for rough or finish cutting processes. An end mill induced
by cutting forces, however, often results in a deflection, which is defined as tool de-
flection, similar to a cantilevered beam at a free end. The deflection will result in the
dimensional errors on the machined surfaces. The dimensional errors on the machined
surfaces are directly affected by cutting parameters (i.e., spindle speed, feed rate, the
axis depth of cut AD, the radial depth of cut), the size and characteristics of the end
mill, and the material properties of the workpiece and cutter. Therefore, the determi-
nation of dimensional errors in end milling is not an easy task, which includes two
main problems: the cutting force estimation or measurement and the tool deflection
calculation.

Dimensional errors estimated by using cutting force models have already been
widely investigated, such as [1] developed a model for predicting dimensional errors
by summing up the cutting forces generated on chip load elements and mimicking an
end mill as a slender cantilever beam. [2] presented a dimensional-accuracy model,
which took a dimensional error as a function of cutting conditions by using a cutting
force model derived from solid modeling and tool-workpiece interaction. In [3] a
theoretical model for improving the accuracy in end milling by combining the static
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stiffness of an end mill and instantaneous cutting forces was developed. However, all
the methods above have a serious shortcoming: they are based on chip thickness,
cutting force coefficients, tool stiffness and equivalent tool diameter, etc.  It is known
that the determination of the above parameters would be a very difficult task in prac-
tical end milling. To overcome the difficulty derived from the estimation of cutting
forces, dynamometer sensors have been developed and directly applied to measure
cutting forces in the end milling. Commercial dynamometers provide accurate meas-
urements of cutting forces, and different types of dynamometers are available for
different cutting types. However, some limitations of using dynamometers have been
reported in the some literatures, which include reducing the stiffness of machine
tools, leading to chatters and dimensional errors, lack of overload protection and high
cost [4]. Therefore, the dynamometers are suited for fundamental studies on the cut-
ting processes, but not for practical processes in the industry.
Neural networks are parallel and distributed models for modeling complex systems
[5]. In recent years, neural networks have been applied in manufacturing [6-7] based
on their learning capability. The objection of this paper is to apply a neural network
to build a prediction model of the dimensional errors based on the cutting parameters.
Then, a hybrid RBF neural network that combines the regression tree and an RBF
neural network is addressed and applied to model the relationship between the cutting
parameters and the dimensional errors in the end milling. Finally, the trained neural
network is tested by additional cutting tests; the results show that the method above is
useful to predict the dimensional errors in the end milling operations.

2   Experiments and Analysis

Before the neural network is used, we should firstly analyze the effect of cutting pa-
rameters on the dimensional errors. From these results, we will find that it is very
necessary to use neural network to map the nonlinear relationship between the cutting
parameters and the dimensional errors; and how to apply neural network, such as the
selection of inputs of neural network. Forty eight cutting tests were performed, which
are associated with various spindle speeds, feed rates, the radial depths and axial
depths of cut, are performed on the vertical machine center Mazada with a 6 mm
diameter, 30° helix angle, and 4 fluted high speed steel end mill, dry and down mill-
ing conditions. The end mill with 30 mm overhang length is clamped in the chuck
tool holder. Workpiece is aluminum alloys. 1-18 cutting tests are taken as the testing
samples, the rest of cutting tests are taken as the training samples. Before cutting, the
surface of workpiece is prepared by light milling. After each cutting test, the dimen-
sional error is determined with the prepared surface by using a dial gage. The cutter is
normal condition, without heavy wear. In this paper, we will not discuss the effect of
cutter wear on the dimensional errors.

Cutting forces are directly related to the tool deflection that results the dimensional
errors on the machined surfaces, so the factors that influence cutting forces in the end
milling should be taken into account. First, let us analyze the effect of spindle speed
on the cutting force and the dimensional error in the end milling. It is found that the
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dimensional errors decrease with the increase of spindle speed when the spindle speed
is less 1500 rpm; when the spindle speed goes on increasing, the dimensional error
will rise again because of the increase of cutting temperature. Feed rate is one of the
important influential cutting parameters during cutting process. The feed rate is gen-
erally taken as a controlled parameter in the adaptive cutting system. For reducing
dimensional error, the feed rate is also selected as the key adjusted parameter in end
milling. The feed rate has an effect of the dimensional errors in the end milling. An-
other two influence factors are the radial depth of cut and the axial depth of cut on the
dimensional errors in the end milling. The two values result in the change of the chip
thickness and the cutting forces. The dimensional errors linearly increase with the
increase of the radial depth of cut or axial depth of cut.

Based on above analysis, it is clear that the dimensional errors are affected by the
spindle speed, the feed rate and the radial and axial depths of cut in the end milling.
The dimensional errors can be taken as a function of these cutting parameters. How-
ever, it is not easy to represent this function by using a simple mathematical method
because of the nonlinear relation between the cutting parameters and the dimensional
errors. We should note that the dimensional errors on the machined surface more or
less affect the cutting parameters. In this paper, these cutting parameters are mainly
considered when using neural network to predict the dimensional error in the end
milling. In the following section, the feed-forward neural network will be used to map
the relation of the cutting parameters and the dimensional error.

3   Hybrid RBF Neural Network

Radial basis function (RBF) neural networks offer some advantages over multiplayer
perceptions (MLP) in some applications, because RBF neural networks are easier to
train than MLP neural networks [8]. Meanwhile, RBF neural networks can transform
the n-dimensional inputs nonlinearly to an m-dimensional space like the MLP neural
network, and then estimate a model by using a linear regression. The non-linear trans-
formation is controlled by a set of m basis functions each characterized by a position
or center cj in the input space and a width or radius vector rj, },,2,1{ mj∈  [9]. The basis

functions are typically Gaussian-like functions, such as
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Where cjk -center in the input space; rjk is a radius vector. Clearly, the output of basis
functions respond most strongly to the inputs nearest to the center cj , in the metric
determined by the radius rj . The output of the RBF neural network, f(x), which is a
model based on linear regression, is expressed as follows:
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In brief, to build RBF neural network often meet four problems, including (1) the
number of nodes for RBF neural network; (2) the identification of Gaussian center cj;
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(3) the proper setting of the radius rj; (4) the output-layer weights. For the fourth
problem, it is relatively simple to determine the output-layer weights wj by using the
delta rule or some traditional statistical approach such as the pseudoinverse matrix.
For the first problem, it is involved in the second problem because the identification
of Gaussion center cj includes its size and its number. Therefore, the more difficult
problems are the identification of Gaussian center cj and the proper setting of the
radius rj. To overcome the above problems, various algorithms have been presented
[10-13]. However, most of these techniques are computationally expensive. To sum-
marize, the design of a successful RBF neural network involves several nontrivial
problems, and so far there does not seem to exist any simple and general algorithms,
or heuristic. [14] first suggested combining the decision tree and RBF neural network
for overcoming the drawbacks of the other algorithms. Each terminal node of the
decision tree contributes one unit to RBF neural network, the center and radius of
which are determined by the position and size of the corresponding hyper rectangle.
The decision tree can sets the number, positions and sizes of all RBF centers in the
network. Because the decision tree nodes were converted into RBF unites, the only
level of model complexity control was the tree pruning provided by C4.5 software
and the choice of RBF scale, .α  Unfortunately, Kulbat did not present a method to
optimize either the degree of pruning or the value of the parameter .α  Mark Orr
(2000) presented a new method by combining regression tree and RBF networks, and
added an automatic method for the control of model complexity through the selection
of RBFs, the detail can be found in [15].

4   Dimensional Error Prediction

In this paper, the feed-forward neural networks, which are RBF neural network,
ANFIS, and hybrid RBF neural network, are used to map the relationship between the
cutting parameters and the dimensional errors. The input layer is made up of four
nodes corresponding to the spindle speed, the feed rate, and the radial and axial depth
of cut. The one output layer node corresponds to the dimensional error.

Firstly, the RBF neural network has been used to map the relationship between the
dimensional errors and the cutting parameters for the end milling. In the training
phase, the number of nodes in the hidden layer is automatically determined by the
trained samples during learning, the result is that the hidden layer has 8 nodes in the
trained RBF neural network; the training time is 2.7 minute, the minimal error is
0.27mm. The trained RBF neural network is used to estimate the dimensional errors,
the test samples are shown in Table 1, which is from cutting tests 1 to 18. The results
are shown in Fig.1 (a).It is found that the predictions of the model differed from the
measured data to within 15%.

Secondly, an adaptive neuro-fuzzy inference system (ANFIS) has been used to
map the relationship between the cutting parameters and the dimensional errors.
ANFIS fuses the fuzzy system and neural network into a learning system, which
would combine the benefits of the fuzzy system and neural network [16]. The result-
ing neuro-fuzzy system, a hybrid, has fuzzy system architecture, but uses neural net-
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work learning techniques so that it can be trained automatically. For a given in-
put/output data set, ANFIS can construct a fuzzy inference system whose membership
functions are tuned by using either a back propagation algorithm alone, or in combi-
nation with the least square method. Here, the trained ANFIS had 112 nodes, 46
fuzzy rules and 345 linear and 36 nonlinear parameters (345 in total), applied on 30
training data pairs (from 19 to 48). Three bell-type membership functions were used
while aiming for the training error of 0.1 (goal), with the initial step size of 0.5 (0.9
step size decrease, and 1.2 increase rates). The training completed at epoch 1000,
with the minimal training RMSE of 0.45 mm. The training time is 3.12 minute. The
trained ANFIS is used to estimate the dimensional errors; the results are shown in Fig.
1 (b). It is found that the predictions of the model differed from the measured data to
within 25%.

Finally, the hybrid RBF neural network is used to map the relationship between the
cutting parameters and the dimensional errors. In the training phase, owing to hybrid
RBF neural network combine regress tree and RBF neural network, the center values
and its number, and radius values of radial basis function can be rapidly determined
by the trained samples (from cutting tests 19 to 48) during learning. The hidden layer
of hybrid RBF neural network has 11 nodes, the training time is 1.81 minute, and
minimal training error is 0.2662mm. The trained hybrid RBF neural network is used
to estimate the dimensional error, the test samples are from cutting tests 1 to 18. The
calculated results are shown in Fig. 1. It showed that the predictions of the model
differed from the measured data to within 5%. From these results, it is verified that
the model with hybrid RBF neural network, whose results are the best by comparison
with RBF neural network and ANFIS, is useful in the prediction of dimensional error
for end milling.
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Fig. 1. Comparison of the dimensional errors measured and predicted by the neural network;
(a) RBF NN (b) ANFIS; (c) hybrid RBF NN.

5   Conclusions

For the given end mill and workpiece, the dimensional error is generally determined
by the selection of the cutting parameters corresponding to the spindle speed, the feed
rate, and the radial and axial depth of cut in the end milling. In this paper, a hybrid
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RBF neural network is discussed and applied to calculate the dimensional errors asso-
ciated with the spindle speed, the feed rate, and the radial and axial depth of cut for
the end milling. The dimensional errors can be clearly modeled by utilizing the hy-
brid RBF neural network and the experiments under the given cutting environments.
By comparison with the RBF neural network and ANFIS, the hybrid RBF neural
network is capable of predicting the dimensional errors accurately according to cut-
ting parameters before machining.
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Abstract. In this paper we apply Bayesian neural networks to life modeling and
prediction with real data from a dynamically tuned gyroscopes (DTG). The
Bayesian approach provides consistent way to inference by integrating the evi-
dence from data with prior knowledge from the problem. Bayesian neural net-
works can overcome the main difficulty in controlling the model’s complexity
of modeling building of standard neural network. And the Bayesian approach
offers efficient tools to avoid overfitting even with very complex models, and
facilitates estimation of the confidence intervals of the results. In this paper, we
review the Bayesian methods for neural networks and present results of case
study in life modeling and prediction of DTG.

1   Introduction

Due to high cost and small batch of some mechanical-electric components, such as
flywheels and gyroscopes, how to estimate their reliability and life has become a dif-
ficulty. In addition, these products have fewer samples and are lack of practical crite-
rion of accelerated life test comparing with electric parts. Moreover, there is no evi-
dence to prove that the life of gyroscopes and flywheels has obvious relations with
environmental parameters, such as temperature, pressure etc. Therefore, under the re-
quest of increasing life for these products, real-time life test of one to one is high cost,
which induces waste on the material and financial resources and becomes a key factor
of prolonging schedule of developing spacecraft. Thus doing research and applying
new method to model and predicting the life of mechanical-electric components are
very significant.

Usually, two strategies are applied to estimate the life of such mechanical-electric
components. One is to employ accelerated-life test to shorten the time of life test [1];
the other is to use parameter extrapolation to estimate the life of such mechanical-
electric components.  In this paper, we adopt parameter extrapolation to estimate the
life of gyroscopes. And because of the advantages of Bayesian neural networks, such
as automatic complexity control, possibility to use prior information and hierarchical
models for the hyperparameters and predictive distributions for outputs [2], hence



750 C. Fan, F. Gao, and Z. Jin

Bayesian neural networks [3] is applied to life modeling and prediction for DTG
in this paper.

2   Bayesian Principle

The key principle of Bayesian approach is to construct the posterior probability distri-
butions for all the unknown entities in a model, given the data sample.

Consider a regression problem involving the prediction of a noisy vector y of tar-

get variables given the value of a vector x of input variables. The process of Bayesian

learning is started by defining a model and prior distribution )(θp for the model pa-

rameters θ . Prior distribution expresses our initial beliefs about parameter values, be-

fore any data has been observed. After observing new data )},(,),,{( )()()1())1( nnD yxyx= ,

prior distribution is updated to the posterior distribution using Bayes’ rule

)()(
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)()|(
)|( θθθθθ pL

Dp

pDp
Dp ∝= .

(1)

where the likelihood function )(θL gives the probability of the observed data as

function of the unknown model parameters.

To predict the new output )1( +ny  for the new input )1( +nx , predictive distribution is

obtained by integrating the predictions of the model with respect to the posterior dis-

tribution of the model parameters

∫ ++++ = θθθ dDppDp nnnn )|(),|(),|( )1()1()1()1( xyxy .
(2)

where θ denotes all the model parameters and hyperparameters of the prior struc-

tures. It is the same as taking the average prediction of all the models weighted by

their goodness.

3   Bayesian Learning for Neural Networks

In the following, we give a short review of the Bayesian learning for neural networks.
We concentrate on model, prior and Markov chain Monte Carlo numeric simulation
method for computing the integrations.

3.1   Model

The posterior predictive distribution of output 1)(n+y for the new input 1)(n+x given the

training data )},(,),,{( )()()1()1( nnD yxyx= , is obtained by integrating the predictions of

the model with respect to the posterior distribution of the model using Eq. (2).
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   The probability model for the measurements, ),|( θxyp , contains the chosen ap-

proximation functions and noise models. It defines also the likelihood part in the

posterior probability term, )()()|( θθ pDpDp ∝ . The probability model in a regression

problem with additive error is

efy += );( wx θ , (3)

where ()f is the MLP function

)tanh();( xwbwbx 1122
w ++=θf .

(4)

where wθ denotes all the parameters 2211 bwbw ,,, , which are the hidden layer

weights and biases, and the output layer weights and biases, respectively. The random

variable e is the model residual.

3.2   Prior

We have to define the prior information about our model parameters, before any data
has been observed. Usual prior is that the model has some unknown complexity but
the model is neither constant nor extremely flexible. To express this prior belief we
can set hierarchical model specification.

Parameters w define the model ),( wx θf . Because the complexity of the MLP can

be controlled by mastering the size of the weights w . This can be achieved by using,

e.g., Gaussian prior distribution for weights w given hyperparameter α

∑
=

− −=
m

i

i
mm wwp

1

22/2/ )2/exp()2()|( ααπα
(5)

3.3   Prediction

After defining the model and prior information, we can integrate the evidence from
the data to get the posterior distribution for the parameters

),()|,()|,( ααα wpDwLDwp ∝ (6)

Predictive distribution for new data is then obtained by integrating over this poste-
rior distribution

∫ ++++ = ααα dwDwpwpDp nnnn )|,(),,|(),|( )1()1()1()1( xyxy ,
(7)

We can also evaluate expectations of various functions with respect to the posterior

distribution for parameters. For example in regression we may evaluate the expecta-

tion for a component of )1( +ny
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∫ ++ = αα dwDwpwf n
k

n
k )|,(),(ˆ )1()1( xy .

(8)

which corresponds to the best guess with squared error loss.

   The posterior distribution for the parameters )|,( Dwp α is typically very complex,

with many modes. Evaluating the integral of Eq. (8) is therefore a difficult task. The

integral can be approximated with Markov chain Monte Carlo numerical approxima-

tion.

3.4   Markov Chain Monte Carlo Numerical Approximation Method

Neal [4] has introduced implementation of Bayesian learning for MLPs in which the

difficult integration of Eq. (8) is performed using Markov chain Monte Carlo

(MCMC) methods.

   The integral of Eq. (8) is the expectation of function ),( )1( wf n
k

+x with respect to the

posterior distribution of the parameters. This and other expectations can be approxi-

mated by Monte Carlo method, using a sample values )( tw drawn from the posterior

distribution of parameters

∑
=

++ ≈
N

t

tn
k

n
k wf

N
1

)()1()1( ),(
1ˆ xy .

(9)

Note that samples from the posterior distribution are drawn during the ‘learning
phase’ and predictions for new data can be calculated quickly using the same samples
and Eq.(9).

Neal has used the hybrid Monte Carlo (HMC) algorithm for parameters and Gibbs
sampling for hyperparameters. HMC is an elaborate Monte Carlo method, which
makes efficient use of gradient information to reduce random walk behavior [4]. The
gradient indicates the direction in which one should go to find states with high prob-
ability. Application of Gibbs sampling for hyperparameters helps to minimize the
amount of tuning that is needed to obtain good performance in HMC.

4   Application

This section mainly describes application of Bayesian neural network in life modeling
and prediction for DTG. Firstly, we should observe some parameters, which are re-
lated with DTG’s life. These parameters are vibration, x-axis drift, environmental
temperature and power. After analyzing these parameters, and according to charac-
teristics of life prediction for DTG, we choose drift and vibration as modeling pa-
rameters and collect 106-day data for modeling.

These original data should be normalized before putting into the neural networks.
The structure of MLP is chosen as 4-30-2. Number of training data points is 20, the
prior of weight is 0.001 and error coefficient of data is 100. The weights of network
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are drawn from a zero mean, unit variance isotropic Gaussian, with varied scaled by
the fan-in of the hidden or output units as appropriate. And number of samples omit-
ted at start of chain is 200.

The modeling output of Bayesian neural networks for such two parameters is
shown in the Fig.1, where the days are normalized between 0 and 1. Then we should
to implement inverse-normalization to process modeling output. After converting, the
modeling output and real detected data of such two parameters are also shown in the
Fig.1.

Then we should evaluate the precision of this Bayesian neural network. The mod-
eling error is listed in table 1.
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Fig. 1. Modeling output of two parameters

Table 1. Modeling error of Bayesian neural network

Output Mean square error
(MSE) (V)

Average percent absolute
error (APAE) (%)

Drift 2.6332×10-4 3.15 %
Vibration effective value 9.7517×10-4 2.48 %

Table 2. Comparison of predicted and detected values for 2 parameters

Output Predictive values (V) Real detected values (V)
Drift 0.083 0.08

Vibration effective value 0.410 0.4
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From the table 1, we can see the modeling MSE can reach 10-4, and it’s the largest
of APAE is 3.15 %, so the modeling precision is 96.85%. Finally, we should estimate
the predictive performance. We use a real detected value as reference to evaluate the
predictive values. Comparison of predicted and detected values for 4 parameters is
listed in table 2.

From the table 2, we can calculate their APAE error value and get the largest error
is 3.75%. Thus the predictive precision can reach 96.25%.

5   Conclusions

We have applied Bayesian neural network in the modeling and prediction for a DTG.
The modeling and predictive precisions are 98.38% and 96.25%, respectively. Baye-
sian neural networks gave good results by using MCMC approximation for the mar-
ginalization. It must be emphasized that the results of data analysis depend on the as-
sumptions and approximations made-thus the Bayesian approach does not
automatically give better results than a classical approach. Even though the Bayesian
models do not need validation data to set the model complexity, validation of the final
models is essential, as with any other modeling approach.
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Abstract. Dynamic modeling for the quality of large-scale process is studied in
this paper combined with continuous annealing process. This kind of process is
constituted with several sub-processes. There is complex nonlinear mapping
between the sub-process set points and the final quality. The quality model
should be constructed and updated based on the new data from the real process.
To meet this demand, a novel generalized growing and pruning RBF  (GGAP-
RBF) network is used to establish the quality model. GGAP-RBF is a sequen-
tial learning algorithm so that we can establish the model dynamically. Last, we
do some on-line application study on the continuous annealing furnace in a
steel factory. The quality model between the furnace temperature of each zone
in the furnace and the exit strip temperature is constructed.

1   Introduction

In some industrial processes, the final product quality is influenced by the overall
process, which is made up of several sub-processes. There are complex nonlinear
mapping functions between the set points of each sub-process and the final quality.
The optimal set points of each sub-process should be given dynamically according to
the quality model and performance index in real-time optimization layer. So it is very
important to construct and update the quality model using the input-output data ob-
tained from the real plant.

A continuous annealing process is a highly efficient heat treatment process for
cold-rolled strips in steel works. It consists of heating, soaking, and cooling furnaces.
The strip temperature is measured and controlled at the outlet of each furnace. Among
these furnaces, the heating furnace (HF), which is constituted with several zones, has
large effects on production rate, strip quality, stability of operation, etc. The tem-
peratures of each zone in HF affect the strip temperature at the exit side. Some re-
search work has been proposed on the modeling, control and optimization of strip
temperatures for the HF in continuous annealing [1].

Neural networks, especially Radial Basis Function (RBF) networks have gained
much popularity in recent times due to their ability to approximate complex nonlinear
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mappings directly from the input-output data with a simple topological structure.
Several learning algorithms have been proposed in the literature for training RBF
networks [2]-[4]. In practical online applications, sequential learning algorithms are
generally preferred over batch learning algorithms, as they do not require retraining
whenever a new data is received and the model can be updated.

This paper applied the GGAP-RBF algorithm in [5] on modeling the strip tem-
perature in the heating furnace of continuous annealing process. The algorithm intro-
duces the concept of “significance” for the hidden neurons and directly links the re-
quired learning accuracy to the significance of neurons in the learning algorithm so as
to realize a compact RBF network. The algorithm is sequential and can be used for
on-line learning in real time applications

2   The HF Plant and Quality Model

In continuous annealing process, the material for annealing is a cold-rolled strip coil.
The strip runs through the process with a certain line speed. The heating furnace is a
very important part of the continuous annealing process. It is made up of several
zones and each zone has its temperature set point. When the line speed is constant and
the dimension of the strip is certain, the furnace temperatures of each zone determine
the strip temperature at the delivery side. The nonlinear mapping from the furnace
temperatures of several zones to the strip temperature is the quality model we want to
get in this paper.

In the real industry, the quality model should be constructed and updated based on
the new data measured from the plant with the time going. In this paper, a novel neu-
ral network, GGAP-RBF is proposed to construct the model. This sequential learning
algorithm is better to use the new input-output data for model updating.

3 GGAP-RBF Modeling Method

3.1   Definition of Significance of Neurons

This section first introduces the notion of significance for the hidden neurons based
on their statistical average contribution over all inputs seen so far, although those
inputs are discarded and not stored in the system after being learned. In the GGAP-
RBF algorithm, the significance is used in growing and pruning strategies. The output
of a RBF network with K  neurons for an input vector 1( , ) l

lx x XΤ= ∈ ⊆x R" ,

where l  is the dimension of input observation space, is given by:

1

( ) ( )
K

k k
k

f α φ
=

=∑x x
(1)

where kα is the weight connecting the k -th hidden neuron to the output neuron and

( )kφ x is the response of the k -th hidden neuron for an input vector x :
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2

2
( ) exp( )k

k
k

µ
φ

σ
−

= −
x

x
(2)

where ,1 ,( , , )k k k lµ µ µ Τ= " and kσ  are the center and width of the k -th hidden neu-

ron, respectively, 1, ,k K= " . Let a series of training samples ( , )i ix y , 1,2,i = " ,be

drawn sequentially and randomly from a rang X  with a sample density function of
( )p x , where X  is a subset of an l -dimensional Euclidian space. After sequentially

learning n  observations, assume that a RBF network with K  neurons has been ob-

tained. The network output for input ix  is given by 1f . If the neuron k  is removed,

the output of the RBF network with the remaining neurons for the input ix  is 2f .

Thus, for an observation ix the error resulted from removing neuron k  is given by:

1 2( , ) ( ), 1, ,k k iq q
E k i f f i nα φ= − = =x " (3)

where 
q
i is the q -norm of vectors, indicating the qL -distance between two points in

Euclidian space. The q -norm of the error qE  for all n sequentially learned observa-

tions caused by removing the neuron k  is:

1

( ) ( ( ,1), , ( , )) ( )
n

q
q k k iqq

i

E k E k E k n x nα φ
Τ

Τ

=

 = =  
 
∑"

(4)

Let the sample range X  be divided into N  small spaces j∆ , when the number of

input observations n  is large and j∆  is small, we can obtain the definition of signifi-

cance of a hidden neuron proposed in [5]:

1
2

2
( ) exp( ) ( )

q

k
sig k q

kX

q x
E k p x dx

µ
α

σ

 −
 = −
 
 
∫

(5)

This is the statistical contribution of neuron k  to the overall output of the RBF net-

work. If the distributions of the l  attributes 1( , , , , )i lx x x Τ" " of observations x ’s are

independent from each other, “significance” (5) can be re-written as:

1
2

,

2

( )
( ) exp( ) ( )

i

i

ql b k i
sig k iq a

i k

q x
E k p x dx

µ
α

σ
 −

= −  
 

∏ ∫
(6)

where ( , )i ia b  is the interval of the i -th attribute ix of observations, 1, ,i l= " . The

input samples which are measured from real plant are often uniformly drawn a range

X , the sampling density function ( )p x  is given by 1( ) ( )p S=x x , where ( )S x  is the
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size of the range X . In fact, as we do in some of our applications, one may just nor-
malize the inputs to the range [0 1]l  and get ( ) 1S X = .

3.2   GGAP-RBF Learning Algorithm

The learning process of GGAP-RBF involves the allocation of new hidden neurons as
well as adaptation of network parameters. A new neuron is only added if the input
data is sufficiently far from the existing neurons. At the same time, it should be en-
sured that the significance of the newly added neuron is greater than the required
approximation accuracy. One needs only to adjust parameters of the neuron nearest to
the most recently received input if no new neuron is added and only needs to check
the nearest (most recently adjusted) neuron for pruning. As for the parameter adjust-
ment, the adjustment will be done for the parameters of the nearest neuron using the
EKF algorithm in [3]. The GGAP-RBF algorithm can be generalized as:

Step 1: For each observation ( , )n nx y  presented to the network, compute the over-

all network output:

2

2
1

1
( ) exp( )

K

n k n k
k k

f α µ
α=

= − −∑x x
(7)

where K  is the number of hidden neurons.
Step 2: Select the threshold nε  in growing criterion appropriately and calculate the

error:

( )n n ne y f x= − (8)

Step 3: Apply the criterion for adding neurons, if

12

min2
exp( ( )

n nr n

q

n
n q

X n nr

q x
e p d e

µ ε

κ µ

 − >
  −

 − >  −  
∫

x

x
x x

x

(9)

allocate a new hidden neuron 1K + , where κ  is an overlap factor that determines the
overlap of the responses of the hidden neurons in the input space, nrµ  is the center of

the hidden neuron nearest to the new coming data, mine is the expected approximation

accuracy. The parameters for the new add hidden neuron is:

1

1

1

K n

K n

K n nr

eα
µ

σ κ µ

+

+

+

 =
 =
 = −

x

x

(10)

Else, if (9) does not hold, adjust the network parameters nrα , nrµ  for the nearest neu-

ron only. (Refer to [3] for the adjustment algorithm)
Step 4: Check the criterion for pruning the adjusted hidden neuron, if
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Remove the nr -th hidden neuron, and ( )sigE nr  is the significance of the nearest

neuron.

Table 1. Experiment results in three work conditions

Training Error Testing Error     Dimension
Thickness Width×

mm mm×

Line Speed
/mm s

MAE RMSE MAE RMSE

800 1173× 250 0.0478 0.0599 0.0469 0.0587

600 823× 330 0.0545 0.0680 0.0541 0.0682

706 1147× 200 0.0552 0.0769 0.0550 0.0760

4   Application Study

On-line application study has been done on the continuous annealing furnace in a
steel factory. The heating furnace is made up of eight zones and the furnace tem-
peratures of each zone can be measured. We construct the nonlinear mappings from
the temperatures of eight zones to the exit strip temperature when the dimension and
line speed unchanged. The sampling time is 10s . Two learning accuracy measure-
ments are used in all experiments. Mean Arithmetic Error (MAE) is defined as:

1

( )
n

i i
i

f
MAE

n
=

−
=
∑ x y

(12)

The Root Mean Square Error (RMSE) is defined as:

2

2
1

( )
n

i i
i

f
RMSE

n
=

−
=

∑ x y
(13)

where, ( , )i ix y  is sample data and ( )if x  is the output of the network. We do experi-

ments in three work conditions and the experiment results are showed in Table 1.
    In the experiments, we found that most error between the output of the testing
sample and the network is less than 3 CD , which can meet the demand of application
in real industry process. In the first work condition, we use 660 training data and
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220 testing data. In the second work condition, 750 training data and 250 testing data
and in the third work condition, 960 training data and 320 testing data, respectively.

5   Conclusion

Dynamic modeling for the quality of large-scale process is studied in this paper com-
bined with continuous annealing process. First, introduce the continuous annealing
furnace and the modeling problem for the heating furnace temperature. Then, a novel
generalized growing and pruning RBF neural network is used to establish the quality
model which is the mapping from the furnace temperatures of each zone to the strip
temperature at delivery side. GGAP-RBF is a sequential learning algorithm so that we
can establish the model and update it using the new input-output data measured from
the real plant. Last, the experiment results in a steel factory show that the model accu-
racy can meet the demand of applications in industry process.
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Abstract. It is crucial to calculate the Signorini contact problem at high
speed in real-time simulation of the belt grinding process. Finite Element
Method (FEM) is the traditional way to solve such a contact problem.
However, FEM is too time-consuming to fulfill the real-time simulation
requirement. This paper demonstrates a new approach to model the Sig-
norini contact problem based on learning. This new model averts doing
the expensive optimization problem for each contact by FEM; hence dra-
matically reduces the calculating time. Multi-Layers Neurons (MLN) and
Support Vector Regression (SVR) are adopted as a learning machine.
The testing errors of these two learning machines are also compared.
SVR showed superior performance than MLN in this application.

1 Bottleneck in Belt Grinding Process Simulation

Recently, industrial robots are introduced in the free-formed surface grinding
process to promote the surface quality and raise producing efficiency as well. In
order to automatize the process, a simulation of the real time grinding status
becomes necessary. Through the simulation results it turns possible to plan the
robot path automatically and adjust robot reaction dynamically.

The simulation of the grinding process is more difficult than those operating
processes by precise cutting edges like milling, because the removal of surface
can not be obtained directly by CAD data and tool shape. Quite several param-
eters can simultaneously work on the final removal from the workpiece surface,
for example material of the grinding belt, the elasticity of the grinding wheel,
temperature and so on. Thus, the removal from workpiece surface can be written
as a function of some factors. To model this, Hammann [1,2] presented a linear
experiential formula

r = KA.kt.
Vb

Vw, lw
.FA (1)

where r is the removal; KA, a combination constant of some static parameters;
kt, grinding belt wear factor; Vb, grinding velocity; Vw, workpiece moving ve-
locity; lw, length of grinding area, FA, the acting force. Among those factors,
the most important one is the resulting force FA between the workpiece surface
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and the elastic grinding wheel. Roughly speaking the global removal is linearly
related to the global force given that other factors are unvaried according to for-
mula (1). This linear global relation can be applied to grind the surface with a
sample shape. But for free-formed surface grinding, one should get the thorough
removals in entire grinding area which are not homogeneously distributed on the
workpiece surface. The different removals on the workpiece surface result from
the different local contact forces between the workpiece surface and the elastic
grinding wheel. Therefore, force distribution should be determined before the
local removals are considered.

The traditional way to get force distribution is to consider it as a Signorini
contact problem and then calculating the forces according to an energy mini-
mization principle. Blum [3,4] and Suttmeier [5] worked out a Finite Element
model that deals with Signorini contact problem with an optimized mesh dis-
cretization. Nevertheless, it still requires about 15 minutes for calculating one
contact situation. This is far away from the demand for real time simulation
of belt grinding process, not to mention adjusting the robot’s reaction in time.
Calculating the force distribution becomes a bottleneck of the whole simulation
flow.

To accelerate the calculation, two branches are under research nowadays.
The first branch is to optimize the mesh division; another one is to improve the
convergent rate and stability of the optimization algorithm. Both can’t avert
doing the iteration steps each time when a new contact situation is presented.
To overcome this, a learning machine is introduced to approximate the well-
established FEM model. Although an optimization process is also necessary in
the training phase, it can finish calculation of one contact situation in a very
short time because the time-consuming transaction is put in the training phrase,
no longer in the run time. Multi-Layer Neurons (MLN) and Support Vector
Regression (SVR) are tested as the learning machine.

2 Contact Digitization and Feature Selection

Fig (1) illustrates a contact status between the workpiece and the grinding wheel.
Imagine that the elastic grinding wheel deforms equally according to the work-
piece surface 1. In the same words, the grinding wheel and workpiece cling to-
gether without gaps between them. Then, the distances of grinding wheel surface
to a base surface totally define the workpiece surface geometry within contact
area, see right part of fig (1). The base surface is vertical to the grinding wheel
and is fixed with a constant relative position to the grinding wheel. Using an
imaginary grinding wheel surface instead of the workpiece surface aims to achieve
a unified measure standard. This contact representation method is called Height
Model, which is specially put forward to belt grinding contact problem for our
destination. The distances between the imaginary grinding wheel surface and
the base surface (the length of pillars) are called Heights. For simplification, the
1 Not really so, it is only a method to represent the surface geometry of workpiece

surface
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Fig. 1. Height model

contact area is limited to a 50mm × 50mm square area and is discretized into
50 × 50 mesh evenly spaced with 1mm interval. Therefore, the initial contact
boundary condition can be digitized into a 50 × 50 matrix.

It is not a good idea to impose the whole contact (Heights matrix) directly as
a input on learning machine, just like what is done by FEM. Normally, one can’t
expect good results or generalization with such a high input dimension due to
the so-called curse of dimensionality. According to one assumption, the contact
problem can be localized to reduce the input dimension. The assumption is
that the force on one mesh point is affected only by contact situation
(Heights) of its surrounding points inside a finite size area. That is
to say, the force at one contact point is a function of Heights of its surrounding
points inside an area named function area. Obviously, if the function area is large
enough or is the whole contact area, the assumption is undoubtedly correct. The
small function leads to a low input dimension, but weakens the correctness of
the assumption. Thus, the function area size must not be too small to guarantee
the assumption’s correctness. Through training experiments, the best function
area size is 11mm × 11mm. So, all the experiments results listed in later part
are adopting this function area size.

The input dimension is 121, which is still high, when the function area size is
11mm. Two methods can be used to further reduce the input dimension. One is
Part Point Selection (PPS); another one is Principle Component Analysis (PCA)
[6]. PPS, as its name implies, takes only a couple of points in function area
instead of all points with preferences. PPS can easily lower the input dimension
without losing much information because the workpiece surface is assumed to be
continuous in every direction and varied smoothly, not sharply. Only 41 points,
which locate on four lines(vertical, horizontal and two diagonals), are selected out
from all 121 points in the 11×11mm2 function area. Compared to the PPS that
is enlightened by the practical case, PCA is a pure mathematic method that is
intended to reduce correlation of components in input data. It first orthogonalizes
the components of the input vector so that they are uncorrelated with each
other; Then eliminates those components in the input vector that contribute to
variation less than specified ratio. PCA can largely elevate the performance of
MLN, but demands additional computation.
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3 Numerical Experiments

180 characteristic contact situations are defined for training and 64 for testing
and there are over 100,000 contact points in training situations and about 50,000
in testing situations. There exists one training pair according to one contact
point.

For MLN, PCA must be integrated in the training process, otherwise results
will be very poor generalization. As mentioned above, because PCA need ad-
ditional computer resource, only a part of the training sets can be involved in
the training of MLN. One hidden layer is used because more than one hidden
layer didn’t show any advantages in experiments. In comparison to MLN, SVR
doesn’t rely much on the PCA. So it is possible to get more training sets into
training. We have tried linear kernel, RBF kernel, polynomial kernel of degree
two and three. Except that the linear SVM is apparently incapable of the task,
other three kernels performed slightly different from each other depending on
the range of tube width ε. The difference can be neglected when the value of ε
is in normal work range. However, the RBF executed much faster than polyno-
mial kernels. The sigmoid kernel is not included in evaluation for two reasons.
The one is that sigmoid kernel does not always fulfill the Mercer Condition [7,
8]; another is that the sigmoid would perform similarly to RBF kernel when the
phase item θ is a very small value [9]. Therefore, in the experiments we only
consider RBF kernel in the model.

Table 1. One model for all training sets

MLN SVR
Training Neurons Mean Relative Training nSV Mean Relative
Pairs Simulation Error Pairs Simulation Error
942 8 11.2% 5160 540 8.6%
1570 10 10.5% 5160(PPS) 606 8.8%
2355 11 10.4% 6880 887 7.7%
3140 11 10.2% 6880(PPS) 675 6.5%
4710 15 10.8% 10264 933 8.2%

10264(PPS) 880 8.2%

Table (1) shows the best results of different batches of training pairs. All
models are managed to simulate the 64 contact situations after they are trained.
Mean Relative Simulation Error indicates the average simulation error of 64
testing contact situations. For MLN, the simulation error is not likely to keep
on declining when the training sets are over 3000. The error can’t fall under
10% even when getting more training sets in training and more neurons serving
in hidden layer. For SVR, only PPS is adopted for feature selection. It is very
remarkable that the results with PPS are not worse (even better) than that
without PPS. The best result of SVR is 6.5%, which is still required to be cut
down though excels 10.2% of MLN.
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To do this, a training set classification strategy is applied by close analysis of
the simulation result. Fig (2) is an example of simulation result of the SVR model
created above. It is apparent that errors are relatively bigger in the boundary
and corner of the contact area. The mapping from local Heights to forces is
dependent on the subarea, in which the calculation point locates. Therefore,
training sets (contact points) are divided into some categories according to local
contact situation (16 possibilities all together) and then train a model for each
category to further reduce the simulation error.

Fig. 2. Simulation result of one model for all. The left is the output of the FEM model;
middle is the output from SVR and right is the error between them.

Table 2. One model for each category

MLN SVR
Type Neurons Relative nSV Relative

Testing Error Testing Error
1 3 6.2% 421 3.0%
2 6 5.2% 657 4.0%
3 8 5.4% 1023 3.0%
4 10 2.7% 1081 2.0%
5 8 5.0% 659 4.0%
6 2 4.0% 657 1.9%
7 10 2.8% 1112 2.0%
8 8 2.6% 1233 2.8%
9 4 5.1% 1027 3.0%
10 10 3.1% 1092 1.9%
11 5 6.9% 680 2.4%
12 8 2.6% 1303 1.8%
13 8 2.7% 1119 1.9%
14 8 3.1% 1277 2.8%
15 8 2.6% 1273 1.8%
16 4 1.5% 1159 2.3%
MRSE 4.9% 4.1%

This time PPS and PCA are combined in MLN training and SVR uses
only PPS for feature selection. Table (2) are training results of MLN and SVR.
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SVR excels MLN once again in performance. Except type 16, SVR generalizes
a smaller testing error than MLN. The MRSE in Table (2) is the mean rela-
tive simulation error of 64 testing contact situations. The error of SVR is 4.1%
compared to MLN 4.9%. Additionally, the force distribution given by SVR looks
smoother than that by MLN. However, MLN conducts calculation much faster
than that of SVR. Operating complexity for MLN is approximate 2 × 106 times
multiplications in contrast to that of SVR, 7×107 multiplications plus 1.5×106

exponential operation. SVR requires about 1 second for one contact situation
calculation on a PC (CPU AMD Athlon 2600, 512MB memory). The ε−tube can
be relaxed in some degree to reduce the number of support vectors and hence to
accelerate the calculation as long as the average simulation error is below 5%.
It is also possible to calculate the forces on coarser mesh (less than 50 knots in
two directions) and then apply interpolation to reduce the calculation time.

4 Conclusion

This paper demonstrates a new way to model the Signorini problem using SVR
and MLN to learn the map relation rather than solve the optimization problem
each time when a new contact situation is presented. The experiments show
that both SVR and MLN can approximate the traditional FEM model with
error below 5%. SVR has a relatively better approximating precision than that
of MLN, but longer calculating time than MLN. Calculating time is reduced to 1
second compared to 15 minutes of original FEM model. This makes a real-time
simulation of belt grinding process possible and imposes the control on robots
as well.
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Abstract. The General Regression Neural Network (GRNN) is briefly
introduced. The BIC method for determining the order of Auto Regression
(AR) model is employed to select the number of input neurons, and the Genetic
Algorithm is applied to calculate the optimal smoothing parameter. The GRNN
is used to predict the vibration time series of a large turbo-compressor, and its
performance is compared with that of Radial Basis Function Neural Network
(RBFNN), Back Propagation Neural Network (BPNN), and AR. It is indicated
that the GRNN is more appropriate for the prediction of time series than the
others, and is qualified even with sparse sample data.

1   Introduction

It is difficult to accurately model complicated machinery for vibration trend
prediction due to the dynamic complexity and various influences. Therefore, the
methods for time series prediction such as Auto Regression, Auto Regression and
Moving Average, Grey Model, and Prony Exponential Model are usually employed to
solve this problem [1]. Besides, neural networks are applicable for their ability to the
approximation of any map. In this paper, GRNN is applied to vibration condition
prediction of a large turbo-compressor, and is compared with RBFNN, BPNN, and
AR.

2   General Regression Neural Network

The general regression neural network was presented by D. F. Specht in 1991 [2].
Based on nonlinear kernel regression in statistics, it can approximate the map inherent
in any sample data, and the estimate can converge to the optimal regression surface
even with sparse sample. At present, it has been applied in a variety of fields such as
system identification, adaptive control, pattern recognition, and time series prediction
[2-6].
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2.1   General Regression

From the Parzen’s nonparametric probability density estimate, the fundamental
formulation of the GRNN is deduced as follows.
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where X , iX , and iY  are the sample observations, )(ˆ XY  is the estimate

associated with the sample X , σ  is the smoothing parameter, i.e. the kernel width
of the Gaussian function, and n  is the number of samples. It can be noted that the

estimate )(ˆ XY  is the weighted average of all the sample observations iY , where the

weight for each observation is the exponential of the squared Euclidean distance

between the sample X  and iX .

From formula (1), the general regression neural network is constructed as shown in
Fig. 1.

Input     Pattern     Summation     Output

Fig. 1. Architecture of general regression neural network. It is with multi inputs and multi
outputs, and consists of 4 layer of neurons, namely input, pattern, summation, and output layer.

2.2   Genetic Training Algorithm

Different from the traditional BPNN, once the input into GRNN is given, its
architecture and weights are also determined accordingly. Therefore, training GRNN
is essentially to optimize the smoothing parameter, and thereby modify the transfer
functions of the neurons in pattern layer to obtain the optimal regression estimate.
Presently, various optimization methods are employed to improve the training
algorithm, such as the simple climbing up and the conjugate gradient [3,4].

Compared with those methods, genetic algorithm is more suitable to solve complex
optimization problem. It is originated from biological evolutions and genetics.
Because of the computation complexity, the difficulty in computing the derivatives,
and the uncertain existence of the convex derivative, the genetic algorithm is adopted
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to find the optimal smoothing parameter for its global optimization in this paper. The
genetic algorithm attempts to maximize the fitness defined as

e
f

+
=

1

1
)(σ (2)

subject to ],[ maxmin σσσ ∈ , where e  is the mean squared error obtained with the

holdout method, i.e. remove a sample from the training data, construct a GRNN with
the rest to estimate this sample observation, and calculate the resulting estimate error.
Repeat the same process for each sample, and finally obtain the mean squared value
of the error series
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The lower and upper limits of the smoothing parameter, minσ  and maxσ , are

determined respectively as follows [3].
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where minD  and maxD  are the minimum and maximum Euclidean distance of any

two samples respectively, and 0>ε  is the minimum value dependent on the PC
hardware.

It is recommended that each sample be assigned with different smoothing
parameter respectively, resulting in a better estimate [3]. While for time series
prediction, the samples are with the same attribute, therefore the smoothing parameter
is taken as a unique value in this paper.

It validates the neural network as well as optimizes the smoothing parameter,
thereby it is unnecessary to constitute the training data with additional validation data.

3   Vibration Trend Prediction of Rotating Machinery

In mathematic sense, time series prediction is a map from the field of historic record
to the field of future tendency. The mathematic model to predict the future trend in l
step ahead with m  historic data can be described as

))(,),1(())(,),(( mixixplixix −−=+ (6)
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where slmNmmmi /)(,,2,1 −−+++= , slmN /)( −−  is the number

of subsamples, N  is the length of overall sample, and s  is the number of sliding
points (usually given with 1).

GRNN is capable of approximating any map inherent in the sample data, therefore
it is applied to the vibration condition time series prediction of a large turbo-
compressor in this paper.

3.1   Selection of Input Neuron Number

It is obvious that the number of the input neurons corresponds to the length of
subsample for training GRNN, namely the dimension of the input pattern. With the
sample data given, if the input neurons are too many, the subsample will be few.
Otherwise, if the input neurons are few, the subsample will be too many. The output
of GRNN is the weighted average of all the observed samples, therefore the number
of the input neurons affects its prediction performance.

Referring to the determination of the order of AR model [1], a method to select the
number of the input neurons is proposed. Firstly, initialize the number of input
neurons according to the empirical formula for selecting the order of AR model









=
=
=

=
200~100ln/

100~402/~3/

40~202/

NNN

NNN

NN

m (7)

Then, search the optimal number of the input neurons in a range around the initial m .
After optimizing the smoothing parameter, compute the prediction error e  according
to (3) for each m . Finally, determine the optimal number of the input neurons
according to the minimum BIC value

NmeNm lnln)(BIC += (8)

In practice, the prediction error e  can also be used to evaluate the GRNN. When it
becomes small enough, the search can be terminated.

3.2   Vibration Trend Prediction

The GRNN is applied to predicting the vibration trend of a large turbo-compressor in
petrochemical industry. The rated speed and power of the machine are 12300 rpm and
2500 kw respectively. The radial displacement vibration signal of the rotor is acquired
in-field with the sampling frequency being 8000Hz. The important index for the
evaluation of vibration condition, namely peak-peak value is employed to predict the
vibration trend of the machine. The obtained peak-peak time series is shown as Fig. 2,
which is composed of 46 observations with the interval being 1 hour. The first 40 data
are used as the training data, and the rest as the test data.

Firstly, according to the minimum BIC (BIC vs. number of the input neurons is
shown as Fig. 3), the number of input neurons is determined as 12, and 17 subsamples
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are resulted consequently. Then, by virtue of genetic optimization, the optimal
smoothing parameter is found to be 0.671. Finally, given these parameters, the GRNN
is determined, and the time series is predicted, with the results denoted by Fig. 4 and
Table. 1.

Fig. 2. Vibration peak-peak time series. It is composed of 46 observations. The first 40 data are
used as the training data, and the rest as the test data

Fig. 3. BIC vs. number of input neurons. According to the minimum BIC, 12 input neurons are
set for the GRNN

Fig. 4. Prediction of test data. The last 6 observations are predicted with GRNN, RBFNN,
BPNN, and AR respectively

Table 1. Results of vibration trend prediction

Method Architecture Smoothing parameter MSE of sample MSE of test
GRNN 12-17-2-1 0.671 0.299 0.249

RBFNN 12-17-1 0.853 0.399 0.293
BPNN 12-10-1 - 0.885 1.409

AR - - 0.367 0.480
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For performance comparison of various methods, the predictions based on the
RBFNN, BPNN, and AR are also studied, and the results are shown as Fig. 4 and
listed in Table. 1.

It is obvious that the prediction by GRNN reflects the trend and fluctuation of the
machine vibration condition even with sparse sample data as few as 40, and its
accuracy is higher than the others for either the training data or the test data. Although
the prediction by RBFNN is of the same level with that of GRNN, its training with the
error back propagation algorithm is more time consuming. The prediction by BPNN is
far different from the real observations. AR is a linear regression model, so that its
prediction cannot reflect the nonlinear dynamics of the time series accurately.

4   Conclusions

GRNN can approximate any map inherent in the observation samples with one-pass
learning. By virtue of the proposed method for selection of the input neurons, and the
genetic optimization of the smoothing parameter, it outperforms RBFNN, BPNN, and
AR for the prediction of machine vibration trend time series, and is qualified for this
task even with sparse sample data.
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Abstract. Starting from an equivalent presentation of projection to la-
tent structures (PLS), a novel nonlinear PLS approach is presented where
both nonlinear latent structures and nonlinear reconstruction are ob-
tained straightforwardly through two consecutive steps. First, an radial
basis functions (RBF) network is utilized to extract the latent structures
through linear algebra methods without the need of nonlinear optimiza-
tion. This is followed by two feed-forward networks (FFN) to recon-
struct both the original predictor variables and response variables. The
proposed algorithm exhibits fast convergence speed and its efficiency is
assessed through both mathematical example and modelling of a pH
neutralization process.

1 Introduction

PLS is a popular linear regression method based on projecting the information
in a high dimensional space down onto a low dimensional space defined by some
latent variables. It is successfully applied in diverse fields to deal with noisy and
highly correlated data whereas only a limited number of observations available
[1]. However, data from practical situations such as industrial plants generally
exhibits strong nonlinear behavior. In order to address the inherent nonlinearity,
a number of approaches have been proposed to extend PLS to the nonlinear case
(c.f. [2, 3, 4] and refer to [5] for a survey).

However, these approaches suffer from being capable of presenting linear la-
tent structures only or demanding optimization of complex networks. In this
paper, based on an equivalent presentation of PLS which illustrates that linear
PLS can be performed by a projection step and a reconstruction one consecu-
tively, a nonlinear PLS algorithm is presented along the same line by employing
one RBF network to extract the latent structures and two FFNs to reconstruct
the original variables. The potential benefits of the proposed approach is assessed
through both a mathematical example and a pH neutralization process.
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2 An Equivalent Presentation of Linear PLS

PLS is originally characterized as an iterative bootstrap process and its related
mathematical properties can be found in [1]. Assuming that both X and Y as-
semble the variables in their columns and have zero-mean and unit-variance,
statisticians have presented a perspective of PLS in favor of more interpretable
version such as [6]. In fact, it can be proven that finding the i-th linear latent
variable ti = Xwi of data matrices X and Y can be reformulated as an opti-
mization problem [7]:

wi = arg max
q∑

j=1

〈ti,yj〉2 =
q∑

j=1

〈Xw,yj〉2 (1)

subject to

wT w = 1 and wT ΣXWi−1 = 0T (2)

where ΣX = XT X and Wi−1 = [w1, . . . ,wi−1]. Furthermore, regressing be-
tween the obtained ti and the original X and Y will result in the similar decom-
position:

Ei = Ei−1 − tipT
i with pi =

XT ti

tT
i ti

(3)

Fi = Fi−1 − tirT
i with ri =

YT ti

tT
i ti

(4)

Note that in both (3) and (4) the regression coefficients pi and ri associate with
the original X and Y.

According to the presented equivalent presentation, PLS can be regarded as,
roughly speaking, two related but relatively independent steps:

1. Projection step: to calculate the latent variables which have maximum co-
variance with the response variables under certain regularization constraints.

2. Reconstruction step: providing the latent variables T are obtained, it can
then be utilized to reconstruct the original data X and Y or, equivalently,
to deflate them.

3 Nonlinear Projection to Latent Structures

Although different presentations of linear PLS are mathematically equivalent,
the extensions of linear PLS may have different possibilities providing distinct
performance rules are employed for nonlinear methodologies. Recognizing that
the predictor variables can correlate nonlinearly with each other and with the
response variables, in this paper, both the projection and reconstruction steps
are identified through nonlinear neural networks.
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3.1 Nonlinear Optimization Objective Functions

As aforementioned, the main idea of PLS is to perform the projection step to
attain the latent variables T and then the reconstruction step to reproduce
the original data. Intuitively, if T is related to the original process variables
X through certain nonlinear relationship, the projection part of PLS is then ex-
tended to the nonlinear case. Analogously, if the original X and Y are reproduced
by T nonlinearly, the reconstruction part will then also be nonlinear.

Nonlinear projection. For the i-th latent structure ti, analogous to (1), as-
suming that ti = gi(X) where function gi(·) is certain nonlinear mapping satis-
fying specific regularization constraints, the search of ti can then be formulated
as:

maximize
ti

J(ti) =
q∑

j=1

〈ti,yj〉2 (5)

where Y = [y1, . . . ,yq]. After ti is obtained, it can then be employed to recon-
struct the original data X and Y.

If it is required that A latent variables T = [t1, . . . , tA] = g(X) should be
extracted simultaneously, (5) can be modified correspondingly:

maximize
ti

J(ti) =
q∑

k=1

〈ti,yk〉2 , for i = 1, . . . , A (6)

subject to the orthogonality constraint tT
i tj = 0, for j < i.

Suppose that an RBF network illustrated in Fig.1 is employed for the ex-
traction of latent structures. Denote C and σ the centers and the corresponding
widths of the RBF function, respectively. For input patterns X ∈ �n×p, let
f(X) ∈ �n×h be the output of neurons in the RBF hidden layer where h is the
number of neurons in the hidden layer. The k-th latent variable tk = f(X)wk

can then be formulated as

maximize
wk

J(tk) =
q∑

i=1

〈f(X)wk,yi〉2 (7)

subject to wT
k wk = 1 and tT

i tj = 0, for j < i. Let

B =
q∑

i=1

fT (X)yiyT
i f(X) = fT (X)YYT f(X)

Eqn.(7) can thus be represented as

maximize
wk

J(tk) =
q∑

i=1

〈f(X)wk,yi〉2 = wT
k Bwk (8)

It is apparent that this is a linear PLS problem or equivalently, to find the first A
linear latent structures between data f(X) and Y. It can be solved using linear
algebra methods directly.
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The Obtained
Nonlinear

Latent
Structures

X̂

Ŷ

X
T

W

T

Fig. 1. Architecture of networks to perform nonlinear PLS. Nodes with curves represent
nonlinear activation functions and straight lines the linear ones

Nonlinear reconstruction. The step aims at minimizing the reconstruction
errors X̃ = X − X̂ and Ỹ = Y − Ŷ. Because a neural network with one hidden
layer of sigmoidal units can model any nonlinear function with bounded number
of hidden units [8], two separate networks are employed to reconstruct X and Y
from the obtained T, respectively.

Therefore, the proposed nonlinear PLS algorithm can be regarded as the
combination of two steps:

1. Extract the latent structures by the RBF network through linear algebra
without nonlinear optimization introduced. The centers C and widths σ of
the Gauss RBF network are determined independently prior to the calcu-
lation of weights W through clustering methods such as k-means and the
corresponding width determination algorithm [9].

2. Reproduce or reconstruct the original data X and Y using two indepen-
dent networks as shown in Fig.1, whose structures are determined by cross-
validation, through extensively investigated methods such as error back-
propagation and Levenberg-Maquardt algorithm [10].

4 Results

4.1 Example 1: A Simulation Problem

A mathematical example is devised to assess its efficiency. It is defined as

x1 = t2 − t + 1 + ε1

x2 = sin t + ε2

x3 = t3 + t + ε3

y = x2
1 + x1x2 + 3 cos x3 + ε4

where t is uniformly distributed over [-1, 1] and εi, i = 1, 2, 3, 4, are noise com-
ponents uniformly distributed over [-0.1, 0.1].

The generated data with 300 samples is segmented into training, validation
and testing data sets consecutively with equal length. One latent structure is
retrieved. The number of neurons in the hidden layers for the RBF network
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with Gaussian functions and two feed-forward networks with sigmoidal functions
to reconstruct X = [x1, x2, x3] and Y = y are finally chosen as 9, 8 and 15
respectively through cross-validation. Mean-squared-errors (MSE) of response
variables Y is used to determine the network architecture. The results are listed
in Table 1. Results using linear PLS are also included for comparison. It is
plain to see that the proposed approach provides a better presentation of the
underlying problem than the linear PLS method.

Table 1. The MSE for training, validation and testing data sets

Data 1 LV NLPLS 1 LV PLS 2 LVs PLS 3 LVs PLS
Set MSEX MSEY MSEX MSEY MSEX MSEY MSEX MSEY

Train 0.0190 0.0543 0.0337 0.2984 0.0051 0.0899 0.0000 0.0818
Validation 0.0211 0.0821 0.0304 0.3225 0.0053 0.1227 0.0000 0.1088

Test 0.0186 0.0850 0.0257 0.2664 0.0056 0.1258 0.0000 0.1070

4.2 Example 2: Modelling of a Neutralization Process

In this example consider a well-known highly nonlinear pH neutralization pro-
cess taking place in a CSTR (Continuous Stirred-Tank Reactor) with two input
streams of acetic acid and sodium hydroxide. The data sets are generated by
adding multi-level random perturbations to the flow rate of acetic acid u(t)
while keeping the other inputs to the reactor constant. The output pH measure-
ments y(t) are corrupted with random noise with the distribution N(0, 0.2). The
dynamic models are of the form y(t) = f [y(t− 1), y(t− 2), u(t− 1), u(t− 2)] and
refer to [11] for details.
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Fig. 2. Predictions of the model on testing data set

The training data set is therefore 4-dimension and contains totally 298 sam-
ples. Finally three latent structures are extracted and the number of neurons in
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the hidden layers for the RBF network with Gaussian functions and the recon-
struction networks with sigmoidal functions for X and Y are chosen as 4, 10 and
20 respectively through cross-validation. The corresponding prediction result for
unseen testing data shown in Fig.2 is very satisfactory.

5 Conclusions

Based on an equivalent presentation of PLS, a novel nonlinear PLS approach
is presented where both nonlinear latent structures and nonlinear reconstruc-
tion are obtained straightforwardly through two consecutive steps. Its efficiency
is demonstrated through both mathematical example and a pH neutralization
process.
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Abstract. This paper presents a new method of using ANN (Artificial Neural
Networks) to solve the inverse problem: predicting reinforced concrete (RC)
beams flexural load rating (ratio of flexural load to ultimate bearing capacity)
given apparent damage parameter (crack width, crack height, deflection). A hy-
brid algorithm (G-Prop) that combines a genetic algorithm (GA) and BP (back-
propagation) is used to train ANN with a single hidden layer. The GA selects
the initial weights and changes the number of neurons in the hidden layer
through the application of specific genetic operators. The case study shows that
ANN based on GA and BP is a powerful instrument for predicting flexural load
rating and further for evaluating RC beams safety.

1   Introduction

Up to now, a proof load test [1] is the more appropriate method to assess the actual
load carrying capacity of a bridge. A successful proof load test demonstrates immedi-
ately that the resistance of the bridge is greater than the proof load. However exten-
sive load testing programs are very costly. It should be recognized also that there is a
risk that the structure will be damaged or not survive a proof load test (referred to
herein as test risk) and so proof load testing may not always be cost-effective. So a
new method to predict load rating (ratio of bearing load to ultimate bearing capacity)
and further to evaluate safety of RC beams of bridges without carrying out load test-
ing is cried for in practical engineering. It is a fact that the relative size between load
and resistance appears through structural element’s apparent damage parameter (e.g.
crack width, crack height, deflection etc.) [2,3]. China standard of “Technical Speci-
fication of Maintenance for Highway” [4] specified that maximum of vertical crack
width near the main steel is 0.25mm for reinforced concrete beams, but witch always
is considered from durability and can’t be used as standard to evaluating the safety of
RC beams.
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There are seldom study concerning predicting flexural load rating of RC beams
through their apparent damage parameter seen in last literatures. Literature [5] pro-
posed two simple formula by carrying out dead-load test and regression analysis of
testing results of RC beams. But their calculating errors are too big to be used in
practice.

The relationship between flexural load rating and apparent damage parameter of
RC beams is too complex to be represented by explicit mathematical function. This
paper presents a new method of using ANN (Artificial Neural Networks) to solve the
inverse problem: predicting load rating given apparent damage parameter. Witch aims
to provide engineering assessor with a useful approach.

2   BP Neural Networks

An artificial neural network [6] is a massively parallel distributed processor made up
of simple processing units (neurons), witch has a natural propensity for storing expe-
riential knowledge and making it available for use. It resembles the brain in two re-
spects: ① Knowledge is acquired by the network from its environment through a
learning process. ② Inter neuron connection strength ,known as synaptic weights, are
used to store the acquired knowledge. Any kinds of nonlinear mapping can be im-
plemented by a three layer feedforward neural network. In an implicit sense, the
learning process must decide witch features of the input pattern should be represented
by the hidden neurons. The learning process is therefore made more difficult because
the search has to be conducted in a much large space of possible functions, and a
choice has to be made between alternative representations of the input pattern. The
development of the back-propagation algorithm represents a landmark in neural net-
works in that it provides a computationally efficient method for the training of multi-
player ANN. For detail, refer to [6].

3   Genetic Algorithms

Genetic algorithms (GAs) [7,8] are new global optimization techniques based on the
principles of natural evolution. GA operates on the population of potential solutions
(also called chromosomes) to a problem. A notion of fitness is used in GA to measure
the “goodness” of a candidate solution (chromosome). Genetic operators of selection,
crossover, and mutation are repeatedly applied to the population to increase the fit-
ness of chromosomes.

The success of employing GA to solve a given optimization problem greatly de-
pends on correctly choosing the fitness function. Fitness function must provide posi-
tive values and must be maximized. Representation of candidate solution is another
important issue in GA-based optimization. Traditionally, GA use binary encoding to
build chromosomes. Therefore, an adequate mapping of problem variables to binary
strings and vice versa is required.
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Selection operator randomly chooses chromosomes from the population to produce
a new population with the probabilities proportional to the values of fitness of chro-
mosomes. Two other genetic operators: crossover and mutation are applied to the new
population.

The crossover operator randomly picks two chromosomes and mates them pro-
ducing two child chromosomes. To this end, first the split point in chromosomes is
randomly chosen, then child chromosomes are generated, each of them inheriting the
genes up to the split point from one parent, and from that point on from the other
parent. Mutation randomly picks one of the bits in a chromosome and flips it. Fig.1
expresses how to generate offspring (an elite preservation strategy is adopted).

Fig. 1. Generate a new population. This shows how to generate offspring (an elite preservation
strategy is adopted).

4   ANN Based on GA and BP

4.1   Back-Propagation ANN

In this paper, a three-layer feedforward neural network [9,10] is established to map
the nonlinear relationship between apparent damage parameter (including crack
width, crack height, deflection) and load rating of RC beams. Recently, literature [5]
has carried out a dead-load test of reinforced concrete beams and has done regression
analysis of the test data. Based on witch, he then pointed out that crack intervals
couldn’t be used to deduce load rating because of dependency relation between them
is not distinct enough. So according to literature [2,3,5], the input layer to the network
consists of nine neurons: crack width, relative crack height, deflection, concrete com-
pression strength, reinforcement ratio, steel bar yield strength, steel bar diameter,

bond stress, cover thickness, they are vector X : 1x , 2x , 3x ,… , 9x  respectively.

The number of neurons in the output layer is one, which corresponds to the number of
output: load rating, it is vector y . The reader is reminded that in this paper relative

crack height refers to the ratio ha  and load rating refers to umm (where a  is the

crack height, h  is the beam depth, m  is the moment load, um  is the flexural ulti-
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mate load-bearing capacity, respectively). Fig.2 shows the architecture of the neural
network.

Fig. 2. Architecture of back-propagation neural network. This shows the architecture of the
neural network.

4.2   Hybrid Algorithm Based on GA and BP

Even as BP methods are successfully used in many fields, due to its leaning ability, it
does encounter certain difficulties in practice [11]: ① convergence tends to be ex-
tremely slow and very dependent on the initial weights; ② convergence to the global
optimum is not guaranteed; ③ learning constants and hidden layer size must be
guessed heuristically or through systematic tests. Evolutionary neural networks are a
more efficient way of searching, but still, they search over a subset of all possible
parameters. The hybrid approach of GA and BP to train ANN makes use of the ca-
pacity of both algorithms: the ability of the GA to find a solution close to the global
optimum, and the ability of the BP to tune a solution and reach the nearest local
minimum by means of local search from the solution found by the GA.

GA is used to modify the initial weights only, while BP is used to train from those
weights. This makes a clean division between global and local search. The hidden
layer size is searched throughout the application of some new GA operators: substitu-
tion, addition and elimination. These operators are developed to perform incremental
(adding hidden neurons) or decremental (pruning hidden neurons) learning. For de-
tail, refer to [11]. This paper used MATLAB [12,13] to develop the calculating pro-
gram.
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5   Application, Results, and Evaluation

The objective of this study is to investigate the feasibility of using neural networks to
estimate flexural load rating given apparent damage parameter. Currently there is no
simple solution available to solve this inverse problem. In order to use neural net-
works, a reliable comprehensive dataset is needed for training and testing the net-
works. Dataset used in this paper is come from literature [5]. In literature [5], all
beams were designed to fail in bending and tested in flexure under third point load-
ing. The load was applied following successive increments. For each increment load,
measurements of strains, deflection and crack openings were measured. The patterns
in the dataset were divided into two sets. The first set is used for training the network.
The second set consisted of the remainder patterns and was used for testing the
trained network. Overall procedure of this study is shown in fig.3.

Fig. 3. Load rating prediction procedure. There is preparation phase and application phase.

In the preparation phase, firstly, neural network was trained using training data.
The regression error computed according to crack-width and crack-height in literature
[5] are 20.4923%~72.3193, 0.5200~39.5293% respectively. However, the error of
prediction of network is only 0.0351~9.9.82%. Error comparison is demonstrated in
Fig. 4. Fig. 4 shows that, for training data, the error between prediction and actual
values is less than the error between regression results according to literature [5] and
actual values dramatically.

In the application phase, after the neural network was trained using the training
data, it was applied to test data. The regression error computed according to crack-
width and crack-height in literature [5] are 20.7%~72.7, 0.5~61.5% respectively.
However, the error of prediction of network is only 4.35~9.36%. Error comparison is

 Preparation phase 

Learning data(apparent damage
parameter, load rating) 

Neural network 

Trained neural
network GA and BP 

Apparent damage parameter 

Load rating 

Load rating prediction 

converge 
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demonstrated in Fig. 5. Fig.5 shows that, for testing data, the error between prediction
and actual values is less than the error between regression results according to litera-
ture [5] and actual values dramatically.

Fig. 4. Comparison of relative error for training data. It is noted that the relative error

rrre nn −= , rrre ww −= , rrre hh −= . r is the actual value of flexural load-

bearing condition of RC beams; 
nr  is the ANN prediction value; 

wr  and 
hr  are the calculated

values by regression formula according to crack width and relative crack height respectively in
literature [5].

Fig. 5. Comparison of relative error for testing data.

The real power of the network is demonstrated in Fig.4 and Fig.5, witch show very
good agreement between predicted and actual values for both the training and testing
data. The ANN trained by the hybrid algorithm of GA and BP obtains a much high
degree of generalization and can be used in practice.

6   Conclusion

Based on fact that the relative size between load and resistance of reinforced concrete
beams appears through apparent damage parameter, a neural network was designed
and trained for solving the inverse problem of flexural load rating: given crack width,
relative crack height, deflection, concrete compressive strength, steel ratio, steel yield
strength, steel bar diameter, steel bar bond coefficient, cover thickness. G-Prop, an
algorithm to train ANN based on GA and BP, is used to obtain a much higher degree
of generalization and minimize the number of hidden units. At the same time, GA is a
good strategy to avoid local minima.
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A load test results dataset has been used to test the proposed methodology. The re-
sults show that ANN can predict load rating quite accurately. Hence, the feasibility
and effectiveness of using this technology to solve real world problems is demon-
strated.
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Abstract. This paper presents an two weighted neural network approach to de-
termine the delay time for a heating, ventilating and air-conditioning (HVAC)
plan to respond to control actions. The two weighted  neural network is a fully
connected four-layer network. An acceleration technique was used to improve
the General Delta Rule for the learning process. Experimental data for heating
and cooling modes were used with both the two weighted  neural network and a
traditional mathematical method to determine the delay time. The results show
that two weighted  neural networks can be used effectively determining the de-
lay time for AVAC systems.

1   Introduction

Since Wang shoujue proposed two weighted  neural network[1], it have widely ap-
plied pattern recognition[2]、control theory[3] and approximation theory[4] . In my
paper, we will apply two weighted  neural network approach to determine the delay
time for a heating, ventilating and air-conditioning (HVAC) plan to respond to con-
trol actions.

Figure 1 denotes the control system of a general heating, ventilating and air-

conditioning. ( ),tu ( )ty , ( )tr , ( )te  denote the controlling parameter, controlled

parameter, defining parameter and error. Given a signal (as figure 2), the system will
responds as figure 2. In this figure, the interval BC at which y(t) ascending from 5%

to 95% is defined as ascending time ( )Ts . And the interval AB at which system does

not respond is defined as delay time ( )Td . The interval AC is defined as responding

time ( )Tr . Ascending time is relevant with system and controller, but delay time is

only relevant with system.
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Fig. 1. Two weighted neural networks feedback control system.

Delay time can also be defined by Dirac pulse. In theory, a Dirac pulse would re-
spond at Y  when a Dirac pulse happened at U (as figure 3b). But, in fact, the system
responds as figure 3c. The interval of the pulse is defined as delay time. In general,
the output of a controller can be parsed as a serial of Dirac pulse (as figure 4a). The

system will produce a responding curve ( )ty , which looks like ( )tu (as figure 4b).

Every response has its own delay time. The comprehensive response of linear system
to continuous control signal has the same delay time. Then, we can determine the

delay time by comparing ( )tu and ( )ty .

In this paper, we use two weighted neural network to determine the delay time of

system. At first, get some control signal: ( ) ( ) ( ) ( ) ,,,,2,,0 nTcuTcuTcuu and

the corresponding responses:

( ) ( ) ( ) ( ) [ ]( ) [ ]( ) [ ]( ) ,,,,2,1,,,2,,0 TcknyTcnyTcnynTcyTcyTcyy +++
(Tc  is the sample interval). If the response of control signal ( )nTcu

is [ ]( )Tckny + , then the delay time dT  is the product of sample times and sample

intervalTc :

Fig. 2. The response of system.

Fig. 3. The response of Dirac pulse.(a)Dirac pulse (b)Ideal response (c)Practical response
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Fig. 4 (a). The practical response of control. (b) Resemble coefficient.

                           Cd TKT •=  .                                                   (1)

The array ( ) ( ) ( ),,,2, nTcuTcuTcu  is much is the ar-

ray [ ]( ) [ ]( ) [ ]( ),,,2,1 TcnkyTckyTcky +++ . We can determine the delay

time by check whether ( )iTcu resemble [ ]( )Tciky +  ( )ni ,,2,1= . Shown as

Figure 5, when ( ) [ ]( )TcikyiTcu += , the output of z  is 1, else the output of z  is

less than 1.0. The more ( )iTcu resembles [ ]( )Tciky + , the more the value of
z approaches 1.0. Here, we define z as resemble coefficient. In the paper, two

weighted  neural network has two inputs, the one is ( )iTcu , and the other

is [ ]( )Tciky + . The time corresponding to k  which make the largest output of two

weighted  neural network is delay time (as formula (1)).

2   The Design of the Two Weighted Neural Network

2.1   Two Weights Neural Network

The model is ( )









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−−
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1
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In which:Y is the output of neuron ; f(…) is the neuron activation function;
jX  is

neuron jth input;
jW '

jW  are direct weight and kernel weigh;θ is the threshold; n  is the

dimension of input.We can easily get: if S=1,P=1 and all W are zero, then the above
equation becomes the traditional BP neuron; if S=0,P=2 and all the W are one, then
the neuron becomes RBF neuron; if S=0, change the value of W and P, and if the
basis of function f (…) is zero, the track of input X becomes the following closing
hypersurfaces Fig 5.
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Fig. 5. Closing hypersurfaces of Two weighted neural

2.2   Topology Structure of Two Weighted Neural Network

The two weighted neural network’s topology is shown in figure 6. The first layer is
input layer which has two input node. The forth layer is the output layer which only
has one neuron. The second and third layer both has five neurons. The output of con-
troller and the response (temperature) which is normalized is the input of the two
weighted  neural network. Every neuron is a Sigmoid function. The output of two
weighted  neural network is between 0 and 1. The weights of the two weighted neural
network were adjusted by the two weighted neural networks algorithm[3].

Fig. 6. The topology of the weighted neural network.

We adapt two two weighted  neural network in our experiment, one of them has
three layers, and the other has four layers. Every hide layer of the two weighted  neu-
ral network both has five neurons. The simulation was shown in figure 7 and figure 8.
The two criterions, mean square error (Ea) and the largest error (Em), are used to
assess our two weighted  neural network. The criterions were defined as follows:

( )∑
=

−=
bN

b
bb

b
a YD

N
E

1

21
                                            (2)
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 ( ){ }bbm YDabsE −= max                                           (3)

bD is between 0 and 1 which is the expect output of input state b in one circle of

study; bY is the actual output, which is between 0 and 1. bN is the number of input

state in one circle of study. The learning algorithm also has a powerful influence on
the two weighted neural network[4].

3   Experiment

The HVAC in our experiment was composed with 2000-cfm fan-winding-pipes, re-
frigeration, cold water, hot water and steam-winding-pipes, a controller used to con-
trol the temperature of return wind. When heating, air is heated by steam; when
cooling, air is cooled by cooler. Different operation has different delay time.

Fig. 7. The mean resemble coefficient of heating.

Fig. 8. The mean resemble coefficient of cooling

We get signals (control signal and the temperature of return wind) from controller
with data sample system. And then the signals were normalized between 0 and 1. The
two weighted  neural network can get resemble coefficients with interval K. In figure
7, curve 1 depicts the result of heating. In figure 7 curve 1 depicts the result of cool-
ing. In figure 7, the largest resemble coefficient is 0.5 at 18=k , the interval of sam-
ple is 2.12 minute, so, the delay time of heating is 86. 1 minute. In figure 8, the larg-
est resemble coefficient is 0.84 at 15=k , so the delay time of cooling is 50 minute.
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4   Conclusion

In this paper, a two weighted  neural network with four layers was used to determine
the delay time of HVAC system. The simulation and experiment denote that two
weighted  neural network is efficient in determining the delay time of HVAC system.
Compared with conventional algorithm, two weighted  neural network can eliminate
the interrupt of input noise by adopting the bias and coefficient of the neuron. Then,
two weighted neural network is more precise than conventional algorithm. It can be
used on controller to predict system delay time. When learning, the acceleration algo-
rithm can improve the conventional learning algorithm, it lower the output error and
accelerate the convergence.
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Abstract. Evolutionary artificial neural network is applied for the prediction of
the slope stability from the geotechnical material properties and the slope
geometries. Coupling the genetic algorithm with artificial neural network, an
effective forecast procedure is presented to analyze slope stability. In order to
deal with the local minimal problem of artificial neural network with Back-
Propagation rule, the connection weights of the artificial neural network are
changed by using the genetic algorithm during the iteration process. The
practical application demonstrates that the forecast of slope stability using
artificial neural network is feasible and a well trained artificial neural network
reveals an extremely fast convergence, a better generalization and a high degree
of accuracy in the intelligent forecast for the slope stability.

1 Introduction

The majority of slope stability analyses performed in practice still use traditional limit
equilibrium approaches. A difficulty with all the equilibrium methods is that they are
based on the assumption that the failing soil mass can be divided into slices[1]. This
in turn necessitates further assumption relating to side force directions between slices,
with consequent implications for equilibrium. The economic and social values of
slope stability analysis are very high. As a result, the problem has attracted many
researchers in the area of computational intelligence recently. A powerful technique,
artificial neural networks, has begun to be used in industry. Neural networks are
nonlinear dynamic systems that have important features, such as self-learning,
adaptive recognition, nonlinear dynamic processing and associative memory. They
have the ability to learn knowledge from historical data and bring forth new
knowledge and generalization. The most frequently used Back-Propagation neural
networks have a set of problems: dependence on initial parameters, long training time,
lack of problem-independent way to choose appropriate network topology and
incomprehensive (Black box) nature of ANN. This paper uses the genetic algorithm to
address some of these problems. In order to improve global convergent characteristics
of ANN, the genetic algorithm is employed to evolve the connecting weights of
neural network.
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2 Artificial Neural Networks

An artificial neural network is a biologically inspired computational model formed
from hundreds of single units, artificial neurons, connected with coefficients
(weights) which constitute the neural structure[2]. The Back-propagation networks,
shown as Fig. 1, consist of an input layer, one or more hidden layers and an output
layer.

Fig. 1.  Schematic diagram of multilayer neural network

For the hidden layer or output layer, each neuron forms a weighted sum, which is
the input of every neuron. It can be described as follows:
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Where  u j p and v k p are the net input of neuron j and k of the pth training pair in the
hidden layer and output layer. xi p and yj p are the net output of neuron i and j of the pth
training pair in the input layer and hidden layer. wi j and  qk j are the weights linking
input layer and hidden layer and the weights linking hidden layer and output layer.
The artificial neuron is the building component of the ANN designed to simulate the
function of the biological neuron. The arriving signals, called inputs, multiplied by the
connection weights(adjusted) are first summed (combined) and then passed through a
transfer function to produce the output for that neuron. The activation function is the
weighted sum of the neuron’s inputs and the most commonly used transfer function is
the sigmoid function. The output of the neuron j or k of the pth training pair in the
hidden layer or in the output layer is calculated using the logarithmic sigmoid transfer
function
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Where θj and θk are the biases of neuron j and k respectively. Z k p is the output of the
neuron k of the pth training pair in the output layer. In general the output vector,
containing all zkp of the neurons of the output layer, is not the same as the true output
vector. This true output vector is composed of the summation of okp. The error
between these vectors is the error made while processing the input-output vector pair
is calculated as follows
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Where zkp and okp are the actual and desired outputs of neuron k respectively.

3 Training Neural Networks with Genetic Algorithm

Since error surfaces of objective function for neural networks can be quite complex
with many local optima, the genetic algorithm seems to be better suited for this type
search. The genetic algorithm searches from one population of points to another,
focusing on the area of the best solution so far, while continuously sampling the total
parameter space. When a network is trained with a database containing a substantial
amount of input and output vector pairs the total error E can be calculated.
Evolutionary neural network was widely applied for breast cancer diagnosis，pattern
recognition, expert system and electric load forecasting [3,4,5]. The algorithm used to
train network makes use of the genetic algorithm. The algorithm is more powerful
than the common used gradient descent methods because the genetic algorithm makes
training more accurate and faster near global minima on the error surface. For the
model, the architecture of the network was determined to be a three-layer fully
connected feed-forward network and the weights between the layers were allowed to
adjust according to the constraints given and the function to be optimized[6].

The weights between the layers were constrained to vary between -4 and 4.
Notably, the values for nodes in the input layer are usually normalized to the range
between 1 and-1 in training an ANN. To reduce the training error, the connection
weights are changed during a completion of a forward and backward pass by
adjustments(∆w,∆q) of all the connections weights. Equations (6) and (7) calculate
those adjustments by using genetic algorithm. This process will continue until the
training error reaches a predefined target threshold error. By using the genetic
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algorithm to minimize the mean squared difference between the desired and actual
network outputs, the connecting weights are adjusted by the following

t
ij

t
ij

t
ij www ∆+=+1  . (6)

t
ij

t
ij

t
ij qqq ∆+=+1  . (7)

Where t
ijw∆ and t

ijq∆  are the weight adjustments based on the computation of

genetic algorithm. The main operations of genetic algorithm include the
recombination, mutation and selection. Recombination is a process by which
information contained in two candidate solutions is combined. In the recombination,
each individual is first paired with an individual at random. Let a pair of present

individuals be given by[ tpα , tpβ ]. A new pair [ 1+tpα , 1+tpβ ] is then created in terms of

a phenomenological recombination formula:

ttt ppp βαα µ +−=+ )1(1  . (8)

ttt ppp αββ µµ +−=+ )1(1  . (9)

Where µ is defined by a normal distribution with mean 0 and standard deviation σ.

)N(0, 2σµ =  . (10)

A new pair similar to the present pair can be created, provide that µ is closed to zero,
and they are different as far as µ is not equal to zero.

Mutation is a process by which vectors resulting from selection and recombination
are perturbed. The intuition behind the mutation operation is the introduction of some
extra variability or diversity into the population. The main role of mutation is to
provide genes not present in the initial population so as to prevent stagnation at local
optima. This may be important if the initial population size is a small subset of all
possible solutions. The mutation is conducted with only a small probability by

definition. An individual, after this mutation, 1+t
ip , is described as

},{1 t
iup

t
idown

t
i pprandp =+  . (11)

Where pup and  pdown are the upper and the lower bounds of the parameter, respectively.
Selection is simply the copying of quality solution in proportion to their effectiveness.
The selection operator is used to determine which population members are chosen as
parents that will create offspring for the next generation. The essential idea of all
these strategies is that the above-average chromosomes are picked from the current
population in a probabilistic manner. The evaluation of the fitness can be conducted
with a linear scaling, where the fitness of each individual is calculated as the worst
individual of the population subtracted from its objective function value.
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Where fj is the fitness of j-th individual. In the selection process, the reproduction
probabilities of individuals are given by their relative fitness:
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The main steps for the weight adjustments of neural networks with genetic
algorithm are shown as follows: Step 1: determine the domains of weights and biases
of neural networks. Step 2: randomly generate an initial population of candidate
solutions. Step 3: compute the fitness of each individual. Step 4: execute
recombination operation. Step 5: execute mutation operation. Step 6: execute select
operation. Step 7: execute stopping criterion. If stopping criterion can not be reached,
then, go to Step 3; otherwise, the weight computation stops. When the ANN produces
the desired output the weighted links between the units are saved. These weights are
then used as an analytical tool to predict results for a new set of input data. This is a
recall or prediction phase when network works only by forward propagation of data
and there is no backward propagation of error. The output of a forward propagation is
the predicted model for the validation data.

4 Application of Neural Networks to Slope Stability Analysis

As shown as Figure 2, the factors influencing slope stability include the unit weight of
the soil γ, cohesion c, internal fraction angle ϕ, slope angle α, slope height H and pore
pressure ration γu.

Fig. 2. Definition of geometric parameters of a typical slice circle

As a result, there were six neutrons in the input layer of ANN, 32 neutrons in the
hidden layer and 1 neutron in the output layer. Designing network architecture
requires more than selecting a certain number of neurons, followed by training only.
Especially phenomena such as over-fitting and under-fitting should be recognized and
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avoided in order to create a reliable network. And 46 input-output samples were
gotten from reference[7]. After training ANN with the practical engineering samples,
the prediction of slope stability for the other 10 cases of the slope failure are done
with well trained ANN. Basic character parameters of geotechnical slopes and
comparison between the practical states and the forecasting states are shown in Table
1. The practical application of proposed intelligent forecast procedure for slope
stability shows that a well trained artificial neural network reveals an extremely fast
convergence, a better generalization and a high degree of accuracy.

Table 1. Basic character parameters of geotechnical slopes and the comparison between the
practical states and forecasting states

No. γ/kN⋅m-3 c/kN⋅m-2 ϕ/° α/° H/m uc Slope states#
1
2
3
4
5
6
7
8
9
10

18.84
28.44
28.44
21.43
19.06
18.50
21.51
31.30
25.00
27.00

0.00
29.42
39.23
0.00
11.71
25.00
6.94
68.00
46.00
35.00

20.00
35.00
38.00
20.00
28.00
0.00
30.00
37.00
35.00
35.00

20.0
35.0
35.0
20.0
35.0
30.0
31.0
47.0
50.0
42.0

7.62
100.0
100.0
61.0
21.0
6.0
76.8
213.0
284.0
359.0

0.45
-
-
0.50
0.11
-
0.38
-
-
0.25

Failed/ Failed
Stable/ Stable
Stable/ Stable
Failed/ Failed
Failed/ Failed
Failed/ Failed
Failed/ Failed
Failed/ Failed
Stable/ Failed
Stable/ Stable

#Note: Practical states/Forecasting states

5   Conclusion

Using artificial neural networks to predict the slope stability does have some benefits
compared to the statistical predictions and the limit equilibrium methods. First, the
predictions of slope stability with ANN are more accurate than the statistical
predictions. Furthermore, and more important, the ANN is able to generalize much
better than statistical models do. This makes the applicability of ANN for the
predictions of the slope stability more reliable than statistical models. The proposed
approach has better generalization and lower computational cost than traditional back
propagation approaches. A major advantage to the evolutionary approach over
traditional learning algorithms such as BP is the ability to escape a local optimum.
More advantages include robustness and ability to adopt in a changing environment.
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Abstract. When the performance function cannot be expressed exactly, re-
sponse surface method is often adopted for its clear thought and simple pro-
gramming. The traditional method fits response surface with quadratic polyno-
mials, and the accuracy can not be kept well, which only the area near checking
point coincides well with the real limit state surface. In this paper, a new
method based on global response surface of BP neural network is presented. In
the present method, all the sample points for training network come from
global area, and the real limit state surface can be fitted well in global area.
Moreover, the examples and comparison are provided to show that the present
method is much better than the traditional one, the amount of calculation of fi-
nite element analysis is reduced quite a lot, and the accuracy is increased.

1   Introduction

Structural reliability covers structural security, structural applicability and structural
persistence, and the scale of structural reliability can be measured by the implementa-
tion of scheduled performance probability under prescribed time and condition. When
the performance function is known, the first-order second-moment method is
adopted. But the real structure is very complicated, the numerical analysis including
finite element method (FEM) has to be adopted, even in some determinant analysis.
Meanwhile, Monte Carlo method with FEM, random FEM and the response surface
method would be nice for the structural reliability analysis when the performance
function is unknown. Monte Carlo method is the simplest one with high accuracy, but
it needs the large computation, thus it is usually applied to checking the accuracy of
other approximation methods. The random FEM is modified from the determinant
finite element program, but the analysis program is difficult to construct for describ-
ing all the possible random factors owing to complicacy of theory and programming.
The response surface method can be implemented by using a series of the finite ele-
ment calculations to fit a response surface instead of the unknown real limit state
surface, and the existent FEM program can be applied to the reliability analysis di-
rectly. This method is used widely in practice for its clear thought and easy program-
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ming [1], [2]. Among all the response surface methods, the iterative sequence method
in quadratic polynomial is used generally based on finding checking point. But this
method does not work well in the real limit state surface beyond the places around the
checking point( ± σ). The method specified in this paper is based on global response
surface method of BP neural network. The FEM computation can be reduced greatly,
the accuracy and efficiency can be increased, and the real limit state surface can be
fitted very well in the global area by using the present method.

2   Mathematics

2.1   BP Neural Network

BP neural network is adopted widely with three layers of input, hidden and output,
which can be trained to learn the relationships between inputs and outputs. Each layer
has a number of nodes, linked by weighted connections. The input layer can be used
for feeding patterns into the network, and the output layer is for producing the results.
BP network can be trained by providing an input pattern with a corresponding target
pattern. The error caused by the difference is propagated back to hidden layer, and all
weights should be adjusted. A set of training patterns are learned for many times until
the mean squared error is relatively small, then the network can be used in practice.

With the development of neural networks, some applications have been imple-
mented in structural analysis [3], [4]. The theory of structural approximation analysis
has been developed based on Kolmogorov theory. The neural network is very flexible
for interpolation with many sigmoid functions, and can be used to fit well the real
limit state function rather than quadratic polynomial function. Response surface
method with three layers of neural network is presented in this paper. The structure of
neural network is illustrated in Fig. 1.

Fig. 1. BP neural network with 3 layers
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2.2   Mathematic Model of Reliability Index by Optimization Method

When the first-order second-moment method is employed to structural reliability
analysis, central point method, JC method, mapping transformation method, practical
analysis method, and optimization method can be adopted. In this paper, the optimi-
zation is adopted for the structural reliability, and the performance function is taken in
the form of BP neural network.

The limit state formula Z=g(X1 ,X2 ，…，Xn)=0 is expressed by n independent
random variables X1 ,X2,…,Xn with arbitrary distribution in structural reliability analy-
sis. The non-normal variables can be normalized by R-F method, and the mean value

( '
iX

µ ), the standard deviation ( 'iXσ )  and the reliability index ( β ) of equivalent

normal distribution can be obtained by the following equations:
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When the checking point is unknown at the beginning,βcan be taken as the func-
tion of the point P(X1 ,X2 ，…，Xn) on the limit state surface. The minimum β value
is found by optimization method, as well as reliability indexβand checking point
P*(x1

* ,x2

* ，…，xn

*). Finding the reliability index can be summarized as the follow-
ing constrained optimization model.
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The performance function g(x1 ,x2 ，…，xn) can be expressed by either quadratic
polynomial or BP neural network. Each can be substituted into the optimization
model as the constraining condition.

3   The Response Surface Method of Quadratic Polynomials

When the performance function can not be expressed exactly, the response surface
method is often adopted to solve the reliability problem, which replaces an inexplicit
function with a suitable and explicitly expressed one. For the structural reliability
analysis, the structural FEM is often employed to fit a response surface to replace the
real unknown limit state surface, and the first-order second-moment method can be
used for this purpose. The iterative serial response method via finding checking
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points is used in common among the methods. The response surface function of this
method is described by quadratic polynomials without intercross terms as Eq. (5). The
number to-be-determined in this function is 2n+1. The calculation procedure has been
provided in [5] in detail.

∑ ∑
= =

++==
n

1i

n

1i

2
iiii XcXbag(X)Z (5)

4   The Methods Used in This Article

It is time-consumable to make structural analysis by ANSYS or SAP, and each sam-
ple point is very valuable. Thus all the points should be used sufficiently. For the
quadratic polynomial response surface method, only 2n+1 sample points are required
for each step. Because all the points come from the area close to the checking point
(±σ), the conformance with real limit state is fairly satisfied only near the checking
points. The present method uses 2n+k sample points in every step for network train-
ing. In fact, the checking point obtained after the first step of iteration is close to the
ultimate one, and it is enough to increase one point which is the checking point ob-
tained in the current step. It is not necessary to increase 2n+1 sample points in every
step as usual. In this way, 2n+1 finite element calculations are required in the first
step, only one calculation is required in the following steps, and the calculation of
finite element is reduced greatly. That is, only 2n+k calculations are required when
converging is reached at the kth step. Without getting new expanding points xM

(k) by
linear interpolation, the checking point x*(k) obtained in the previous step is used for
the next calculation in the present method. It is clear that calculation of structural
finite element is reduced with no negative influence on converging speed. The calcu-
lation procedure is operated as follows:

(1) Select the mean values x(1)=(x1

(1),x2

(1),···xi

(1),···,xn

(1)) as the initial val-
ues.

(2) Calculate the result g(x1

(1), x2

(1), ···, xi

(1),···, xn

(1)) and
g(x1

(1),,x2

(1),···,xi

(1)+ fσi,···,xn

(1)) by structural FEM, where f equals 3.0 for the
first step and 1.0 for the following steps.

(3) Train the BP neural network by using the 2n+k sample points obtained through
the previous k steps.

(4) Find checking point x*(k) and reliability indexβ(k).
(5) Output β if ｜β(k)- β(k-1)

｜< the given accuracy (0.001 in this paper), or return
to step (2) to continue the next iterative step until converging.

If the number of random variables is n and converging is reached at the kth step,
there will be 2n+k iterative steps in the process.
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5   Examples and Results

To save the computation time, some examples with known performance function is
chosen.

Example 1：To find the checking point and the structural reliability index when
the performance function is Z=18.46-7.48X1/X2

3
，where X1 and X2 are given by

X1~N(10,2) and X2~N(2.5,0.375).
Example 2：To find the checking point and the structural reliability index when

the performance function is Z=1+X1X2-X2，where X1 and X2 are given by
X1~LN(2,0.4)，X2~LN(4,0.8).

Example3：To find the checking point and the structural reliability index when the
performance function is Z=0.567X1X2-0.0005X3

2,  where X1, X2 and X3 are given by
X1~N(0.6,0.0786), X2~N(2.18,0.0654), X3~LN(32.8,0.984).

Example4: To find the checking point and the structural reliability index when the
performance function is Z=X1X2-X3, where X1, X2 and X3 are given by
X1~N(0.5472,0.0274), X2~N(3.8,0.304), X3~N(1.3,0.91).

Table 1.  Comparison of calculation results

Computing item
The first-order

 second-moment
method

Quadratic polynomial
response surface

method

Global neural
network response
surface method

Reliability index 2.330 2.331 2.330

Checking point (11.186,1.655) (11.012,1.647) (11.183,1.655)

Times of iterative 5 6
1

Times of FEM 29 10

Reliability index 4.69 4.690 4.691

Checking point (0.797,4.933) (0.798，4.949) (0.800,5.00)

Times of iterative 6 6
2

Times of FEM 35 10

Reliability index 1.965 1.965 1.965

Checking point (0.456,2.159,33.418) (0.456,2.159,33.419) (0.456,2.159,33.428)

Times of iterative 3 6
3

Times of FEM 23 12

Reliability index 3.795 3.795 3.798

Checking point (0.505,2.893,1.461) (0.505,2.894,1.461) (0.505,2.900,1.463)

Times of iterative 3 9
4

Times of FEM 23 15

As shown in Table 1, the present method improves efficiency greatly by achieving
the same computing accuracy. The reason is that our method needs only one more
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sample point for each step after first step in the iterative process, thus computation
efficiency can be increased remarkably.

6   Conclusions and Prospects

BP neural network is used for structural reliability analysis in the paper. A new
method based on the global response surface is developed for the inexplicit perform-
ance function, and a global response surface of BP neural network is constructed. The
results by the present method fit well with the real limit state surface in the global
area. Comparing with the traditional response surface method of quadratic polynomi-
als, it is shown that the present method is suitable, and the quantity of calculation of
finite element analysis is reduced quite a lot with high calculation accuracy.
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Abstract. The large temperature drift caused by variation of environmental
temperature is the main factor affecting the performance of fiber optical gyro-
scope (FOG). Based the advantages of artificial neural network and the fact that
the temperature drift of FOG is a group of multi-variable non-line time series
related with temperature, this paper presents modeling temperature drift of fiber
optical gyro rate by improved back propagation (BP)  training algorithm and
by Gauss-Newton training  algorithm, comparison between the modeling re-
sults of  by improved BP algorithm and by gauss-newton algorithm  is pre-
sented. Modeling results from measured temperature drift data of FOG shows
that Gauss-Newton algorithm has higher training precision and shorter conver-
gence time than improved BP algorithm on the same training conditions for ap-
plication of modeling temperature drift of FOG.

1   Introduction

The concept of Fiber optical gyros (FOG) was first proposed by Pircher and Hepner
in 1967 and was given the first experimental demo in American Utah University By
Vali and Shorthill in 1976. So far, FOGs have been widely used because of unique
advantages such as high rotation-rate resolution, and a high zero-point stability,
maintainance free, reliability, short warming-up time and so on[1]-[3].With the exten-
sion of research, noises and biasing drifts  of a FOG represents the major error source
of inertial navigation systems that are required to operate over long time intervals. Up
to the present, causes of many noises and drifts have been discovered and resolved
[4]. However the problems of FOG’s sensitivity to environment still need to be fur-
ther studied.  Among the environmental factors, the variation of environmental tem-
perature is one of important elements to influence the performance of FOG. A
mathematical model or more practical and effective signal processing techniques for
temperature drift of FOG must be taken account in performing an error analysis or
optimization study of a FOG inertial navigation system.

Efforts have been made to obtain a math model for the temperature drift of FOG.
Researchers studied the complex mechanism of the temperature effect but found the
influence to temperature drift from each component is a complex equation without
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any prior assumption [5]. Conventionally, nonlinear time-sequence auto-regression
model was usually used to evaluate and compensate the temperature drift like mod-
eling random drift of dynamic tuning gyro [6][7]. Modeling temperature drift of FOG
by artificial neural network (ANN) is studied in the recent years[8][9]. For raising the
FOG’s measurement precision, the intelligent signal-processing strategy which in-
cludes a series single-layer network (SSLN), an advanced learning scheme, and an
RBF network ( RBFN ) was proposed[8]. [9] introduces a projection pursuit learning
network (PPLN) for modeling temperature drift of FOG theoretically. However the
complex of FOG’s performance, modeling  FOG’s drift still to be  further studied and
the signal processing strategy still need to be verified .

This paper presents modeling temperature drift of fiber optical gyro rate by im-
proved back propagation (BP) training algorithm and by Gauss-Newton training
algorithm based the advantages of artificial neural network and the fact that the tem-
perature drift of FOG is a group of multi-variable non-line time series related with
temperature ,and presents comparison between the modeling results of by improved
BP algorithm and by gauss-newton algorithm.

2   Improved BP Algorithm and Gauss-Newton Algorithm

2.1   Structure of Neuron and Model of an ANN[10]

In this paper, a three-layer error feed-forward neural network is used as a network
model for modeling , its structure of a neuron is shown in Fig.1. It consists of an
input, a single hidden layer and an output layer. Each node represents a neuron. The
number of nodes on each layer is determined according to practical situation. It is

assumed that the input vector is ),,,( 21 NxxxX , and the output vector

is ),,,( 21 lyyyY . The numbers of hidden nodes are M. ijω , kiν

( MN
ij R ×∈ω , LM

ki R ×∈ν ), are respectively, the connection weight matrix between

the input layer and hidden layer, and that between the hidden and output layer.

iθ , iβ ( M
i R∈θ , L

i R∈β ) is the threshold vector of the hidden layer and the out-

put layer separately. Then the above interrelationship forms a non-linear map from

the input space NR  to the output space LR : YX → .
Here, the output vector of the hidden layer is

)(
1
∑

=

+=
N

j
ijiji xfO θω  ( =i 1 , 2 , 3 ,…, M )     (1)

in which ）（•f  refers to the activation function. Being a non-linear function, the

most widely used activation function is the sigmoid function. And the output vector
of the output layer is



Modeling Temperature Drift of FOG by Improved BP Algorithm        807
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∑
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+=
M

i
ikik i

Ogy βν  ( =i 1, 2 , 3 ,…, L )     (2)

in which ）（•g refers to the activation function. Here the activation function is

assumed as proportional and linear function for the output vector of the output layer.

Fig. 1. Three-layer feed-forward ANN topology

2.2   Improved BP Learning Algorithm and Gauss-Newton Learning Algorithm

According conventional BP learning algorithm, the network is trained with a gradi-
ent-descent technique.

At the successful completion of the training, the root mean square (RMS) error is
minimum for all of the training samples ,and can be defined as follows:
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Here, P  is the number of training samples, and tpt  is the desired output, kpy  is

the output vector of the output layer .

By modifying the learning parameters  of ijω , iθ and kiν  , we can meet the above

objective of this investigation, ie equation (3) .
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In which,, )1()( −−=∆ tWtWW )1,0(∈η  is the learning rate.

kpkpkp ytd −= . Here,

       W∆ =（ ijω∆ , iθ∆ , kiV∆ ）, (5)
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Above conventional BP algorithm as some advantages but convergence speed is
very slow. For improving training speed, equation (4) is changed as follows:
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Here, )1,0(∈α  is damping parameter. Considering training speed and to avoid

diverging ,  usually α =0.90~0.98, η =0.15~0.5.

BP algorithm is non-line optimal method with local optimum and low training
speed. Gauss-Newton algorithm is a global optimum method with fast training speed.
Major difference with the BP algorithm is about weight vector W , for Gauss-Newton
algorithm,

  WWW ∆+= )0( (7)

Then, for                                   ),( '' Wxfy pp = (8)

Expansion at the )0(W  according Taylor equation,
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For meeting the same objective of this investigation as BP algorithm, ie equation
(3).then

                                              0=
∂
∂
W

E
(10)

Vector W∆  is solved by equation (12).the other steps are the same as the BP al-
gorithm .

3   FOG’s Temperature Drift Model and Analysis Based Feed
Forward ANN

3.1   ANN Topology of FOG’s Temperature Drift[11]

ANN topology of FOG’s non-line temperature drift is shown as Fig.2, the architecture
the ANN in this paper is adopted 1-3-1(Fig.3), for  kth sample, identified error func-
tion )(kd is defined as:
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  )()()(
^

kykykd −= (11)

for  kth sample, net error function )(ke is defined as

2
^

)]()([
2

1
)( kykyke −= (12)

Assume number of the network input training samples and output  training samples is
P , network target function E  is defined as follows:
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3.2   Collecting the Experimental Data

The FOG’s temperature drift model is identified by off-line method. On the different
temperature condition, we collect FOG’s drift. The experimental device  is rate rotat-
ing table with temperature controlled produced by Co. WUILFERT in France (Fig.3).
Main technical parameters is as follows: minimum rate is ±0.0001°/s, maximum rate
is ±800°/s, revolution is 0.0001°/s  , temperature range is -50°C~60°C.

With the Measurement temperature increasing from 18°C to 43°C at the tempera-
ture interval of 0.5°C, the observations of the temperature drift of FOG is considered
as output samples of identified system as table 1.

)(
^

ky

 FOG

Improved  BP algorithm

(Gauss-Newton algorithm)

1−Z

)(kT )(ky

Fig. 2. FOG’s temperature drift ANN topology
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Fig. 3. WUILFERT rate rotating table with temperature  controlled

Table 1. Output samples of identified system ( pt unit: °/s)

1t ~ 7t 8t ~ 14t 15t ~ 21t 22t ~ 28t 29t ~ 35t 36t ~ 42t 43t ~ 45t
0.0012223 0.0013086 0.0012518 0.0012598 0.0012450 0.0012166 0.0012420

0.0011198 0.0013633 0.0013955 0.0012821 0.0013426 0.0012059 0.0012141

0.0011636 0.0011769 0.0011465 0.0013337 0.0012915 0.0012614 0.0012127

0.0012429 0.0012356 0.0012413 0.0012779 0.0011709 0.0012824

0.0013746 0.0012374 0.0012759 0.0011644 0.0013128 0.0011227

0.0012725 0.0012818 0.0011763 0.0012645 0.0012163 0.0011775

0.0011972 0.0011444 0.0012267 0.0012305 0.0012601 0.0012464

3.3   Applying the Improved BP Learning Algorithm and Gauss-Newton
Algorithm for Evaluation and Analysis of Temperature Drift Model

Applying the improved BP learning algorithm to evaluate the drift, we choose initial
vector W  =[-0.6410908, -0.9218503,0.3532885,-0.7065259,0.6347983,-0.9050612]
M=3 (M is numbers of hidden nodes).  η =0.3, α =0.9, β =1. The procedure of the

target function E decreasing is shown in table 2.
    Using the Gauss-Newton learning algorithm to evaluate the presented drift, the
other parameters such as initial vector, threshold values of neuron are same as BP
algorithm parameter except β =2. The procedure of the target function E decreasing

is shown in table 3.
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Table 2. The procedure of the target function E decreasing applying the improved BP algo-
rithm

Epoch TT 0 1 3 5 7 9

E 7.2973 0.4337 0.0086 0.0080 0.0073 0.0067

Epoch TT 50 100 200 300 400 500

E 0.0013 1.902e-4 3.433e-6 4.516e-7 2.238e-7 1.076e-7

Table 3. The procedure of the target function E decreasing applying the Gauss-Newton algo-
rithm

Epoch TT 0 1 3 5 7 9

E 9.0733 8.42e-4 1.118e-4 1.864e-6 1.163e-7 8.878e-8

Epoch TT 50 100 200 300 400 500

E 8.834e-8 8.834e-8 8.834e-8 8.834e-8 8.834e-8 8.834e-8

Comparing with the results by improved BP learning algorithm and Gauss-Newton
learning algorithm, training converging procedures of ANN by both algorithms are
steady. But converging speed of ANN by improved BP algorithm is slower than by
Gauss-Newton learning algorithm. Modeling precision of ANN by latter is higher
than former algorithm for the same epochs.

4   Conclusions

Modeling results from measured temperature drift data of FOG shows that Gauss-
Newton algorithm has higher training precision and shorter convergence time than
improved BP algorithm on the same training conditions for application of modeling
temperature drift of FOG.
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Abstract. Aiming at improving automatic level of traditional material ratio
control system, we propose a novel chaotic neural network (NCNN) for auto-
matic material ratio control system. The NCNN controller has following prop-
erties: (1) separation of superimposed ratio patterns, (2) learning unknown ratio
patterns successively. As for the first feature, we utilize the feature of chaotic
neural network proposed by K.Aihara [1]. As for the first property, when a
stored pattern is given to the network, the network searches around the input
pattern by chaos, and it recalls the ratio patterns from superimposed patterns.
As for the second one, when an unknown input pattern is given, a different re-
sponse will be received. So it can distinguish unknown patterns from the
known patterns and learn the unknown patterns successively. A series of com-
puter simulations demonstrate the effectiveness and stability of the proposed
method.

1   Introduction

In the traditional material ratio control system, it can not realize automatically sepa-
rating superimposed patterns and successive learning. It is reported that chaotic be-
havior existing in olfactory neural systems in physiological experiments plays an
important role in memory and recalling in human brain [1]. In order to mimic the real
neurons, Aihara et al. proposed a chaotic neural networks (CNN) model in 1990 [2].
In the model, chaos is considered having three properties of biological neurons: (1)
graded response,(2) relative refractoriness, (3) spatio-temporal summation.

On the other hand, many neural network models on chaotic associative memory
have been made [2-7]. Most of them cannot realize many-to-many associations and
successive learning which are very important to both mimic real neuron and apply in
the engineering field.

In this paper, we propose a NCNN for automatic material ratio control system. It
can deal with separation of superimposed ratio patterns and successive learning. In
the proposed model, we replace whole spatio-temporal summation with a part of it.



814         L. Wang and S. Duan

After a training set which including a common term is stored, the network can recall
them by chaos when the common term being given as an external input. In addition,
The NCNN can distinguish an unknown pattern from the known patterns and learn
the unknown pattern successively. This behavior is similar to the physiological facts
in the olfactory bulb of a rabbit [2].

2   Chaotic Neural Network

In the history, Mcculloch-Pitt neuron model was proposed firstly [1]. In 1971,
Nagumo and Sato modified Mcculloch-Pitt neuron model and proposed the Nagumo-
Sato neuron model [1]. In this section, we briefly review chaotic neural networks
(CNN) proposed by K.Aihara et al in 1990. The dynamics of the ith chaotic neural in
a neural network composed of M neurons can be modeled as
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where xi(t+1) is the output of the ith chaotic neuron at the discrete time t+1; M is the
number of the chaotic neurons ; N is the number of externally applied inputs. Wij

shows the connection weight between the ith chaotic neuron and the jth chaotic neu-
ron; Vij is the connection weight from the jth externally applied input to the ith chaotic
neuron; Ij(t-r) is the strength of the jth externally applied input at the time t-r; hj is the
transfer function; gi  is refractory function of the ith chaotic neuron; kr is the damping
factor of the refractoriness; α  is a the scaling factor of the refractoriness and θi is
the threshold of the ith chaotic neuron. The fi is the continuous output function of the
ith chaotic neuron, the fi(.) is represented by the following equation

)/exp(1
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)(

εy
yfi −+

= (2)

where ε  is the steepness parameter.

3   NCNN for Automatic Material Ratio System

In this section, we propose a novel chaotic neural network (NCNN) for automatic
ratio system based on the novel successive learning chaotic neural network proposed
in our previous work [8-9]. Here, we explain the structure of the NCNN. Further-
more, we will discuss how the proposed model realizes its functions such as separa-
tion of superimposed ratio pattern and learning unknown ratio patterns successively.

3.1   Structure of NCNN for Automatic Ratio System

The NCNN for Automatic Ratio System is based on NCNN model which can separate
superimposed pattern and realize successive learning. The NCNN model replaces
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whole spatio-temporal summation with a part of it. The dynamics of the ith chaotic
neuron in the α th layer can be modeled as,

(1)when t>t0，
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(2) when t<=t0，replace d=t-t0 with d=0 in equation (3).

Where )1()( +txi
α

 is the output of the network. )(αN  and are the number of chaotic

neurons in the α th layer and the βth layer; L is the number of layers; )()( tI i
α is the

externally applied input of the ith chaotic neuron in the α th layer at the time t; v is
the connection weight from the input to the neurons; )()( tij

αβω shows the weight

between the ith chaotic neuron in the α th layer and the jth chaotic neuron in the βth
layer; ks, km and kr are the damping factor of the refractoriness; r is a the scaling factor
of the refractoriness and θi is the threshold. The ψ (.) is defined as,

)/exp(1

2
)(

ε
ψ

y
y

−+
= (4)

In the proposed model, we use continuously external input instead of initial input
and  replace whole spatio-temporal summation with a part of it.

3.2   Recalling Stored Patterns for Automatic Ratio System

Here, we explain the reason why the many-to-many associations can be realized. Let
us consider the following training set (A1, B1, C1), (A1, B2, C2), (A3, B3, C3),
which including a common term A1.

When A1 is given to the first layer of the NCNN continuously, the second layer re-
ceives the superimposed pattern (B1+B2) and searches around B1 and B2 by chaotic
itinerancy, and in the third layer, the network searches around C1 and C2.  So, we can
receive (A1, B1, C1) and (A1, B2, C2) at different time and realize many-to-many asso-
ciations. Obviously, if the training set does not include common set, the proposed
model can recall them respectively.

While a known pattern is given to the NCNN, the following two forces will work
to same direction: (1) a force approaching a minimum of the energy function; (2) a
force approaching the input pattern. The stored patterns are recalled by two forces
which working to a same direction immediately. However, while an unknown pattern
is given to the NCNN as an externally input, the two forces will work to different
directions and a chaotic itinerancy among the stored patterns appears. The NCNN can
make use of the different response and learn the unknown pattern.

In the proposed model, when an input is considered as an unknown pattern, the
unknown pattern is learned by Hebbian learning. The connection weights are updated
by the following equation,
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α is output in the α th layer at t0 and λ  is the learning rate; t0 is the

time chaotic itinerancy appears.

4   Automatic Material Ratio System Including NCNN Controller

In this part, we build up an automatic material ratio system using a NCNN controller
discussed in section 3.

Fig. 1. Structure of the Automatic Material Ratio Control System

Fig. 1 shows the structure of the system. It consists of five parts called material in-
put and product output, gate of control, composite system, component test and NCNN
controller. In this section we will discuss the working process of the system in details.

4.1   Separation Stored Material Ratio Patterns

As it is shown in fig. 1, when the system begin to work, the NCNN controller controls
different material flowing into ratio system by different ratios according to gates.
After been mixed up in the composite system, the product will be sent out. And a part
of product will be feedback by component test controller, then the analyzing result of
component test controller should feedback to NCNN controller and it can make the
system more stability.

While only one inputting material of a ratio pattern being sent into input equip-
ment, the NCNN controller will separate the whole ratio pattern from the stored pat-
terns immediately by the inputting material being given continuously which produced
by component test controller. Hence, the system will accomplish the work accurately.

Composite System

A Novel
Chaotic
Neural
Network

Component TestProduct Output

···Input 1 Input 2 Input n

Gate 1 Gate 2 Gate 3···
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4.2   Learning New Ratio Patterns Successively

In traditional material ratio system, we must store different ratio patterns in the con-
troller. While in the automatic ratio control system we proposed, the NCNN control-
ler can distinguish new patterns and learn they successively by inputting material of
new patterns into ratio system continuously.

While a new pattern being given continuously, the component test controller ana-
lyzes the components and sends the result into the NCNN controller successively.
Then, the two forces in the NCNN controller will work to different directions and a
chaotic itinerancy among the stored patterns appears. The NCNN controller makes
use of the different response and learns the new material ratio pattern. The system
may learn various material ratio patterns successively by repeating above process.

So, there are two ways the system learning a new pattern as follows:(1) storing a
new pattern in the NCNN controller directly, (2) giving a new pattern as an external
input continuously. The two way shows advantage of the system we proposed.

5   Computer Simulations

We design a NCNN controller and prove its effectiveness by series of computer
simulations. The parameters are: ks= 0.90, km=0.1, kd =0.90, r=9.8, v=200,
λ=1,θ=0,ε = 0.02,  t0=3. Bipolar data (-1 or 1) are used.

5.1   Recalling Patterns for the NCNN Controller

Table 1 shows the patterns of automatic ratio control system which been stored in the
NCNN controller.

Table 1. The patterns of automatic ratio control system

Input material
Ratio patterns

Input 1 Input 2 Input 3
pattern 1 A a 1
pattern 2 B b 2
pattern 3 C c 3

    Fig. 2. No. A material  is given to NCNN             Fig. 3. No. b material  is given to NCNN
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As it is shown in fig. 2, while No. A material of pattern 1 being given as an externally
input, the NCNN will soon recalled the whole pattern 1 exactly. In the same way,
while  No. b material of pattern 2 being given, the pattern 2 appears immediately
(fig. 3).

Obviously, the computer simulations shows perfect effectiveness of the NCNN
controller we proposed .

5.2   Successive Learning for NCNN Controller

We also design successive learning simulations for the NCNN. In the simulation, (A,
a, 1) is stored in the NCNN initially.

              Fig. 4. (A,a,1) is given to NCNN                    Fig. 5. (C,b,2) is given to NCNN

             Fig. 6. (A,-,-) is given to NCNN                       Fig. 7. (C,-,-) is given to NCNN

Fig. 4 shows (A,a,1) is given as an external input, it is recalled at once. While
(C,b,2) is given as shown in figure 5, (C,b,2) is considered as an unknown pattern.
The network appears a chaotic itinerancy and the pattern is stored. Fig. 6,7 show the
learning result of the NCNN controller. When A and C being given, (A,a,1) and
(C,b,2) are recalled, respectively.

Clearly, the automatic material ratio system we proposed shows the effectiveness,
it can realize separation the stored patterns and learn new patterns successively.

6   Conclusions

In this paper, we propose a new chaotic neural network (NCNN) for automatic mate-
rial ratio control system. The NCNN controller has two advantages as following: (1)it
can realize recalling superimposed ratio patterns and learning unknown ratio patterns
successively. (2) it can adjust itself by the feedback information of the output. Com-
puter simulations prove its effectiveness and stability of the proposed method.
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Abstract. According to the property that global stiff matrix is positive definite
after being adjusted and specific formation of elastomer potential energy
function, linear saturated system model (LSSM) is introduced into finite
element neurocomputing. Based on the neural network, a circuit
implementation of an example is given and the time, error characteristic and
simulation of the circuit are analysed.

1   Introduction

Finite element method was developed quickly after being brought forward in 1953
and it has become a most efficient structural analysis method. With structural analysis
becoming more and more complicated, it is impossible to implement real-time
calculation of complicated structure with finite element method because of the
limitation of memory capacity and running speed of computer. So some structural
analyst and mathematicians began to study parallel process of finite element structure
after parallel computer came into being in the 1970’s.

Neural network is a complicated non-linear dynamic system with great parallel
computation ability. Neural network has been widely used in many fields such as
optimization, pattern recognition, automatic control and economic prediction and so
on since it revived in 1980’s. Optimization problem can be mapped into a dynamic
circuit with proper neural network, so solution to the problem can be obtained in
circuit reaction time. The essence of neurocomputing is to construct proper network
structure and learning method which can minimum the energy during running time
and make the objective function value minimum when the system attains equilibrium.
At present, widely used neural networks of optimization are Hopfield model and its
modified models.

Neural network of optimization can be used to resolve structural analysis problems
of elastic mechanics because elastic mechanics problems can be summed up to
quadratic optimization under equality constraint. Some scholars have done a lot of
works on the subject [1, 2]. At present, all the optimization neural network algorithms
are all based on gradient descent algorithm of network energy, so it is inevitable that



Finite Element Analysis of Structures Based on Linear Saturated System Model 821

the optimization get into local minimum value. A new method that combines
simulated annealing with gradient descent algorithm to searching global optimum
solution was developed in [3]. Simulated annealing is a general random searching
method that corresponds to the principle of mental annealing in physics. The
searching direction can be chosen not only the better one but also the worse one in
every step, so it can realize global searching. But simulated annealing is a global
searching method based on probability, it can not converge to the global minimum
value in complete probability which will bring great economic loss to important
structural component. In the other hand, there is not a uniform theorem to choose the
parameters in simulated annealing, such as initial temperature, internal cycle time
criterion and stop criterion, which will affect the algorithm’s performance. Moreover
those parameters are chosen according to experience, which can not realized with
fixed circuit. For the reasons mentioned above Linear Saturated System Model
(LSSM) is introduced into finite element neural network according to the property
that global stiff matrix are positive definite after being adjusted and specific
expression of elastomer potential energy function. The finite element neural network
can obtain solution without error in theorem. Circuit implementation to an example is
given and the computation time and computation error are discussed.

2   Theorem Analysis

Finite element calculation of elastic mechanics can be summed up to quadratic
optimization as following [1]:
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N  is displacement function, B  is strain matrix, K  is global stiffness matrix, q  is

node loading array, A  is constraint matrix.
Above optimization can be expressed with linear equations:

qK =δ (2)

where ixi
δδ = , s, ,2 ,1=i .

Proper row transformation is applied on Eq. (2), i.e. known constraint variables are
moved to the bottom of the equations:
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According to matrix operation theorem:
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Building a neural network whose status function is:
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where τ  is integral constant of integrator.
For the integrated circuit is restricted by maximum output voltage k i.e. ki ≤δ

during the circuit implement, the neural network system is called Linear Saturated
System Model, in brief LSSM.

According to matrix theorem, the analytical solution of Eq. (4) of neural network
is:
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Suppose the input of neural network is 0x  at the beginning, then solution to the

differential equation is:
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When t  approximate to +∞ , )(tδ  will approximate to a solution vector which has

no business with initial value 0x , i.e. 1'Kq)(lim −

∞→
=t

t
δ . The equilibrium point of the

neural network is the analytical solution to the finite element equations.
Mentioned as above that the integrated circuit is restricted by maximum input

voltage k in LSSM, )(tδ  must be bounded in the running process of neural network.

The proving of boundness is given as following. According to Eq. (6) and matrix
analysis theorem:
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The result shows that )(tδ  is bounded in the running process of neural network. In

practical application, if k≥+
−1''

0 Kqx , let n/qq '' =  (where n/qq '' = ) at

first, then run the neural network. After obtaining calculation result δ , let n δδ = ,
then the solution to the problem can be obtained.

3   Circuit Implement of Neural Network

Dynamic system of neural network with property of Eq. (4) is realized through circuit
as following. Neurocomputation circuit system is composed of integrator, adder,
feedback loop and reverse controller which realizes negative-resistance. Integrator is
composed of simulated operation amplifier (LM324), capacitance and resistance. The
I/O relationship is:

∫= tu
RC

u io d
1

Adder is a reverse adder that is composed of simulated operation amplifier
(LM324) and resistance. The I/O relationship is:

ininiiiioi ukukuku −−−−= 2211

where ijk can be obtained through adjusting ratio of node resistance in the adder.

Reverse controller is a special case of adder when the relationship of I/O is ioi uu −= .

Neural network system to resolve finite element equations can be obtained through
connecting adder, integrator, and reverse controller with lead.

4   Example

An example is given to show the application of neural network in finite element.
Suppose a sheet whose thickness t = 0.1mm, Yangs’ modulus E, poisson ratio µ = 0,
load F = 10kN/m. Neglect gravity, try to find each node displacement with finite
element and neural network method.

The 6 orthogonal points are input into neural network and the network is run.
Calculation results are shown in Table 1.

The results in Table 1 show that whatever the initial points are chosen the
neurocomputing dynamic system will convergence to the same point. But it is easy to
find that there is little difference between the calculation result and analytical result
(relative error is about 2%) because of the impact of maladjustment of input voltage
and input current in integrated circuit. The phenomenon that the input values of
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neurocomputing are zero but the outputs are not zero are called zero-drift, shown as in
Table 2. For improving the calculation accuracy, output should be adjusted. The
adjusted value equal real output value subtract zero-drift value because that the
network system is a linear one and the I/O property of linear system obeys
superposition principle. Adjusted values are listed in Table 3. So it is very close
between the adjusted values and analytical values, the maximum relative error is
within 0.5%.

Table 1.  Circuit simulation results of neurocomputing

Input variable V1 V2 U3 V3 U5 U6

X1
-3.255 -1.253 -0.08865 -0.3742 0.1748 0.1726

X2
-3.255 -1.253 -0.08865 -0.3742 0.1748 0.1726

X3
-3.255 -1.253 -0.08865 -0.3742 0.1748 0.1726

X4
-3.255 -1.253 -0.08865 -0.3742 0.1748 0.1726

X5
-3.255 -1.253 -0.08865 -0.3742 0.1748 0.1726

X6
-3.255 -1.253 -0.08865 -0.3742 0.1748 0.1726

Analytical solution -3.2527 -1.2527 -0.0879 -0.3736 0.1758 0.1758

Table 2. Zero-drift values of neural network

Table 3. Adjusted results of neurocomputing

For comparing the calculation results with the results of Hopfield neural network
and the results of M-TH neural network in [4], E=200MPa is adopted and the
calculation results are listed in the same table, shown as in Table 4.

Table 4. Results of different calculation methods

It can be seen from the Table 4 that the errors between the simulation results of
LSSM on Protel 99/sim workstation and that of Hopfield neural network and M-TH
neural network is within 0.5%.
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According to the definition of circuit constant time, the constant time of analytical

expression (5) of neural network status equation (4) can be defined as K
1

τ
. To

specific problems, K  is known, only RC=τ  is adjustable. It is easy to obtain
different computation speed of neurocomputing system only through adjusting R and
C. Stabilizing time is listed in Table 5. It can be seen through Table 5 that network’s
convergence speed increases proportionally with the decrease of product of R and C.

Table 5.  Stabilizing time of neural network

Circuit parameter       R=10, C=1uF R=10, C=10uF R=100, C=1uF
Stabilizing time 250us 2.5ms 2.5ms

5   Conclusions

Circuit simulation shows that questions can be resolved (error within 0.5%) in circuit
constant time with finite element neural network based on LSSM system. The method
developed in the paper and finite element neural network method based on Hopfield
network both can obtain right result. Due to the need of circuit design, additional
energy items, don’t exist in object optimization energy function, come out in the
energy function of optimization neural network during the optimization process of
Hopfield neural network and its modified form (M-TH neural network). To obtain
correct result, high gain ideal operational amplifier is usually chosen in circuit
implementation of neural network. The amplifier can make the redundant energy
approximate to zero. However, it is difficult to realize the ideal operational amplifier
and the solution of the circuit will appear periodical oscillation when the gain of
amplifier is big enough, which will result in calculation error and solution instability
[5]. So finite element neurocomputing based on LSSM system is more practical.
Moreover the number of parameters in finite element equations has no effect on
computation speed of the neural network because neural network is parallel system.
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Abstract. The crack density and crack growth rate are important parameters,
which are used to describe the fatigue damage and predict the fatigue life of a
material. There are many researches on the quantitative description of the
fatigue cracks density and the crack growth rate, and several models are
proposed, but these models cannot be widely used. In this paper, the BP
network is used to describe the evolution of the fatigue crack density and the
crack growth rate. It can be seen that the proposed method is feasible. The
proposed method does not need to determine the interface between the long and
short crack, and overcome the shortcoming of traditional models in which
physical background of the parameters are uncertain, so it is difficult to
determine in engineering.

1   Introduction

The crack density and crack growth rate are two important parameters that are used to
describe the fatigue damage and predict the fatigue life of a material. The research on
the quantitative description of the smooth sample surface fatigue crack density,
evolution and the fatigue crack growth law has always been stressed. The evolution
model of the fatigue crack density has ever been proposed successively from different
perspectives by Suh [1], She [2], etc. Paris formula successfully describes the fatigue
crack growth behavior of the crack object, which satisfies LEFM constrained
conditions. Miller [3-6], Hobson [7], Polak [8] and Dowling [9] did a lot of work on
the description of the fatigue short crack growth law and they posed their own models
respectively. Due to the lack of the comparable experimental results and the unified
standard, it is difficult to evaluate the advantages and disadvantages of these models.
On the one hand, there are some parameters in these models and the physical
significances of these parameters are unclear and hard to define practically; on the
other hand, every model bases on a certain material structural characteristics, specific
experiment conditions and it is proposed on a certain phase of the crack growth. As a
result, their practical scope is constrained. Up to now, there is not extensively
accepted the quantitative model of the crack evolution.

The neural network is a complicated nonlinear dynamic system with the ability of
real time and pairing collective operation. In recent years, the neural network has been
successfully applied in the field of automatic control, pattern recognition, and expert
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system, etc. But the research on applying the neutral network to describe the fatigue
crack evolution law is rare in the literature. There are four main types of the neutral
network, which are multilayer forward, feedback, self-organizing and random
network. Among them, the multilayer forward network is fit to process a large amount
of discrete, noise-bearing and incomplete data collection, and the law can be extracted
from the process without analytical expression. It is a good tool to process the fatigue
crack evolution experimental data and describe the fatigue crack evolution behavior.

2   Factors Affecting the Fatigue Crack Evolution

Many factors can affect the fatigue crack evolution of the material. These factors
include the material features, load features and environment, etc. The following
equation can describe the evolution of the smooth sample surface fatigue crack
density:

),,,,,()( CRdKfNn cn σ∆= (1)

where n is the crack density; N is the load cyclic frequency; Kc is the fracture
toughness of the material; d is the microstructure scale of the material; σ∆ is the
applied stress amplitude; R is the stress proportion; C is the environmental
temperature.

Only through experiments can we know how these factors affect the fatigue crack
density. At present, the influence of a few factors can be studied through experiments.
In addition, even if the experiment studies the function of every factor, it is difficult to
embody the results on the quantitative model. For example, the model of AlSi304

stainless steel fatigue crack density under the temperature of 538 C set by Suh, Lee,
Kang, Ahn, and Woo [1] only embodies the function of the stress amplitude.

Concerning the problem of the fatigue crack growth, it is widely thought that the
growth behavior of the long crack is different from that of the short crack and models
set up to describe their laws. It is reasonable to apply Paris formula to describe the
long fatigue crack. In the improved Paris formula, the influence of the stress
proportion R is considered, which makes the result of the prediction more conform to
the reality. The behavior of the short fatigue crack is very complicated. Besides the
affecting factors of the long crack, the microstructure of the material, such as, the
crystallite dimension, the shape and orientation of the defect, the local directional
properties and so on will affect the growth of the short crack. Miller [3-6], Hobson
[7], Polak [8] and Dowling [9] did a lot of work to describe the evolution law of the
fatigue short crack and all of them set up their own models.

It is difficult to actually define the boundary between the long crack and the short
crack, so the above-mentioned model can hardly be applied practically. With the aid
of the neural network, the long crack and the short crack can be united and described,
the general expression is:

),,,,or  ,,(
d
d

CRaKdKf
N

a
ca σ∆∆=

(2)

where K∆ is the stress intensity factor variation amplitude; σ∆ is the stress variation
amplitude; R is the stress proportion; a is the length of the crack.
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The factors which affect the evolution law of the fatigue crack are: the crack
ductility of the material, the size of the microstructure, the stress variation amplitude,
the length of the crack, the stress proportion and environmental temperature, etc.
Among them, the performance of the material and the applied stress amplitude are
more important.

3   The Neural Network Model of the Fatigue Crack Evolution

To extract the evolution law of the fatigue crack from the fatigue experimental data
through the application of the BP network, at first, the network structure should be
defined according to the practical problem, that is, the number of the neuron in the
input, output and hidden layer. And then, train the network repetitively by way of the
samples made up of the experimental data and the BP algorithm until it converges, so
far, the establishment of the model accomplishes and the working phase begins.

3.1   Smooth Sample Surface Fatigue Crack Density

Eq. (1) shows that the crack ductility of the material Kc, the size of the microstructure
of the material d, the applied stress amplitude σ∆ , the stress proportion R and the
environmental temperature C will affect the number of the crack at a certain recycle
times in varying degree. For this reason, both the above-mentioned parameters and
loaded cyclic numbers are regarded as the input of the network, the number of the
neuron in the input layer corresponds to it. The unit of the output layer corresponds to
the crack density n. To the experiments on the same material with the same stress
proportion and environmental conditions, the unit of the input layer of the network
corresponds to the stress amplitude and loaded recycle times. 1Cr18Ni9Ti smooth
sample surface fatigue experiment is carried out on the MTS material fatigue
experimental machine. The stress control is adopted, the monopodium tensile and
compressive stress proportion is 1−=R , the loaded frequency is 2.0Hz, the

experimental environment is indoor temperature 17 C and the medium is air. The
replication method is adopted to observe the evolution of the sample surface crack. At
first, duplicate the change of the surface state in the sample fatigue process
discontinuously, and then, put the replication thin film under the optical microscope
to amplify to many times and observe it, the observing order is inversed. When
replicating, it is guaranteed that the sample is proceeding under the bearing of 10kN
tensile load, moreover, two roughly symmetrical plates are duplicated every time in
order to ensure that the interested area is not left out. Table 1 shows the experimental
data of 1Cr18Ni9Ti smooth sample surface fatigue crack density.

Double hidden layers are taken; all the units of the hidden layers are five. When
training, the learning factor η =0.9, the inertia term coefficient α =0.7 are taken.

Through 30 000 learning, the network converges; the population error is 5104.3 −× .
The selection of the number of the hidden layer, the learning factor and the inertia
term coefficient is empirical. But they just affect the speed of convergence, not the
result of convergence.
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Table 1.  Experimental data of 1Cr18Ni9Ti smooth sample surface fatigue crack density

N/Nf N/Nf N/Nf N/Nf N/Nf N/Nf N/Nf N/Nfσa

(MPa) n n n n n n n n
0.981 0.921 0.809 0.698 0.587340 203 41 17 4 1
0.965 0.89 0.816 0.742 0.668 0.594 0.519 0.445350 302 276 194 118 57 2 1 1
0.913 0.783 0.652 0.522 0.391 0.261370 219 122 68 45 4 1
0.966 0.875 0.783 0.692 0.646 0.601 0.556320
82 47 27 15 2 2 1
0.936 0.869 0.803 0.736 0.669 0.602 0.535310
73 40 25 12 2 2 2

3.2   Smooth Sample Surface Fatigue Crack Growth Rate

Comparing Eq. (1) with (2), the results show that all the parameters, which affect the
fatigue crack density, will also affect the fatigue crack growth rate, in addition, the
growth rate of the crack varies with its length. Consequently, to the experiments to the
same material with the same stress proportion and environmental conditions, the input
units of the network corresponds to the stress amplitude and the crack length; the
output unit corresponds to the crack growth rate. Table 2 shows the experimental data
(training sample) of 1Cr18Ni9Ti smooth sample surface crack growth rate.

Table 2. Experimental data (training sample) of 1Cr18Ni9Ti smooth sample surface crack
growth rate

a a a a a a a a a aσa

(MPa) da/dN da/dN da/dN da/dN da/dN da/dN da/dN da/dN da/dN da/dN
25 64 180 520 660 1640 4200340
0.034 0.052 0.0928 0.272 0.112 0.784 3.776
4 16 24 88 200 280 580 1080 2080350
0.0053 0.016 0.0107 0.0853 0.0747 0.1067 0.4 0.6667 1.3333
45 88 192 224 560 2200370
0.075 0.0717 0.1733 0.0533 0.56 2.7333
10 12 12 15 32 68 92 140 400 1240320 0.004 0.0008 0.0001 0.0012 0.0068 0.0144 0.0096 0.0096 0.052 0.168
5 12.5 17.5 20 60 60 84 112 160 220310 0.001 0.0015 0.001 0.0005 0.008 0.0001 0.0048 0.0056 0.0096 0.012
24 68 88 112 140 180 200 200 460 580400 0.0274 0.176 0.16 0.192 0.224 0.32 0.16 0.0001 1.04 0.48

The hidden layer of the network is double-layer; the number of the neurons in the
first and second hidden layer is 5 and 7 respectively. In the training process, the
learning factor 9.0=η , the inertia coefficient 7.0=α are taken. Through 30 000

learning, the total error is 41089.1 −× .
Before training the network, the normalization of the samples must be carried out,

that is, adjusting all the sample values to the interval [0,1].
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Fig. 1. Curve of 1Cr18Ni9Ti material smooth sample surface crack quantity
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Fig. 2. Curve of 1Cr18Ni9Ti material smooth sample surface crack growth rate

Figure 1 and 2 show the experimental curve of 1Cr18Ni9Ti material smooth
sample surface crack quantity and the crack growth rate and the neural network model
calculating curve under the acting of the stress amplitude MPa340=α  respectively
(there is a conspicuous depression on the experimental curve in Figure 3, which is
caused by the deficiency of the data and that the measured data is random to certain
extent). The figures reflect the experimental curve and the network output curve of
the crack quantity and the crack growth rate are identical.

4    Conclusions

The neural network is a complicated nonlinear dynamic system with the ability of real
time and pairing collective operation. It combines calculation and storage into one.
Recently the neural network has been applied in many fields and the attempt is
successful. The multilayer forward network is suitable to process a large number of
discrete, noise-bearing and incomplete data collection, from which the law can be
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extracted without analytical expression. This is a good tool to process the fatigue
crack evolution experimental data and describe the fatigue crack evolution behavior.

When applying the neural network to describe the fatigue crack growth rate, it is
unnecessary to distinguish the long and short crack. Therefore, it overcomes the
shortcomings of traditional models in which it is difficult to determine the interface
between the long and short crack, and the physical background of the parameter in
analytical models is uncertain and hard to define practically. The reason of the
method is very simple and it is fit for the engineering application.

A network can be trained with the fatigue crack evolution experimental data to
different materials and under different stress levels, thus, a data base of the material
fatigue crack evolution can be set up. The similar method can be adopted to process
the experimental data of the material performance.

This paper adopts the neural network to describe the evolution laws of the fatigue
crack density and crack growth rate. The analysis to the examples has proved that the
method is feasible.
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Abstract. Selective laser sintering (SLS), one of rapid prototyping technolo-
gies, employs laser beam to selectively fuse fully powder into a solid object
layer by layer. However, density prediction of SLS parts using finite elements
analysis (FEA) having been reported, heavily depends on the precision of the
FEA model. An Artificial neural network (ANN) approach presented in this
paper has been developed for density prediction of SLS parts. Two-layer su-
pervised neural networks are used, and the inputs to the neural network are
known SLS process parameters such as laser power, scan speed, scan spacing
and layer thickness. Orthogonal experimental method is employed for collec-
tion of experimental training and test sets. The construction of network is also
investigated. Comparison of predicted and experimental data has confirmed the
accuracy of the ANN approach.

1   Introduction

Global competition has dramatically driven manufacturing companies to respond to
customers’ requirements at low cost in the shortest time. The need to reduce time and
cost in the product development process has brought up a wide range of different
technologies for rapid prototyping (RP), rapid tooling (RT) and rapid manufacturing
(RM). Among them, selective laser sintering (SLS) can be used to produce three-
dimensional parts directly from a CAD model by the selective sintering of successive
layers of polymer, metallic or ceramic powder. In addition, SLS need not any frock
mould, directly changes the CAD model into prototyping parts, and is not confined by
parts complexity. Because of the unique advantage in the diversification of the SLS
material, material saving, prototyping without support, high intensity parts and rapid
metal parts manufacturing, SLS can be widely used and it attracts attention from all
works of industry.

The aim of SLS is to attain high density parts, which need suitable SLS process pa-
rameters. Many parameters affect the quality of sintered parts, including sintering
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material properties, powder properties, the specifications of SLS machine and process
parameters, such as laser power, scan speed, scan spacing and layer thickness. But
once the SLS machine is certain and the sintering powder has been selected, the main
factors affecting part density are the process parameters. It must be pointed out that
sintered part from powder is porous and its density presents its quality. Though part
quality should be evaluated by combination of tensile strength, elongation, and hard-
ness, sintered part density is the most important factor. Comparison of half-density
part to full-density part, the former is inferior to the latter in tensile strength, hardness
and surface quality. Therefore, density prediction of SLS parts provides suitable
guidelines in the selection of appropriate process parameters.

But, nowadays most of the research methods on density prediction of SLS parts are
based on finite elements analysis. Several studies dealing with density prediction of
sintered polymers produced by SLS processes have been reported. For selective laser
sintering of amorphous polymers, Nelson et al. predicted density of a sintered poly-
carbonate part, using 1-D finite element and 1-D finite difference methods [1]. As to
ABS, Weissman and Hsu used a 1-D finite element method [2]. Considering polycar-
bonate, a 2-D model of sintering has been developed in order to predict density and to
accommodate edge effects [3], [4]. Similarly, a 2-D model applied to ABS material
has also been reported [5]. Tontowi et al. discussed density prediction of crystalline
polymer sintered parts at various powder bed temperatures using method of a 2-D
finite element simulation [6].

It must be pointed out that FEA strongly depends on the precision of SLS model
and operators must be familiar with the FEA modeling and have good mathematical
skills. Furthermore, the process of SLS not only has physical effects but also chemical
changes. The relationship between process parameters and part density is quite com-
plicated and nonlinear. Thus, heretofore researchers have not found a systematical
theory and satisfying method for SLS part density prediction. Therefore, we can not
theoretically establish a function to represent part density by means of process pa-
rameters. To change the present situation a new method must be found to make sure
that the high precision and high intensity parts can be produced directly in SLS proc-
ess.

An artificial neural network (ANN) method, which has characters of human intel-
ligence and need not any precise mathematical model, is suitable for the part density
prediction of SLS. ANN after successfully training can rapidly reason, and associate.
It can filter the inputted noise, map from ‘n-dimensional input space’ to ‘m-
dimensional output space’ and approach any nonlinear function precisely. An ANN
can be trained iteratively from examples to learn and represent the complex relation-
ships implied within the data. In fact the general applicability of the technique has
been demonstrated by the proof that feedforward networks with a single hidden layer,
having sufficient number of neurons, using threshold or sigmoid activation function,
are universal approximators [7]. The part density predict in SLS can be thought of as
a continuous non-linear mapping from ‘3-dimensional process parameters space’ to
‘1-dimensional density space’. In this paper, a 2-layer supervised neural network is
employed to predict part density of SLS. Inputs to the neural network are known SLS
process parameters such as scan speed, scan spacing, laser power, and layer thickness.
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Mathematical modeling, the structure design, training data selection, training, and
results analysis of ANN are also discussed in this paper. Comparison of predicted and
experimental data has demonstrated the validity of the ANN approach.

2   Problem Representation and Modeling

As mentioned above, sintered part quality can be evaluated by its density, and SLS
process parameters include laser power, scan speed, scan spacing and layer thickness.
So, the problem can be tread as non-linear mapping from ‘3-dimensional process
parameters space’ to ‘1-dimensional density space’.

The following discusses are based on the same material powder and the same SLS
machine. If other material powder or SLS machine are needed, the neural network
should be trained respectively using the particular training set based on experiments.
The artificial neural network structure need be altered only if the generalization error
is beyond desired target.

The SLS process parameters have a non-linearity profound effect upon the final
part density. When employing an ANN approach, it is relatively easy to incorporate a
large number of system inputs to accommodate these effects. Since the modeling is
directly incorporated within the weights of the ANN connections, any non-linearity or
inter-dependence within the relationships is necessarily incorporated within the output
predictions. Hence Artificial Neural Networks (ANN) is identified as being particu-
larly suitable for modeling the final part density under various SLS processing condi-
tions.

The mapping from ‘n-dimensional input space’ to ‘m-dimensional output space’
can be represented as following.

Input vector:
X=[x1,x2,...,xn]T

Target vector:
Y=[y1,y2,...,yn]T

One group training set:
x(k)=[x1(k),x2(k),...,xn(k)]T

y(k)=[y1(k),y2(k),...,yn(k)]T

The aim of transformation is to find out the underlying function of data set be-
tween X (n-dimension) and Y (m-dimension).

Sintered part density prediction is nonlinear. The inputs to the neural network
comprise SLS process parameters such as laser power (P), scan speed (v), scan spac-
ing (d), and layer thickness (h). The output is the sintered density (ρ). Then the model
can be represented as:

ρ=F ( P, h, v, d). (1)

Backpropagation (BP) is employed in learning the function F. It has been proved
that a network of two layers, where the first layer is sigmoid and the second layer is
linear, can be trained to approximate any function with a finite number of disconti-
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nuities arbitrarily well. So the ANN described here employs BP network with just one
hidden layer and hyperbolic tangent sigmoid transfer function.

3   An Algorithm and Its Implementation

The generalized steps of ANN modeling can be divided several steps. First, ascertain
problem domain and ensure the mapping from input to target space. Second, collect
training data through experiments. Third, design network structure and determine
layers count, neurons number and their connection mode. Finally, train the network,
then the network can learn the underlying rule from input to output. Hence the mod-
eling is finished.

Figure 1 shows the steps involving in the algorithm, such as enter of initial pa-
rameters, initialization, training, test of the artificial neural network.

Fig. 1. Flow chart of the BP neural network algorithm

Batch training was adopted in this BP network. Batch training of a network pro-
ceeds by making weights and biases changes based on an entire set (batch or epoch)
of input vectors. Incremental training changes the weights and biases of a network as
needed after presentation of each individual input vector.

In this flow chart, sum-squared error (SSE) is the sum of squares due to error.
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E = (Tp – Yp )2/2. (2)

where E is SSE, Tp is the target output, and Yp is the network output for pth pattern
[8].

This statistic measures the deviation of the responses from the fitted values of the
responses. A value closer to 0 indicates a better fit.

3.1   Collection of Training Data

It is well known that insufficient or less representative training data lead that BP net-
work can not fully learn the law underlying training data, whereas excessive training
data result in over fitting BP network. Over fitting BP network leads to too compli-
cated ANN structure and larger generalized error because it memorizes specific fea-
tures of particular data, hence precise model can not be attained. In addition, collec-
tion of a lot of training data is a time and energy consuming job, especially through
experiments.

Table 1. Orthogonal table

Factors
No. Laser

power (W)
Scan speed

(m/s)
Scan spacing

(mm)
Layer thickness

(mm)
1 15 0.5 0.12 0.2
2 20 0.75 0.15 0.3
3 25 1.0 0.18 0.4

Table 2. Orthogonal experimental scheme and experimental data

Factors
Experimental

Results
No. Laser

power
(W)

Scan speed
(m/s)

Scan spac-
ing (mm)

Layer thick-
ness (mm)

part den-
sity(kg/m3)

1 15 0.5 0.12 0.2 696
2 20 0.5 0.15 0.3 599
3 25 0.5 0.18 0.4 636
4 15 0.75 0.15 0.4 793
5 20 0.75 0.18 0.2 764
6 25 0.75 0.12 0.3 663
7 15 1.0 0.18 0.3 954
8 20 1.0 0.12 0.4 823
9 25 1.0 0.15 0.2 766

Based on statistic principle, orthogonal experimental method can chooses adequate
and representative points from lots of available trial points, and arrange multi-factor
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trails by employing standard orthogonal table. Equilibrium decentralization of or-
thogonal experimental method ensures representative samples. Furthermore, the out-
standing advantage of orthogonal experimental method is that it can reduce trial times
while hardly harms to trial results. Thus, trial efficiency is dramatically improved.

Training data are measured through experiments [6]. In the experiments, the mate-
rial used is a nylon-12 crystalline polymer powder, known as Duraform polyamide.
Specimens with the simple shape, whose 3-D are 20mm, 20mm and 10mm, have been
made in a SLS machine.

Laser power, scan speed, scan spacing and layer thickness compose testing factor
and 4-factor and 3-row orthogonal table are established which is listed in Table 1.

3.2   Data Normalization

Before training the network, the training data was normalized in the range of 0 and 1:

x’= (x-Xmin)/ (Xmax -Xmin). (3)

where x’ is the normalized value for the variable, and Xmin and Xmax are the mini-
mum and maximum of each variable ‘x’.

BP network outputs should be in the range 0 and 1, so the neurons of target matrix
must be normalized by applying (3). Once the network training has been finished, the
real values of ANN outputs can be obtained from:

x＝Xmin+x’ (Xmax -Xmin). (4)

Normalized network weights abate network training difficulties because they fall
in a short range. In addition, if sigmoid transfer function is adopted, normalization
can prevent neuron outputs from saturation, which improves network accuracy.

3.3   Network Training and Test

Training error is referred as the sum of squared differences between the network
targets and actual outputs for a given input vector or set of vectors, which shows
network precision against training set, whereas generalization error is termed as a
symbol of network precision against test set. It is obvious that the smaller generaliza-
tion error, the better generalization performance the network has.

The neurons number of the hidden layer largely affects network performance. The
training error shrinks whereas the generalization error increases with the increase of
the neurons number. Therefore, enough neurons number of the hidden layer is very
essential to network. The dimension of input vector is labeled as P, and then the neu-
rons number of the hidden layer can be initialized as 2P+1. The neurons number of
the hidden layer here is 9.

Decision of ANN training times can be obtained by setting of maximum training
steps mne and sum-squared error sse. ANN training times before stopping learning
increases with the larger mne and the smaller sse. Commonly, training error and gener-
alization error decreases along with increased training times. But too large training
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times will lead to over fitting, which can be described as a case in which the error on
the training set is driven to a very small value, but when new data is presented to the
network, the error is large. To avoid over fitting, the proper training times should suit
the requirement of ANN. Here we took mne=2000 and sse=0.001.

Fig. 2. Curve of network sum-squared error and learning rate vs. training times (Epoch)

Batch training, in which weights and biases are only updated after all of the inputs
and targets are presented, is taken as training method for better network performance.

All training is done using backpropagation networks (BP) with both adaptive
learning rate and momentum method. An adaptive learning rate requires some
changes in the training procedure. During training, the learning rate increases, but
only to the extent that the network can learn without large error increases. Thus, a
near-optimal learning rate is obtained for the local terrain. When a larger learning rate
could result in stable learning, the learning rate is increased. When the learning rate is
too high to guarantee a decrease in error, it gets decreased until stable learning re-
sumes. As with momentum, if the new error exceeds the old error by more than a
predefined ratio, the new weights and biases are discarded. In addition, the learning
rate is decreased. Otherwise, the new weights are kept. If the new error is less than the
old error, the learning rate is increased. The trend can be seen from Figure 2, in which
the learning rate increases to about 1.48, then decreases sharply. It can be seen clearly
from Figure 2 that training converges quickly after 110 epochs. This mainly causes
by applying adaptive learning rate and momentum methods.
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4   Results

The comparison of predicted and experimental data in Figure 3 show the accuracy 93
percent of the ANN approach. Post-processing has been employed for converting
normalized outputs back into the same units that were used for the original targets
using (4).

Table 3. Experimental data versus corresponding ANN predictions for sintered density

Factors
Experimen-
tal Results

Predicted
Results

Per-
cent
error

No. Laser
powe
r (W)

Scan
speed
(m/s)

Scan
spacing
(mm)

Layer
thick-
ness

(mm)

part density
(kg/m3)

part den-
sity

(kg/m3)

Per-
cent
error
(%)

1 17.5 0.73 0.12 0.25 933 878.6 -6.2
2 17.5 0.58 0.15 0.2 911 937.2 2.8
3 22.5 0.64 0.16 0.35 821 811.3 -1.2
4 22.5 0.89 0.14 0.30 649 660.7 1.7
5 17.5 0.97 0.15 0.4 621 592.4 -4.8
6 22.5 0.89 0.15 0.25 650 682.5 4.7

5   Conclusion

From the experiments and predicted results, it can be concluded that density predic-
tion of SLS parts by applying ANN approach is rather accuracy. This method has an
outstanding advantage that it need not know the precise model. Employment of or-
thogonal experimental method makes trail more reasonable with less trail times and
almost no sacrificed performance. Training can be accelerated by applying a combi-
nation of batch training, adaptive learning rate and momentum method.
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Abstract. An application of neural networks to tire optimization designs is pre-
sented to alleviate the stress concentration of toe opening. As well known, it is
either uncertain or time-consuming to obtain the global optimum solution by
using classical local search methods when objective function of optimization is
both nonconvex and implicit. In addition, it is infeasible to use local search
method based on iteration to optimize tire mechanical property because analysis
of tire mechanical responses is involved with material nonlinearity, geometry
nonlinearity and boundary nonlinearity. In this paper, a GRNN is constructed to
optimize the stress of toe opening by looking at an optimum Young’s modulus
and cord direction of tire body rubber-cord composite material layer.

1 Introduction

Pneumatic tire is one of the important components of an automobile driver system.
Recently, with the development of automobile, the mechanical response of tire has
been extensively researched in various respects such as rolling resistance, maneuver-
ability, durability, noise and riding comfort. To improve these performances, a lot of
effort should be made on profile contour, construction, material and tread pattern.

According to the investigation on tire failure, toe opening damage, which results
from the stress concentration of toe opening, is very popular. In order to reduce the
stress of toe opening, the designing of the Young’s modulus and the pave direction of
cords in tire body composite layers should receive much more attention.

Traditionally, optimality criterion approach, mathematical programming approach
and sensitivity analysis are extensively applied to mechanical structure optimization
[1]. Involving with complex nonlinearity, traditional methods are time-consuming for
tire optimization. So the screening method is used alternatively [2]. On the other
hand, artificial neural networks have recently been used to optimize mechanical re-
sponse of pneumatic tire. Then the method will be used in this paper to reduce the
stress of toe opening.

In the following sections, the optimization model and its FEA model are firstly
built for reducing the stress concentration. A radial basis function (RBF) neural net-
work is then constructed for this constrained optimization problem. Training samples
are designed by finite element method (FEM). At last, mechanical responses of the
new design are compared with the original ones.
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2 Optimization Model and Tire Mechanical Responses

2.1 Optimization Model

( )
( )
( )

                           

                   

,...,1       ,          

,...,1        ,       .

 ,   :Minimize               max

ul

ul

k

j

XEE

lkE

mjuEst

Ew

θθθ

σθ

θ

θ

≤≤

≤≤

=≤

=≤

σ

u

(1)

where lE  and uE  are the lower and the upper bound of Young’s modulus respec-

tively, lθ  and uθ  the lower and the upper bound of cord direction. The inequality on

ju  is displacement constraint of the jth point, and the inequality on kσ  displacement

constraint of the kth point. Design variables include Young’s modulus E  and direc-
tion θ  of cords in profile layers. Object function is to minimize the maximal strain

energy density ( )θ,max Ew  around toe opening. ( ) ∫=
E

ES
0

max :, dEw θ  is determined by

equation:

( ) ufFS 000 ρρ =+⋅⋅∇ T (2)

Where S  is the second Piola-Kirchhoff (PK2) stress tensor and E is Green strain ten-
sor. Because of the nonlinear constitutive equations, the geometry equations of large
deformation and the nonlinear boundary condition, the object function is implicit and
nonconvex.

     

         Fig. 1. Material distribute (cross-section)     Fig. 2. Rubber-cord composite element
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2.2   FEM Simulation of Mechanical Responses

There are more than ten kinds of different components in 10020R tire, which include
eleven kinds of rubbers, three belt rubber-steel cord layers, steel and two kinds of
polyester cord-rubber layers, as shown in Fig. 1. Carbon black-filled rubber, a hyper-
elastic material, is described by moony-rivlin constitutive equation. Contacts happen
between steel rim and tire toe as well as between tread and ground. Large deformation
occurs with full loads applied.

Fig. 3. FEA model of tire: eleven kinds of rubber materials and five kinds of rubber-cord com-
posites. The contact between rim and tire and the contact between tire and ground are consid-
ered. In order to improve the numerical stability and accuracy, fine meshes are created in the
parts where the contact may occur. There are more than 16,000 elements in the model, and a
full simulation procedure consumes about 7 hours on a PC with an Intel 1.6Ghz CPU and 1Gb
memory

To solve fomula (1), the local search algorithm must iterate from multi initial val-
ues to avoid local optimal pseudo-solution. However, a single FE analysis procedure
consumes large CPU time, and hundreds of iterations required will make the local
search algorithm infeasible.

3 RBF Neural Network for Optimization of Tire Toe-Opening

Many kinds of neural networks have been established over the past 20 years. They in-
clude multilayer feedforward neural network (MLFN), recurrent neural network
(RNN), self-organized neural network and Hopfield network. Radial basis function
(RBF) network belong to the group of kernel function network that utilize simple ker-
nel functions, distributed in different neighborhoods of the input space, whose re-
sponses are essentially local in nature. The architecture of RBF network consists of
one hidden and one output layer. This shallow architecture has great advantage in
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terms of computing speed compared to multiple hidden layer nets. The good ap-
proximation ability of RBF multilayer network was proved in reference [3-5].

( )2
1xy =

1x 2x Nx

( )1
1x ( )1

2x ( )1

1Nx

( )0
1x ( )0

2x ( )0

0Nx

( )2
11w

( )2
12w

( )2
1 2Nw

…

…

    

][⋅lf

( ) ( ) ( )( )l
i

l
i

l
l θWX ,,1−ϕ

( )l
iI

( )l
ix

( )l
iw 1

( )l
iw 2

( )l
iNl

w
1−

( )1
1

−lx ( )1
2

−lx ( )1

1

−
−

l
Nl

x

… …

( )
�� 
�� 	�

l
iW

                       
( )

�� 
�� 	�
1

                       
−lX

Fig. 4. Two layers and one output RBF network    Fig. 5. A RBF neuron in GRNN hidden layer

3.1 GRNN with Multi Inputs and One Output

Generalized Regression Neural Network (GRNN) is special RBF network with a lin-
ear second layer. A GRNN, in which the hidden layer employs RBF and output layer
employs linear function, is constructed by using E  and θ  as the input vector compo-
nents and maxw  as output. We employ Gaussian RBF in the hidden layer (Fig 4, 5):
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And the mapping function from input X  to output y  is
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where ( )1
iW  is the weight vector from the input layer to the i th neuron of the hidden

layer, and ( )2
iw  is the weight vector from the i th neuron of the hidden layer to the

output layer.
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3.2 Treating Implicit Constraint Conditions of Optimization Problem Using
GRNN, Training Samples, and Neural Network Parameters

In optimization problem (1) displacement constraint conditions and stress constraint
conditions are implicit. If only the objective function is approximated with GRNN,
the feasible domain of the optimization problem will be hardly determinated. There-
fore, the dimension of output vector is expanded to 1++ lm  to contain stresses and
displacements. Consequently, the optimization problem (1) is transformed into a solv-
able optimization problem with the objective function and constraint variables both
approximated by GRNN. Hence, the required floating-point operations to get the ob-
jective function and constraint variables are ( )100O  order and can be accomplished in

several milliseconds. Finally the whole design variable space is discreted and an enu-
meration algorithm is employed to get an approximate solution of optimization prob-
lem (1).

Training samples are obtained using FEA software MSC.MARC to analyze 50 dif-
ferent models in which Young’s modulus E  and cord direction are taken from ticked

data in Table 1. lE and uE  in fornula (1) are taken as 1.6×1011MPa and 2.5×1011MPa

respectively. lθ  and uθ  in formula (1) are taken as 0 degree and 20 degree respec-

tively. The spread ( )l
iσ  (formula (3)) of GRNN is 0.08. And the input vector and the

output vector are normalized so that all E  values fall in interval [ ]9.0,0  and all θ
values fall in interval [ ]2,0 .

Table 1. Traing samples. The first column is discrete values of Young’s modulus (unit: Pa).
The first row is discrete values of cord direction (unit: degree). The ticks indicate the corre-
sponding value pairs taken to bulid a model analysed with FEA software MSC.MARC

0 2.5 5 7.5 10 12.5 15 17.5 20

1.6e11 √ √ √ √
1.7e11 √ √ √ √ √

1.8e11 √ √ √ √
1.9e11 √ √ √ √ √

2.0e11 √ √ √ √
2.1e11 √ √ √ √ √

2.2e11 √ √ √ √
2.3e11 √ √ √ √ √

2.4e11 √ √ √ √
2.5e11 √ √ √ √ √
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Fig. 6.  Approximation function of max strain energy density (objective function): there are two
independent variables i.e. E  and θ . The bottom curves show the contours of the max strain
energy density. Obviously, the objective function is nonconvex
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Fig. 7.  Comparation between the optimization design and the original design. The total strain
energy density value are obtained using MSC.MARC. Nodes path including the max total strain
energy density node is set along the circumference of toe-opening

4 Numerical Results and Conclusions

The objective function approximated by GRNN is as shown in Fig 6. After discreting
the whole design variable space and using enumeration algorithm, an approximate

solution of optimization problem (1) is achieved as 1110798.1 ×=E  and 6.17=θ .
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For the convenience of engineering use, we round-off the result as 11108.1 ×=E  and
18=θ . This optimization design is modeled and analyzed by MSC.MARC. Com-

paring with the original design ( 11101.2 ×=E , 0=θ ), there is 10~70 percent reduc-
tion of strain energy density for almost all the nodes, particularly the max total strain
energy density decreases over 80 percent (Fig 7). The values near the lower bound of
the total strain energy density increase by more than 100 percent however they are
still in the low level region (Fig 7). These differences show the optimization design
carry loads in a more effective way.

4.1 Conclusions

As a relatively efficient model to optimize tire designs, the GRNN model is found to
save hundreds of CPU hours and satisfy required accuracy. For the optimization
problem with implicit noncovex objective function and implicit constraint conditions,
the new method is also very superior as the constraint variables contained in the
GRNN output vector. And corresponding optimization problem could be solved with
a considerable small CPU cost, even using an enumeration algorithm.
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Abstract. In order to estimate the bath endpoint phosphorus [P] content and
manganese [Mn] content for Basic Oxygen Furnace (BOF) steelmaking
process, three BOF endpoint estimation models are given according to the fast
speed case, the slow speed case and the middle speed case of analyzing the
sublance in-blowing sample. The first one is modeled from metallurgic
mechanism, the second is with RBF NN and the last one is modeled using least
square method. With theses models, steelmaker can get the estimation of BOF
endpoint [P] and [Mn] based on the process information and the sublance
measurement. The industrial experiment shows that these models are helpful
and powerful.

1   Introduction

Basic Oxygen Furnace (BOF) steelmaking is one of the key processes in the iron &
steel industry. The process of BOF steelmaking is a complex physical-chemical
process, which takes hot metal (HM), pig iron and scrap as materials [1]. In order to
decrease impurity compositions level (such as carbon, [P] etc.) and raise bath
temperature to catch the tapping aim, it ejects oxygen from oxygen lance into the bath
[2]. Because of the poor condition of BOF process, bath compositions can’t be
measured on line continuously [3]. So a sublance is designed to measure the bath.
However, it can only provide the bath carbon consistence, the temperature, samples
etc. at BOF in-blowing and endpoint stages. As to bath [P], [Mn] level, the sublance
can’t do any measurement directly. In practice, steelmakers have to wait for the
analysis result from the endpoint sublance sample to determine whether bath [P],
[Mn] has caught the aim requirement, which lowers the productivity. On the other
hand, most BOF models are used to estimate the carbon content [C], the temperature
[4] and can’t do any estimation about bath [P], [Mn] level [5].

In this paper, multiple models method is introduced into the field of BOF endpoint
[P]&[Mn] estimation. Three intelligent models are presented according to the
analyzing speed of in-blow sublance sample by using metallurgical mechanism, RBF
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NN and least square weighting method respectively. With the aid of these models,
steelmaker can get the estimation of BOF endpoint impurity composition based on the
process and sublance information, and needn’t wait for the sample analysis.

2   Oxidation Theory of Bath [P]&[Mn]

In the BOF process, bath [P]&[Mn] enter the slag phase as different compositions
after the oxide production. The more oxide production enters the slag, the more
capability of decreasing impurity can be got with the slag. The capacity ( iC ) can be

expressed with the equilibrium status to the oxidation reaction. The distribution ratio
( iL ) is defined as the result of the concentration in steel phase divided by the

concentration into slag phase to each element, which can be denoted as

Table 1. Denotations of iC & iL  to Element [P]&[Mn]

Capacity Distribution Ratio
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where (%P) , (%Mn) are percentage concentrations for [P], [Mn] in slag phase, Θ
1K ,

Θ
2K  are equilibrium coefficients for reaction [P], [Mn], ia , if  are activities and

activity coefficients for compositions i , respectively. The BOF endpoint [P]&[Mn]
estimation model in this paper is just based on the essential theory above.

3   BOF Endpoint [P]&[Mn] Estimation Models

Because BOF dynamic process is much smoother and last less time, the estimation
precision of the model will be enhanced greatly if the chemical analysis result of the
in-blowing sample is available in estimating BOF endpoint [P]&[Mn] content. But in
practical BOF process, BOF dynamic process lasts for 1 to 2 minutes and the
analyzing process of sublance sample always takes about 3 minutes. To solve this
problem, three BOF endpoint estimation models are presented according to the period
taken in analyzing the sublance in-blowing sample.

3.1   Model I

Model I is used in the case of low sample analyzing speed. In this case, the BOF
endpoint estimation model is required to describe the whole steelmaking process for
each heat. But the relation between endpoint [P]&[Mn] and the process conditions is
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complex and most BOF model can not be used to estimate the composition of slag. So
the equation of capacity ( iC ) and distribution ratio ( iL ) to each element above

couldn’t be used directly, which must be simplified to be utilized.
Under the condition of chemistry reaction equilibrium is reached, the distribution

ratios ( iL ) for element [P]&[Mn] between slag phase and steel phase could be

simplified as [6]

( )
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
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iPiPP xaFL

1
,,P , (1)

( )
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1
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where PF , MnF are functions for the distribution ratio for element [P], [Mn] between

slag and steel, iPa , , iMna ,  are coefficients of factor ix  on element [P], [Mn], iPx , ,

iMnx ,  are factors that affect the distribution ratio for element [P], [Mn] between slag

and steel, such as endpoint [C] content, endpoint temperature etc., respectively.
It is proved that the data identification result of the coefficient of factor ix  on

element [P]&[Mn] is poor with the least squares parameter estimates method for the
influence from sample noise. In Model I, robust regress method is used to identify the
model coefficients, which causes the result of coefficient identification is much more
robust because it is obtained by weighing the sample data based on the sample noise.

Generally, Model I for estimation BOF endpoint [P]&[Mn] content is characterized
as follows:
• The model originates from metallurgic mechanism and each coefficient presents

obvious physical or chemical meanings. So operators can modify it according to
the change of steelmaking conditions.

• Model coefficients can be identified and adapted online, which improve the
ability of model tracking and adaptation to the change of steelmaking condition.

• Combined with BOF dynamic simulation model and replaced the endpoint [C]
and temperature with the dynamic model outputs [C] and temperature as input
variables, the model can simulate the change of bath [P]&[Mn] content real-timely.

3.2   Model II

Model II is used in the case of fast sample analyzing speed. It utilizes material data,
process data, endpoint sublance data and in-blowing sample analysis data, and finally
obtains the BOF endpoint [P]&[Mn] content.

Because there is some phosphorus returned into steel bath from slag and the
mechanism is complex, it is difficult to build a mechanism model like Model I. As a
result, the BOF endpoint [P]&[Mn] content is estimated using NN technology.

In this paper Radial Basis Function Neural Network (RBF NN) is applied. As a
three-layer forward-feed neural network, RBF NN excel over Back Propagation (BP)
neural network in approximation ability, classification ability and learning speed, etc.
Its basic ideas is as follows: RBF, as the “basis” of the mid-layer hidden cell, makes
up hidden layer space and maps the input vector onto the hidden space. The output of
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the mapping from the hidden space to the output space is linear; however, the
mapping from input to output is nonlinear.

The approximation function of RBF NN is as follows:

∑
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i
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)()( , (3)

where vi is the center; .  is Euclidean norm; )(xG  is Green Function (Gauss

Function is selected here), respectively.
The process for the solution of function F is to search for a suitable set of NN

weight { }ciwi ,...2,1=  to make the functional )( *Fξ  reach the minimum. The critical

functional in this paper is given in (4), where the first item is the standard error item,
and the second item is standardized item, which demonstrates that the index function
conceals the requirement for the smoothness and continuity.
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Relatively, Model II for estimation BOF endpoint [P]&[Mn] content is
characterized as:
• The output is modified with the RBF cluster centers and the connection weights

of the output layer, which avoids the complex modeling process.
• The analysis result of sublance in-blowing sample is utilized as input variable,

which improves the model estimation precision.

3.3   Model III

Model III is used in the case of middle sample analyzing speed. In this case, the
sample analyzing period is between that of the Model I and II, which causes the
mechanism model like the Model I and identification model like the Model II can not
be used individually. To improve the BOF endpoint [P]&[Mn] estimation precision,
part information but not the whole information of Model I and II should be used. So
Model III is set up by weighting and combining the models above. The weighting
parameters can be got using a least square method to minimize the estimation error.
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4   Industrial Experiment

Material data, process data, endpoint [C] and endpoint temperature are considered as
input variables in Model I. There are two steps in building this model, one is
determining the input variable and model structure, and the other is identifying the
model parameter.

Table.2 presents the input and output variables to the RBF NN in Model II, and
table.3 give the selection of some parameters to the RBF NN.

Table 2. Input and Output Variables for Model II

Model Input Output

Endpoint
[Mn]

Estimation
Model

In-blowing analysis [Mn] content
The amount of oxygen used
Endpoint [C] content of steel bath
Endpoint temperature of steel bath

Endpoint [Mn]
content

Endpoint  [P]
Estimation

Model

[Si] content in hot metal
In-blowing analysis [P] content
The amount of lime used
The amount of fluorite used
The amount of dolomite used
The amount of oxygen used
Endpoint [C] content of steel bath
Endpoint temperature of steel bath

Endpoint [P]
content

Table 3. Some Parameters for Model II

Item [Mn] [P]

Number of RBF Cluster Centers 20 40
Learn Speed of Connection Weights 0.001 0.001

In this section the industrial experiment results with the data from BOF
steelmaking process are given to verify the effectiveness of the estimation models.
Two sets of data (sample set and test set) are included in the simulation to each
furnace. Sample set of data is used to identify the structure and parameter to Model I,
to train the RBF cluster centers and connection weights of Model II, to identify the
weighing parameters in Model III. While the test set of data is used to verify the
effectiveness of these models.

It shows the results of the three estimation models in Table 4. The result
information includes the hit ratios and the correlation coefficients of the three models
for sample set and test set. The hit aim slots are selected as ±2.5×10-3% for [P]
estimation and ±2.5×10-2% for [Mn] estimation respectively. Statistically, both for [P]
estimation and for [Mn] estimation, the hit ratios of Model I and III exceed 70% and
those of Model II exceed 80%. Thus it is proved that the models presented in this
paper is effective in estimating the BOF endpoint [P] and [Mn] content.
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Table 4. Model Test Result

Sample Set (226 Heats) Test Set (250 Heats)
Model I

P Mn P Mn
Hit Ratio (%) 79.20 79.65 76.40 81.60
Correlation
Coefficient

0.6382 0.7025 0.5577 0.6568

Sample Set (184 Heats) Test Set (160 Heats)
Model II

P Mn P Mn
Hit Ratio (%) 85.33 90.22 84.38 86.88
Correlation
Coefficient

0.8212 0.8464 0.7487 0.7687

Sample Set (231 Heats) Test Set (254 Heats)
Model III

P Mn P Mn
Hit Ratio (%) 79.63 74.13 71.23 75. 51
Correlation
Coefficient

0.7156 0.6467 0.725 0.6377

5   Conclusion

Three intelligent models are presented according to the analyzing speed of in-blow
sublance sample are presented in this paper. Model I is modeled from metallurgic
mechanism, Model II is with RBF NN and Model III is modeled using least square
method, respectively. The industrial experiment verified the effectiveness of these
models. With the aid of these models, steelmaker can get the estimation of BOF
endpoint [P] and [Mn] based on the process information and the sublance
measurement.
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Abstract. This paper investigates the regular wave impact force on open-piled
wharf deck by Artificial Neural Network. A three-layered neural network is
employed and the units of input layer are wave period, T, incident wave height,
H, and relative clearance, s/H. The unit of output layer is the maximum wave
impact force, Fmax. It is shown that the neural network with parameters deter-
mined through self-learning can predict wave impact force reasonably.

1   Introduction

In coast and offshore engineering, the safety of the structures whose superstructures
located in the splash zone such as piling wharf, shore trestles, oil-drilling platforms,
etc, have great relation to wave slamming. Under confused sea condition, the struc-
tures may subject to very strong wave impulsive load due to slamming by the wave
with significant crest when waves propagate underneath the structure and surge up to
its surface. Previous studies indicate that impact pressure are characterized by initial
peak pressure of considerable magnitude but of short duration, and which typically is
first positive then decreases to zero and becomes negative. In hostile sea state, the
peak pressures may cause the damage of the horizontal members of the structures or
make the whole superstructure collapsed. However, due to the complicated phenom-
ena of wave slamming problem, the most research work on the impact wave force is
conducted by model tests. And the limited mathematical models meet considerable
difficulty to compute the wave impact force under complicated states [1], [2].

Artificial Neural Network is a kind of calculative technique and belongs to artifi-
cial intelligence. It can deal with the nonlinear dynamic system effectively and realize
the complex nonlinear mappings. For some complicated engineering problems with
no available mathematical model, ANN is usually the most effective approach. Fur-
thermore, with the development of ANN, it has been used successfully to dispose the
variable problem with many parameters. In the area of ocean engineering, Maus et al.
[3] employ neural network to predict occurrence of impact wave force, etc. The aim
of this study is to discuss the application of neural network to calculate wave impact
force and to provide a new approach to study the complex nonlinear relation between
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wave impact forces and influence factors, such as wave period, incident wave height
and relative clearance etc.

2   Back Propagation Neural Network

Back Propagation Neural Network [4] is organized in layers, in generally, input, hid-
den and output layer. Through training and learning with sample, we can determine
the correlation parameter of net. Actually the training of BP neural network includes
two alternant iteration procedures that are forward propagation of the signal and
backward propagation of the error.

By defining Wji

(k-1) as the weight between unit of i in layer k-1 and unit of j in layer
k, θj

k as the threshold of unit of j in layer k, f(x) as the transfer function, nk as the num-
ber of units in layer k, M as the total number of net layers, the forward propagation is
described by
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The backward propagation is error propagation from output layer to input layer as
well as the emendation of correlation parameter. The amount of change of the weights
and thresholds are given by
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In which, V(xk) is the error vectors, J(x) is jacobian matrix.
The aim of learning is to make learning error less than the value that is defined by

user previously. For this study, we choose the sum of squares error to express learn-
ing error.

The sum of squares error, E, between the value from the output unit of k, ak, and
the teach signal, tk, is expressed by

21
= ( - ) .

2
k k

k
E t a∑

(4)
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3   Prediction Model for Computing Wave Impact Force

3.1   Sample

The sample data used in this paper are obtained by experiments in the large wave-
current tank in the state key Laboratory of coastal and offshore Engineering, Dalian
University of Technology. The tank is 69m in length, 2m in width, 1.8m in depth.
The wharf deck is made of organic glass, whose length along the direction of wave
propagation is 1m and the width is 0.65m,thickness is 0.02m.In experiment, wave
period, T, is 1.0s, 1.2s, 1.5s, 2.1s; incident wave height, H, is 0.1m, 0.15m, 0.2m,
0.25m; the ratio of the surface level of wharf deck to the incident wave height, s/H,
that is relative clearance is -0.1, 0, 0.1, 0.2, 0.3, 0.4. 60 groups of experimental data
are chosen. In which, 54 groups are used training data, 6 groups are used test data.

The hidden layer and output layer all employ log-sigmoid transfer function. In or-
der to speed up the rate of convergence and avoid the saturation state, firstly, this
paper make the data locate the range from 0 to 1 through the following formula.

.min

max min

X - X'X
X - X

=
(5)

In which, X’ show disposed data, X show original data, Xmin, Xmax show the mini-
mum and maximum of original data, respectively.

3.2   The Number of Layers

The imitational quality has positive relation to the number of neural network layers.
Although more neural network layers can improve the imitational quality, the net
complexity and the training time are increased. Hecht-Nielsem [5] proved a three-
layered feedforward Neural Network can approach any function with many variable.
So, for this study, we adopt a three-layered net to predict wave impact force. Both
hidden and output layer employ log-sigmoid transfer function. The expression is

1
( ) .

1 u
f u

e−=
+

(6)

3.3   The Number of Neurons

The neuron number of input and output layer is related to the practical problem. It is
decided by the number of input and output variable. For regular wave impact force on
open-piled wharf deck, the main influence factors are T, H, s/H. Thus we choose the
number of input and output units as 3 and 1, respectively.

Because the method deciding the number of hidden units has not theory basis at
present, we choose hidden layer neurons as 10 and then add the number in turn, when
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the aim error is 0.08. We determine hidden units from the many training results in
terms of the principle of better training time, training epoch, the average value of
relative error of the training specimen (ARET for short) and the average value of
relative error of the verifying specimen (AREV for short). For each kind of condition,
we employ 10 different initial weight matrixes to train the net. Table 1 lists the aver-
age value of 10 training. From the table, when the number of hidden layer neurons is
17, comparing with other case, the training result is better.

Table 1. Training result of the different number of hidden units

3.4   Aim Error

The aim error is determined in terms of experience in the practical problem. We also
can choose partial sample to train the net with different aim error and employ the rest
to test it, then we can determine the better aim error in terms of the prediction quality.
When the number of hidden units is 17, for different aim error, we employ 10 differ-
ent initial weight matrixes to train the net. Table 2 lists the average value of 10 train-
ing. From the table, we can see, when both ARET and AREP are better, the aim error
can be chosen as 0.08.

Table 2. Training result of the different number of hidden units

3.5   Learning Algorithm

In order to choose an appropriate BP algorithm for the wave impact force problem,
the conventional and evolutionary back-propagation algorithms are tested to train the
network. For the net adopting different algorithm, we choose the appropriate pa-
rameter and employ 10 different initial weight matrixes to train. Table 3 lists the
average value of 10 training. It is seen that from the table, the marquardt algorithm is
the best, according to the training time, training epoch, ARET and AREP. Because
marquardt algorithm is not sensitive to parameters, µk=0.001, θ =10 are set.

Marquardt algorithm
The number

of hidden units
10 15 16 17 18 20

Training time 2.4461 1.5992 1.6153 1.8076 1.9750 2.2573
Training epoch 19 11.3 10.5 11.2 13 13.1

ARET 0.1035 0.0954 0.0904 0.0854 0.0847 0.0808
AREV 0.2861 0.2221 0.2264 0.2001 0.2023 0.2914

Marquardt algorithm, 17 hidden units
Aim error 0.005 0.05 0.07 0.08 0.09 0.4 0.8

ARET 0.0256 0.0775 0.0811 0.0854 0.0885 0.1827 0.2168
AREV 0.3225 0.2839 0.2115 0.2001 0.2019 0.1930 0.2239
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Table 3. Training result of different learning algorithm
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Fig. 1. Comparison of the experimental value and the output value of neural network

3.6   Result

In this paper, the training procedure of BP neural network is programmed and the
prediction model has three layers: 3 input units, 17 hidden units, 1 output unit. The
marquardt algorithm and the aim error of 0.08 are adopted. 10 different initial weight
matrixes are employed to train. The net whose prediction quality is the best in the 10
training is chosen as the prediction model. The ARET of the net is 8.61%. Table 4
shows the prediction result. In this table, the AVAE and AVRE stand for the absolute
value of absolute error and the absolute value of relative error, respectively. Figure 1
shows the Comparison of the experimental value and the output value of neural net-
work.
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4   Conclusions

In this study, the neural network is applied to predict wave impact force and the ap-
plication of neural network in the complex hydrodynamics problems is discussed.

Table 4. Prediction result

Marquardt algorithm

Speci-
men T(s) H(m) s/H

Fmax (ex-
peri-

mental
value)

Fmax (the
output

value of
the net)

AVAE
AVR

E
(%)

The
average

of
relative

error
(%)

1 1.0 0.10 0.1 0.339 0.3197 0.0193 5.68
2 1.2 0.10 0.3 0.243 0.2332 0.0098 4.02
3 1.5 0.20 0.2 0.910 0.8240 0.0860 9.45
4 2.0 0.10 0.1 0.478 0.5113 0.0333 6.96
5 2.0 0.15 0.3 0.401 0.4031 0.0021 0.51

Test
spe
ci-

men
6 2.0 0.25 0.0 0.886 0.8796 0.0064 0.72

4.56

It is shown that the model of neural network is better from the prediction result.
The average value of relative error of the training specimen is 8.61%; the average
value of relative error of the probative specimen is 4.56%. The wave impact forces
can be predicted by present model although the choice of initial weight matrix and the
determination of network architecture need a further study.
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Abstract. For aluminum powder nitrogen atomizing process, it is important but
difficult to establish the aluminum powder granularity distribution using real-
time measurements of exiting online sensors. In this paper, a novel software
sensor model based on RBF Neural Networks is presented to estimate the
granularity distribution of aluminum powder by means of measurements of
melted aluminum level and temperature, atomizing nitrogen temperature and
pressure, and recycle nitrogen temperature and pressure combined with
granularity statistics distribution of the aluminum powder. The software sensor
model can be obtained by training the RBFNN offline or online iteratively. An
error analysis is carried out to illustrate effectiveness of the proposed software
sensor model of aluminum powder granularity distribution.

Keywords. Aluminum powder nitrogen atomizing, Aluminum powder
granularity distribution, RBF Neural Networks, Software sensor

1   Introduction

Nitrogen atomizing is a widely applied technique to produce the super-tiny spherical
aluminum powder. During the atomizing process, the aluminum ingots are heated,
melted and atomized to become aluminum powder. For nitrogen atomizing process,
the granularity distribution of aluminum powder is a very important parameter
required for automatic control, but can’t be directly measured real-time using exiting
online sensors. Two ways dealing with this type of non-direct measurable problems
made in the literature are to develop new hardware sensor for monitoring the desired
parameters, and to employ software sensors, one indirect method, by means of
relating measurements available on-line.

There are two types of modeling approaches in developing software sensors. One is
a deterministic model from process mechanism [1, 2] and the other is of the black-box
approach using only the observed values [3]. Nitrogen atomizing process is with
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nonlinearities, large time delay, strong coupling and severe uncertainty, and thus it is
difficult to obtain the deterministic model by mechanistic method.

Recently, Neural Networks (NN) has received special attention from many
researchers because of its approximating ability for complex nonlinear systems [4].
Compared by BP Neural Networks and any others, Radial Basis Function Neural
Networks (RBFNN) has many advantages, such as global approaching, sample
structure, training quickly, etc., in modeling nonlinear systems. In this paper, a novel
software sensor model based on RBFNN is presented to estimate the granularity
distribution of aluminum powder. The software sensor model is trained by combining
measurements of melted aluminum level and temperature, atomizing nitrogen
temperature and pressure, and recycled nitrogen temperature and pressure with
granularity distribution character of the aluminum powder. The simulation results
illustrate the effectiveness of the proposed software sensor model of aluminum
powder granularity distribution.

Fig. 1. Aluminum powder nitrogen atomizing production process flow chart. Unit A: Nitrogen
Recycle Unit; Unit B: Aluminum Classification Unit

2   Aluminum Powder Nitrogen Atomizing Production Process

The flowchart of aluminum powder nitrogen atomizing production process is shown
in Fig. 1. Aluminum ingots are heated in Melting Furnace up to melting at a certain
temperature, and then the melted aluminum is delivered to Atomization Furnace
through a guide channel and heated again in Atomization Furnace continuously to
keep a higher temperature(about 900•). Through an atomizing nozzle towards
Atomization Room in the front of the Atomization Furnace, the melted aluminum is
spurted to Atomization Room and the aluminum powders are produced by action of
high-pressured atomizing nitrogen. The atomizing speed of melted aluminum and the
size of aluminum powder can be affected by melted aluminum level and atomizing
nitrogen from circular Venruri distributor. With the protection and cooling of recycle
nitrogen, aluminum powder solidified rapidly. The mixtures of aluminum powder and
nitrogen are pulled into the two Bag Filters, where the aluminum powders are
separated with nitrogen. The purified aluminum powders are delivered to the inferior
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store tanks, and then classified to six different degrees of powders in classification
unit (Unit B). The whole atomizing process takes place in the Atomization Room
filled fully by recycle nitrogen. With dust removing and cooling, nitrogen separated
from Bag Filters is used repetitively. Some of the nitrogen is dried, compressed,
heated, and sent to circular Venruri distributor as atomizing nitrogen.

Aluminum powder nitrogen atomizing production is followed by a national
military criterion”Super-tiny spherical aluminum powder criterion” (GJB1738-93).
According to the size of middle diameter (D50), there are six degrees of aluminum
powder named from FLQT0 to FLQT5 (see Table 1). The percentage of each degree
of aluminum powder in gross weight is different as shown in Fig.1 at one sampling of
producing in atomization device. In this paper, the aluminum powder granularity
distribution infers to the percentage distribution of each degree of aluminum powder.

Table 1. The degrees of aluminum powder

Degrees
FLQT
0

FLQT
1

FLQT
2

FLQT
3

FLQT
4

FLQT
5

D50(µm)m) 40±5 29±3 24±3 13±2 6±1.5 2±1

            Fig. 2. The percentages of six degrees            Fig. 3. The structure of MIMO RBFNN
            of aluminum powder

3   The Software Sensor Model Based on RBFNN

Among all types of the Neural Networks, BP and RBF Networks should be the two
often applied in software sensor modeling [4]. Compared by BP Networks, RBFNN
has the feature of global approximating, well classifying, and simpler structure and
faster training.

3.1   MIMO Radial Basis Function Neural Networks

RBFNN is a kind of 3-layer forward Networks (see Fig. 3). The first layer is a signal
input unit; the second is hidden layer, the units of hidden layer are nonlinear; the third
is output layer, the units of this layer are linear. The transformation function in hidden
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layer is varied from different occasions. Theoretically, RBFNN has the ability of
approaching arbitrary nonlinear functions. The MIMO RBF Networks shown in Fig.
3 has n input units, a hidden layer including L units, and m linear output units. The
mapping of the RBF Networks  fr•R

n •Rm, is defined by

0
1

( ) ( )
L

r j
j

f φ
=

= = + −∑ jy x W W x c (1)

Where ,n mR R∈ ∈x y , ( )φ i  is the mapping from nR  to R , i    is the Euclid norm,

jW   is the weight vector , ( 1,2, , )m
j R j L∈ =W " , 0W   is bias vector 0

mR∈W , jc   is

the center vector, and , ( 1,2, , )n
j R j L∈ =c " , respectively. Here ( )φ i  is chosen as

Gaussian function of the form

2 2( ) exp( / )v vφ σ= − (2)

The width of Gaussian function isσ .  Let 0 =c x , then

0( ) (0) 1φ φ− = =x c (3)

Let 1 2[ , , , ], ( 0,1,2, , )j j j mjW W W j L= =W " " , eqn. (1) can be rewritten as

3.2   Modeling of the MIMO Software Sensor Based on RBFNN

By the analysis of aluminum powder atomizing process, it is indicated that the
percentage of each degree of aluminum powder is affected by many parameters. In
this paper, six parameters directly affecting the aluminum powder granularity
distribution, the level and temperature of melted aluminum, the temperature and
pressure of atomizing nitrogen, are chosen as the inputs of software sensor, and the
temperature and pressure of recycle nitrogen, and the percentage contents prediction
of six degrees of aluminum powder as the outputs. Then the software sensor model
can be described as

[ ]0 1 5( ), ( ), , ( ) ( ( ), ( ), ( ), ( ), ( ), ( ))
T

L A A E Ey k y k y k f L k T k T k P k T k P k=" (5)

Where 0 1 5( ), ( ), , ( )y k y k y k" are corresponding to the percentages of the FLQT0,

FLQT1,…, FLQT5 aluminum powder, ( )L k  is the level of melted aluminum, ( )LT k

is the temperature of melted aluminum, ( )AT k  is the temperature of atomizing

nitrogen, ( )AP k  is the pressure of atomizing nitrogen, ( )ET k  is the temperature of

recycle nitrogen, and ( )EP k  is the pressure of recycle nitrogen, respectively.

Let ( ) [ ( ), ( ), ( ), ( ), ( ), ( )]L A A E Ek L k T k T k P k T k P k=x , 0 1 5( ) [ ( ), ( ), , ( )]Tk y k y k y k=y "
Then from eqns. (4) and (5) one obtains the RBFNN model of the software sensor

0

( ) ( )
L

r j j
j

f φ
=

= = −∑y x W x c (4)
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0

( ) ( ( )) ( ( ) )
L

r j j
j

k f k kφ
=

= = −∑y x W x c (6)

3.3   Training and Verifying for RBFNN Model

One group of historical sample data of aluminum powder nitrogen atomizing
production is chosen for RBFNN training; another group of sample data of recent two
months is chosen for extensive verifying. Before training, the sample data have been
processed by digital filtering, eliminating delay and deleting invalid data etc. With the
RBF Neural Networks tool box of MATLAB, the software sensor model for
aluminum powder granularity distribution is established, the offline training is done,
and the well-trained Networks model is verified. The online batch training is
considered. The sampling data of last month are used to train the software sensor
model online every month.
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Fig. 4. The comparison between the prediction of RBFNN model (—) and verifying data(△)
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Table 2. The errors between the detections and the predictions of software sensor of aluminum
powder granularity distribution

Degrees FLQT0 FLQT1 FLQT2 FLQT3 FLQT4 FLQT5

e
max

4.1569 1.9828 3.7933 1.5465 1.3179 3.4829

e
min

0.0029 0.0014 0.0021 0.0027 0.0006 0.0037

e
mse

0.9124 0.5335 0.7020 0.4799 0.1587 0.4348

The maximum absolute error emax, the minimum absolute error emin and square
root emse are listed in Table 2. As shown, in all the degrees, the maximum emax is
4.1569; the minimum emin is 0.0006; the maximum emse is 0.9124. It is followed from
Fig. 4 and above computing results that the prediction of software sensor model
match verifying data very well and can track accurately the varying of aluminum
powder granularity distribution real time, therefore the software sensor model of
aluminum powder granularity distribution based on RBFNN is effective, and its
measurement accuracy can meet the needs of applying advanced control in
production process well.

4   Conclusions

The granularity distribution of aluminum powder is an important parameter for
aluminum powder nitrogen atomizing process, but it is difficult to measure by exiting
online sensors. In this paper, a software sensor based on RBFNN is presented to
estimate the granularity distribution of aluminum powder. The error analysis shows
that the software sensor is well-matched to the verifying data. By applying of the
software sensor, the granularity distribution of aluminum powder can be monitored
real time, which gives technical support to realize closed-loop control in the
aluminum powder nitrogen atomizing process.
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Abstract. Applying data analysis-based intellectual optimization approach to
the industrial process optimization may improve the weakness of the mechani-
cal model-based optimization method which is mostly based on the incomplete
knowledge and understanding of a system. Therefore, it shows great application
prospects. In this paper, an operating parameter optimization model of crude oil
distillation process is developed using BP neural network. Then genetic algo-
rithm is applied to search for the optimal technological parameters. Simulation
results indicate that this approach is effective and practical.

1   Introduction

Process optimization is a well-concerned problem for enterprises. In the fierce mod-
ern market competition, furthest optimizing the process and ensuring the production
to be effective and stable are very important for enterprises to enhance their profits.
Technological parameter optimization in process industry can not only increase the
production, but also take great effect in saving energy sources, protecting environ-
ments and enhancing gross economic benefits for enterprises. In China, the optimiza-
tion strategies of atmospheric and vacuum distillation devices in refinery are mostly
based on the processes mechanical models. In this method, algebraic and differential
equations are used to describe the running status of production devices. Then ac-
cording to the optimization objectives, a specific optimization algorithm is used to
search for the optimal operating parameters. But due to the complexity of production
devices, processes and techniques, there are usually many difficulties in optimization
object modeling. Then the optimized technological parameters obtained from solving
the model are usually not the best ones for the system. Besides, due to the fact that
different devices may have different mechanisms and production techniques, the
objects mathematical models may not totally be the same as others. Thus the applica
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bility of the models is poor, the optimization method and optimized parameters for
one device are difficult to be used in others.

With the management information systems (MIS) being established and comple-
mented in petroleum refinery, importing computer technology into production man-
agement brings enterprises plenty of data about production processes, while alleviates
the work intension as well. The data reflect the production circumstances directly and
factually. By collecting, systematizing and analyzing the data, people can get evi-
dences of how to adjust the production processes and make management decisions.
Here, based on the operating data collected from field site, artificial neural network
(ANN) and genetic algorithm (GA) are synthetically used to optimize the light oils
yield ratio of an atmospheric and vacuum distillation device in a refinery, and satis-
fying results are obtained.

2   System Model Based on Neural Network

2.1   Optimization Objective

Crude oil distillation is in the first place of petroleum refining. Improving the light
oils yield ratio can not only increase the production, but also decrease operating ex-
penses of the following treatment processes. So the light oils yield ratio is the most
important economic target for petroleum refineries to maximize their profits. In gen-
eral, crude oil distillation process includes atmospheric distillation and vacuum dis-
tillation. Here the light oils yield ratio optimization problem under the circumstances
of atmospheric pressure distillation is considered.

Light oils yield ratio of the atmospheric distillation column is that, while ensuring
the products quality, the ratio of the total amount of products from the top to the third
side-stream of the distillation column to the feeding crude oil. The mathematical
description is,

%100×=
∑
∑

j
j

k
k

G F

P
f  . (1)

where Pk is the output of product k and Fj is the jth feedstock. Optimization of light
oils yield ratio is just to maximize fG. In the process of crude oil distillation, while the
feeding flow and components of crude oil are stable, the influence of feedstock can be
omitted, then maximizing fG is equivalent to optimize the light oils production yields.
That is,

∑=
k

kL Pfmax   . (2)

It is meant to maximize the total amount of products from the top to the third side-
stream of the column. This is the objective function of light oils yield ratio optimiza-
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tion of atmospheric pressure distillation column, where Pk (k=0,1,2,3) are the optimi-
zation decision variables.

2.2   Establishment of System Model

Since atmospheric distillation is a complex process, the back-propagation (BP) neural
network [1] is used here to establish the system model.

Having got the optimization objective function, on the basis of analysis of the tech-
nological mechanism [2], the following 23 operating parameters that reflect the actual
conditions of the production process are collected. They are: returned top reflux, top
circulating reflux, first intermediate circulating reflux, second intermediate circulating
reflux, stripping steam in the base, top temperature, return temperature of cooled top
reflux, return temperature of top circulating reflux, withdrawing temperature of top
circulating reflux, return temperature of first intermediate circulating reflux, with-
drawing temperature of first intermediate circulating reflux, return temperature of
second intermediate circulating reflux, withdrawing temperature of second intermedi-
ate circulating reflux, temperature of stripping section, temperature of stripping steam
in the base, temperature of first side-stream draws, temperature of second side-stream
draws, temperature of third side-stream draws, temperature of fourth side-stream
draws, base temperature, feedstock temperature, top pressure and pressure of strip-
ping section. The outputs of the atmospheric distillation column are also collected;
they are top draws and the first, second and third side-stream draws. Since the prob-
lem considered is restricted to the fixation of the input material, the test analysis data
of components and properties of the feeding crude oil are not collected; that is to say,
the influences of these two factors are not considered while doing optimization cal-
culation.

The nonlinear reflection between the main operating parameters of atmospheric
distillation process and its productions is established using BP neural network. It is
just the technological parameter optimization model based on the field operating data,
and the optimization calculation will be conducted on it.

The number of nodes of BP network’s input layer is decided by the dimensions of
source data. Here, the input layer’s nodes are set to 23, each of which represents one
of the 23 main operating parameters listed above, respectively. The output layer’s
nodes are set to 4, which represent the 4 light oils output of atmospheric distillation
column.

It’s always a hard problem that how to determine the number of hidden layers and
each hidden layer’s nodes in a BP neural network. A simplified approach is used here.
For small neural networks, since one with two hidden layers is not always better in
performance than the one with one hidden layer, the BP neural network used to es-
tablish optimization model is designed with only one hidden layer. Due to the 23
inputs and 4 outputs, the effect of the neural network can be treated as a feature com-
pression process. Let the number of hidden layer’s nodes to meet the relationship that
23 : N = N : 4, then N = 9.6. Repeated experiments indicate that while the hidden
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layer’s nodes are set to 12, it is faster for the neural network to converge while being
trained, and the performance is much stable as well.

When the neural network model is established, it is trained using the sampled oper-
ating data collected from field site.

3   Optimization Calculation

Genetic algorithm (GA) [3] is used here to search for the optimal technological pa-
rameters on the neural network model.

GA is a self-adaptive and iterative random search algorithm. It comes from natural
selection and evolution mechanism of biology. It begins with the problem’s potential
solution population, which consists of a certain number of gene-encoded individuals.
Individuals are initialized at random while calculation begins, and each individual’s
fitness is calculated. Thus the first generation or initial population is generated. If this
generation does not meet the optimization criteria, calculation is conducted to gener-
ate the next generation. Generations evolve to create better approximate solutions in
terms of the principle of the survival of the fittest. In each generation, individuals are
selected according to their fitness values, and then crossover and mutation are con-
ducted on them in terms of certain probability. Thus the child population is generated.
The individuals’ fitness values of this child population are recalculated. The proce-
dure leads the new generation to fit environments better, just like biology evolution.
This process is repeated until the optimization criteria are met. The best individual of
the last population can be treated as the approximate best solution of the problem by
gene decoding.

The basic operators of GA include selection and reproduction based on fitness val-
ues, crossover and mutation. To the optimization problems of some complex nonlin-
ear, multi-goal functions, conventional linear programming and nonlinear program-
ming will meet difficulties in the course of calculation; while GA can conveniently
get better results for its extensive adaptability.

According to the artificial neural network model established just now, the 23 input
variables are encoded with real number. Set the population size to 30, crossover rate
to 0.8, and mutation rate to 0.1. Aiming at improving the light oils yield ratio, GA is
conducted to search for the optimal technological parameters on the neural network
model.

4   Simulation Results and Discussions

Taking the atmospheric distillation column operating data of Oct. 22, 2003 from a
petrochemical refinery as an example, the technological operating parameters optimi-
zation is conducted using NN and GA approach mentioned above.

First of all, for the reason of influence of some uncertain factors to the production
process, the data collected from field site usually contain more or less noises. These
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may cause data distortion, incompletion and inconsistency. So it is necessary to filter
and clean up the data before calculation. This is so-called preprocessing. Put the sam-
ple data, which are the main technological parameters collected when the system is in
the steady state condition, into the form that the BP neural network can accept, and
kick out the obviously wrong data and the data that don’t meet the quality require-
ments. Besides, all the input and output data are preprocessed by normalization to
avoid the influence of dimension differences among data to the performance of the
neural network.

On the basis of data preprocessing, BP neural network is used to establish the op-
timization model.

Then GA-based calculation is conducted on the well-trained neural network to
search for the optimal technological operating parameters. Each element variable of
the input vector is restricted to the sample data’s range so that the products quality
can be guaranteed to the utmost extent while optimizing the light oils yield ratio. The
process of GA is shown in Figure 1, and the average results of several simulations are
shown in Table 1. The simulation results of one optimization calculation are shown in
Table 2.

Fig. 1. The Process of GA

Table 1. Optimization results of light oils yield

Number of
sample data

Maximum light oils yield
in sample data (t/h)

Average optimized
light oils yield (t/h)

Yield increasing
(%)

721 152.8 156.6 2.49%

The above figures indicate that the light oils yield will increase of 3.8 tons per hour
if the atmospheric distillation column runs according to the optimized technological
operating parameters. In the case that the crude oil is processed 10,000 tons a day, for
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an atmospheric distillation device with 4 million tons annual process capability, the
light oils yield ratio will increase of 0.91%. It will bring tremendous profits to the
enterprise.

Table 2. Simulation results of one optimization calculation

Technological operating parameters Units

Lower
limits of
sample

data

Upper
limits of
sample

data

Optimized
values

Returned top reflux kg/h 4886 10359 6979
Top circulating reflux kg/h 69955 75045 73349
First intermediate circulating reflux kg/h 87801 88195 88054
Second intermediate circulating reflux kg/h 97862 98096 98018
Stripping steam in the base kg/h 3803 3865 3817
Top temperature ℃ 112.0 114.4 113.0
Return temperature of cooled top reflux ℃ 34.4 46.6 39.5
Return temperature of top circulating reflux ℃ 83.8 86.7 84.4
Withdrawing temperature of top circulating
reflux

℃ 136.9 140.6 139.7

Return temperature of first intermediate
circulating reflux

℃ 107.6 111.3 108.5

Withdrawing temperature of first intermedi-
ate circulating reflux

℃ 192.0 202.5 200.1

Return temperature of second intermediate
circulating reflux

℃ 197.8 215.6 211.5

Withdrawing temperature of second inter-
mediate circulating reflux

℃ 280.9 289.2 285.4

Temperature of stripping section ℃ 349.9 352.7 350.3
Temperature of stripping steam in the base ℃ 374.3 385.0 378.0
Temperature of first side-stream draws ℃ 166.2 172.8 171.3
Temperature of second side-stream draws ℃ 241.0 250.5 246.6
Temperature of third side-stream draws ℃ 310.7 314.8 311.6
Temperature of fourth side-stream draws ℃ 347.9 350.1 348.7
Base temperature ℃ 346.2 346.9 346.4
Feedstock temperature ℃ 359.9 360.1 359.9
Top pressure MPa 0.0285 0.0307 0.0293
Pressure of stripping section MPa 0.0579 0.0607 0.0599

Side-stream draws
Top

draws

1st side-
stream
draws

2nd side-
stream
draws

3rd side-
stream
draws

Total

Average light oils yield in
sample data (kg/h)

22406 38587 41484 45453 147930

Optimized light oils yield
(kg/h)

24622 41265 41409 49407 156703

Yield increasing (%) 9.89% 6.94% -0.18% 8.70% 5.93%
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The advantage of this approach is that, the BP neural network used to establish the
optimization model does not need to be trained online. It can be trained only once as
long as the production process is stable in a span of time. Thus the time expense can
be greatly saved while the optimization calculation runs. Yet there are two major
weaknesses of this approach.

 (1) To guarantee the products quality. Although all the operating variables are re-
stricted to the sample data’s range during the optimization process, and the sample
data that don’t meet the products quality are kicked out, it is still hard to ensure fully
that the products quality is satisfied and stable when the distillation process runs with
the optimized technological operating parameters. A feasible solution [4] is that, on
the basis of collecting the device technological operating parameters and the products
quality analysis data, a quality estimation model is established first between the prod-
ucts quality and technological operating parameters using neural network approach.
While the optimized parameters are obtained, they can be imported into the quality
estimation model to estimate the products quality. Those parameters that will lead
rejected products will be discarded while doing optimization searching. Thus the
products quality can be guaranteed. Besides, this approach can avoid the complex
mechanism analysis of how these operating parameters influence the products quality;
and the optimization calculation, which is based on the input-output data, is much
simplified in comparison with the mechanical model-base optimization method.

(2) Training of the neural network may influence the optimization results. Simula-
tion shows that, when the BP neural network is initialized at random, there may be
great differences among the optimization results obtained by GA, and the light oils
yield may fluctuate conspicuously. Since the weight and threshold values of the BP
neural network needn’t to be frequently updated, an experimental method can be
adopted while training, and a BP neural network model with good performances
among the several network models obtained from experiments is to be reserved.

5   Conclusions

Implementation of CIMS in process industry is the main competitive means for large-
scale continuous production enterprises to increase their profits and market competi-
tion capabilities. On the basis of application of databases, the process optimization
approach based on operating data breaks the original objectives and levels of applica-
tion of management information systems in the production process management. It
shows great significance for enterprises to make their production management deci-
sions, and has brilliant application prospects. Furthermore, the implementation of
online data analysis and intelligent optimization systems will make real-time obser-
vation of the production processes more efficient, so that the online operating in-
structions and optimum production may come true.
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Abstract. For the production of high quality chemicals batch manufacture plays
an important role. Since some parameters of a batch chemical reaction are
difficult to measure with conventional instruments, Artificial Neural Network
(ANN) model has become a useful tool for the estimation of chemical reaction
indexes. Data restructuring is an effective method for improving properties and
accuracy of the ANN model. This paper constructed an ANN model for
estimating the number-average molecular weight and polydispersity in batch
polymerization process and presented the method of training data restructuring.
The results were satisfactory.

1   Introduction

Batch processes are suitable for the manufacturing of high value added products such
as pharmaceuticals, specialty chemicals, and bio-chemicals. With process manu-
facturing increasingly being driven by market forces and customer needs, there is a
growing necessity for flexible and agile manufacturing [1]. Customer oriented highly
responsive production has resulted in a tendency for the chemicals industries to move
towards batch or mixed batch-continuous production where chemical effect are a
major product quality issue.

Unlike continuous processes, batch processes are inherently transient and typically
also nonlinear. To maintain consistently high quality production, close monitoring of
batch processes is required. In this paper, a batch polymerization process is used as a
cased study. Since batch polymerization processes are usually highly non-linear and
the associated quality indexes are generally difficult to be measured on-line, ANN
technique is used here to provide inferential estimations of polymer quality indexes.

Because of the difference in recipe and environment within different batches, there
are many problems in the ANN modeling. For example, the obvious dispersity of data
will affect fitting accuracy. This paper studies a useful data restructuring method. The
simulation indicates that it is an efficient way of improving ANN model properties.
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2   A Batch Polymerization Process

In the production of high quality chemicals, batch processes play an important role. In
a batch polymerization process, polymer molecular grows during certain time period.
The batch polymerization reactor studied here is a one-gallon well-stirred vessel with
a jacket. A cascade control system is used to keep the polymerization temperature
constant. The reactor temperature is the primary controlled variable, while the jacket
outlet temperature is taken as the secondary controlled variable. The manipulated
variables are the cold and hot water flow rates. The detail of the polymerization
system is discussed by Zhang [2]. A rigorous simulation program is developed to
generate polymerization data under different batch operating conditions. These data
are used to train and test neural network models.

 

Fig. 1.  Quality index and measurable variable curves in three different batches

Number-average molecular weight (Mn) and polydispersity (Pd) are polymer
product quality indexes. Reaction rate and monomer conversion, as reaction indexes,
represent reaction progress.

They are usually difficult to measure. Some researchers have studied the inferential
estimation of polymer quality based on state estimations [3,4]. This approach,
however, requires an accurate model based on the knowledge of polymerization
kinetics. The development of such an accurate model could be very time consuming
and effort demanding.

In this paper, neural networks based inferential estimation is studied. In a soft
sensor model, the task of ANN is to estimate these indexes from certain parameters
measured on-line. Fig. 1 shows how these parameters vary in three batches under
different conditions. It can be seen that polymer particle growth is not proportional. It
barely changes in some regions, but grows quite fast in other regions. In different
batches, there are great differences in the growth time and growth values. The
measurable variables, such as reactor temperature, jacket inlet and outlet temperature
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and flow rate through the jacket, related only partially to variations of Mn, Pd,
reaction rate, and conversion. The curve shapes of Mn and Pd are very different from
the curve shapes of the measurable parameters. Consider these indexes to be functions
of the measured variables as follow:

(var1, var 2, )Index f=  . (1)

3   Quality Estimation Model 1 and Its Problems

This is an elementary function approximation trial where a recurrent neural network is
used. In a recurrent network, the outputs depend on the current inputs, the past inputs,
and the past outputs. The network consists of two layers. The hidden layer contains
sigmoidal neurons, while the output layer contains a linear neuron. This recurrent
network structure is shown in fig. 2.

Hyperbolic tangent function was taken as the activation function for hidden
neurons:

1 exp( )
tan ( )

1 exp( )

x
y sig x

x

− −= =
+ −

 , (2)

Where *Tx w p b= +  , and p is the input vector, w is a vector of network weights,
and b is a bias.

Fig. 2. Recurrent Architecture of Model 1

The training rule is back propagation with momentum and adaptive learning rate.
They can be used to adjust the weights and biases of networks in order to minimize
the sum of squared errors of the network. This is done by continuously changing the
values of the network weights and biases in the direction of steepest descent of the
sum of squared errors with respect to network weights. Starting from the network
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output layer, derivatives of error are calculated, and then back propagated through the
network.

Fig. 3 shows the test results of the trained ANN model 1. It can be seen that the
performance of the ANN model 1 is not satisfactory. Since quality index Mn has more
complex relationship with measurable parameters, their estimated curves are worse
than the estimated rate curves. As a soft sensor, it should have much higher accuracy.

From theoretical point of view, the network with a hidden layer of sigmoidal
neurons and a linear output layer should be capable of approximating any function
and obtain a satisfactory accuracy. Unfortunately training results were not
satisfactory, although during training we’ve managed to use various ways to improve
training results, such as changing input dimensions, changing neuron number in the
hidden layer, selecting training data, canceling output recurrence, pre-processing
input data etc.

Fig. 3. Test curves of model 1

4   Data Restructuring via Moving Time Referential Point

By carefully observing Fig. 1, it can be discovered that the distribution of quality
index data along the time axis is dispersed. At the same time in different batches, the
dispersity of data distribution usually is very obvious. This dispersed data distribution
will also affect fitting accuracy.

If the curves of Mn, Pd and reaction rate are moved by some feature point, e.g. the
peak point of Mn or reaction rate, i.e. if the peak point is taken as referential point of
time axis, the data distribution will decrease its dispersity. Fig. 4 shows the moved
curves and their data distribution via new time axis. It can be seen that the data
distribution dispersity at the same time in different batches becomes much smaller.
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The fitting relationships hence get simplification. This is another way for improving
network accuracy.

Fig. 4. The Curves Moved by Feature Point

Fig. 5. Test Curve of synthetic model 2

To complete the simplification, a network is first trained to find the feature points
under different batches. When reaction initial conditions and relative parameters are
put into the network as inputs, the trained network model can accurately find the
feature points. The estimated error is within ±1 sampling step.

The sample data are reorganized by the new time referential point. The new input
matrix is formed and is used to train quality index model. The combination of the two
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networks synthesizes the quality estimation model. Test results show that the
estimation model has satisfactory accuracy.

Fig. 5 shows test curves of the synthetic model 2. The network for estimating
feature point consists of radial basis neurons, while the other network consists of
sigmoidal neurons. For fitting problems of many sets of data, the radial basis
networks usually show obvious advantages.

5   Conclusions

Since batch polymerization processes are usually highly non-linear and the associated
quality indexes are generally difficult to be measured on-line, ANN technique is used
here to provide inferential estimations of polymer quality indexes. Data restructuring
via moving time referential point is an effective method for improving properties and
accuracy of a neural network model. Data restructuring has no definite rules and
should be based on practical needs and possibilities. To avoid pitfalls in using neural
networks, it’s very necessary to analyze the problem to be solved and to find some
features of the plant.
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Abstract. Industrial production of lycopene and β-carotene from toma-
toes appears to be in highly demand in recent years by food industry and
pharmaceutical companies for the development of functional foods. In
this paper, a novel neuro-fuzzy model is first proposed to model the su-
percritical CO2 extraction of lycopene and β-carotene from tomato paste
waste by considering several process parameters. It can help to achieve
the optimal control, and to develop a simulation and auto-control system
for quality assurance in the industrial production. The effectiveness of
the proposed model is demonstrated by simulation study.

1 Introduction

Lycopene and β-carotene are important members of the carotinoid families, they
are the strongest carotinoid for neutralising free-radicals, help to resist-oldness,
resist-tired, prevent cancer and anticancer. Lycopene and β-carotene can be
used in medicines, cosmetics, health protection profession and colour matching,
etc. They are principal pigments found in tomatoes and are responsible for the
characteristic deep-red colour of ripe tomato fruits and tomato products.

In recent years, the food industry has dramatically increased their interest
and awareness of the health benefits of lycopene and β-carotene from tomatoes.
Industrial production of lycopene and β-carotene from tomatoes appears to be
in high demand by food and pharmaceutical companies for the development
of functional foods [1]. The most commonly used method is supercritical fluid
extraction technique that is used to extract many natural products from a wide
variety of substrates [2,3,4,5,6]. Currently, extract lycopene and β-carotene by
supercritical CO2 extraction is still at the laboratory scale. Hence, a proper
model to predictive control the extraction on an industrial scale with minimal
loss of bioactivity is highly desirable for food and pharmaceutical applications.

In this paper, a novel neuro-fuzzy model is first proposed to model and op-
timise the lycopene and β-carotene extraction by supercritical CO2 extraction
procedure in laboratory. It will helps to optimise the extraction process, and
pave the way to develop a simulation and auto-control system for quality con-
trol in the industrial production. This model can be also used to optimise the
extraction processes of other nutrient and functional foods from plant material.

F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 880–885, 2004.
c© Springer-Verlag Berlin Heidelberg 2004
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2 The Proposed Neuro-Fuzzy Model

In order to model an industry process, the commonly used conventional ap-
proach is the mathematics method. First determine the relative variables and
parameters, after analyse the experiment data then establish a series differen-
tial equations by physical laws to describe the non-linear relationships of the
whole process. Finally, use the statistics to evaluate the results. The mathemat-
ics approach is the commonly used approach, but it only suits for some simple
processes. When the non-linear relationships of the whole process become more
and more complex, it is extremely hard for the conventional method to find the
accurate parameters and equations to describe the complex non-linear process.

Artificial neural networks are well known for their capacity to learn from real
patterns and to generalise the input-output relationship, especially for those high
non-linear process [7]. They have been widely used in task domains ranging from
concept learning to function approximation. But the neural network approach
still has some shortcomings, it is an blind simulation process, can not provide
the explanations for the simulation results. Hence, the neuro-fuzzy systems are
introduced to overcome this problem, where in the neuro-fuzzy system, the neural
networks are used to adjust the membership functions to make the fuzzy system
complies to the input-output requirements. Hence, in this paper, the neuro-fuzzy
models are proposed to model the extraction of lycopene and β-carotene from
tomato paste waste.

The proposed neuro-fuzzy model for modelling of the supercritical CO2 ex-
traction of lycopene and β-carotene from tomato paste waste is illustrated in
Fig. 1. This proposed model use ANFIS architecture [8] respect to each output,
five parameters (temperature, pressure, co-solvent rate, extraction time and CO2
flow rate) are selected as the inputs, the recovery rate of lycopene and β-carotene
are the outputs, respectively.

A1
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B1 1

2
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n+2

2n
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lycopene
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B*2
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w2n

Fig. 1. Proposed neuro-fuzzy model for supercritical CO2 extraction of lycopene and
β-carotene from tomato paste waste.
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For the proposed neuro-fuzzy model, it contains 64 rules, 4 membership func-
tions assigned to each input variables, and in total, there are 60 premise param-
eters and 384 consequent parameters. As show in Fig. 1, in Layer 1, each unit
contain a bell-shaped membership function to represents a linguistic term, given
as

µ
(i)
j (xi) =

1

1 +
[
(xi−ci

ai
)2

]bi
, (1)

where ai, bi and ci are premise parameters to determine the shape of bell func-
tions, xi is the input to unit i. Each unit in Layer 2 multiplies all the signals
come from Layer 1 then send the firing strength ωi as the output to the next
layer, given as

ωi =
∏
j

µ
(i)
j (xi). (2)

In Layer 3, the normalised firing strengths of all rules are calculated by

ω̄i =
ωi∑
i ωi

. (3)

Then the fuzzy if-then rules are calculated in Layer 4, given as

ORi
= ω̄i(α

(i)
0 + α

(i)
1 x1 + α

(i)
2 x2 + . . . + α(i)

n xn), (4)

where α
(i)
0 , α

(i)
1 , . . . α

(i)
n are the consequent parameters. Finally, the output is

computed in Layer 5 by

output =
∑

i

ω̄i(α
(i)
0 + α

(i)
1 x1 + α

(i)
2 x2 + . . . + α(i)

n xn). (5)

To training the proposed neuro-fuzzy models, firstly, keep the premise pa-
rameters fixed, then determine the consequent parameters by iterative least
square estimations techniques; secondly, keep all the consequent parameters
fixed, the use the backpropagation algorithms to update all the premise parame-
ters; thirdly, consider four consecutive steps, if the error in these four consecutive
steps are reduced, then increase the learning rate by 10%, otherwise, if the error
in two consecutive steps contain one increase and one reduction, then decrease
the learning rate by 10%; repeat all the step until all the error is smaller than
the pre-defined tolerance, stop training and output all the parameters.

3 Simulation Results and Discussion

In this study, the proposed neuro-fuzzy models are applied to the available data
sets in literature [9]. Five factors are assessed: temperature, pressure, co-solvent
ethanol, extraction time and CO2 flow rate, the range of those parameters are
20oC to 100oC, 100bar to 300bar, 1% to 20%, 0.5h to 3.5h and 1kg/h to 8kg/h,
respectively. The performance for the neuro-fuzzy models are compared to the
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Fig. 2. Effects of temperature on SFE for lycopene (A) and β-carotene (B), respec-
tively. (pressure: 300bar; flow rate: 4kg/h; extraction time: 2h; co-solvent: 0%)
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Fig. 3. Effects of pressure on SFE for lycopene (A) and β-carotene (B), respectively.
(temperature: 65oC; flow rate: 4kg/h; extraction time: 2h; co-solvent: 0%)

experiment data by least mean square error (E) and correlation coefficient (R):
the smaller E is, the better; the closer R is to 1, the better.

The relationship between the extractor temperature and recovery rate of
lycopene and β-carotene by the neuro-fuzzy model are given by Figs. 2A and 2B,
respectively. The circle and star dot denote the experiment data, the solid lines
represent the neural-fuzzy model results for recovery rate of lycopene and β-
carotene. Analyse Figs. 2, the proposed neuro-fuzzy model can fit and correlate
the experimental data very well, it shows when the temperature over 55◦C, the
recovery rate of lycopene and β-carotene reach to the saturated status, so the
optimal temperature for the extraction process given by the proposed model is
55◦C to 60◦C. With respect to temperature, the R and the E for the whole
system are 0.9773 and 0.4332, respectively.

The relationships between extractor pressure and yield rate of lycopene and
β-carotene, extraction time and yield rate of lycopene and β-carotene are shown
in Figs. 3A and 3B, Figs. 4A and 4B, respectively. Similarly, experiment data
are denoted by circle and star dot respectively, the neuro-fuzzy model results
are denoted by solid line. Respect to extractor pressure, the R and the E for
the neuro-fuzzy model are 0.9993 and 0.0917; while respect to extraction time,
the R and the E are 0.9984 and 0.2114. The results show that the proposed
neural-fuzzy model can give the accurate prediction to the extraction process,
the optimal pressure ranges are 300 to 350bar and the optimal extraction time
ranges are 2 to 2.5h, respectively.
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Fig. 4. Effects of extraction time on SFE for lycopene (A) and β-carotene (B), respec-
tively. (pressure: 300bar; temperature: 65oC; flow rate: 4kg/h; co-solvent: 0%)
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Fig. 5. Effects of extraction time and CO2 flow rate on SFE for lycopene (A) and
β-carotene (B), respectively. (pressure: 300bar; temperature: 65oC; co-solvent: 0%)
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Fig. 6. Effects of temperature and co-solvent on SFE for lycopene (A) and β-carotene
(B), respectively. (pressure: 300bar; extraction time: 2h; co-solvent: 0%)

Figs. 5A and 5B give out the results of relationship between yield rate and
two variables, extraction time and CO2 flow rate, for lycopene and β-carotene
respectively, experiment data are denoted by circle dot, the results by neural-
fuzzy model are represented by line surface. Analyse Fig. 5, the neuro-fuzzy
model can fit the experiment data very well, the line surface give the accurate
predictions to the extraction process, it can helps to predict and find the optimal
point for the whole process and hence to improve the productivity. The R and
the E for the whole system are 0.9998 and 0.3454, respectively.

When consider the relationship between yield rate and other two variables,
extraction temperature and co-solvent ethanol, for lycopene and β-carotene, the
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results shown in Figs. 6A and 6B, respectively. In Fig. 6, experiment data are
denoted by star dot, the results by neural-fuzzy model are represented by line
surface. Analyse those figures, obviously, the proposed neuro-fuzzy model can
always fit the experiment data, the line surface give the accurate predictions to
the extraction process. The R and the E for the whole system are 0.9989 and
0.5476, respectively.

From above results, obviously, the proposed neuro-fuzzy model can successful
model the extraction process of lycopene and β-carotene from tomato paste waste
and helps to optimise the extraction process and highly improve the productivity

4 Conclusion

In this paper, a novel neuro-fuzzy model is proposed to model the supercritical
CO2 extraction of β-carotene and lycopene from tomato paste waste. Gener-
ally the proposed neuro-fuzzy model can provide the accurate prediction to the
whole extraction process. The effectiveness of the proposed neuro-fuzzy model
is demonstrated by simulation studies. It is believed that the proposed novel
neuro-fuzzy approach will be able to be applied to practical areas and highly
improve the productivity.
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Abstract. A fundamental task of radar is the detection of targets in noise and
clutter. It is very difficult to detect weak targets in heavy sea clutter. In this
paper we apply the discrete wavelet transform (WT), along with multilayer
feedforward neural networks, to the detection of radar weak targets. The
wavelet transform employs the Haar scaling function, which is well matched to
the signals from targets. The hard threshold filter is adopted to remove sea
clutter. The neural networks are trained with the back-propagation rule, which
are used to detect weak targets. The simulated results show that the proposed
method is very effective for radar detection of weak targets.

1     Introduction

Radar is a critical element of many surveillance systems that exist in modern military
and civilian environments where its roles include target detection and identification,
navigation and mapping, target tracking and weapons guidance. Radar detects targets
by emitting electromagnetic energy, then processing the signal from the reflected
radiation.  There are many kinds of clusters in radar signals. For marine radar, one of
the major sources of noise is random reflection from the ocean’s surface. It is very
difficult to detect weak targets in heavy sea clutter. It is the important task of marine
radar or coast-based radar to suppress sea clutter. In our work, we are particularly
interested in the detection of weak targets within heavy sea clutter.

The WT is a tool for carving up radar signals into different frequency components,
allowing one to study each component separately. We use the WT with the Haar
wavelets to separate the radar targets from sea clutter. The hard threshold filter is
applied to remove some high frequency coefficients, which result from sea clutter.
Then we reconstruct the radar signal, in which sea clutter is suppressed. Using a
multilayer feedforward network, we detect weak targets from the reconstructed radar
signal finally.

This paper is organized as follow. The next section shows characteristics of echoes
from targets and sea clutter. In section 3, the Harr wavelet and the multiresolution
analysis are reviewed for radar signals. The method to suppress sea clutter is given in
section 4. In section 5, the detection of radar targets based on the multilayer
feedforward network is studied. Finally, conclusions are given in section 6.
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2     Features of Echoes from Targets and Sea Clutter

After the pulse is transmitted by pulse radar, the system tries to receive any echoes
from the pulse. As shapes and states of targets are steady, returned signals from
targets are pulse-type and their envelopes vary very slowly. The irregularity of the
ocean surface arises through the interaction of wind and water. The system is open
because of the external forcing of the sun’s heat, and is dissipative because of the heat
loss due to friction. Also, the interaction of wind and water is nonlinear. Signals
resulting from open dissipative systems with nonlinear dynamics are known to be
fractal. Thus sea clutter is fractal [1]. In addition, sea clutter is faster fluctuation than
echoes from targets. For low-resolution radar, sea clutter has many characteristics like
those of thermal noise. It is randomly fluctuation in both amplitude and phase, and in
many case the probability density function is of the Rayleigh type, like that of thermal
noise. But the spectrum of sea clutter is often narrower than that of white noise.

Echoes from targets last long intervals and are steady, while sea clutter is fractal
and fast fluctuation. Echoes from targets are low frequency components, and sea
clutter is high frequency component. According characteristics of echoes from targets
and sea clutter, we will choose the Haar wavelet to decompose echoes into low and
high components.

3     Discrete Wavelet Transform of Radar Signals

The Haar scaling function )(tφ  is defined by



 <≤

=
otherwise

t
t

,0

10,1
)(φ (1)

The scaling function is a low pass filter. A low pass filter suppresses the high
frequency components of a radar signal and allows the low frequency components
through. The Haar scaling function calculates the average, which results in a
smoother, low pass signal. One prescription used to generate a function family

)(, tkjφ  from the scaling function )(tφ  is

)()( /
, kt22t j2j
kj −= −− φφ (2)

where Zkj ∈, . The index j refers to dilation and k refers to translation. Define the

vector space jV  as

{ })(, tspanV kjj φ= (3)

where span denotes the linear span. It is shown that Zkj ∈,  forms an orthonormal

basis.
The Haar wavelet function )(tψ  is defined by
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The wavelet function is a high pass filter. A high pass filter allows the high frequency
components of a radar signal through while suppressing the low frequency

components. As above, we define the vector space jW  as

{ }/ 2
, ( ) 2 (2 )j j

j j kW span t t kψ ψ− −= = − (5)

It is also shown that the wavelet family { })(, tkjψ  forms an orthonormal basis. The

relationship between the Haar wavelet function and scaling function is given

11 ++ ⊕= jjj WVV (6)

Furthermore, one may get

110 WWWVV jjj ⊕⊕⊕= − (7)

Then { }jV  constructs a multiresolution analysis. From Eq. (10), one can see that

every signal s( t)  may be represented as a series of the form

)()()()()( ,
1

, tkdtkats kj

m

j k
j

k
kmm ψϕ ∑ ∑∑

=

∞

−∞=

∞

−∞=

+= (8)

The first term is low frequency component, which provides the “general picture”. The
second term is high frequency component, which provides the “details”. The above
equation represents one way of decomposing the radar signal s( t)  into low and high
components.

4     Method to Suppress Sea Clutter

The low frequency components of the WT of a radar signal result from echoes of
targets and the high frequency components correspond to sea clutter. Wavelet-domain
filtering produces wavelet shrinkage estimates.  That is, certain wavelet coefficients
are reduced to zero. There are two predominant thresholding schemes. The soft
threshold filter shrinks coefficients above and below the threshold. Soft thresholding
reduces coefficients toward zero. However, performs better for detection of weak
targets in sea clutter. In the hard threshold filter, we compare wavelet coefficients of
high frequency components with a threshold value q j . If wavelet coefficients of high
frequency components are less than the threshold, they are reduced to zero in order to
remove the sea clutter. That is
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Wavelet coefficients over the threshold are used to reconstruct the signal that mainly
contains echoes from targets.  The chose threshold value is important. In our method,
the threshold value is computed as the standard deviation of wavelet coefficients of
high frequency components.

The processing steps to suppress sea clutter are performed as follows.
Step 1:  Calculate the discrete WT of the radar signal.
Step 2: Calculate the threshold and remove the wavelet coefficients of the high

frequency components based on the hard threshold filter.
Step 3:  Reconstruct the radar signal.
We simulate the signal from a target in sea clutter to demonstrate the above

method. In the simulation, sea clutter is the Rayleigh type and the signal-to-clutter
ratio is –5 dB. The Haar wavelet is used to decompose the radar signal with the
seventh level. Fig. 1 shows the echo from a target without sea clutter. Fig. 2 shows the
echo from a target within sea clutter. Fig. 3 shows the reconstructed signal using the
proposed method. It is shown that the method is powerful to suppress sea clutter from
simulated results.

Fig. 1. The echo from a target without sea clutter

Fig. 2. The echo from a target within sea clutter
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Fig. 3. The reconstructed signal

Fig. 4. The Neural network architecture for target detection

Fig. 5. The performance of the proposed target detection scheme

5     Neural Network Detector

After sea clutter is suppressed by WT along with the hard threshold filter, we need to
design a detector to detect targets. Although many classical detection algorithms are
available for this purpose, neural networks are very promising due to their advantages
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over conventional methods. The advantages of neural networks as pattern classifiers
have been well investigated, and a detailed description of the architecture and training
of neural networks can be found in [2]. The main reason for the feasibility of neural
networks is their ability to generalize after learning from training data. That is, they
can identify a test pattern even when that particular pattern is not used for training.

Fig. 4 shows the neural network architecture we employ for target detection. The
network is comprised of 3 layers of artificial neurons: an input layer, a hidden layer,
and an output layer. Signals flow forward through the network, that is from input
layer to hidden layer to output layer. Such an architecture is known as a multilayer
feedforward network or multilayer perceptron. The input neuron layer performs no
processing. It merely provides means for coupling the input vectors to the hidden
layer. The neurons in the middle layer sum the weighted network inputs, along with
an internal bias for each neuron, then apply the nonlinear sigmoidal activation
function. The single output neuron computes the weighted sum of the outputs of the
hidden neurons, along with its internal bias. This architecture can represent an
arbitrary function arbitrarily well, given a sufficient number of neurons in the hidden
layer.

The particular function mapping that the network performs is determined by the
values of the weights between neuron layers and the internal neuron biases. Various
learning algorithms exist for computing the network weights and biases for a given
problem. The back-propagation learning algorithm is applied to train the neural
network to achieve the best detection accuracy.

To demonstrate the performance of the proposed target detection scheme, 100
target signals in the Rayleigh type sea clutter are simulate. The signal-to-clutter ratios
are 0dB. The performance of the proposed target detection scheme is shown in Fig. 5.
Clearly, the performance of the proposed target detection scheme is better than the
classical detection method.

6     Conclusions

We choose the Haar wavelet to decompose radar signals into low and high
components. Using a hard threshold filter to suppress sea clutter. Based on a
multilayer feedforward network, we detect weak targets from the reconstructed radar
signal. Simulated results illustrate that the method can perform the detection of weak
targets in sea clutter beautifully.
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Abstract. An artificial olfactory system is constructed to determine the indi-
vidual gas concentrations of gas mixture (CO and H2) with high accuracy. And
a Back-Propagation (BP) neural network algorism has been designed using
MATLAB neural network toolbox. And an effective study to enhance the pa-
rameters of the neural network, including pre-processing techniques and early
stopping method is presented in this paper. It is showed that the method of BP
artificial neural improves the selectivity and sensitivity of semiconductor gas
sensor, and is valuable to engineering application.

1   Introduction

It is important to analyze gas mixture for science research and environmental detec-
tion. However, a single gas sensor has a poor selective and sensitivity, so it is very
difficult to process the quantitative analysis of the mixed gases using a single sensor.
But gas sensor arrays that are made up of a number of sensors with different selectiv-
ity can make use of the over-lapping sensitivity, and each sensor responds to a range
or class of gases rather than to a specific one. We can extract this information from
the combined response of all sensors in sensor array, and in order to process such a
partially overlapping response, pattern recognition (PARC) techniques are generally
employed [1]. Pattern recognition using artificial neural networks (ANN) has received
considerable interest during recent years. ANN is especially valuable because of their
adaptability to almost any mathematical transform within a given region. The models
obtained can be both linear and nonlinear.

An artificial olfactory system [2], which is composed of a gas sensor array with the
pattern recognition technique of a feed forward neutral network, is designed to deter-
mine the concentrations of the gas mixture (H2 and CO). And a BP artificial neural
network has been designed by using MATLAB neural network toolbox [3] to process
the signals of the gas sensor arrays. In order to develop the training efficiency and the
generalization of the network, early stopping method supplied by MATLAB neural
network toolbox is chosen to process the nonlinear problem. And we will process the
concentrations of the mixed gases and the output signals of the gas sensor array in
advance to improve the performance of the ANN.
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2   Experiment

2.1   The Experimental System

In order to have rapid, accurate and reliable measurements of the response of the gas
sensor array to the test vapors, a measurement and characterization system has been
set up, which can produce certain concentrations of the tested gases, control the
working conditions of the gas sensor array and the environment conditions (such as
temperature and humidity) through a personal computer and collect the input and
output data of the gas sensor array by using a keithley 2700 meter. The gas chamber
is provided with the necessary electrical connections, gas inlet and outlet valves for
sensor characterization in presence of test gases. Gas is injected into the chamber
through three mass-flow controllers (MFCS), which control the flow of two different
test gases and nitrogen gas. The whole system is shown in Fig.1.

Fig. 1. Structure of the measurement and characterization system

In the gas sensor array, we employed 4 commercial gas sensors sensitive to CO and
H2, whose names and parameters are presented in Table 1. The sensors’ conductivity
changes with the gas concentrations. Every sensor has a different heater voltage,
which can be offered by the programmable power.

According to the requirement of the analysis, the concentrations of CO and H2 are
obtained every 50ppm in the finite range from 100ppm to 500ppm (1ppm=10-6), so 81
different gas mixtures have been obtained, in which eight samples are selected as the
test set, and the rest of them are used as the training set in the experiment.

Table 1. Gas sensors

Commercial name Measuring range (ppm) Heater voltage
TGS2104 10～100(H2)

50～1000(CO)

7.0±0.35DC

TGS821 30～1000(H2)
1000～10000(CO)

5.0±0.2DC

TGS2442 30～1000(CO)

500～1000(H2)

4.8±0.2DC

TGS203 50~1000(CO) 5.0±0.01DC
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2.2   Designed BP Network Model

In the experiment, a three-layer ANN shown in Fig.2 is designed. The structure of the
used network is 4: N: 2, because we use an array of 4 sensors, and we want to obtain
two gas concentrations in the mixture (H2 and CO), N is the number of neurons in the
hidden layer. It is a three-layer structure, so we can adapt our model to any function.
A training algorithm called “Levenberg-Marquardt back-propagation” is used to
minimize the neural network error, in which trainlm function is chosen as the training
function, and tansig function is chosen as the transfer function. The network’s train-
ing goal is set up as 0.00001. In order to develop the training efficiency and the gen-
eralization of the network, early stopping method supplied by MATLAB neural net-
work toolbox is chosen to process the nonlinear problem.

Fig. 2. Structure of Artificial Neural Network

The neural network model, before application, requires a previous calibration or
training in order to minimize the error of the model. A way to define this error is SSE:
sum of the squares of the differences between the output of the network and the cor-
responding target value, summed over all test cases, which is also the performance
function of the network. The influence of the number of neurons in hidden layer on
the ANN error is shown In Fig.3. From Fig.3, we can see that the network error is the
smallest when the number of the neurons is equal to 10. So, we choose 10 neurons in
hidden layer as a proper value of N for our experiment.

2.3   Pre-process Method

In order to optimize the neural network and its training and achieve a convenient
performance of ANN, it is necessary to pre-process all data before using it in the
neural network. In this paper, the pre-processing procedure is composed of the proc-
essing of the output data of gas sensor array and the concentrations of the gas mix-
ture.

The pre-processing algorithm of the concentrations of the gas mixture is as follows:

max
' CCC ii =            2,1=i . (1)
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where '
iC  is the new concentration, 

iC  is the old one, and 
maxC  is the largest one,

which is equal to 500ppm. Thus, the new concentrations will lie between 0 and 1.
The raw input data of ANN is the sensor resistance or conductance measurements

in the gas mixtures. The pre-processing step used over it consists of:
214

1

2' 






= ∑
=i

iii XXX  . (2)

Fig. 3. Effect of the number of neurons in hidden layer on the performance of the network

3   Results

3.1   The Training and Regress Analysis of ANN

The whole input data of ANN is divided into three parts: training samples, validation
samples and test samples because of the early stopping method employed. The
change curves of error are shown in Fig.4. We can observe that the training of net-
work stops early only with 315 epochs, and the performance of the trained network is
1.03076e-005.

In order to prove the performance of the trained network future, the regress analy-
sis can be made using postreg function. In the regress analysis, R is the correlative
coefficient of the output vector of the network and the target vector. The results are
satisfactory because both R are equal to 1, which show that BP network has had good
performance.
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3.2 Measuring Results of CO and H2 Concentrations

The trained BP neuron network is tested with 8 test samples. The tested results of CO
and H2 are shown in Table 2, Table 3, Table 4 and Table 5 respectively.

Fig. 4. Change curves of error

Table 2. Predicted results of CO (1~4)

Test sample 1 2 3 4
True value(ppm) 100 150 200 250

Predicted value(ppm) 99.80 150.18 200.25 249.83
Error (ppm) 0.2041 -0.1833 -0.2459 0.1686

Relative error (%) 0.20 0.12 0.12 0.07

Table 3. Predicted results of CO (5~8)

Test sample 5 6 7 8
True value(ppm) 300 350 400 450

Predicted value(ppm) 299.84 350.32 399.95 450.40
Error (ppm) 0.1605 -0.3243 0.0476 -0.4015

Relative error (%) 0.05 0.09 0.01 0.09
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Table 4. Predicted results of H2 (1~4)

Test sample 1 2 3 4
True value(ppm) 150 200 250 300

Predicted value(ppm) 150.13 201.62 250.06 299.87
Error (ppm) -0.1277 -1.6191 -0.0611 0.1310

Relative error (%) 0.09 0.81 0.02 0.04

Table 5. Predicted results of H2 (5~8)

Test sample 5 6 7 8
True value(ppm) 350 400 450 500

Predicted value(ppm) 349.83 399.88 449.92 500.23
Error (ppm) 0.1696 0.1225 0.0800 -0.2313

Relative error (%) 0.05 0.03 0.02 0.05

4   Conclusions

An artificial olfactory system including a gas sensor array and an Artificial Neural
Network (ANN) is constructed, and a Back-Propagation (BP) neural network algo-
rism has been designed using MATLAB neural network toolbox, in which the num-
ber of neurons in the hidden layer is chosen as 10 by experiment. And the concentra-
tions of CO and H2 can be obtained by the designed ANN system with better preci-
sion and fast response, which shows that an artificial olfactory system composed of
the gas sensor arrays and BP artificial neural network can process quantitative analy-
sis of the mixed gases. And an effective study to enhance the parameters of the neural
network, including pre-processing techniques and early stopping method is presented
in this paper. It is showed that the method of BP artificial neural improves the selec-
tivity and sensitivity of semiconductor gas sensor, and is valuable to engineering
application.
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Abstract. This paper presents a new approach for designing form elements of a
product based on consumers’ perception of images of the product. Neural
network (NN) models are used to suggest the best combination of product
forms for matching a given set of product images. An experimental study on the
form design of mobile phones is conducted to evaluate the performance of four
NN models, which are developed by linking 9 form elements with 3 product
images of mobile phones. The evaluation result shows that NN models can be
used to help product designers determine the best combination of form elements
for matching a set of desirable product images.

1   Introduction

Product image plays an important role in consumers’ preference and choice of a
product [1]. Whether consumers choose a product depends largely on their perception
of images of the product, while designers design a product by considering only
physical elements or characteristics of the product. To best meet consumers’ need of a
product from a design perspective, the physical elements of the product require being
linked to the consumers’ perception of the product. Design support models [1, 3] and
consumer oriented technologies [5] have been developed as “translating technology of
a consumer’s feeling and image of a product into design elements”. They have been
applied successfully in the product design field [4, 5] to explore the relationship
between the feeling (perception of product image) of the consumers and the design
elements of the product.

The process of product form design or the perception of the consumers is a often
black box, involving uncertain information. As such, we present a new approach
using neural network (NN) techniques [7] to formulate the process of consumer
oriented design of product forms. NN models are developed to transform form
elements of a product into a set of product images perceived by consumers. To
illustrate how the new approach works, we conduct an experimental study on mobile
phones for their popularity as a consumer product and their wide variety of product
form elements.
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2   Experimental Samples and Form Elements of Mobile Phones

In the experimental study of collecting numerical data for building NN models, we
focused on investigating and categorizing of various mobile phones in the market. 33
mobile phones were used as representative experimental samples for training and test
the NN models.

In this study, the product form of mobile phones is represented by both the outline
shapes and the product elements. We use the morphological analysis to extract the
form elements of the 33 mobile phones. The morphological analysis involves two
steps, which are described in our prior study [2]. As a result of morphological
analysis, Table 1 shows the 9 form elements extracted from the 33 mobile phones,
together with their associated types. Each form element has different types of its own,
ranging from 2 to 4, as indicated by the type number 1, 2, 3 or 4 in Table 1.

Table 1. Extracted form elements of mobile phones

Items Type 1 Type 2 Type 3 Type 4

1. Top shape
Line Curve Arc Irregular

2. Body shape
Parallel line Raised curve Concave curve

3. Bottom shape
Line Curve Arc

4.
Length and

width ratio of
body Wide ratio 2:1 Middle ratio 2.5:1 Slender ratio 3:1

5. Function
buttons style With large

button
Symmetry style Other style

6.
Number
buttons

arrangement Regular Irregular

7. Screen size
TV ratio 4:3 Movie ratio 16:9 Other ratio

8.
Screen mask
and function

buttons Independence
Function buttons
dependence on

screen mask
Interdependence

9. Outline
division style

Normal division Rim division Special division

This morphological analysis result can then be used to build and test the NN
models. A group of 15 product design experts are involved in the experiment to
evaluate the degree to which the 33 mobile phone samples match a given product
image. To describe a specific image of mobile phones in terms of consumers’
ergonomic and psychological estimation, a pair of image words is often used. Based
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on our prior study [2], we use three image word pairs for describing the images of
mobile phones, which are Simple-Complex (S-C), Modern-Classic (M-C), and
Young-Mature (Y-M). And the design elements used are the form elements of mobile
phones as identified in Table 1. To obtain the evaluation value for the three image
word pairs, a 7-point scale (1-7) of the semantic difference (SD) method [8] is used.
As such, the 15 subjects are asked to assess the form elements of mobile phones on a
simplicity-complexity scale of 1 to 7, where 1 is most simple and 7 is most complex.
The last three columns of Table 2 show the evaluation results of the 33 experimental
samples, including 28 samples in the training set and 5 samples in the test set
(asterisked). For each selected mobile phone in Table 2, the first column shows the
mobile phone number and Columns 2-10 show the corresponding type number for
each of its 9 form elements, as given in Table 1. Table 2 provides a numerical data
source for applying the neural network techniques.

Table 2. Consumer perception for 33 selected mobile phones
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3   Experimental Analysis of Neural Network Models

Neural networks (NNs) are non-linear models and are widely used to examine the
complex relationship between input variables and output variables [7]. In this paper,
we use the multilayered feedforward NNs trained with the backpropagation learning
algorithm, as it is an effective and popular supervised learning algorithm [6, 7]. In our
experimental study, we develop four NN models for the training and test process.

3.1   Building and Training the Four NN Models

A combined NN model is developed by combining all three images as three output
neurons of the model, using the average values of three image word pairs. The other
three models are developed using each of three image word pairs (i.e. the S-C value,
the M-C value, and the Y-M value) as the output neuron respectively. Each NN model
has 27 input neurons, which are the whole 27 types of the 9 form elements given in
Table 1. For each model, if a mobile phone has a particular form element type, the
value of the corresponding input neuron is 1; otherwise the value is 0.

In this study, we apply the following four most widely used rules [7] to determine
the number of hidden neurons in the single hidden layer for each model. Each model
is associated with the rule used, such as -HN1, -HN2, -HN3, or -HN4.

(The numbers of input neurons + the numbers of output neurons) / 2 (1)
(The numbers of input neurons * the numbers of output neurons) ^ 0.5 (2)
(The numbers of input neurons + the numbers of output neurons) (3)
(The numbers of input neurons + the numbers of output neurons) * 2 (4)

The 28 samples in the training set (given in Table 2) were used to train the four NN
models. Each model trained 5,000 epochs at each run with the root of mean square
(RMS) errors being decreased significantly when these models were trained for about
4,000-5,000 epochs. To find the best training result, we continued the training process
up to 50,000 epochs for all models. Table 3 shows the lowest RMS error of each
model using a given hidden neuron number.

As shown in Table 3, the RMS error of the combined NN model using the HN1 rule
in (1) is the lowest (0.0254), as compared to the other three rules. However, the lowest
RMS error (0.0237) of the Y-M NN model is the one using the HN4 rule in (4). This
result is in line with the notion that there is no best rule for determining the number of
neurons of the hidden layer and it largely depends on the nature of the problem. In
Table 3, the Y-M NN model has the lowest average value of RMS errors (0.0374).
The result indicates that the four NN models have the highest training consistency on
the “Young-Mature” image.

3.2   Performance Evaluation of the Four NN Models

To evaluate the performance of the four NN models in terms of their prediction ability
in determining the best design combination of mobile phone form elements for
matching given images, the 5 samples in the test set are used. Another group of 15
product design experts are involved in the evaluation process, using the SD method
[8] with a 7-point scale (1-7). Rows 2-4 of Table 4 show the average values of the
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three image word pairs on the 5 test samples evaluated by the 15 subjects, which are
used as a comparison base for the performance evaluation. With the 5 test samples as
the input, Table 4 shows the corresponding three image values predicted by using the
four NN models respectively. The last two columns of Table 4 show the (lowest)
RMS errors of the four models in comparison with the evaluated image values.

Table 3. RMS errors of the four models for the training set

Table 4. Predicted image values and RMS errors of the four models for the test set

Phone no. 6 11 16 19 28 RMS errors
Evaluated            S-C value 6.400 6.600 2.733 4.533 4.600
Image value          M-C value 3.630 2.541 3.681 3.163 1.089
                    Y-M value 5.081 2.074 2.281 1.815 1.711

-HN1 S-C 6.793 7.286 3.583 5.537 2.492
     M-C 4.404 2.345 2.452 3.336 1.153
     Y-M 6.525 2.491 2.637 4.008 2.810

0.1325

-HN2 S-C 6.026 7.329 3.254 5.358 2.140
     M-C 5.397 3.337 3.505 5.076 1.121
     Y-M 6.996 3.844 3.353 5.638 2.898

0.1911

-HN3 S-C 6.805 7.339 4.131 5.877 2.897
     M-C 5.553 2.688 3.366 4.807 1.524
     Y-M 7.136 3.090 3.639 5.380 3.586

0.1871

-HN4 S-C 6.930 7.315 3.748 5.592 3.324
     M-C 5.622 2.199 2.829 3.810 1.905

The combined NN
model

     Y-M 7.132 2.410 2.950 4.360 4.075
0.1585

0.1325

-HN1 6.529 7.158 4.227 5.364 2.184 0.1839
-HN2 5.960 6.969 4.107 5.275 1.967 0.1899
-HN3 6.437 7.299 4.310 5.262 2.655 0.1647

The S-C NN model

-HN4 6.562 7.313 4.392 5.303 2.592 0.1715

0.1647

-HN1 5.156 2.424 4.104 4.011 0.909 0.0859
-HN2 4.764 2.233 3.922 3.645 1.100 0.0614
-HN3 5.194 2.630 3.969 4.042 0.910 0.0868

The M-C NN model

-HN4 5.388 2.628 3.778 4.185 1.270 0.0971

0.0614

-HN1 6.684 2.274 3.952 4.696 2.307 0.1940
-HN2 6.032 2.624 4.624 4.007 2.081 0.1765
-HN3 6.694 2.865 4.032 4.351 3.070 0.1975

The Y-M NN model

-HN4 7.237 2.512 3.323 5.183 3.999 0.2455

0.1765

As shown in Table 4, the M-C NN model has the lowest RMS error (0.0614). This
suggests that the M-C NN model has the highest prediction ability in determining the
best design combination of form elements. The results obtained from the NN models
can be used to help product designers to work out the best combination of form
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elements for a particular design concept represented by a set of product images. The
product designer can focus on the determination of the desirable product images, and
the NN models can help determine what combination of form elements can best
match the desired product images. These design-supporting results provide useful
insights in designing form elements of a product for reflecting the images of the
product. To illustrate, Table 5 shows the best form combinations for a set of product
images represented by the S-C, M-C, and Y-M values of 4. The combination of form
elements given in Table 5 has its S-C value being 4.086, M-C value being 4.066, and
Y-M value being 3.943, which is the closest among all form combinations.

Table 5. The best combination of product form elements

X1 X2 X3 X4 X5 X6 X7 X8 X9

4   Conclusion

In this paper, we have presented a consumer oriented approach using NN models for
transforming product forms into a set of product images perceived by consumers. To
illustrate how such NN models can be built to help determine the best design
combination of form element for matching given product images, we have conducted
an experimental study on mobile phones. The NN models built can help product
designers better understand consumers’ perception of form elements, and work out the
best combination of form elements with respect to desirable product images.
Although mobile phones are chosen as an illustration of the approach, the approach
can be applied to other products with various design elements.

References

1. Chuang, M.C., Chang, C.C., Hsu, S.H.: Perceptual Elements Underlying User Preferences
Toward Product Form of Mobile Phones. International Journal of Industrial Ergonomics
27 (2001) 247-258

2. Guan, S.S., Lin, Y.C.: A Study on the Color and Style Collocation of Mobile Phones Using
Neural Network Method. Journal of the Chinese Institute of Industrial Engineers 18
(2001) 84-94

3. Hsiao, S.W., Liu, M.C.: A Morphing Method for Shape Generation and Image Prediction
in Product Design. Design Studies 23 (2002) 497-513

4. Kashiwagi, K., Matsubara, Y., Nagamachi, M.: A Feature Detection Mechanism of Design
in Kansei Engineering. Human Interface 9 (1994) 9-16

5. Nagamachi, M.: Kansei Engineering: A New Ergonomics Consumer-Oriented Technology
for Product Development. International Journal of Industrial Ergonomics 15 (1995) 3-10

6. Negnevitsky M.: Artificial intelligence. Addison-Wesley, New York (2002)
7. Nelson, M.: Illingworth WT. A Practical Guide to Neural Nets. Addison-Wesley, New

York (1991)
8. Osgood, C.E., Suci, C.J.: The Measurement of Meaning. Urbana: University of Illinois

Press (1957)



F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 904–911, 2004.
© Springer-Verlag Berlin Heidelberg 2004

An Intelligent Simulation Method Based on Artificial
Neural Network for Container Yard Operation

Chun Jin, Xinlu Liu, and Peng Gao

School of Management, Dalian University of Technology,
116023 Dalian, P.R.China
jinchun@dlut.edu.cn

Abstract. This paper presents an intelligent simulation method for regulation of
container yard operation on container terminal. This method includes the
functions of system status evaluation, operation rule and stack height
regulation, and operation scheduling. In order to realize optimal operation
regulation, a control architecture based on fuzzy artificial neural network is
established. The regulation process includes two phases: prediction phase
forecasts coming container quantity; inference phase makes decision on
operation rule and stack height. The operation scheduling is a fuzzy multi-
objective programming problem with operation criteria such as minimum ship
waiting time and operation time. The algorithm combining genetic algorithm
with simulation is developed. A case study is presented to verify the validity
and usefulness of the method in simulation environment.

1   Introduction

Container yard operation is one of the important factors to keep container flow
smoothly through the container terminal. In the past, researches analyzed the storage
capacity of container yard and verified the capacity of operation machines [1]. But,
considering the uncertainty and stochastic container flow, the un-manned, automation
operation system is necessary for container yard operation to meet increasing
container logistics [2].

Recently, intelligent control method has become effective to control dynamic
operation system, and has combined with fuzzy artificial neural network (FANN),
simulation and heuristic algorithm to enhance the operation efficiency and quality
adaptively.

For this reason, it is significant to establish an intelligent method to analyze and
control the handling operation of container yard, which makes both ship owners and
terminals attain the maximum benefit by the minimum cost.

This paper aims to present an intelligent simulation method based on FANN to
regulate container yard operation and determine operation scheduling with
combination of genetic algorithm (GA) and discrete event system simulation. In
addition, a case study is carried out to verify the validity and usefulness of our
method.
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2  Architecture and Method of Intelligent Operation Control

2.1   Container Yard Operation

Yard Operation. The typical container yard operation of container terminal is
shown in Fig. 1. The container operation is divided into container ship operation,
container yard operation, and container gate operation.

Container ship operation means that quayside cranes load containers into (or unload
containers from) a container ship staying on berth. The operation cycle time obeys m-
Erlang distribution [1]. Here, m is the number of quayside cranes in operation.

Container yard operation includes container handling operation by transfer cranes
and transit operation by trailers. The operation cycle time is the sum of container
handling time from loading to unloading and its transit time.

Container gate operation means container arrival to the gate by truck. At the range
of random operation days, the relationship between arrival time interval and the
arrival quantity obeys exponential distribution [1].
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(a) Container terminal (planform) (c) Container block and transfer crane operation 

(b) Container yard (side elevation) 

Fig. 1. Container yard operation on container terminal

Operation Regulation. For a ship staying in port, its turn-round time mainly includes
waiting time and service time. For the benefit objective of the terminal, the waiting
time should be reduced as much as possible. But to the service time of ship, or
operation time for terminal, because it is concerned with operation capacity of port,
i.e., the cost factor, it should be balanced in an acceptable level where both the
operation cost can be reduced and the service for ship can be kept in good level. For
this purpose, the regulation of operation is necessary.

To realize the operation objectives above in uncertainty and dynamic environment,
the methods of operation regulation focus mainly on: (a) regulating operation rule
including working shifts, scheduling rules of material handling machines in operation
(e.g. FIFO), etc.; (b) regulating easiness for operation efficiency, such as regulation of
stack height.
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2.2   Architecture and Functions of Intelligent Operation Control

Fig. 2 shows the architecture of the intelligent operation control, which consists of
four parts: system status evaluator, intelligent controller, operation scheduling module
and operation implementation module.

Container operation 

Input vector 
It(t) 

Output vector
Ot(t+Δt)

System status 
evaluator 

Knowledge-based 
operation controller

Operation 
scheduling 

GA FANN Knowledge base 

Start 
simulation

End 
simulation 

t=0 

Fig. 2. Diagram of intelligent operation control

At time t, the operation control for planning period [t, t+Δt] is as follows.
Step 1. System status evaluator collects the system status information at time t,

predicts the container operation quantity in [t, t +Ty] (Ty is prediction period).
Step 2. Intelligent controller with a FANN structure decides the operation rule and

stack height in the period [t, t +Ty] according to the evaluation result of system status.
Step 3. Operation scheduling determines the operation scheduling for the next

period [t, t+Δt] by the given conditions from step 2 (see section 3 in detail).
Step 4. Operation implementation is executed according to the plan at step 3.
This process runs repeatedly and realizes adaptive and intelligent yard operation.

2.3   Knowledge-Based Intelligent Operation Controller with FANN

The overall structure of the FANN is shown in Fig. 3. The control process is divided
into two phases. Predicting phase: at time t, predicts container stock quantity at time
t+Ty; Inference phase: determines the stack height and operation rule in the period [t,
t+Ty]. There are two parallel ANNs in the second phase: stack height control ANN
and operation rule control FANN [3]. The learning rule of these ANNs and FANNs is
Back Propagation method.

Prediction ANN is used to forecast container operation quantity at time t+Ty, which
composed by one input layer, two hidden layers and one output layer. The input layer
includes eight units (u1, u2… u8) whose values are computed by the system status
evaluator. The output layer has one unit which produces the prediction result Qt . Qt is
also the one of input units in the two other ANNs stated below.

Stack height control ANN is used to decide container stack height on yard until
time t+Ty, which composed of one input layer, two hidden layers and one output
layer. Input layer includes three units (Qt, v1, v2): Qt is the output of the prediction
ANN; v1 and v2 are computed from the system status evaluator. The output layer has
one unit which produces the decision result of stack height ht.
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Fig. 3. Architecture of the whole FANN

Operation rule control FANN is used to decide operation rule in period [t, t+Ty],
which contains 5 layers: input layer, fuzzifized layer, fuzzy rule layer,
defuzzifized layer and output layer. The input layer includes five units
(Qt,w1,…,w4). Qt is from the output of the prediction ANN; others are from the system
status evaluator. The output layer has one unit producing the decision result of Rt . Rt is
used to determine parameters for operation scheduling in the next planning period.

3   Operation Scheduling with GA and Simulation

According to the operation rule and stack height decided in 2.3, the yard operation
plan for next planning period can be scheduled. This operation scheduling problem
is to determine operation series of yard machines, concerning with different
combination of machines at different time. In this case, the following factors are
considered: (a) uncertainty: there are many random factors in the operation; (b)
computation complexity: this problem is a combinational optimization problem
with NP-hard computation complexity; (c) ambiguousness: it concerns with the
principles selecting feasible optimal results from a solution set. Here,
simulation model is used to deal with (a); GA is used to deal with (b); and fuzzy
set theory is adopted to select feasible solutions.

3.1   Formulation of the Optimization Problem

Decision variables are xi, yi , i=1,…,24, xi represents the number of quayside cranes at
time i by hour; yi represents the number of transfer cranes at the same time. The
decision vector X = (x1,…, x24, y1 ,…, y24 ) is used to show the scheduling result, i.e.,
the number series of operating quayside cranes and transfer cranes during the period
time.
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Objective function f1(X) is to minimize the total waiting time of arrival ships as
shown in equation (1).

∑
=

=
Ns

k
ws kTXf

1
1 )(min)( (1)

Here, Ns is the number of arrival ships, Tws(k) is the waiting time of the k-th arrival
ship .

Objective function f2(X) is to minimize the sum of operation time of all operating
transfer cranes. When the time unit is hour, the expression of f2(X) is shown in
equation (2).

∑
=

=
24

1
2 min)(

t
iyXf (2)

For f1(X) and f2(X), the ambiguous judgment is considered for the uncertain factors
in decision-making process. We adopt a fuzzy satisfaction degree from selected
Pareto solution set as the judgment on optimal decisions. Here, objective function
f1(X) is transformed into its membership function (MF) µf1(X) shown in equation
(3) , and f2(X) is also transformed like so.

( ) ( )
1

111
1 1

f
f d

fXf
X

−−=µ (3)

Here, f11is the value of f1(X) when theμf1(X) is equal to 1, df1is the interval of
f1(X) between the value ofμf1(X) is 1 and 0.

Constraint function g1(X): the operating number of quayside cranes is not more
than that of transfer cranes.

Constraint function g2(X): the truck waiting time for loading a container is less than
the expected value.

Constraint function g3(X): the stocking quantity of containers is lower than
yard storage capacity.

Constraint function g4(X): the handled quantity of containers should be equal
to the planed quantity.

The four constraint functions gj(X) (j=1, 2, 3, 4) are transformed into their
membership functions µgj(X) by means of the formulation shown in equation (3).

This fuzzy multi-objective programming (FMOP) problem with two fuzzy
objective functions and four constraint functions is formulated into the following
equations.

})(),(min{))(( 21 XXX fffD µµµµλ == (4)

( )10
)()(

≤<




≥
λ

µµ
λ

XXtosubject

Maximize

figj

(5)

Here, i=1,2, j=1,2,3,4,λis the value of integrated MF µD(X), and µD(X) is the
minimum value of µf1(X) and µf2(X).The priority for objective functions is set to
be f1(X), f2(X).
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3.2   FMOP with GA and Simulation

For the FMOP problem, GA is used to compute the global integer solutions of
scheduling. The GA construction is shown as follows [4].

For coding design, the decision variables x1,…, x24, y1 ,…, y24 are coded into 48
chromosomes and combined into one individual. The bit string structure of an
individual is shown in Fig. 4.

0011 0101 …… 1001 0111 1011 …… 1111
x1 x2 …… x24 y1 y2 …… y24

Fig. 4. Example for bit string of an individual in GA

For GA operators, population with 100 individuals is set up. In fitness evaluation,
fuzzy satisfaction degrees are computed from simulation results. Tournament
selection, uniform crossover and random mutation strategies are used.

Programming algorithm based on GA and simulation is developed. The yard
operation model is a discrete event system simulation model without the feature of
differential functions, which is embedded into fitness evaluation stage in GA.
According to the results from simulation for one individual X, the values of objective
functions f1(X), f2(X) are computed. Then these values are transformed into their
fuzzy satisfaction degrees µf1(X) and µf2(X).

4   Case Study

The case study of a container yard operation is to verify validity and usefulness of the
intelligent operation regulation model (model A) in simulation environment. The
main data of container yard and analysis conditions are shown in Table 1.

Table 1. Main parameters for simulation analysis of container yard

Parameter Value Parameter Value
Yard storage capacity  (1000TEU) 13.5 Number of berths 2
Past quantity: min-max (1000TEU) 7.8-12.1 Number of blocks 64
Quayside crane: num./cycle time(s) 6/102 Max. stocking time (day) 7
Transfer crane: num./cycle time(s) 8/90 Mean stocking time (day) 4
Trailer: num./speed (m/min) 36/175 Planning time unit (hr) 1
Slot number per block (row×col.) 4×15 Planning periodΔt (hr) 24
Stack height scope (layer) 2-5 Prediction period Ty (day) 3

In Fig.5, regulation result of stack height and variation of container stocking
quantity in analysis period of 30 days are shown. In order to analyze the
regulation result of model A, Fig.6 shows variation of handling quantity of
containers on ship side and gate side on the 17-th day. Fig.7 shows variation of
the optimal arrangement number of transfer cranes by hour on the same day.
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The planned number means the necessary number of machines meeting
operation demand. It is seen that at 11 and 18 o’clock, with the increase of
containers being handled on ship side and gate side, the operating number of
transfer cranes is regulated to maximum value.

The comparison between model A and actual operation in 30 days has shown
that at the same handled quantity, model A can shorten the total ship waiting time
from 64 hours to 46 hours. It is indicated that there is still room to improve on the
operation efficiency for present container yards.

5   Conclusions

In this research, the following conclusions can be drawn.
In our intelligent simulation model, in order to realize the objectives reducing ship

waiting time and total operation time of transfer cranes, FANN is effective to forecast
the operation quantity of containers, determine operation rule and control the
container stack height adaptively.

It is clear that the algorithm combining GA with simulation is effective for optimal
container yard operation scheduling problems with the features of uncertainty,
computation complexity and ambiguousness.

By case study, it is testified and verified that the handling operation model with the
function of intelligent control and optimal planning is effective to improve the
container yard operation.

This intelligent control method can be applied to planning material handling
system of container yard, and to regulating an actual yard operation for optimal
schedule in real time environment.
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Abstract. This paper proposes a novel freeway traffic incident detection
algorithm. Two stages are involved. First, get the freeway traffic flow model
based on BP neural networks and use the model to obtain the output prediction.
The residual signals will be gotten from the comparison between the actual and
prediction states. Second, a SOM neural networks is trained to classify
characteristics contained in the residuals. Hence, based on the classification
given by the SOM neural networks, traffic incidents can be detected. Both
theory analysis and simulation research show that this algorithm is effective.

1   Introduction

This paper proposes a novel freeway traffic incident detection algorithm based on BP
neural networks and SOM neural networks. The BP neural networks can approximate
any nonlinear mapping relationship and the SOM neural networks have the ability to
extract a system feature. Combining these two neural networks to detect the traffic
incident can simply the modeling greatly and classify the traffic incident information
quickly.

2   The Principle of Traffic Incident Detection

The principle of traffic incident detection is shown as figure 1.The input is the traffic
parameters which can affect freeway’s vehicle flow speed and vehicle flow density.
(In this paper, vehicle flow speed is the vehicle flow space average speed). The output

is the vehicle flow speed and the vehicle flow density. y  is the actual output and 
∧
y

is the traffic flow model output prediction. This paper use the BP neural networks to
get the freeway traffic flow model and use the model to obtain the output prediction.

Suppose both y  and 
∧
y  are affected by noises, then

ξ+= realyy (1)

∧∧∧
+= ξrealyy

(2)
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In the formula (1) and (2), realy  is the real output, ξ  is the measure noise, realy
∧

 is

the traffic flow model’s desired output prediction, 
∧
ξ  is the model noise. Suppose ξ

and 
∧
ξ  are all noises with 0 mean value.

Define residual as formula (3)

)()(
∧∧∧

−+−=−= ξξε realreal yyyy
(3)

The principle of traffic incident detection: When the freeway is in the normal
traffic state, the traffic flow model can simulate the actual freeway primarily and

realreal yy
∧

≈ ,then the residuals should meet the distribution with 0 mean value. When

there is traffic incident on the freeway, the traffic capacity will fall and the traffic

model can not simulate the actual freeway and realreal yy
∧

≠ ,then the residuals will

mutate and should not meet the distribution with 0 mean value. The traffic incident
often causes the accidental congestion and different level congestion corresponds to
different level residuals. Therefore, using an SOM neural network to classify
characteristics contained in the residuals can not only detect the traffic incident but
also detect the level of the accidental congestion caused by the traffic incident.

3   The Freeway Traffic Flow Model Based on BP Neural Networks

The neural networks model is a black box model. For the purpose of using the
system’s information fully, we firstly analyze the traffic flow analytic model[1] which
was proposed by Markos Papageorgiou:

Divide a freeway into N  sections and each section’s length i∆  is several hundreds
meters. In each section, the traffic state can be considered uniform approximately.
Namely, the traffic volume, the vehicle flow speed and the vehicle flow density in a

Actual Freeway

the Freeway
Traffic Flow
Model Based on
the BP Neural
Networks

Residual

Traffic Incident

+

-

OutputInput y

∧
y

SOM
Classifier

Traffic
Incident
Detection

Fig. 1.  The Principle of Traffic Incident Detection
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section are constant. In each section, the lane number is constant and the maximum
number of entrance or exit is one. The traffic parameters, such as traffic volume,
vehicle flow speed and vehicle flow density, can all be measured. Detection period T
is about dozens of seconds.

This traffic flow model is

)]()()()([)()1( 1 kskrkqkq
T

kk iiii
i

ii −+−
∆

+=+ −ρρ (4)

)()]()()()[1()()()( 111 kskrkvkkvkkq iiiiiii −−−+= +++ρααρ (5)
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kvkv

i

ii

i
iii

i

iiii
(6)

where

])/)(/1(exp[)( b
crf bvv ρρρ −= (7)

The formula (4)—(7) involves the following variables:
T     sampling period;

)(kvi      the vehicle flow speed of i th section at kT  time;

)(kiρ     the vehicle flow density of i th section at kT  time;

)(kqi     the traffic volume from i th section to )1( +i th section at kT  time;

i∆         the length of i th section;

)(kri      the on-ramp traffic volume for i th section at kT  time;

)(ksi      the off-ramp traffic volume for i th section at kT  time;

Model parameters are αλξγτρ ,,,,,,, bv crf .

After analyzing the above analytic model, we can see that there exist nonlinear
mapping relationship about vehicle flow speed and vehicle flow density as following:

)](),(),(),(),(),(),(),(),([)1( 111111 kskrkrkvkvkvkkkqfkv iiiiiiiiii ++−+−=+ ρρ (8)

)](),(),(),(),(),(),(),(),([)1( 111112 kskrkrkvkvkvkkkqfk iiiiiiiiii ++−+−=+ ρρρ (9)

1f  and 2f  are relevant nonlinear mapping relationships.

Construct a BP neural networks with 9 inputs and 2 outputs. In this BP networks,
Input variables are

),(),(),(),(),(),(),(),(),( 11111 kskrkrkvkvkvkkkq iiiiiiiii ++−+− ρρ

and output variables are )1( +kvi , )1( +kiρ . Using the freeway’s historical traffic

data under the normal traffic state to train the BP networks can get the traffic flow
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model based on the BP neural networks. (This paper adopts the BP neural networks’
learning algorithm in reference [2].)

4   SOM Neural Networks Classify the Residuals

In this paper, the residual vector is the input of SOM and the output layer adopt 2
dimensions neuron lattice. ( This paper adopts the SOM neural networks’ learning
algorithm in reference [3].)SOM classify the residual vector’s space into several
subspace and each subspace correspond to one winning neuron in the output neuron
lattice. So, the classification to the residuals can be achieved and the traffic incident
can be detected.

The neighboring residual vector’s subspace correspond to the neighboring neuron
in the lattice because of the property of “topological ordering”. Therefore, the SOM
can help us to achieve “visual traffic state”. Namely, the following two aspects:

(1) Observing the winning neuron in the lattice can detect not only the traffic
incident but also the level of accidental congestion caused by the traffic incident.

(2) Observing the running trajectory of winning neurons can real-time trace the
traffic state of the freeway. Namely, we can real-time observe traffic state
transformation which is from the normal state to the incident state or from the
incident state to the normal state.

4.1   Generating the Residuals

Construct a two dimensions vector which is composed of vehicle flow speed and

vehicle flow speed density. Suppose the actual measure vector is Tv ][ ρ  and the

traffic flow model prediction vector is Tv ][
∧∧
ρ ,then the residual vector is

TTT
v vv ][][][

∧∧
−= ρρεε ρ

(10)

4.2   SOM Neural Networks Classify the Residuals

Let the residual vector as the input of the SOM networks and the output layer adopt
1010 ×  two dimensions lattice. The classification involves two stages.

First, train the SOM and get the SOM model.
If we want to detect traffic incident of a freeway section, we should firstly train the

SOM networks to get the SOM model. The training raw data is from this freeway
section’s traffic historical data including normal states and incident states. We can get
the residual vector sequence by using the method in 4.1 and train the SOM .So, we
can get the SOM model.

Second, apply the SOM model to the classification.
The traffic normal state and incident state correspond to different domain in the

output neuron lattice. In practical application, substitution of the residual into the
SOM model yields a winning neuron. From the neuron’s position in the lattice, we
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can detect not only the traffic incident but also the level of accidental congestion
caused by the traffic incident. Furthermore, observing the running trajectory of
winning neurons can real-time trace the traffic state of the freeway. Namely, we can
real-time observe traffic state transformation which is from the normal state to the
incident state or from the incident state to the normal state.

5   Simulation Results

Consider a 1800 meters freeway which is divided into 3 sections and each section’s
length is 600 meters. There are on-ramp and off-ramp on the first and the second
section. Suppose this freeway’ traffic flow model is the formula (4)-(7) and each
section has the same model parameters which are as following:

kmi 5.0=∆ , 95.0=α , sT 12= , 1=ξ , s4.19=τ , kmveh /1=λ
hkm /7.34 2=γ , hkmv f /98= , 3=b , kmvehcr /32=ρ

This paper researches the traffic detection on the second section.

5.1   Getting the Traffic Flow Model Based on BP Neural Networks

Generate sample data with the traffic flow analytic model (formula (4)-(7)) and use
them to train the BP neural networks. So, we can get the traffic flow model based on
the BP neural networks.

5.2   Getting Residual Vector Sequence

We need the residual vector sequence including normal traffic state’s and incident
traffic state’s to train the SOM model.

(1) Getting the residuals of the normal traffic state

On the normal traffic state, he residual vector sequence should meet the
distribution with 0 mean value. Let the vehicle flow speed residuals meet normal
distribution with 0 mean and 1 variance and the vehicle flow density residuals
meet normal distribution with 0 mean and 0.01 variance.

(2) Getting the residuals of the traffic incident state

Suppose the freeway’s normal traffic state is in dynamic balance before the traffic
incident and the balance traffic parameters are

kmveh /7.32)0(1 =ρ , hkmv /9.66)0(1 =
kmveh /7.33)0(2 =ρ , kmveh /32)0(3 =ρ

hkmv /3.68)0(3 = , hvehr /1001 =  , hvehs /501 = ,

hvehr /6102 =  , hvehs /5002 =
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When there is traffic incident on the freeway, the traffic capacity will fall and the
parameters of formula (7) will be changed. At the same time, traffic capacity falling
means the effective traffic length of this freeway will fall. Namely, the i∆  of formula
(4) and (6) will be decreased.

Suppose the traffic incident can cause 3 different level of accidental congestion and
the corresponding parameters’ transformation is as following:

1) slight congestion

hkmv f /70= , kmvehcr /25=ρ , kmi 55.0=∆

2) middle congestion

hkmv f /30= , kmvehcr /15=ρ , kmi 50.0=∆

3) serious congestion

hkmv f /15= , kmvehcr /10=ρ , kmi 45.0=∆

After Updating corresponding parameters, we can use the traffic flow analytic model
(formula (4)-(7)) to get the vehicle flow speed and the vehicle flow density of the
incident state. So, we can obtain the residuals according to the principle of the fig-
ure 1.

5.3   Get the SOM Model

In this paper, the SOM’s input is the 2-dimensional residual vector and the output
layer adopt  1010 ×  2 dimensions lattice. Using the residual vector sequence to train
the SOM can get the SOM networks model.

Fig. 2. Light congestion
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The possible winning neuron domain of 3 different level of accidental congestion
are shown in figure 2,3,4.(The neuron marked circle corresponds to the traffic
incident state and other neurons correspond to the normal state. )

Observing figure 2,3,4,we can see that different level accidental congestion
correspond to different domain in the neuron lattice. These 3 domains have a little
overlap in their edges because more serious traffic incident’s transition state perhaps
behave as more slight incident.

Fig. 3.  Middle congestion

Fig. 4.  Serious congestion
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5.4   Practical Application

Substitution of the residual into the SOM model yields a winning neuron. From the
neuron’s  position in the lattice, we can detect not only the traffic incident but also the
level of accidental congestion caused by the traffic incident. Observing the running
trajectory of winning neurons can real-time trace the traffic state of the freeway.

6   Conclusion

This paper proposes a novel freeway traffic incident detection algorithm based on the
BP networks and SOM networks. Using this algorithm, we can detect not only the
traffic incident but also the level of accidental congestion caused by the traffic
incident. Furthermore, we can real-time trace the traffic state of the freeway by
observing the running trajectory of winning neurons in the SOM neuron lattice. Both
theory analysis and simulation research show that this algorithm is effective.
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Abstract. A method is described for using Radial Basis Function (RBF)
network to predict the chaos time series. The structure of RBF network is
introduced first, then the two-step training procedure for the network is
proposed, that is the unsupervised learning in first layer using K-means
clustering algorithm and the supervised learning in second layer using gradient-
based methods. Results obtained for a chaos logistic map time series analysis is
presented to test the effectiveness of the proposed method. This approach is
shown to improve the overall reliability of chaos time prediction.

1   Introduction

Radial Basis functions emerged as a variant for artificial neural network in late
1980’s. RBF’s are embedded in a two layer neural network, where each hidden unit
implements a radial activated function, the output units implement a weighted sum of
hidden unit outputs. The input into an RBF network is nonlinear while the output is
linear, due to these nonlinear approximation properties, RBF networks are able to
model complex mappings, while perceptron neural networks can only model by
means of multiple intermediary layers.

The paper is structured as follows. In Section 2, we explain the network topology.
In section 3, we describe the training algorithms for RBF networks. In section 4, a
experimental results for chaos time series prediction are provided, the conclusions of
this article are presented in section 5.

2   Radial Basis Function Network Overview

When approximating time-series, the network input represent data samples at certain
past time-laps, while the network has only one output representing a signal value as
shown in Fig.1.
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1x kx Mx

iy

Input layer

Hidden layer

Output layer

Fig. 1. A simplified architecture of a Radial Basis Function Network in time series modeling

For Radial Basis Function, the basis function is radial symmetry with respect to
input, and the value is determined by the distance between data point and the RBF
center.  For instance, the Gaussian RBF:

2( ) exp( || || / 2 )j jφ = − − σx x c (1)

Where jc represents the center, σ the width, || ||  j−x c is the distance measure.

For Euclidean distance:

2

1

 || || ( ( ) )
M

j n j n
n

x
=

− = −∑x c c (2)

For RBF neural network, we expect that the function to be learned can be
expressed as a linear superposition of a number of RBF.

3   Two-Step Training Strategies

In a RBF network, different layers perform different tasks. Therefore, it is useful to
separate the optimization of the hidden unit and output layers of the network by using
different techniques [1].

The parameters of the RBF networks are the centre and the influence field of the
radial function and the output weight (between the intermediate layer’s neurons and
those of the output layer).  So we can take a two-step training strategies to train them
respectively.
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3.1   Unsupervised Learning in the First Layer

This is to fix the basis functions by only use the knowledge of input data. For
Gaussian RBF, it often includes to decide the number, locations and the width of
RBF. The number of basis function has often to be determined by trials, the key issue
in unsupervised learning is to determine the locations and the widths of basis
functions.

The algorithm partitions data points into K disjoint subsets (K is predefined). The
clustering criterion is: the cluster centers are set in the high-density regions of data; a
data point is assigned to the cluster with which it has the minimum distance to  the
center ; Mathematically, this is equivalent to minimizing the sum-of-square clustering
function,

2

1

|| ||
j

K
n

j
j n S

J
= ∈

= −∑∑ x c (3)

Where jS  is the jth cluster containing jN data points, 
1

j

n
j

n SjN ∈

= ∑c x is the mean

of the data points in cluster jS .

3.2   Supervised Learning in the Second Layer

In order to determine the network weights in the second layer, supervised learning is
adopted here. If we choose the sum-of-square error, it becomes a quadratic function
optimization, which is easy to solve.
The network output after clustering:

2 2( ) exp( || || / 2 ) j jφ = − − σx x c (4)

For any 0j ≠ , ( )jφ x  is the Gaussian RBF, jc  is the centers obtained by clustering,

0 ( ) 1φ =x is the bias term.

The output of the RBF network is:

0

M
n n

j j
j

y w
=

= φ∑ (5)

The sum-of-square error cost function:

2

1

1
( ) ( )

2

N
n n

n

E y t
=

= −∑w (6)
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Where nt  is the target output at instant n . The minimization of the error is
performed by iterative gradient-based methods. The partial derivative of the cost
function with respect to the parameters is:

( ) ( )j
j

E
t y x

w

∂ = − − φ
∂ (7)

In each step, the parameters are modified using the gradient, according to:

( 1) ( )j j
j

E
w t w t

w

∂+ = − η
∂ (8)

Where η is a constant known as the step-size or the learning rate, as any gradient-

descent based algorithm, the error back propagation algorithm suffers from slow
convergence and high probability of converging to local minima. By using a
momentum term u , the performance can be improved.

( 1) ( )j j j
j

E
w t w t u w

w

∂+ = − η + ∆
∂ (9)

The two-step training avoids supervised learning simultaneously in two layers, and
hence greatly simplifies the learning process [2].

Fig. 2. The output of wavelet RBF network (in star line) and the target output (in real line) of
the logistic system characterized by formula (10).
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4   An Example of Chaos Time Series Prediction

We will show an example of using RBF for time series prediction. Time series
prediction is to predict the system behavior based on its history.

Suppose the time course of a system is denoted as 1 2{ , ,......, }nx x x , where nx  is

the system state at time step n . The task is to predict the system behavior

at 1n + based on the knowledge of its history. This is possible for many problems in
which system states are correlated over time.

Consider a simple example, the logistic map, in which the system state x is updated
iteratively according to:

1 (1 )n n nx rx x+ = − (10)

Our task is to predict the value of x at any step based on its values in the previous

two steps, i.e., to estimate nx based on 1nx − and 2nx − .  Choose r=4 and the initial

value of x to be 0.3.

5   Conclusions

We have presented in this article an application of the RBF network on a Logistic
Map time series prediction problems. Because there is only one hidden layer and the
combination between the output layer and the hidden layer is linear, the structure of
RBF is very simple. The two-step training process avoids supervised learning
simultaneously in two layers, and hence the training process time is relatively short.
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Abstract. Identification of underground nuclear explosion events and
natural earthquake events is always worth to study because of the
great military importance. The earthquake signal is non-stationary and
FMmlet atom can delineate this signal more subtly, so we apply FMmlet
Transform to extract the features of the nuclear explosion and natural
earthquake signals, and then these features are recognized by the BP
neural network. Experimental results indicate that the feature extrac-
tion and classification methods are effective and get good recognition
results.

1 Introduction

In July and August 1958, a Committee of Experts met in Geneva to consider the
design of an inspection system for nuclear tests[1]. In September 1996, a treaty
banning underground nuclear test was subscribed in Geneva, seismic methods
were the first chosen detection methods to monitor compliance with this treaty,
and this led immediately to the problem of distinguishing between the signals
from underground nuclear explosions and those of natural earthquakes. In or-
der to distinguish the two kinds of signals, the first work to do is to extract
features from these signals. There are different feature extraction methods to
this identification problem, such as physical features, structural features and
mathematical features. C.H.Chen[2] points out that mathematical features, es-
pecially mathematical features of frequency domain should be used to explain
different characteristics of the earthquake. However, because the earthquake sig-
nals are non-stationary and non-linear, the traditional analysis methods (such
as Fourier transform) cannot describe the time-frequency characteristics com-
pletely, the joint time-frequency method is first chosen to extract the features of
earthquake signals[5]. FMmlet transform is a new time-frequency representation
presented by Hongxing Zou in 2001[3], and it can delineate the earthquake sig-
nals more subtly than other time-frequency analysis methods, therefore, we first
apply FMmlet transform to analyze earthquake signal to get the mathematical
features of frequency domain, then we use BP neural network to identify the
underground nuclear explosions and natural earthquakes.

F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 925–930, 2004.
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2 FMmlet Transform and Feature Extraction

2.1 FMmlet Transform

FMmlet transform is a parametric time-frequency representation, and some of
the existing transforms like Fourier transform, STFT(including Gabor trans-
form), wavelet transform, and chirplet transform may each be found to be a
special case of the FMmlet transform with specific parameters [4]. Since many
interesting physical and artificial process encountered in the real world yield lin-
ear and nonlinear time-varying phenomena, the FMmlet transform is therefore
more flexible for delineating their time-varying structures. The FMmlet atom in
a five-dimension (5-D) space is defined by[4]

qtc ,fc ,log(σ) ,r ,m(t) =
1√
σ

g(
t − tc

σ
)exp(j2π(1 + r(

t − tc
σ

)mfc(
t − tc

σ
))) (1)

where g(·) ∈ L2(R)denotes the window function. Clearly, an FMmlet atom,
besides the window function, is governed by 5 parameters: time center tc, fre-
quency centerfc, duration σ, chirplet r, and frequency modulation exponent m.

If window g(·) is a normalized Gaussian function, we will have the Gaussian
FMmlet

gtc ,fc ,log(σ) ,r ,m(t) =

(πσt)
−1
4 exp(−1

2
(
t − tc

σt
)2)exp(j2π(1 + r(

t − tc
σ

)mfc(
t − tc

σ
)) (2)

Once the FMmlets are used as atoms, the FMmlet transform of any square-
intergrable signal s(t) ∈ L2(R) may be readily defined as

FMm(tc, fc, logσ, r, m) = 〈s(t), qtc,fc
,log(σ) ,r ,m(t)〉

=
1√
σ

∫ +∞

−∞
s(υ) · g∗(

υ − tc
σ

) · exp(−j2π(1 + r(
υ − tc

σ
)mfc(

υ − tc
σ

)))dυ (3)

where〈, 〉 denotes the inner product.
Due to the high dimension of parameter space of FMmlet, direct implementa-

tion of FMmlet transform, although straightforward conceptually, is not trivial in
general. In order to circumvent this difficulty, an ad hoc decomposition algorithm
for FMmlet transform based on so-called “matching-pursuits” is designed[4]. Af-
ter each iteration, an FMmlet atom that best matched the dominating component
of residual signal is selected. The decomposition process will stop when certain
criteria such as the ratio between the energy of remainder and that of original
signal(or the predetermined number of total iterations) is satisfied.
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2.2 Feature Extraction

Because an FMmlet atom is governed only by five parameters, therefore FMmlet
transform has great ability of feature extraction, and the features extracted
by FMmlet transform have obvious physical characteristics comparing with the
features obtained by AR model, MA model and ARMA model.

To each short-period sample of underground nuclear explosion and natural
earthquake sets, 8 decompositions are carried out by FMmlet transform, and
8 components are obtained ( the ratio between the energy of remainder and
that of original signal is trivial after 8 decomposition), each component has five
parameters:amplitude of signal a, variance of Gaussian window σ0, frequency
center f0, chirplete r, frequency modulation exponent m.

3 Recognition Based on BP Neural Network

Artificial neural network (ANN) is a kind of physical simulation of human brain.
Of all the ANN models, BP network is one of the widely used models. In 1989,
Robert Hecht-Nielson proved that a 3-layer BP neural network can fulfill the
map from n dimension to m dimension. To reduce the structure redundancy of
BP network, we choose a 3-layer BP network to recognize underground nuclear
explosions and natural earthquakes. The neuron number of hidden layer of BP
network is always worth to study, in general case, it has essential relation with
the problem to be solved, the number of training samples and the neuron number
of input and output layer. In this paper, we choose the neuron number of hidden
layer according to the formula of paper [6]. The formula is J =

√
I +K + b,

where J is the neuron number of hidden layer, I the input neuron number,K
output neuron number, b a constant between [1,10].

For nuclear explosion sample set and natural earthquake sample set, after
FMmlet transform, each sample has 8 components and each component has 5
parameters, thereafter, there are 40 parameters totally. We divide these param-
eters into 3 cases to discuss.

(1) Use all the parameters as features to train the BP network. At this time,
the input layer neuron number is 40, output is 1, then the neuron number of
hidden layer J =

√
40 + 1 + b = 6.4 + b.

(2) Use 5 parameters of each decomposition as features to train the BP
network. At this time, the input layer neuron number is 5, output is 1, then the
neuron number of hidden layer J =

√
5 + 1 + b = 2.45 + b.

(3) Use 5 variants of 8 decomposition respectively as features to train BP
network, that is using amplitude of signal a, variance of Gaussian window
σ0,frequency center f0, chirplete r, frequency modulation exponent m as fea-
tures respectively. At this time, the input layer neuron number is 8, output is 1,
then the neuron number of hidden layer J =

√
8 + 1 + b = 3 + b.

To compare the influence of different b, we suppose b equals to 1, 3, 5, 7,
9 respectively, and then calculate the neuron number of hidden layer J of 3
cases. Choose 80 samples from underground nuclear explosion set and natural
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earthquake set respectively to train BP neural network, and the rest 20 samples
(40 samples totally) are tested as testing samples. The recognition results are
listed in Table 1, 2, 3 (where N denotes nuclear explosion, E denotes natural
earthquake, T denotes total recognition rate).

Table 1. Testing identification rate of the first case

J 4 6 8 10 12
N% 75 80 85 80 85
E% 75 80 85 80 85
T% 75 75 75 75 75

Table 2. Testing Identification of the second case

D J 4 6 8 10 12
1 N% 70 70 75 70 75
1 E% 85 85 85 90 85
1 T% 77.5 77.5 80 80 80
2 N% 75 80 75 80 75
2 E% 70 70 65 65 70
2 T% 72.5 75 70 72.5 72.5
3 N% 70 75 75
3 E% 85 60 75
3 T% 77.5 67.5 75
4 N% 30 25 45
4 E% 80 85 65
4 T% 55 55 55

From Table 1, we find that when all parameters are chosen as features, the
testing recognition rate is not high, and at the same time the training recognition
rate is almost 100%. This means that overfitting phenomenon occurs, the reason
is that training samples are few, but input feature number is too large. So, all
parameters are chosen as features is not a favorite method for recognition.

From Table 2, we find that only the first five parameters of the first decom-
position are chosen as features, the testing recognition rate is relatively high,
and the b has little influence to the recognition. when the parameters of the
second decomposition, the third, the forth decomposition are chosen as features,
the testing recognition rate is not good, the reason is that the major energy
and shape of the earthquake signal is governed by the five parameters of the
first decomposition, and these reflect primary characteristics of these two kinds
of earthquake signals. So, the five parameters of the first decomposition are
favorite features for the recognition.
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Table 3. Testing Identification rate of the third case

para J 4 6 8 10 12
a N% 85 95 95 90 90
a E% 80 65 75 70 75
a T% 82.5 80 85 80 82.5
σ0 N% 95 80 75 85 95
σ0 E% 55 65 75 65 65
σ0 T% 72.5 72.5 75 75 80
f0 N% 90 55 65 70 60
f0 E% 60 80 75 75 75
f0 T% 75 67.5 70 72.5 67.5
r N% 55 65 55 70 65
r E% 90 80 85 85 75
r T% 72.5 72.5 70 77.5 70

From Table 3, we find that only four parameters can calculate the recognition
results, the parameter m can not calculate the recognition result validly because
this parameter basically equals zero.We also find that the influence of b is little
to the recognition. To these four parameters, only when the amplitude of signal a
is chosen as features, the recognition rate is relatively high, the reason is that the
amplitude of nuclear explosion signal and natural earthquake signal has great
difference and the difference of other parameters is not obvious as the amplitude
of the signals.

4 Concluding Remarks

In this paper, we first obtain some new parameters by FMmlet transform, then
we analyze the performance of these parameters as the features of underground
nuclear explosions and natural earthquakes. Experimental results and the corre-
sponding analysis provided suggest that amplitude of the earthquake signals and
the five parameters of the first decomposition are good remedies for seismological
pattern recognition pathology.
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Abstract. Internet traffic prediction plays a fundamental role in network de-
sign, management, control, and optimization. The self-similar and non-linear
nature of network traffic makes highly accurate prediction difficult. In this pa-
per, a boosting-based framework is proposed for self-similar and non-linear
traffic prediction by considering it as a classical regression problem. The
framework is based on Ada-Boost on the whole. It adopts Principle Component
Analysis as an optional step to take advantage of self-similar nature of traffic
while avoiding the disadvantage of self-similarity. Feed-forward neural net-
work is used as the basic regressor to capture the non-linear relationship within
the traffic. Experimental results on real network traffic validate the effective-
ness of the proposed framework.

1 Introduction

Internet traffic prediction plays a fundamental role in network design, management,
control, and optimization [11, 12, 14]. Prediction on large time scale is the base of
long term planning of Internet topology. Dynamic traffic prediction is a must for
predictive congestion control and buffer management. Highly accurate traffic predic-
tion helps to make the maximum use of bandwidth while guaranteeing the quality of
service (QoS) for Variable-Bite-Rate video which has a stringent requirement on
delay and cell rate loss (CRL). Traffic prediction on different links can also be used
as a reference to route. Layered-encoded video applications can determine whether to
transmit the enhanced layer according to prediction results.

Essentially, the statistics of network traffic itself determines the predictability of
network traffic [2, 9, 11, 12, 14]. Two of the most important discoveries of the statis-
tics of Internet traffic over the last ten years are that Internet traffic exhibits self-
similarity (in many situations, also referred as long-range dependence) and non-
linearity. Since Will E. Leland’s initiative work in 1993, many researchers have dedi-
cated themselves to proving that Internet traffic is self-similar [8, 12]. On the other
hand, Hansegawa et al in [5] demonstrated that Internet traffic is non-linear by using
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surrogate method [16]. The discovery of self-similarity and non-linearity of network
traffic has brought challenges to traffic prediction [9, 11, 12, 14].

In the past several decades, many methods have been proposed for network traffic
prediction. To deal with the self-similar nature of network traffic, the authors in [15]
proposed using FARIMA since FARIMA is a behavior model for self-similar time
series [3]; the authors in [17] proposed predicting in wavelet domain since wavelet is
a natural way to describe the multi-scale characteristic of self-similarity. While these
methods do improve the performance of prediction for self-similar time series, how-
ever, they are both time-consuming. To deal with the non-linear nature of network
traffic, Artificial Neural Network (ANN) is probably the most popular method.
While ANN can capture any kind of relationship between the output and the input
theoretically [5, 7, 10], however, it might suffer from over-fitting [4]. Another kind
of prediction method for non-linear time series is support vector regression (SVR)
[10] which is based on structural risk minimization. However, the selection of suit-
able kernel functions and optimal parameters is very difficult [5].

In this paper, we propose a boosting-based framework for predicting traffic which
exhibits both self-similarity and non-linearity (BBF-PT), by considering traffic pre-
diction as a classical regression problem. On the whole, BBF-PT is based on Ada-
Boost [13] and follows R. Bone’s work [1]. To take advantage of self-similarity while
avoiding its disadvantage, Principle Component Analysis (PCA) is adopted as an
optional step. BBF-PT takes feed-forward neural network (FFNN) as the basic learner
to capture the non-linear characteristic of network traffic and makes use of the
boosting scheme to avoid over-fitting. BBF-PT itself is straightforward and can be
easily incorporated with other kind of basic regressors. Experimental results on real
network traffic which exhibits both self-similarity and non-linearity demonstrate the
effectiveness of the proposed framework.

The rest of this paper is organized as follows: in section 2, we present our frame-
work (BBF-PT) in detail; experimental results are given in section 3; finally, we con-
clude the paper in section 4.

2 Boosting-Based Framework for Predicting Traffic (BBF-PT)

2.1 Problem Definition

By denoting network traffic as a time series: ( : 0, 1, 2, )iX x i= = . The prediction

problem can be defined as follows [2]: given the current and past observed values

1 1( , , , )i i p i iX x x x− + −= , predict the future value i qx + , where p is the length of history

data used for prediction and q is the prediction step.
In practice, the traffic prediction problem can be considered as a classical regres-

sion problem under the assumption that 2 ( 1,2, )ix iζ∈ = [2]. That is, the prediction

of i qx + can be written as:

2

2ˆ {( ) }argmint q t q
y

x E y x
ξ

+ +
∈

= − . (2)
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2.2 Flowchart of BBF-PT

As a general method for improving the accuracy of some weak learning algorithms,
boosting has been shown to be very effective for classification [1, 6, 13]. When ap-
plied to a regression problem, there are mainly two classes of methods: 1) modifying
some specific steps of the existing boosting algorithms for classification so that they
are suitable for a regression problem [1, 6]; 2) converting a regression problem to a
classification problem by introducing an additional variable [13]. In this paper, we
adopt the first method and leave the latter for future work.

How to exploit the correlation structure is the key problem in traffic prediction
[11]. For self-similar traffic, it means: 1) containing more past observed values will
be helpful to improve the prediction accuracy, however, it also requires more proc-
essing time; 2) traffic exhibits sustained burstiness, generally resulting in bigger peak
prediction error [17]. To address these problems, we propose using Principle Compo-
nent Analysis (PCA) as an optional step so that: 1) the same length of history data can
contain more “information” about the past observed values and thus help to improve
the prediction accuracy while not increasing the processing time drastically (here, the
additional processing time is for PCA); 2) De-correlation on the input data might help
to reduce the peak prediction error. Based on Ada-Boost [13] and following R.
Bone’s work [1], the flowchart of BBF-PT can be given as follows:

The flowchart of BBF-PT
1. Prepare a training set for regression. For every example in the training set,

the input is 1 1( , , , )i i p i iX x x x− + −= ( p
iX R∈ ), and the output is Y xi i q= +

( iY R∈ ), where 1,2, ,i N= and N is the total number of examples.

2. Initialize weight distribution for all examples in the training set: 1
1( )i ND = .

3. Iterate until the stopping criterion is satisfied. In every iteration
( 1,2, , )t t T= :

♦ Train a weak regressor th using distribution tD on the training set;

♦ Get a weak regressor : pN
th R R→ ;

♦ Evaluate the error ( )tl i for every example i in the training set using

the weak regressor th ;

♦ Compute the training error tε of th ;

♦ Choose t Rα ∈ to measure the importance of th ;

♦ Update the weight distribution of the examples in the training set:

1t tD D +→ ;

♦ Judge whether the stopping criterion is satisfied.
4. Combine the weak regressors: { }, 1, 2, ,th t T H= → .

Optional: Perform PCA on the input data in the training set; store the corre-
sponding principle axis ( 1,2, , )i pu i N= ; and take the projection of iX on

( 1,2, , )i pu i N= as the actual input for both training and testing.
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2.3 The Details of BBF-PT

The necessary modifications to make Ada-Boost for classification suitable for a re-
gression problem include: 1) the form of the basic learner (here the basic learner is
the basic regressor); 2) the way to evaluate the error information for every example;
3) the scheme of combining weak learners.
The basic regressor: essentially, BBF-PT can use any kind of basic regressors. In
this paper, we adopt feed-forward neural network (FFNN) [5, 7, 17] to capture the
non-linearity within the network traffic.
Evaluating the error information: There are three basic forms to evaluate the error
information for examples in the training set, namely linear, squared and saturated [1,
6]. We adopt the linear form in this paper.

Computing tε : the training error tε of th can be computed as
1

( )( )
t

N

i
t itD i Lε

=

= ⋅∑ .

Choosing tα and updating weight distribution: BBF-PT takes the same scheme as

Ada-Boost [13] to measure the importance th and update weight distribution.

Stopping criterion: In Ada-Boost, the iteration will stop when 0.5tε ≥ . In BBF-PT,

we set a maximum iteration number maxT to avoid slow convergence. That is, if

0.5tε ≥ or maxt T> , the iteration process will stop.

Combining weak regressors: There are mainly two methods to combine the weak
regressors: weighted mean and weighted median. Since the weighted median method
is less sensitive than the weighted mean method [1, 6], it is adopted in BBF-PT.

3 Experimental Results

The network traffic that we use is the JPEG and MPEG version of the “Star Wars”
video which is widely used to examine the performance of the network traffic predic-
tion algorithms [7]. In our experiment, we divide the original traffic into some traces
with equal length 1000. Then we make use of variance-time [8] and surrogate method
[16] to test self-similarity and non-linearity of a given trace, respectively. Those ex-
hibiting both self-similarity and non-linearity are selected. Each trace is normalized to
[0,1] for comparison simplicity.

There are a set of parameters and operations that need to be set in BBF-PT:
♦ If PCA is not performed, the length of history data p used for predicting is set to

be 10; else p is set to be 20 and pN is 10;

♦ At the current stage, we are concerned with one-step prediction so q is 1;

♦ We used the first 50% data in each trace to compose the training set;
♦ The FFNN contains three layers and composes of 10 hidden neurons and 1 extra

neuron for the output layer;
♦ The transfer functions for the hidden layer and the output layer in FFNN are sig-

moid and linear respectively;
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♦ The weights of FFNN are initialized randomly;
♦ FFNN is trained by standard back-propagation algorithm;
♦ The maximum iteration number maxT is set to be 30.

The mean-square-error (MSE) of the prediction results obtained by BBF-PT with
and without PCA is listed in figure 1. It is compared with the results obtained by
Feed-Forward Neural Network (mean results over 30 runs) without boosting. From
figure 1, it can be seen that: 1) boosting does improve the prediction accuracy; and 2)
PCA further improves the prediction performance.
We use the maximum absolute prediction error on the testing set of a given trace to
measure the peak prediction error. The results obtained by BBF-PT with and without
PCA are listed in figure 2. It can be seen that in the most cases, the PCA step can help
to reduce the peak prediction error.

Fig. 1. MSE of prediction results Fig. 2. Max. error of prediction results

4 Conclusion

In this paper, we have proposed a boosting-based framework for self-similar and non-
linear network traffic prediction by considering it as a classical regression problem.
The framework is based on Ada-Boost on the whole and makes use of FFNN to cap-
ture the non-linearity within traffic at the current stage. We also propose using PCA
as an optional step to take advantage of self-similarity while trying to reduce the peak
prediction error. Experimental results demonstrate the effectiveness of the proposed
scheme. Future work includes: 1) incorporating other kinds of basic regressors into
our framework; 2) extending the current method to multi-step prediction; 3) consid-
ering network traffic prediction from a classification point of view.
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Abstract. In Intelligent Transportation Systems (ITS), traffic flow fore-
casting is important to Traffic Flow Guidance System (TFGS). However
most of the traffic flow forecasting models cannot meet the requirement of
TFGS. This paper presents a traffic flow forecasting model based on BP
neural network according to the correlation theory. This model greatly
reduces the size of input patterns. Meanwhile, a new parallel training
algorithm based on training set decomposition is presented. This algo-
rithm greatly reduces the communication cost. Experiment results show
that the new algorithm converges faster than traditional one, and can
meet practical requirement.

1 Introduction

As an important aspect of Intelligent Transportation Systems (ITS), traffic flow
guidance is considered as an optimum way to improve traffic efficiency and mobil-
ity. The basis of traffic flow guiding is real-time traffic flow forecasting. Scholars
have advanced many methods for short-term traffic flow forecasting [1], [2]. At
present, the algorithms for traffic flow forecasting can be divided into two cate-
gories: accurate mathematical model based algorithm and non-model algorithm
[1]. Because of the urban traffic flow’s time-varying volatility and nonlinearity,
it’s hard to be described by an accurate mathematical expression, all of these
results in most algorithms of the upper two categories such shortcomings: slow
convergent speed, low precision and bad adaptability, consequently cannot meet
practical requirements.

But as one of the non-model algorithm, artificial neural network has many
virtues such as good adaptability, high precision and needlessness of accurate
mathematical expression, and has been widely used in many fields [3], [4], [5].
Error back-propagation algorithm is an effective algorithm for training neural
network. The neural network trained by this algorithm is named as BP neural
network. BP neural network is widely used in information forecasting. But in
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practical traffic flow forecasting, because of the mutual influence between differ-
ent road sections, the size of neural network’s input pattern is greatly expanded
[6], consequently the training time of the whole network is greatly increased, and
can’t meet the requirement of practical traffic flow forecasting.

Parallel processing has been proved to be a good method to reduce training
time [4], [7]. Neural network’s parallel training algorithms can be divided into two
categories: node (neuron) parallelization and data parallelization [8]. Exploring
from neural network’ structure, there are five levels of parallelism: network level,
training set level, layer level, neuron level and synapse level [9]. The paper [4]
presented a parallel training algorithm based on search space partition, and
effectively conquered the shortcomings of immersion into local vibration. The
paper [5] used parallel neural network to forecast short-term load, the result is
better than the one gained by other methods.

This paper presents a traffic flow forecasting model based on BP neural
network, and chooses neural network’s inputs according to the correlation theory.
This method greatly reduces the size of input patterns. Meanwhile, a new parallel
training algorithm based on training set decomposition is presented to accelerate
the convergence.

2 The Traffic Flow Forecasting Model Based on BP
Neural Network

In practical traffic flow forecasting, traffic flow has certain relations with the
past ones of the current road section. Also, as a part of the road net, traffic
flow is certainly influenced by the ones of upstream and downstream road sec-
tions. So future road section’s traffic flow can be forecasted by the past ones
of the following road sections: the current road section, the upstream road sec-
tion and the downstream road section. Owing to the difference of different road
section’s traffic conditions, choosing the traffic flow of different road sections in
different time segments, which has strong correlation with the being forecasted
ones as the neural network’s inputs is good for improving forecasting precision
[10]. The different time segment’s traffic flow is stochastic, so it can be treated as
stochastic variable. According to the correlation coefficient between two stochas-
tic variables, the correlation between different road sections’ traffic flow can be
calculated. Assume ui(t) is the traffic flow of road section i in future time seg-
ment t, uj(t−n) is the traffic flow of road section j in time segment t−n. ui(t) is
the neural network’s output, and chooses uj(t − n) which has strong correlation
with ui(t) as the neural network’s inputs. The correlation coefficient ρ between
ui(t) and uj(t − n) is:

ρ =
E((ui(t) − ui(t))(uj(t − n) − uj(t − n)))√
E(ui(t) − ui(t))2E(uj(t − n) − uj(t − n))2

(1)

In equation (1), E(X) is the variable X’s mathematical expectation, ui(t)
and uj(t − n) are the mathematical expectations of ui(t) and uj(t − n). The
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range of ρ is [−1, 1]. The bigger the value of |ρ| is, the stronger correlation
between ui(t) and uj(t−n) is. |ρ| = 1 denotes that ui(t) and uj(t−n) are linear
correlative, |ρ| = 0 denotes that ui(t) and uj(t − n) are not correlative. By this
way, this paper chooses uj(t − n) which has strong correlation with ui(t) as the
BP neural network’s inputs, and founds a traffic flow forecasting model based
on BP neural network.

3 New BP Neural Network’s Parallel Training Algorithm
Based on Training Set Decomposition

3.1 Traditional Parallel Training Algorithm

The Master/Slave model is often used in traditional parallel training algorithm
based on training set decomposition. The whole process is shown in Fig. 1:

Fig. 1. Traditional parallel training algorithm based on training set decomposition

In Fig. 1, S1, S2, S3, · · · · · ·, Sn are slave tasks. This algorithm has the
following shortcomings (Assume this parallel algorithm has n slaves):

(1) High communication cost. In each iteration, the master must receive
weight updates from all slaves, then sends new weight to all slaves. So each iter-
ation needs 2n times information transition. Assume the whole learning process
needs N iterations, this parallel training algorithm needs 2Nn times informa-
tion transition. Along with the increasing of N , the communication cost increases
rapidly. Meanwhile, assume the time of once information transition is t, so each
iteration needs 2nt, and the whole parallel algorithm needs 2Nnt.

(2) Mutual wait between master and slaves. In training process, the master
must wait to receive weight updates. Then the salves must wait for new weight
set. This mutual wait greatly increases the training time.

In order to conquer upper shortcomings, this paper presents a new parallel
training algorithm based on training set decomposition.
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3.2 New Parallel Training Algorithm Based on Training Set
Decomposition

The new parallel training algorithm also uses Master/Slave model. But instead
of the traditional communication profile, this new parallel training algorithm
uses a new one. At the beginning, the master divides the whole training set
into several subsets, each subset is used to train a copy of the network. Each
slave consists of one subset and one copy of the network. Weight initialization
and weight updating are done by slaves. After received the training subset, the
slaves do error back-propagation learning, and calculate weight updates. Instead
of sending weight updates to the master, the weight updates are sent between
slaves. After receiving the weight updates, the slave updates the weights, then
a new iteration starts. The whole training process can’t stop until one slave
estimates that the neural network has converged. The new communication profile
used in this algorithm is shown in Fig. 2:

Fig. 2. New communication profile

In this communication profile, the slave Si(i < n) sends the weight updates
to slave Si+1, slave Sn sends to slave S1. All of the slaves form a ring commu-
nication structure. Compare with traditional algorithm, the new algorithm has
the following virtues (Assume this parallel algorithm has n slaves):

(1) Low communication cost. In this communication profile, each slave sends
weight updates to its right neighbor, so each iteration only needs n times infor-
mation transition. This is half of the traditional ones. Assume the time of once
information transition is t. In order to avoid data losing, when one slave is in
sending status, its destination slave is in receiving status. After completed this
information transition, these two slaves change their status, sending changes into
receiving, and receiving changes into sending. So at one time, there are n

2 slaves
in sending status and n

2 slaves in receiving status. In parallel computer, these
information transitions are not disturbing each other, and can be done simulta-
neously, so each iteration only needs 2t time, and greatly reduced the time spent
on information transition.

(2) Mutual wait between different slaves is greatly reduced. In the new al-
gorithm, the slaves need not to communicate with master, so the mutual wait
between master and slaves is conquered. Meanwhile, in the new communication
profile, the information transitions between slaves are not disturbing each other,
and can be done simultaneously, so this new algorithm effectively conquers the
mutual wait of the traditional parallel training algorithm.



Traffic Flow Forecasting Based on Parallel Neural Network 941

Fig. 3. Results forecasted by the trained neural network

4 Experiment Analysis

By the SCOOT system, this paper gets real traffic data of DaLian, and chooses
three neighbor road sections’ traffic data of Gaoerji Road from 7 : 30 to 8 : 30
in one month (30 days per month). The traffic data is partitioned based on time
segment of 5 minutes, so 360 records of traffic data can be got. After correlation
analysis, the following conclusion can be drawn: the traffic flow to be forecasted
has strong correlation with the ones in the past first and second time segments of
the current road section, has strong correlation with the ones in the past second
and third time segments of the upstream road section, and has strong correlation
with the ones in the past fourth and fifth time segments of the downstream road
section. Assume to forecast certain road section’s traffic flow in time segment
t∼t + 5, the neural network’s inputs are the current road section’s traffic flow
in time segments t − 5∼t and t − 10∼t − 5, the upstream road section’s traffic
flow in time segments t − 10∼t − 5 and t − 15∼t − 10, and the downstream road
section’s traffic flow in time segments t−20∼t−15 and t−25∼t−20. Using the
traffic flow data got before, 60 input patterns can be formed. This paper using
30 input patterns to train the neural network, and uses the remaining 30 input
patterns to verify the neural network.

The parallel algorithm’s speed-up is obtained using the expression (2):

Speed − up =
Sequential−execution−time

Parallel−execution−time
(2)

Table 1 shows the speed-up gained by the SHU-GUANG parallel computer.
It can be clearly noticed that the new parallel training algorithm gains faster
convergent speed than traditional one. And because of the bad communication
profile, the traditional parallel training algorithm’s convergent speed is much
slower than the sequential one.

The results forecasted by the trained neural network are shown in Fig. 3.
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Table 1. Speed-up gained

Algorithm Speed-up
Traditional parallel algorithm 0.497

New parallel algorithm 4.979

5 Conclusions

In this paper, a traffic flow forecasting model based on BP neural network is pre-
sented, by the way of calculating the correlation between different road section’s
traffic flow, this model greatly reduces the size of input patterns. Meanwhile, a
new parallel training algorithm is presented to train the BP neural network. The
convergent speed gained by the new algorithm is much faster than traditional
ones, and can meet the requirements of practical problems.
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Abstract. This paper presents a combination of ELMAN and SOM neural
networks in order to enhance the prediction precision. A new method of training
and predicting of samples is developed. In this method, the training and
predicting are divided into two steps, clustering at first and then training and
predicting the samples at the clustered areas. As examples, this method is
applied to weather broadcasting and disaster prediction. Simulation results
show that this method can enhance the ability of local generalization of the
network. The prediction precision of combined network presented in this paper
is higher than that with normal BP network or just one of ELMAN or SOM
network.

1   Introduction

It has been proved that some Artificial Neural Network (ANN) models, such as BP,
RBF, ELMAN, etc., have the capacity of infinitely approaching any function. ANN
was originally used to the prediction fields by Lapedes [1] and Weigend etc. [2]. At
present, prediction using ANN method was widely used in stock, weather, disease and
ecology, etc. The sample data obtained for training are practically less than needed for
high precision prediction. To solve this problem, a characteristics of ANN can be
used: the more similar the sample data are, the more higher the prediction precision in
the neighboring field is. This paper presents a new prediction method with high
precision. In this method, the predicting processes are divided into two steps,
clustering sample data at first and then predicting the samples at the clustered areas.
There is a pillar in the nerve cell model, which can pre-classify the complex
information, thus make the sequential information processing and mapping more
accurate and rapid. In this paper, SOM(Self-organizing feature map) network was
chosen to pre-classify the samples for the object to be predicted since SOM  network
can successfully realize the clustering function to some extent [3]. Simulation results
show that this method enhances the ability of local generalization of the network and
the prediction precision with the method presented in this paper is higher than that
with normal BP network or just one of ELMAN and SOM network.

                                                          
* This research is supported by the Natural Science Foundation of Henan Province under

grants of 0411010200
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2   Introduction of ELMAN and SOM Neural Network

2.1   ELMAN Neural Network

The structure of ELMAN neural network is shown in Fig.1. The output of the hidden
layers of ELMAN neural network is interconnected with the input of the hidden layers
by delay and storage. The interconnected mode makes it sensitive to the data of
history state. The ability of processing the dynamic information is added to the inner
feedback network and it is of advantage to the modeling for the dynamic process.
ELMAN neural network can store information for further use and thus it can both
learn space mode and time mode.
As for ELMAN neural network, its nonlinear space can be expressed as

))(()( 3 kxwgky = (1)

))1()(()( 21 −+= kuwkxwfkx c
(2)

)1()( −= kxkxc
(3)

Wherein u,x, u, and xc denote output, state, input and feedback state vectors with m, n,
r and n dimensions respectively. )(•f  and )(•g  denote activation functions of the

output and hidden nodes. 123 ,, www  denote the weights that link the output, the
hidden, the  input and the successive layers. According to equation (2) and (3),
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The weight is always be adjusted by BP algorithm:
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Wherein η  is a variable that controls the process of the adjustment.
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                  Fig. 1. ELMAN Neural Network               Fig. 2. SOM Neural Network

2.2   SOM Neural Network

The 1-dimensional SOM neural network (Fig.2.) utilized in this paper typically
consists of two layers of nodes: input and Kohonen layer. The SOM network
performs unsupervised learning. Its primary use is for tasks such as clustering, pattern
recognition and various optimization problems. It is designed to capture topologies
and hierarchical structures of higher dimensional input spaces. The learning algorithm
is summarized as follows.
(1)Initialization. Randomly assign values to weight ijw ; set learning rate )0(η ,

topological neighborhood parameters )(tN g  and maximum number of clusters T.

(2)Input randomly one of the q modes kP  into the input layer and normalize it.

(3)Normalize the weight vector ),,,( 21 jNjjj wwwW =  and compute Euclidean

distance jd  between jW and kP .

(4)Find the minimum distance gd and locate the winning unit.

(5)Update weights for all units within a specified neighborhood )(tN g :

])()[()()1( twpttwtw ji

k

ljiji −+=+ η

)1)(0(,,2,1),( <<=∈ tMjtNj g η

(11)

(6)Choose one of the learning patterns for the input layer and repeat step (3) until all
inputs have been presented to the SOM once.

(7)Update learning rate and its neighborhood parameter )(tN g ： )1)(0()(
T

t
t −= ηη .

Suppose a neuron g in competitive layer, its coordinate value in a 2-dimentional array

is ( gg yx , ), the neighborhood is a square constructed by left and right triangle parts
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restricted by ( )(),( tNytNx gggg ++ ) and ( )(),( tNytNx gggg −− ) respectively. The

neighborhood )(tNg could be modified by )]1)(0([)(
T

t
NINTtN gg −= , wherein the

][xINT means taking integer of x and )0(gN is the initial value of )(tN g .

(8)Let t=t+1 and go to step (2), stop when t=T.

3   Combination of ELMAN and SOM Neural Networks

3.1   Theory of Prediction by ANN

In a sense, prediction by ANN is to establish a function )(XfY =  by inputting all

influencing factors, },,,,{ 21 nxxxX = , and obtaining expected outputY . The

function )(XfY =  can give the output accurately if all the influencing factors could
be given. But due to the complexity of matter itself, only main influencing factors can
be taken as the input factors. That is, establish the function )( '' XfY = . 'X is

subspace of X  by subtracting the factors that are not so important. As a result, the
predicting function of system is now only decided by 'X  and thus cannot reflect the
regulations entirely and systematically.
The common method of prediction by ANN is taking the main influencing factors as
input, train the network with sample data until the error index is satisfied. To avoid
the ‘dimension disaster’, the input of ANN should be as few as possible. The input
should take only the main influencing factors. These may result in that the obtained
rules will be not accordant with realities, especially when the subordinate factors are
excessive and their influence cannot be neglected any more. But if all sample data are
used to train the network with equal weight, the prediction error will be also increase
because of the decentralization of the sample data.

3.2   Theory of Combined ANN

Practically, the rules that the system obeys are more similar when some of the
influencing factors are similar. Take the agricultural harvest prediction as an example,
the regulation for the south rainy region is much different from that for the north
droughty region. But the regulation for different north regions is similar due to the
similar weather characteristic. Take the national economy prediction as another
example, the regulation for developing countries is much different from that for
developed countries, but the regulation for different developing countries is always
similar. According to the above fact, it is proposed that if the dispersive samples are
preprocessed and pre-classified, the predicting functions for various similar situations
will be obtained. Thus, the precision of prediction will be enhanced when it is put into
practice.
Now, the problem lies in how to classify the training samples into different clusters
that obey different regulations. In this paper, a new predicting method is proposed by
considering properties of ANN that the generalization at a low-sample-density region
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is weaker than that at a high-sample-density region and the strong classifying ability
of SOM neural networks and the powerful function-approaching ability of ELMAN
neural networks.

4   Prediction by Combined ANN

At first, classify the sample data into different clusters which obey different
regulations by SOM neural network, then train one ELMAN neural network for each
cluster. As for samples to be predicted, the first step is to judge which cluster they
belong to by using SOM neural networks, then predict by using the trained relative
ELMAN neural network. The modeling of prediction by combined ANN can divided
into several steps as follows:
(1) Investigation. Analyze the properties and the influencing factors and classify the
main factors and the subsidiary factors.
(2) Take the number of dimensions of sample sequence as number of input nodes. The
number of input layer (competing layer) nodes is no more than the number of input
samples. Thus a SOM neural network is constituted.
(3) Classify the main factors by using SOM neural network and train the network. Get
the classification number by the number of the clustering center of the wining
samples, subtract the nodes of the completing layer which is distant from the
clustering center and the output that approximates to zero to decrease the nodes of the
completing layer. Retrain until convergence
(4) Establish an ELMAN neural network and initialize its weight values. The nodes in
the input layer for the ELMAN neural network are composed of the nodes in the
output layer for the SOM neural network, which has been trained successfully; and
the nodes in the output layer for the ELMAN neural network depend on the number of
variables that the prediction needs to output.
(5) Connect the output layer for the SOM neural network with the input layer for the
ELMAN neural network, and train this combined ANN with the same input samples
used in SOM neural network and the expected output samples (the expected
prediction results). In this course, the weight values of SOM network keeps
unchanged while the weight values of ELMAN network are trained using BP
algorithm.
(6) After the training for the network converged, a new ANN, which is the
combination of SOM neural network and ELMAN neural network and has the pre-
categorized function, can be set up.

5   Illustrative Examples

5.1   Weather Forecasting

The experiment data for weather forecasting are taken from reference[3]. In this
article, Yuan took the data in Apr.1~15 and May14~29(31 days) as the training
examples for the neural network and took the data June 1 ~28 ( 28 days) as the testing
samples to verify the prediction ability of the meteorological data testing system.
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Firstly, the training samples are pretreated with SOM neural network whose initial
topology architecture is composed of 12 inputs (the number of meteorological data
per day) and 12 outputs. Thus, two clustering centers can be formed when the training
for the SOM neural network is over and an improved SOM neural network with 12
inputs and 6 outputs, which is arranged in the form of one-dimensional vector, can be
established. Secondly, ELMAN network with 6-8-3 topology architecture is set up, in
which the 3 outputs represent the results of the weather forecasting for the present
day, the second day and the third day respectively. Finally, the above-mentioned
method is employed to train and test the combined neural network to verify the
prediction ability. The testing results are shown in table 1. As comparison, the
prediction results with common BP method are also listed.

Table 1. Correctness of different prediction methods for the weather forecasting

Model The 1st day The 2nd day The 3rd day

Combined ANN 85.7% 71.4% 64.3%

Common BP 82% 67.9% 60.7%

It can be seen from table 1 that the correctness of the weather forecasting for the
present day, the second day and the third day with combined ANN is higher than that
with common BP.
It can be seen from table 1 that the correctness of the weather forecasting for the
present day, the second day and the third day with combined ANN is higher than that
with common BP.

Table 2. Results of different prediction methods for the disease incidence and the prediction
error

Actual
Incidence

Incidence
predicted by

combined
ANN

Prediction
error of

combined
ANN

Incidence
predicted
by normal

BP

Prediction
error of

normal BP

Combined
ANN

5.3% 5.6% 5.7% 5.9% 11.3%

Normal
BP

6.3% 6.8% 7.9% 6.9% 9.5%

5.2   Disease Prediction

The data for the disease prediction are obtained from reference [4]. The commonly
used methods for disease prediction at home and abroad at present are gray model
method, plural linear regression method, curve fitting method and Markov chain
method etc. In this paper, prediction with the combined ANN was carried on in the
army about the incidence of the acute infectious diarrhea disease.
The training samples include 12 samples in Table 1 and the No.1 and No.4 samples in
Table 2, totally 14 samples, in reference [4]. The 2 testing samples are the No.2 and
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No.4 samples in Table 2 in reference [4]. The testing results with the same method
used in illustrative example 4.1 are shown in Table 2. As comparison, the prediction
results with common BP method are also listed.
It can be seen from table 2 that it is effective for ANN to predict the disease and the
prediction precision with combined ANN is higher than that with common BP.

6   Conclusions

The scatter of samples increases the error of prediction model based on common
neural network. Classify the samples by clustering and then train the combination of
ELMAN and SOM Neural Networks, and the precision of prediction obtained will be
higher than that of normal BP neural network. By comparing two examples, the
weather predicting and the disease-infecting rate, it is proved that the combining ANN
improves the ability of local generalization of the networks and the prediction
precision is higher than normal BP networks or just one of ELMAN and SOM
networks.
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Abstract. In this paper expanded Bayesian network method for short-
term traffic flow forecasting in case of incomplete data is proposed. Ex-
panded Bayesian network model is constructed to describe the causal re-
lationship among traffic flows, and then the joint probability distribution
between the cause and effect nodes with dimension reduced by Principal
Component Analysis (PCA) is approximated through Gaussian Mixture
Model (GMM). The parameters of the GMM are learned through Com-
petitive EM algorithm. Experiments show that the expanded Bayesian
network method is appropriate and effective for short-term traffic flow
forecasting with incomplete data.

1 Introduction

Short-term traffic flow forecasting, which is to determine the traffic volume in
the next time interval usually in the range of five minutes to half an hour, is
an important problem in the research area of Intelligent Transportation Sys-
tems (ITS). In the past years, many theories and methods on this theme were
proposed including those based on time series models (including ARIMA, sea-
sonal ARIMA), Kalman filter theory, neural network approaches, non-parametric
methods, simulation models, local regression models and layered models [1]∼[6].
Although these theories and methods have alleviated difficulties in traffic flow
modelling and forecasting to some extent, they can do little when the data used
for forecasting is partially missing or unavailable, while this case of incomplete
data often occurs in practice. When this circumstance happens, the historical
average (fill up the incomplete data with their historical average) method is of-
ten applied to cope with this issue; nevertheless, the forecasting performance is
quite limited.

The Bayesian network approach, as studied comprehensively in the commu-
nity of information science, gives us some inspiration on traffic flow forecasting.
Considering the nature of short-term traffic flows, we can draw the conclusion
that the traffic flow at a given road link is closely related to those of its neighbors,
and thus in order to forecast as accurately as possible, we should also take into
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account the information provided by neighbor links. Bayesian network is such a
model that can fully take into account the causal relationship between random
variables statistically, and it has a natural capacity to deal with incomplete data.
Our main contribution of the paper is that we introduce the concept and ap-
proach of Bayesian network in information science to the area of ITS for the first
time and effectively solve the traffic flow forecasting problem with incomplete
data. For a given road net, we focus on constructing rational expanded Bayesian
networks, learn the statistical relations between the cause and effect nodes, and
then based on the statistical relationship carry out forecasting. Experiments for
real-world short-term vehicular flow forecasting in case of incomplete data are
carried out to validate our method. Comparison with AR model and the his-
torical average method shows that our expanded Bayesian network method is
appropriate and effective for this kind of traffic flow forecasting problems.

2 Expanded Bayesian Networks

A Bayesian network, also known as casual model, is simply a directed graphi-
cal model for representing conditional independencies between a set of random
variables. In a Bayesian network, an arc from node A to B can be informally
interpreted as indicating that A “causes” B [7]. Suppose we have several random
variables denoted by x1, x2, ..., xm, y1, y2, ..., yn and z respectively. x1, x2, ..., xm

are used to forecast y1 and y1, y2, ..., yn are used to forecast z in turn. Then
considering the causal relations in variable forecasting, we can construct two
Bayesian networks as shown in Fig. 1.a where arrows start from the cause nodes
and point to the effect nodes.

Now suppose data for random variable y1 is missing while data for x1, x2, ...,
xm, y2, ..., yn is complete(intact), then how can we forecast z? We can construct
another Bayesian network to model the new causal relationship, which is given
in Fig. 1.b. In the graph, x1, x2, ..., xm, y2, ..., yn serve as the cause nodes of z .
Since the newly constructed Bayesian network often has more nodes than either
of the original graphs, we call it Expanded Bayesian Network (EBN).

3 Related Methods

3.1 Dimension Reduction

When using Bayesian networks, the joint probability distribution of related vari-
ables should be estimated. Usually the dimension of the joint probability distri-
bution using Bayesian network is high and the data is not enough comparatively.
So there might be a large error coming from parameter learning. However, if we
carry out parameter learning on a lower dimension with the same data, the esti-
mation will be more accurate and efficient. Principal Component Analysis (PCA)
is such an effective tool for linear dimension reduction [8]. By using PCA, we
select a few principal components corresponding to the largest eigenvalues to
represent data space.
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Fig. 1. (a) Two Bayesian net-
works. (b) Expanded Bayesian
network (EBN)

Fig. 2. (a) A patch taken from the whole map
where UTC/SCOOT systems are placed. (b) The
Bayesian network between the object road link and
its neighbors

3.2 Parameter Learning of Joint Probability Distribution and
Forecasting Formulation in Bayesian Networks

In this article, the joint probability density function (PDF) between cause nodes
and effect node in a Bayesian network is approximated through Gaussian Mixture
Model (GMM). Let x denote one random variable or multidimensional random
vector, and then the GMM form of its probability distribution with M mixture
components can be represented as:

p(x|Θ) =
M∑

l=1

alG(x|θl) (1)

where the parameters are Θ = (α1, ..., αM , θ1, ..., θM ) and M , s.t.
∑M

l=1 al = 1.
Each G(.) is a Gaussian PDF parameterized by θl = (µl, Σl), l = 1, ..., M .

Usually we use Maximum Likelihood Estimation (MLE) to carry out pa-
rameter learning with given data. The Competitive Expectation Maximization
(CEM) algorithm proposed by Zhang et al is an effective algorithm to carry out
MLE, which is a useful variant of EM algorithm [9][10]. In this article, the pa-
rameters of a GMM which describe the joint PDF of the cause nodes and effect
node in a Bayesian network are learned through CEM algorithm.

Traffic flow forecasting here can be considered as an inference problem in
a Bayesian network. The main goal of inference in a Bayesian network is to
estimate the values of hidden nodes, given the values of observed nodes. We use
this mechanism to implement forecasting of traffic flows. Suppose (E, F ) be a
partitioning of the node indices of a Bayesian network into disjoint subsets, and
(xE , xF ) be a partitioning of the corresponding random variables. Under the rule
of Minimum Mean Square Error (M.M.S.E.), the optimal estimation of xF from
xE can be given as [11]:

x̂F = E(xF |xE) . (2)

To deduce the representation of the optimal forecasting x̂F under the GMM,
we employ the following lemma.
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Lemma [12] Let G(x; µ, Σ) denote a multidimensional normal density func-

tion with mean µT = (µT
1 , µT

2 ) and covariance matrix Σ =
(

Σ11 Σ12
Σ21 Σ22

)
.

xT = (xT
1 , xT

2 ) is a random vector. Then we have:

p(x) = G(x1; µ1, Σ11)G(x2; µx2|x1 , Σx2|x1) ,

where µx2|x1 = µ2 − Σ21Σ
−1
11 (µ1 − x1), Σx2|x1 = Σ22 − Σ21Σ

−1
11 Σ12 .

If we rewrite xT = (xT
F , xT

E), µT
l = (µT

lF , µT
lE), Σl =

(
ΣlFF ΣlFE

ΣlEF ΣlEE

)
, we have:

p(xF , xE) =
M∑

l=1

alG(x; µl, Σl) =
M∑

l=1

alG(xE ; µlE , ΣlEE)G(xF ; µlF |E , ΣlF |E) .

Finally, we can get the optimal forecasting x̂F under the criterion of M.M.S.E.
as follows:

x̂F = E(xF |xE) =
M∑

l=1

βlµlF |E , (3)

where βl = alG(xE ;µlE ,ΣlEE)∑M

j=1
ajG(xE ;µjE ,ΣjEE)

, µlF |E = µlF − ΣlFEΣ−1
lEE(µlE − xE) ,

ΣlF |E = ΣlFF − ΣlFEΣ−1
lEEΣlEF .

4 Experiments

The experimental data for analysis is the vehicle flow rates of discrete time series
recorded every 15 minutes on many road links by the UTC/SCOOT system in
Traffic Management Bureau of Beijing, whose unit is vehicles per hour (vph). The
data is from Mar. 1 to Mar. 25, 2002 and 2400 sample points totally. To evaluate
our approach objectively, 2112 points (training set) of them are employed to learn
parameters of GMM and the rest (test set) are employed to test the forecasting
performance. Fig. 2.a shows the analyzed patch. Each circle node denotes a road
link. Each arrow shows the direction of the traffic flow on the corresponding
road.

We take road link Dd as an example to show our approach. From the view
point of Bayesian Network, vehicle flows of Ce, Cg and Ch should have causal
relations with vehicle flow of Dd. Similarly, vehicle flows of Ba and Bc should
have causal relations with vehicle flow of Ch. Furthermore, considering the time
factor, to predict the vehicle flow of Dd at time t (denoted by Dd(t))we should
use values Dd(t − 1), Dd(t − 2), ..., Dd(t − d) as well. That is, some historical
values of Ce, Cg, Ch and Dd could be regarded as the cause nodes of Dd(t) in a
Bayesian network. The causal relation is shown in Fig. 2.b.

Suppose traffic flow data Ch(t − m) is missing, we can use EBN method to
forecast Dd(t). The EBN for forecasting Dd(t) with missing data Ch(t − m) is
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shown in Fig. 3. The flow chart of our forecasting procedure can be described as
follows: 1). Construct an EBN between input (cause nodes) and output (effect
node) for a given road link using the methods explained in section 2; 2). Approx-
imate the joint PDF of all nodes in the EBN by PCA and GMM using methods
explained in section 3; 3). Carry out the optimal estimation of flow rates of the
object road link in the form of equation (3).

Fig. 3. The expanded Bayesian network for object road link Dd

In the experiment, the forecasting orders from the object road link and
from the neighbor links are respectively taken as 4 and 5 empirically (param-
eters d = 4, m = 5). Then for Fig. 3 the joint PDF is: p(Ce(t − j), Cg(t −
j), Ba(t − j − 5), Bc(t − j − 5), Ch(.), Dd(t − j + 1), j = 1, ..., 5), where Ch(.) =
(Ch(t − l), Ch(t − l − 5), l = 1, ..., 4). We can see the dimension of the joint PDF
is very high (dimension=33). So we use PCA to carry out dimension reduction
before the parameter learning of GMM. For other road links, we also employ
PCA for dimension reduction before the parameter learning of GMM. The final
forecasting performances using the EBN method are listed in Table 1 evaluated
by root Mean Square Error (RMSE). Since the parameters d and m is just se-
lected empirically, utilizing AR model with the same parameter d for comparison
is reasonable (AR model is comparable which only uses historical flow rates of
the object road link to forecast). The forecasting results through AR model and
the historical average method (using the the average value of the historical flow
rates at the corresponding time to forecast) are also given in Table 1. For a
given road link of Table 1, the smaller RMSE corresponds to the better fore-
casting performance (accuracy). From the experimental results we can see the
outstanding improvements of forecasting capability brought by using EBN. For
each of the four road links analyzed, the performances of the EBN outperforms
the other two methods significantly.

5 Conclusion

In this paper, we first successfully introduce the concept and approach of ex-
panded Bayesian network to the community of ITS for the application problem
of incomplete data forecasting. Experiments with real-world data also show that
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Table 1. Performance comparison of three methods for short-term traffic flow fore-
casting of four different road links

Methods Dd Jf Gd Cf

Historical Average 84.20 140.69 213.39 112.50
AR 66.14 123.65 155.20 90.76
Expanded Bayesian network(EBN) 57.44 110.88 138.39 86.31

EBN is appropriate and effective for incomplete short-term traffic flow forecast-
ing. However, there are still some problems to be discussed in the future, e.g.
how to effectively consider the periodical information of the traffic flows for our
EBN method, etc.
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Abstract. A highway traffic flow model using a distributed radial basis
function (RBF) neural network based on fuzzy c-means (FCM) clustering is
presented. FCM clustering is used to classify training data into a couple of
clusters, each cluster is trained by a sub-RBF neural network, and membership
values are used for combining several RBF outputs to obtain the final results. A
highway traffic flow model with four segments is studied. The training data for
traffic flow modeling were generated using a well-known macroscopic traffic
flow model at different densities and average velocities. The simulation result
proves the effectiveness of this method.

1   Introduction

Highway macroscopic traffic flow model is the basis of control, analysis, design, and
decision-making in intelligent transportation system, and is often described by a set of
non-linear, dynamic equations [1-2]. However, some of the existing macroscopic
models have been found to exhibit instabilities in their behavior and often do not track
real traffic data correctly. On the other hand, some microscopic traffic flow models
can yield more detailed and accurate representations of traffic flow but are
computationally intensive, and typically not suitable for real time implementation.
Such implementations are likely to be necessary for development and application of
advanced traffic control in intelligent transportation systems.

The neural network is paid great attention to the system dynamic modeling,
because it has the capabilities of self-learning and approaching any nonlinear
functions. In this paper, we present a distributed radial basis function (RBF) neural
network with fuzzy c-means (FCM) clustering to set up the highway macroscopic
traffic flow model. An FCM-RBF neural network model has been developed to
emulate an improved version of a well-known discrete traffic flow dynamic model.
Simulation results show that the FCM-RBF model can capture the traffic dynamics
quite closely.
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2   FCM-RBF Neural Network

The proposed algorithm consists of three steps. The first step is classifying training
objects into several clusters using FCM clustering. The second step is training each
cluster with a sub-RBF neural network. The third step is combining several RBF
outputs to obtain the final result using membership values.

A RBF neural network has a three-layer architecture with no feedback [3-4]. The
hidden layer consists of H hidden neurons (radial basis units), with radial activation
functions. A typical choice for this function is the Gaussian function. So, the output of
the h-th hidden neuron, zh, is a radial basis function that defines a spherical receptive
field in RH given by the following equation:

h
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h
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h
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In other words, each neuron in the hidden layer has a substantial finite spherical
activation region, determined by the Euclidean distance between input vector, x, and
the center, ch, of the function zh normalized with respect to the scaling factor σh.

From (1) we can know that each hidden neuron is associated with H+1 internal
parameters; the H components of vector ch that represents the H dimensional position
of the radial function, and σh that determines the receptive field of the neuron. The
receptive field is the region of the input space over which the neuron has an
appreciable response. The set of hidden neurons is designed so that they cover all the
significant regions of the input vector space.

The network output y is given by the following equation:

∑
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=
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h
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(2)

Fuzzy c-means clustering is an unsupervised classification algorithm [5], which
uses a certain objective function, described in (3), for iteratively determining the local
minima.
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where C is the number of clusters, N is the number of training objects X={Xi|i=1, 2,
… N}. The objective function is a weighted within-groups sum of distances dij. An
important parameter in this approach is the exponent m. This exponent is always
greater than unity.

Cluster centers are given by the following equation:
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Membership values for objects are calculated using (5). An important feature in
FCM is that the sum of an object’s values over all the clusters equals unity as (6).
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Different types of distance measures can be used to measure the distance between
an object i and a prototype j. A Euclidean distance is given by (7).
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Equations (3)-(7) mainly describe the formulas which are used during the training
stage. In online stage, new values of memberships are calculated using (8) along with
the chosen distance measure. The membership values for a new vector is:
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The output y of the distributed FCM-RBF is as (9) shows:
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where fj is the output of the j-th RBF sub-network, C is the number of sun-networks in
the distributed network, i.e. the number of clusters of FCM.

3   Simulation

We use this FCM-RBF to set up the highway traffic flow model. Here we discuss a
highway with four segments, which are same length. There is an on-ramp at the first
segment, and an off-ramp at the third segment. The road structure of highway is show
as Fig.1.

s3(k)

v0(k)

q0(k) v1(k)

r1(k)

ρ2(k) ρ3(k) ρ4(k)

v4(k)v3(k)v2(k)

ρ1(k)

Fig. 1. Structure of highway traffic flow system

After analyzing the traffic flow, The FCM-RBF structure consisted of 12 inputs
and 8 outputs, which correspond to the number of input and output variables,
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respectively. The inputs of FCM-RBF are traffic flow q0(k) and average velocity v0(k)
at first segment beginning, on-ramp flow r1(k) at first segment, and off-ramp flow
s3(k) at the third segment. To set up a dynamic model, we delay the density ρi(k),
average velocity vi(k) as ρi(k-1) and vi(k-1) which are also used as the inputs of FCM-
RBF. We use the density ρi(k), average velocity vi(k) as the outputs of FCM-RBF. The
number of neurons in the hidden layer depended on the number of training objects.

To model the traffic flow, input and output data must be collected first. There are
different forms of microscopic traffic flow dynamic model, but main difference is
how to describe the relations among flow, speed and density. Based on the dynamic
speed-density equations provided by Payne, Papagergiou improved on momentum
equation and got the model as follows [1-2]:

)()()1()()()( 11 kvkkvkkq iiiii ++ρα−+αρ= (9)
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where T is the sample time, ∆i is the length of i-th segment, ρi(k) is the traffic flow
density of i-th segment sampled at k points, vi(k) is the average velocity of i-th
segment at k points, qi(k) is the flow from i-th segment to (i+1)-th segment at the time
of kT, ri(k) is the traffic flow of on-ramp at the time of kT, si(k) is the flow of off-ramp
at the time of kT. In above equations, vf is free velocity of the vehicles, ρcr is the
critical density, τ is the time constant, γ is the constant of ramps related to ramp
geography shapes, ξ, b, λ and α are adjustable coefficients.

(12) is a stable model of traffic flow, it describes the relationship between velocity
and density at the stable traffic status.

We simulate the traffic flow data with (9)-(12) for 120 min. The sample time is
30second, totally 240 sample data are used as training data for FCM-RBF. Supposed
the flow at first segment beginning is 1600 veh/h, average velocity at the beginning is
80 km/h with white noise. The flow at the on-ramp changes from 0 to 1500veh/h at
random, The flow at the off-ramp changes from 0 to 1200 veh/h at random. The
parameters in the model are νf=98(km/h), ρcr=32(veh/km), b=3, τ=19.4/3600,
γ=34.7, ξ=1, λ=1, α=0.95, and ∆=0.8 km [2].

After training the network, we use traffic flow model (9) to (12) to get another
group of data in 120 minute. T is still 30 seconds. Supposed the flow at first segment
beginning is 1600 veh/h, average velocity at the beginning is 80 km/h. Flow at the on-
ramp increases gradually from 0 to 1500veh/h in 60 minutes, then decreases from
1500 veh/h to 0 in 60 minutes. The flow at the off-ramp changes from 0 to 1200 veh/h
in 60 minutes gradually, then decreases form 1200veh/h to 0 in 60 minutes. Fig.2 to
Fig.5 are the density and velocity from segment 1 to segment 4 respectively, real line
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is the output of the traffic flow dynamic model, and dashed line is the outputs of
FCM-RBF. The results show that the FCM-RBF neural network can catch up
highway traffic flow model effectively.

Fig. 2. Density and velocity of segment 1

Fig. 3. Density and velocity of segment 2

Fig. 4. Density and velocity of segment 3
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Fig. 5. Density and velocity of segment 4

4   Conclusion

The highly non-linear, dynamic characteristics of the macroscopic traffic flow
problem require a modeling approach that is capable of dealing with the complex non-
linear relationships between the speeds, flow and density. In this paper, we present the
method of the highway traffic flow model by means of FCM-RBF neural network.
The simulation shows FCM-RBF has a lot of superior peculiarities in highway traffic
flow modeling. This algorithm has characteristic of training fast and is strong in
network practicality, also can approach more accurately actual system. Future
research will attempt to attain similar levels of performance using real traffic data.
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Abstract. Earthquake Prediction is one of the most difficult subjects in the
world. It is difficult to simulate the non-linear relationship between the
magnitude of earthquake and many complicated attributes arising the
earthquake. In this paper, RBF neural network ensemble was employed to
predict the magnitude of earthquake. Firstly, the earthquake examples were
divided to several training sets based on Bagging algorithm. Then a component
RBF neural network, which was optimized by Adaptive Genetic Algorithm,
was trained from each of those training sets. The result was obtained by
majority voting method, which combined the predictions of component neural
networks. Experiments demonstrated that the prediction accuracy was increased
through using RBF neural network ensemble.

1   Introduction

Earthquake Prediction is one of the most difficult subjects in the world. It is difficult
to give an overall and objective prediction because the earthquake is aroused by many
complicated factors, and their relationship is non-linear. With the proposal of expert
system, many researchers applied it to earthquake engineering. From 1980s, Chinese
researchers have developed three generations of ‘Expert System for Earthquake
Prediction’. But there existed some limitations: 1) Bottleneck in knowledge
acquirement. The knowledge can be only drawn by seismologist but cannot be
acquired automatically. 2) High complexity and low efficiency because the operations
in the old expert system were all serial. Especially, it was difficult to predict correctly
when the input data were noisy, dirty and incomplete.

In order to overcome these limitations, neural network was applied because of its
applicability in virtual situations in which a relationship between the predictor
variables and predicted variables existed, even when that relationship was very
complex and not easy to articulate in the usual terms of "correlations" or "differences
between groups." However, the generalization ability of single neural network was
not powerful. Neural network ensemble means that the generalization ability of a
neural network system can be significantly improved through ensemble of a number
of neural networks, i.e. training many neural networks and then combining their
predictions. After originally proposed by Hansen and Salamon [1], the neural network
system has been successfully applied across an extraordinary range of problem
domains, in areas as diverse as face recognition [2,3], optical character recognition [4,
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5, 6], seismic signals classification [7], medical diagnosis [8,9], text and speech
categorization [10], etc.

In this paper, a new approach based Bagging algorithm was proposed and realized
in Chinese new generation of Expert System for Earthquake Prediction. RBF neural
network was used to simulate the relationship between exception attributes and the
magnitude of earthquake. We used Bagging on the training set to generate a number
of RBF neural networks, in which adaptive genetic algorithm was employed to evolve
the weights so that they can characterize the fitness of the neural networks in
constituting an ensemble. Then we combined the predictions of component RBF
neural networks obtained by the majority voting method, which was one of the most
prevailing methods.

The rest of this paper was organized as follows. In Section 2, the whole expert
system was shortly described in which neural network ensemble was realized. In
section 3, the RBF neural network ensemble approach and procedure were proposed.
In section 4, some experimental comparisons were presented. Finally, conclusions
were drawn and several issues for future works were indicated.

2   Expert System for Earthquake Prediction

Expert system for earthquake prediction was composed of Knowledge Base, Inference
Engine, Interpreter, and Knowledge Acquirement Machine as shown in Fig.1.
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Fig. 1. Block diagram of the expert system for earthquake prediction

Here, we mainly discussed the top of the block diagram in details, which indicated
the process of earthquake magnitude prediction by using RBF neural network
ensemble.
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3   Earthquake Prediction Using RBF Neural Network Ensemble

3.1   Preparation of the Samples

An earthquake example is composed of a number of exception attributes, such as
earthquake belt, earthquake gap, etc, and the actual earthquake magnitude. In the
traditional earthquake prediction approaches by using artificial neural network, the
input data are values of some fixed exception attributes selected by seismologists
according to their experiences. In this paper, we proposed a new exceptions-driven
approach to prepare the training set. We only selected those values of the high-
frequency exception attributes in the detected exceptions as the samples from the

earthquake examples. We say now we get the initial samples, Γ . There will be
another paper to depict it in details.

3.2   Division of the Samples

As for training component neural networks, the most prevailing approaches are
Bagging and Boosting. Boosting was proposed by Schapire [11] and improved by
Freund et al. [12,13]. Bagging was proposed by Breiman [14] based on bootstrap
sampling [15]. It generates several training sets from the original training set and then
trains a component neural network from each of those training sets.  Here, we used
the bootstrap to sampling.

Step1 Given the probability of each sample nxxx ,..., 21  in set Γ  is 1/n, and then
calculated the experience probability distributing function Ω, which was the no-
parameter Maximum Likelihood Estimate value of the overall distributing ω.
Step2 Supposed the number of sample sets was B. B was determined by the
experiment on the dataset, usually, when estimated the confidence interval. B at least
was 1000.

Step3 Randomly chose a sample in the initial sample set Γ .
Step4 Repeated Step 3 until n equal to the number of the initial sample set.
Step5 Repeated Step 3,4 until the required Bagging times, B, and get the new sample

set, 
∗∗∗ ΓΓΓ B,...,, 21 .

Step6 If we want to get the confidence interval of parameter estimating, we should
give the probability 1/ B to the new sample set. According to the B copies of sample
set, we can gain a relative frequency graph and the Bootstrap estimate of sampling

distributing of Γ . Further more, we can estimate the confidence interval and so on.
For each new sample set, we should normalize the data by using the Formula 1 before
training the neural network.
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3.3   Training the Component RBF Neural Network

Theory has been verified, for a given nonlinear function, using the radial based
function (RBF) neural network can approximate it with any accuracy. And more
important thing was that RBF neural network could avoid tedious redundancy
computing of reverse direction propagation between the input layer and the hidden
layer. And the speed of learning was 103-104 times faster than BP neural network [23].
So we used RBF as the component neural network of the ensemble.

In our RBF network, the radical function was Gauss function, which was most

often used, for any input vector NRX ∈  ( NR was the input sample set).

m1,2,...,i    ])2(exp[)( 22
=−−= iii CXxR σ (2)

Where )(xRi  was the output of unit i in the hidden layer; X was an input vector with

n dimensions, 
{ }KpRXXX N

pp ,...,2,1, =∈=
; iC was the Gauss function

center of unit i in the hidden layer nodes; iσ was the normalized parameter of the

layer node i; m was the number of the hidden layers; P was the number of the
samples.

The output layer can linear map )(xRi  to y, which can be defined as:

qjxRy
i

iijj ,...2,1,)( ==∑ϖ (3)

Learning algorithm of RBF here was same to Moody and Darken algorithm [20].
But the centers were decided by using the nearest neighbor-clustering algorithm
instead of K-Means Algorithm. The detailed description has been reported in [21].

In order to optimize the RBF, we employed the Adaptive Genetic Algorithm. The
process was shown in Fig.2.

Coding. In Genetic Algorithm, each solution of an optimization problem is usually
encoded as a bit string. But for the numerical optimization problem, encoding as real
number is better than encoding as bit string. In this paper, the weights between the
RBF nodes were all real. So we chose the real number encoding approach.

Fitness. It is important to choose a fitness function. The goal of Training RBF neural
network was to make the overall error function of the network minimum, so we chose
the network's error function as the fitness function of GA. The value was given by
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Fig. 2. The flow chart of training the component RBF neural network

3.4   Combination of the Results

Simple averaging and weighted averaging are prevailing methods for combining
individual predictions of regression estimators. Majority voting and plurality voting
are prevailing methods for combining individual predictions of classifiers. Here, we
used majority voting method, which judged a prediction to be the final prediction
earthquake magnitude if more than half of the individual networks voted to the
prediction.

4   Experiment

We selected 17 attributes, mov_gra\dur1, l_level\dur1, ani_water\dur1,
stre_meter\dur1, water\dur1, radon\dur1, app_res\dur1, s_level\dur1, Vp/Vs\dur,
b_time\dur, frequency\fre_M, frequency\dur, train release\dur, gap\major axis,
gap\dur, belt\dur, and the number of the exceptions, as the input attributes of RBF
neural network.  The earthquake examples from 1966 to 1998 [24, 25, 26] comprised
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160 samples among which 44 samples made up the training set and 30 samples made
up the test set after data preprocessing.

We used Bagging on the training set to generate 20 RBF neural networks. Each
component RBF neural network had been trained for 5000 times. To compare the
performance of earthquake prediction by ensemble of RBF neural networks, single
RBF neural network based on the same training set had been trained for 15000 times.
The results were shown in Table 1, where ||∆M1|| was the absolute value of the
difference between the earthquake magnitude predicted by single RBF neural network
and the actual earthquake magnitude, ||∆M2|| was the absolute value of the difference
between the earthquake magnitude predicted by RBF neural network ensemble and
the actual earthquake magnitude.

Table 1. Experimental comparison between single RBF NN and RBF NN ensemble

No. Earthquake Name
(Time)

Actual Single
RBF

RBF
Ensemble

||∆M1|| ||∆M2||

1 HeLinGeEr 6.4 6.18 6.28 0.22 0.12
2 Haicheng 7.4 7.01 7.07 0.39 0.33
3 LiYang(1974) 5.5 5.49 5.46 0.01 0.04
4 LongLin 7.4 7.29 6.99 0.11 0.41
5 BaYinBuRen 6.2 5.75 5.57 0.45 0.63
6 LiYang (1979) 7.1 5.67 6.79 1.43 0.31
7 FengZhen 6.2 5.54 5.68 0.66 0.52
8 JingTai 6.2 5.73 5.75 0.47 0.45
9 HeZe 6.1 5.89 5.69 0.21 0.41

10 South Yellow Sea(1984) 6.2 6.16 6.44 0.04 0.24
11 LingWu 5.3 5.61 6.21 0.31 0.91
12 LuQuan 6.3 6.01 6.05 0.29 0.25
13 DieBu 5.9 5.16 5.52 0.74 0.38
14 SeYang 5.1 5.22 5.39 0.12 0.29
15 ShuNan 5.7 5.33 5.68 0.37 0.02
16 DaTong 6.0 7.08 6.62 1.08 0.62
17 ChangShu 5.1 5.5 5.52 0.40 0.42
18 HaiYuan 7.6 5.6 6.63 2.00 0.97
19 ALaShan 5.3 5.56 5.45 0.26 0.15
20 JiaYuGuan 5.4 5.57 5.71 0.17 0.31
21 QiLian 5.0 5.26 5.43 0.26 0.43
22 Puer 6.3 5.32 5.36 0.98 0.94
23 QingHai 5.2 5.27 5.36 0.07 0.16
24 TaiWan Strait 6.3 6.94 6.03 0.64 0.27
25 BeiBuWang 6.1 6.22 5.84 0.12 0.26
26 FuShuNan 5.5 5.37 5.69 0.13 0.19
27 YongDeng 5.8 6.22 5.72 0.42 0.08
28 ChangShan 5.2 6.9 5.56 1.70 0.36
29 JiJiang 7.0 6.92 6.71 0.08 0.29
30 South Yellow Sea(1996) 6.1 6.36 6.49 0.26 0.39
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Table 1 indicated the average error of single RBF NN was 0.09 where that of RBF
NN ensemble was 0.07. If ||∆M|| ≤ 0.5, then shown the prediction was correct. Based
on this hypothesis, the prediction accuracy of single RBF NN was 73.3% where that
of RBF NN ensemble was 80.0%. The prediction accuracy was improved.

5   Conclusion

It is a difficult thing to build a successful artificial neural network based application.
The artificial neural network ensemble is a recently developed technology, which has
the ability to significantly improve the performance of a system where a single
artificial neural network is used. Since very easy to be used, it may potentially benefit
the experts in artificial neural network research as well as the engineers in
development of real world applications.

In this paper, we proposed a RBF neural network ensemble approach based on
Bagging algorithm, which utilized artificial neural network ensemble to predict the
earthquake magnitude in expert system for earthquake prediction. Firstly, an
exceptions-driven sample acquirement method was devised to acquire samples
automatically from the earthquake examples. Then the samples were divided to a
number of training sets by a proposed approach based on Bootstrap algorithm. The
component neural network was RBF neural network, which was optimized by Self-
Adaptive Genetic Algorithm to increase the difference among the component RBF
neural networks. Finally, the majority voting method was employed to combine the
prediction results from each trained RBF neural network. Through adopting these
techniques, the RBF neural network ensemble approach proposed in this paper
achieved a high rate of prediction accuracy. In course of developing the Expert
System for Earthquake Prediction, we found that employing strong pattern
recognition techniques such as artificial neural network ensemble was only one key to
improve the performance of the whole system. Interactive interpreter was another key.
Moreover, we are glad to apply our ensemble approach to more real-world domains.

Acknowledgements. This research was supported by the National Natural Science
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Abstract. A reliable correlation between rainfall-runoff enables the local
authority to gain more amble time for formulation of appropriate decision
making, issuance of an advanced flood forewarning, and execution of earlier
evacuation measures. Since a variety of existing methods such as rainfall-runoff
modeling or statistical techniques involve exogenous input and different
assumptions, artificial neural networks have the potential to be a cost-effective
solution, provided that their drawbacks can be overcome. Usual problems in the
training with gradient algorithms are the slow convergence and easy entrapment
in a local minimum. This paper presents a particle swarm optimization model
for training perceptrons. It is applied to forecasting real-time runoffs in Siu Lek
Yuen of Hong Kong with different lead times on the basis of the upstream
gauging stations or at the specific station. It is demonstrated that the results are
both more accurate and faster to attain, when compared with the benchmark
backward propagation algorithm.

1 Introduction

Precise prediction of rainfall-runoff is an important research topic in hydrologic
engineering since it enables the local authority to gain more amble time for
formulation of appropriate decision making, issuance of an advanced flood
forewarning, and execution of earlier evacuation measures. However, the relationship
between rainfall and runoff is not definite due to many pertinent factors such as
ambient conditions, soil infiltration capacity, evapo-transpiration, etc. Existing
rainfall-runoff modeling or statistical techniques require exogenous input and
embrace different assumptions. In numerical modeling, the physical problem is
represented by a highly coupled, non-linear, partial differential equation set. The
involving processes are highly complex and uncertain which may demand huge
computing cost and time. The representation by a deterministic or statistical model is
not completely satisfactory.

Recently, owing to various advantages (built-in dynamism, data-error tolerance
and no need to have exogenous input), artificial neural networks (ANN), and in
particular, the feed forward back-propagation (BP) perceptrons, have been widely
applied in water resources engineering [1]. However, the commonly used BP
algorithm has the drawbacks of slow training convergence speed and easy entrapment
in a local minimum.
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In this paper, the particle swarm optimization (PSO) algorithm is employed to train
multi-layer perceptrons for rainfall-runoff prediction in Shatin catchment of Hong
Kong with different lead times and input precipitation data at adjacent or that stations.

2 PSO Algorithm

PSO algorithm is initially developed as a tool for modeling social behavior and is able
to optimize hard numerical functions [2-3]. It is currently adapted as a computational
intelligence technique intimately related to evolutionary algorithms [4]. It is an
optimization paradigm that mimics the ability of human societies to process
knowledge. It has roots in two main component methodologies: artificial life on bird
swarming; and, evolutionary computation.

Its principle is founded on the assumption that potential solutions will be flown
through hyperspace with acceleration towards more optimum solutions. PSO is a
populated search method for optimization of continuous nonlinear functions
resembling the movement of organisms in a bird flock or fish school. Each particle
adjusts its flying according to the flying experiences of both itself and its companions.
In doing so, it keeps track of its coordinates in hyperspace which are associated with
its previous best fitness solution, and also of its counterpart corresponding to the
overall best value acquired thus far by any other particle in the population. Vector, as
a convenient form for optimization problems, is used as the variable presentation to
represent particles.

Its major advantages are relatively simple coding and hence computationally
inexpensive. A similarity between PSO and a genetic algorithm is the initialization of
the system with a population of random solutions and the employment of the fitness
concept. However, the evolution of generations of a population of these individuals in
such a system is by cooperation and competition among the individuals themselves.
The population is responding to the quality factors of the previous best individual
values and the previous best group values. The allocation of responses between the
individual and group values ensures a diversity of response. The principle of stability
is adhered to since the population changes its state if and only if the best group value
changes. It is adaptive corresponding to the change of the best group value. The
capability of stochastic PSO algorithm to determine the global optimum with high
probability and fast convergence rate has been shown in other cases. In the following,
it is adopted to train the multi-layer perceptrons.

3 Paradigm for Training of Network

If a three-layered preceptron is considered, W[1] and W[2] represent the connection
weight matrix between the input layer and the hidden layer, and that between the
hidden layer and the output layer, respectively. During training of the multi-layer
preceptrons, the i-th particle is denoted by Wi = {W[1], W[2]} whilst the velocity of
particle i is denoted by Vi. The position representing the previous best fitness value of
any particle is denoted by Pi whilst the best matrix among all the particles in the
population is recorded as Pb. Let m and n represent the index of matrix row and
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column, respectively, the following equation represents the computation of the new
velocity of the particle based on its previous velocity and the distances of its current
position from the best experiences both in its own and as a group.

)],(),([),(),( ][][][][ nmWnmPrnmVnmV j
i

j
i

j
i

j
i −+= α

)],(),([ ][][ nmWnmPs j
i

j
b −+ β

(1)

where j = 1, 2; m = 1, …, Mj; n= 1, …, Nj; Mj and Nj are the row and column sizes of
the matrices W, P, and V; r and s are positive constants; α and β are random numbers
in the range from 0 to 1. In the context of social behavior, the cognition part

)],(),([ ][][ nmWnmPr j
i

j
i −α  represents the private thinking of the particle itself

whilst the social part )],(),([ ][][ nmWnmPs j
i

j
b −β  denotes the collaboration

among the particles as a group. The new position is then determined based on the new
velocity as follows.

][][][ j
i

j
i

j
i VWW += (2)

The following equation is used to determine the fitness of the i-th particle in term
of an output mean squared error of the neural networks
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1 1
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where f is the fitness value, tkl is the target output; pkl is the predicted output based on
Wi; S is the number of training set samples; and, O is the number of output neurons.

4 Application Case

The usefulness and applicability of any modeling system can only be affirmed by
verifying its capability to mimic a particular case study with accurate depiction of real
phenomena. This system has been verified and validated by applying to study the
rainfall-runoff correlation in the Shatin catchment of Hong Kong [5-12]. Discharge at
Siu Lek Yuen is forecasted with a lead time of 1 and 2 days based on the measured
daily precipitations there and at Tate’s Cairn. The data comprises continuous
precipitations from 1998 to 2002 with 1460 pairs of daily records, of which two-third
and one-third were used for training and validation, respectively. Data preprocessing
is performed so that high and low discharge periods of the year and also rapid changes
in runoffs are contained in both data sets.

Figure 1 shows the perceptron which has an input layer with one neuron, a hidden
layer with three neurons, and output layer with two neurons. The input neuron
represents the rainfall at the current day whilst the output nodes include the runoffs
after 1 day and 2 days, respectively. All source data are normalized into the range
between 0 and 1, by using the maximum and minimum values of the variable over the
whole data sets. The number of population is set to be 30 whilst the maximum and
minimum velocity values are 0.3 and -0.3 respectively.
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Fig. 1. Forecasting schema of PSO-based perceptrons network

Table 1. Normalized mean square errors at various fitness evaluation times during training for
PSO-based and BP-based perceptrons

Fitness valuation time Algorithm Normalized MSE
5000 BP-based 0.21

PSO-based 0.12
10000 BP-based 0.14

PSO-based 0.09
20000 BP-based 0.11

PSO-based 0.09

5 Analysis of Results

The performance of the PSO-based multi-layer ANN is evaluated in comparison with
the benchmarking standard BP-based network. In order to provide a fair and common
initial ground for comparison purpose, the training process of the BP-based
perceptron commences from the best initial population of the corresponding PSO-
based perceptron. Table 1 shows the normalized mean square errors (MSE) at various
fitness evaluation times during training for PSO-based and BP-based perceptrons. The
fitness evaluation time here for the PSO-based perceptron is equal to the product of
the population with the number of generations. It can be observed that the PSO-based
perceptron exhibits much better and faster convergence performance in the training
process as well as better prediction ability in the validation process than those by the
BP-based perceptron.

Input layer Hidden layer Output layer

Rainfall data

Runoff data
after 1 day

Runoff data
after 2 days
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Fig. 2. 1 day lead time water discharge prediction by both perceptrons in the validation process

Figure 2 shows the 1 day lead time normalized water discharge prediction by both
perceptrons in the validation process. Table 2 shows comparisons of the results for
runoff forecasting at Siu Lek Yuen with both 1 day and 2 day lead times based on
precipitation data at the same station (Siu Lek Yuen) and adjacent  station (Tate’s
Cairn). It should be noticed that runoff forecasting at Siu Lek Yuen made by using the
data collected at Tate’s Cairn is generally better compared to the data collected at Siu
Lek Yuen. From these analyses, as a final remark, it can also be observed that the
performance of PSO-based perceptron for both training and verification simulations is
better than its counterparts of BP-based perceptron.

Table 2. Results for runoff forecasting at Siu Lek Yuen based on precipitation data at the same
and adjacent stations

Input Coefficient of correlation
data Training ValidationAlgorithm

1 day ahead 2 day ahead 1 day ahead 2 day ahead
Siu Lek BP-based 0.956 0.911 0.937 0.893
Yuen PSO-based 0.975 0.964 0.953 0.941
Tate’s BP-based 0.973 0.945 0.957 0.907
Cairn PSO-based 0.991 0.981 0.985 0.977

6 Conclusions

In this paper, a perceptron approach based on particle swarm optimization (PSO)
paradigm is employed for real-time prediction of runoff discharge at Siu Lek Yuen in
Shatin catchment with different lead times based on precipitation gauging stations at
Tate’s Cairn or at Siu Lek Yuen. The algorithm is shown to be capable to furnish
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model-free estimates in deducing the runoff output from the precipitation input, and
hence is demonstrated to be a robust forewarning and decision-support aid. It is
noticed from the training and verification simulation that, when compared with the
benchmarking BP-based perceptron, the rainfall-runoff prediction results are
apparently more accurate and at the same time consume less computational cost.

Acknowledgement. This research was supported by the Internal Competitive
Research Grant of Hong Kong Polytechnic University (A-PE26).
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Abstract. In the paper, a multi-objective programming of portfolio is
proposed according to the assumption that total risk loss can be mea-
sured by the maximum of risk loss in all securities. After analyzing the
risk preference of the investor and taking transaction cost function’s
linear approximation, the multi-objective programming model is trans-
formed into simple-objective linear programming model. Based on neural
network, a differential dynamical system for solving linear programming
is constructed, and optimal portfolio decision is obtained.

1 Introduction

To decentralize the investment risk and obtain well-investment profit, an in-
vestor usually adopts the portfolio investment means, which is to invest some
selected negotiable securities. The security investment theory proposed by H.
M. Markowitz established the foundation for the modern portfolio investment
theory. In this theory, H. M. Markowitz proposed two indexes about venture
security appraisal: the expected profit rate and profit rate variance, and mean-
variance model on portfolio [1]. In the paper, A new risk definition is given in
another different view. By the new risk definition, we propose the multi-objective
programming model of portfolio and compute the optimal solution with some
methods by neural network.

2 Multi-objective Programming Model for Portfolio

In order to obtain the optimal portfolio decision, the key step is to construct
an appropriate model. Assume an investor owns a great number of fund to be
used as investment in a period, and the securities Si(i = 1, 2, · · · , n) have been
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selected and evaluated. The investor estimated that the average profit rate of
security Si is ri and the risk loss rate is qi by careful analysis. Obviously, if the
investor buys security, he shall have to pay transaction cost. Assume transaction
cost rate of security Si is pi, and the threshold of transaction cost in security Si

is ui. Of course, not buy, not pay any. In addition, the bank deposit interests
rate is r0, no any risk and no any transaction cost. Due to the uncertainty of
expected return, the investment risk will be taken place. To obtain net profit as
much as possible and bring about risk loss as little as possible, a resolution is
portfolio.

Let x0,xi,yi denotes the proportion of fund deposit in bank and investment
and transaction cost respectively, then the relation between yi and xiis as follows:

yi(0) = 0, yi(xi) =
ui

M
pi (0 < xi ≤ ui

M
), yi(xi) = xipi (xi ≥ ui

M
),

where, i = 1, 2, · · · , n, M is the total sum of fund to be invested.
Generally, the investor always wish to obtain the maximum of expected re-

turn under the condition of the restricted risk level, or pursue the minimum of
risk loss under the condition of expected profit target. Thus we can construct
two simple-objective programming model (1) and (2).

max R = r0x0 +
n∑

i=1

(rixi − yi)

s.t.






x0 +
n∑

i=1
(xi + yi) = 1,

n∑
i=1

qixi ≤ Q0

xi ≥ 0, yi ≥ 0,

(1)

and

min Q =
n∑

i=1

qixi

s.t.






x0 +
n∑

i=1
(xi + yi) = 1,

r0x0 +
n∑

i=1
(rixi − yi) ≥ R0,

xi ≥ 0, yi ≥ 0,

(2)

In the two models, due to the risk level or profit target given in advance, it
is difficult to decide the optimal investment. Moreover, risk relies on individual
factors.In some cases, when the investor invests securities, he always hopes the
loss in every security is not too much. So we give a new definition about total
risk loss.
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Definition: Suppose risk loss of security Si is qixi,then Q = max
1≤i≤n

{qixi} is

said to be total risk loss of portfolio. Namely, total risk loss can be measured by
the maximum of risk loss of all securities.

According to new definition of total risk, we propose a multi-objective pro-
gramming model (3).

min{−R, Q} = min{−[r0x0 +
n∑

i=1

(rixi − yi)], max
1≤i≤n

{qixi}}

s.t.





x0 +

n∑
i=1

(xi + yi) = 1,

xi ≥ 0, yi ≥ 0,
(3)

As we are known, a core problem in the risk investment is to balance the
profit and the risk, which involves individual risk preference. Optimizing security
investment is to seek for the optimal combination between return and risk. Some
investors are cautious and conservative. But other investors are willing to take on
risk and purse the biggest profit. In portfolio, the investor always compares the
profit with the loss, and selects a well-content proportion among all securities.
Thus, we have to take risk preference of the investor by weight coefficient.

Let λ(0 ≤ λ ≤ 1)denotes the risk preference degree.
If the investor risks more, weight coefficient λ will be bigger. In particular,

λ = 0 denotes the investor only purse profit disregard of risk. λ = 1 denotes the
investor fears risk such that he will deposit all of his money in the bank.

According to the risk weight, we can transform model (3) into a simple-
objective programming model (4).

min Z = λQ + (1 − λ)(−R),

s.t.





x0 +

n∑
i=1

(xi + yi) = 1,

xi ≥ 0, yi ≥ 0,
(4)

Considering variable yi is piecewise function, total risk loss is measured by
the maximum of risk loss of all securities. Obviously, model (4) is a nonlinear
programming and is very difficult to be solved. Therefore we will again transform
model (4).

1) Transaction Costs Function’s Linear Approximation:
Because the threshold of investment is much small, it is almost impossible

that the investment sum of a security is less than its threshold. Thus, we can
assume yi = xipi. Although it is possible to bring out error among those securi-
ties whose investment sum are less than those thresholds. But the error cannot
make the obvious influence in optimum result when the total investment sum is
much bigger.
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2) Risk Function’s Transformation:
Let xn+1 = Q, we have qixi ≤ xn+1(i = 1, 2, · · · , n). Because the object is

to optimize objective function Z = λxn+1 + (λ − 1)[r0x0 +
n∑

i=1
(ri − pi)xi], the

optimal solution can let max
1≤i≤n

{qixi} achieve xn+1. Therefore the model (4) can

be transformed into a simple-objective linear programming model (5).

min Z = λxn+1 + (λ − 1)[r0x0 +
n∑

i=1

(ri − pi)xi],

s.t.






x0 +
n∑

i=1
(xi + yi) = 1,

qixi − xn+1 ≤ 0, (i = 1, 2, · · · , n),
xi ≥ 0, yi ≥ 0.

(5)

3 The Neural Network Model for Portfolio

When solving linear programming problems, the traditional methods are the sim-
plex method and the Karmarker method. But these methods involve an complex
iterative process and longer computational time, and cannot satisfy the practical
demand. Thus, it is urgent to develop a high-performance algorithm.

The neural network is a self-feedback complex system made of simple pro-
cessing elements locally connected and has the characteristics of massive parallel
computing and less computing time. In high-performance computation, neural
network method has more superiorities than the traditional simplex method and
the Karmarker method. In recent years, developing linear programming algo-
rithm by neural network has widely attracted interests and made large progress.
Many computing model were proposed by some authors. These models have
their own advantages and disadvantages in reliability, stability, complexity and
construction [2,3,4].

In the paper, using the dual theory, we propose the dual and mutual-feedback
neural network system based on Hopfield neural network model. The stability
of neural network model is analyzed by applying a energy function. And we also
prove the theorem that the equilibrium point of neural network model is the
optimal solution of linear programming problem and the minimum of the energy
function.

Considering the linear programming problem as follows:

min Z = CT X,

s.t.

{
AX ≥ b,
X ≥ 0,

(6)

By the dual theory, [5] the dual problem of (6) is as follows:
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max W = bT Y

s.t.

{
AT Y ≤ C,
Y ≥ 0,

(7)

where C ∈ Rm, X ∈ Rm, A ∈ An×m, b ∈ Rn, Y ∈ Rn,
Considering a new neural network model for solving problem (6) and (7), we

design a differential dynamical system as follows:





dX
dt = −[AT (AX − b)− + C(CT X − bT Y )],

dY
dt = −[A(AT Y − C)+ − b(CT X − bT Y )],

(8)

where X− = (x−
1 , x−

2 , · · · , x−
m)T ∈ Rm, x−

i = min(0, xi), (i = 1, 2, · · · , m)
Y + = (y+

1 , y+
2 , · · · , y+

n )T ∈ Rn, y−
i = max(0, yi), (i = 1, 2, · · · , n)

The energy function is in the following,
E(X, Y ) = 1

2‖(AX − b)−‖2
2 + 1

2‖(AT Y − C)+‖2
2 + 1

2 (CT X − bT Y )2

Theorem X∗,Y ∗ are the optimal solution of the linear programming
problem (6) and (7) respectively if and only if (X∗,Y ∗) is the globally stable
stability equilibrium point of system (8).

Proof (⇒)If X∗,Y ∗ are the optimal solution of the linear programming prob-
lem (6) and (7) respectively,then CT X∗ = bT Y ∗, AX∗ ≥ b, AT Y ∗ ≤ C.

So, we have

[AT (AX∗ − b)− + C(CT X∗ − bT Y ∗)] = 0,

[A(AT Y ∗ − C)+ − b(CT X∗ − bT Y ∗)] = 0.

Namely, (X∗,Y ∗) is equilibrium of model (8). In the following, we prove that
(X∗,Y ∗) is he globally stable stability equilibrium point of model (8).

Considering the positive define function

V = 1
2

∥∥∥∥∥

[
X − X∗

Y − Y ∗

] ∥∥∥∥∥

2

2

.

Let AX∗ = b + U1, A
T Y ∗ = C − U2, U1 ≥ 0, U2 ≥ 0, then

dV

dt
=

∂V

∂X

dX

dt
+

∂V

∂Y

dY

dt

= −(X − X∗)T [AT (AX − b)− + C(CT X − bT Y )]
−(Y − Y ∗)T [A(AT Y − C)+ − b(CT X − bT Y )]

= [(AX − b)T (AX − b)− + (AT Y − C)T (AT Y − C)+ + CT X − bT Y )2

−U1(AX − b)− + U2(AT Y − C)+]
≤ −[‖(AX − b)−‖2

2 + ‖(AT Y − C)+‖2
2 + (CT X − bT Y )2] ≤ 0,

so the equilibrium point of model (8) is global stable.
(⇐)If (X∗,Y ∗) is the equilibrium point of model (8), then ∇E(X∗, Y ∗) = 0,

so function E(X, Y ) can obtain the minimum in X∗,Y ∗. Then E(X∗, Y ∗) = 0,
and CT X∗ = bT Y ∗, AX∗ ≥ b, AT Y ∗ ≤ C. By the dual theory, X∗, Y ∗ are the
optimal solution of the linear programming problem (6) and (7), respectively.
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4 An Example

Assume an investor owns one million dollars and has selected four securities
to be invested in a period. By careful analysis, the relation data about these
securities have been obtained. Namely, the average profit rate of securities are r =
(0.28, 0.21, 0.23, 0.25), and the risk loss rate are q = (0.025, 0.015, 0.055, 0.026),
and transaction cost rate are p = (0.01, 0.02, 0.45, 0.65). Assume the threshold of
transaction cost in security Si is u = 2500 and the bank deposit interests rate is
r0 = 0.05 and risk preference coefficient λ = 0.8. We devise the optimal portfolio
plan in the following.

Firstly, to devise the optimal portfolio plan, we construct multi-objective
programming model (9) as follows:

max R = 0.05x0 + 0.28x1 + 0.21x2 + 0.23x3 + 0.24x4 − y1 − y2 − y3 − y4
min Q = max{0.025x1, 0.015x2, 0.055x3, 0.026x4}

s.t.





x0 +

4∑
i=1

(xi + yi) = 1,

xi ≥ 0, yi ≥ 0, (i = 1, 2, 3, 4),
(9)

yi(0) = 0, yi(xi) =
1

400
pi (0 < xi ≤ 1

400
), yi(xi) = xipi (xi ≥ 1

400
),

According to Section (2) and Section (3), model (9) can be transformed into
simple-objective linear programming problem and a neural network system can
be constructed. Its solution is (0.369, 0.615, 0, 0, 0).

5 Conclusions

In the paper, we construct the multi-objective model of portfolio according new
risk loss definition and transform the multi-objective model into simple-objective
linear programming model by risk preference of the investor. Using the neural
network method, we are able to devise the optimal portfolio plan.
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Abstract. Portfolio optimization has been researched for several years in finan-
cial engineering. The problem can be described as maximization of the ex-
pected growth rate of a portfolio with relatively small variance of the portfolio
growth rate. In this paper, novel method of multi-stage portfolio optimization
with partial information is introduced in detail. Investors can redistribute wealth
in multiple periods in order to maximize the returns and minimize the risks in
financial market. The experiments with random data can prove the method effi-
cient and proper.

1   Introduction

In the financial markets, the models with deterministic coefficients are only good for
a relative short period of time and cannot respond to changing conditions [1]. As for
the investors, risk control over bankruptcy is crucial to a successful investment via
dynamic portfolio selection, but there are not feasible and efficient ways solve the
problem of risk control over bankruptcy and dynamic portfolio selection. In this pa-
per, an analytical model is proposed to realize an optimal return with a mean-variance
tradeoff and a proper risk control over bankruptcy. The Markowitz’s mean-variance
portfolio selection model in a single period aims to maximize the final wealth with the
mean time to minimize the risk. And the criterion of the risk was the variance in order
to enable investors to seek highest return with the acceptable risk level.

In [2], the authors introduced a class of dynamic Markowitz’s mean-variance port-
folio selection problem. Zhou and Li [3] presented a stochastic linear-quadratic con-
trol framework to study the continuous-time version of the Markowitz’s problem.
However, there are certain limitations when the stochastic differential equations and
geometric Brownian motion models were applied into the continuous-time formula-
tion of the mean-variance problem. Because the parameters, such as the interest rate
and the stock volatility rates, are assumed to be insensitive to real markets changes. In
particular, some intermediate states added could provide more accurate description for
drastic changes in markets than two states of extremes. The Markowitz’s mean-
variance model [4] has been recently extended in [5] to a multi-period setting. The
analytical expression of the efficient frontier for the multi-period portfolio selection is
derived. Recently, the artificial intelligence techniques, such as genetic algorithm, ge-
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netic programming and reinforcement learning, have been applied into the fields of
financial engineering. Moody et al. examine a recurrent reinforcement-learning algo-
rithm that seeks to optimize an online estimate of the Sharpe ratio. Pictet et al. employ
a GA to optimize a class of exponentially weighted moving average rules, but run into
serious over fitting and poor out-of-sample performance. The portfolio optimization
can be considered in multiple stages in order to redistribute the current wealth in an
optimal way to realize the final wealth maximized.

2   Analytical Model

2.1   Problem Description

A capital market has )1( +n  risky securities with random rates of returns when in-

vestors enter the market at time 0 with an initial wealth 0x . Let tx  be the wealth of

the investor at the beginning of the t th period, i
tu , ni ,,2,1= , be the amount in-

vested in the i th risky asset at the beginning of the t th time period. The amount in-
vested in the 0th risky asset at the beginning of the t th time period is equal to

∑ =
− n

i

i
tt ux

1
. The wealth dynamics can be thus given as

0

11
1 )( t

n

i

i
tt

n

i

i
t

i
tt euxuex ∑∑

==
+ −+=

(1)

where [ ]′= n
tttt uuuu ,,, 21 and [ ]′= n

tttt PPPP ,,, 21 . The mean-variance for-

mulation for multi-period portfolio selection can be posed as follows when security 0

is taken as a reference: ( ) )(max TTT
u

xVarwxE −  where ( )∞∈ ,0Tw  represents

the tradeoff between the expected terminal wealth and the associated risk represented
by the variance of the terminal wealth. Furthermore, dynamic portfolio policy derived
from maximizing a terminal objective may result in some very aggressive policies in
the early stages, which are not penalized in the mathematical formulation. In real im-
plementation, however, this negligence of risk control will be penalized by a high
possibility of a miscarriage of an investment plan.

2.2   Method with Markov Decision Process

The Markov model can be described as: { }XNX ,,2,1=  is the set of finite states,

{ }YNY ,,2,1=  is the set of outputs, and { }UNU ,,2,1=  is the set of deci-

sions and control. In addition, )()( upuP ij=  is the XX NN ×  state transition ma-
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trix, and )()( uquQ xy=  is the probability of state y  when the state is x  and action

u  has been taken.

When time is at t , the system is in the state ixt = , and the state can be converted

into state jxt =+1  with probability )(upij , when the decision uut =  has been

taken. Then, the probability of 1+ty  can be delineated as

{ }uuixyyuq tttxy ==== ++ ,|)( 11  and new decision may be produced based

on ),,,,( 1100 += ttt yuyuyW .

Thus, in general, the purpose of risk-sensitive control problem is to look for the se-

quence of control policy { }110 ,,, −= TzzzZ  with the finite horizon T . The pro-

cess is )/exp(logsuplim),(
00 γγξ γ

T
z
p

T
CM

T
zp

∞→
= , where γ  is the risk factor,

M is the expectation, and TC  is the total cost for the corresponding horizon. We

may present the average cost:








 == ∑
=∞→

N

n
nnu

N
x xXuXcM

N
uj

1
00|),(

1
suplim)(

0

(2)

The aim is to find the optimal policy Uu ∈*  that may has the minimum cost for

all initial state Sx ∈0 . According to [2], the optimal policy *u  is always of the

form of a regular Markovian policy to some extent and can be realized by selecting
the action to be taken at each state.  Especially, at each stage with state i  and control
action u , the long-term expected value of the average-cost corresponding to policy
τ is

( )[ ]






= ∑

−

=∞→

1

0

,
1

lim
N

n
nn

N
XXfE

N
ιθ τ

(3)

The potential vector g  is defined by Poisson equation )/( πePIfg +−= ,

where I  is the identity matrix, π is the steady state probability vector,
Te )1,,1(= . At the same time, { }jXnnjL ni =≥= ,0:min)(  with starting

state iX =0  in Markov chain { }0, ≥= nXX n . Thus, the difference between the

system performances of Markov chain starting from state i  and state j  can be meas-

ured as follows:

( )[ ]








=−∑
−

=

1)(

0
0|

jL

n
n

i

iXXfE η
(4)

Then, simple and reliable algorithms can realize the iterative optimization to decide
the optimal control policy.
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The long-run average cost of the Markov chain under policy τ  is given by

( )( ){ } ττττ πτη fXXfE
N

N

n
nn

X

N
=

+
= ∑

=∞→
0

, ,
1

1
lim 0

(5)

where τ,0XE  is the expectation with the initial state 0X  under policyτ . And τπ  is

the row of Cesaro-limiting probability matrix with identical rows. Furthermore, the
MDP problem can be solved in polynomial time with respect to the sizes of the state-
space and the action-space. At the same time, the preferred algorithms to solve MDP
problem are value iterations and policy iterations based on the dynamic programming
[1].

The term on the k th row and i th column of the matrix N  is denoted by kin .

There are several actions that the investor may choose during the wealth assignment.
When a new period arrives, the current wealth may be assigned depending on the cho-
sen action. Then, the current state may move to the corresponding next state. The
main aim is to achieve the actions that may bring optimal results.

So, we describe the action state space as SN ∈  by a M -vector

],...,,[ 21 Muuuu =  where { }Cuk ,...,2,1,0∈ . And, the value of ku  denotes the

number of units of wealth assigned. Then, the action space may be denoted as

{ } { }






 ≤+∈= ∑∑

= =

M

k
M

C

i
kikN CuuunandCuuK

1
21

1

,...,,max,...,1,0:
(6)

The action space is used to express the set of all possible actions. When action u  is

the chosen action, ku  units of wealth will be assigned. Thus, the state will move to

corresponding next state. Of course, if the tasks of certain wealth are completed, the
units of wealth will be released naturally.

In addition, we describe the transition rate of the process of the assignment as a

MDP. The transition rate from state N  to state Q when action NKu ∈  is chosen.

We describe the process with the parameter u
QNa , . And  ki∂  is defined in order to

express the CM ×  matrix with zeros in all but the ),( ik th entry where it has a one.

Thus, we describe the whole process of the assignment comprehensively. When a
new period arrives at the state N , the state N  chooses a certain action and moves to

a new state at the rate of kλ . Hence, the current state has one more unit than the pre-

vious state. Likewise, the process of the wealth assignment will move to a new state

that has one less wavelength at the rate of kikiun . The process of the assignment can

be described as the MDP showed in Fig.1.

Thus, the algorithm with MDP in multiple stages, i.e. MSPO (Multiple Stages Port-
folio Optimization) can be introduced:
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c c-1 0

xλ

1 xxun

c- x+1 c-x c-y c- y-1 y+1 y z z-1 1

xλ xλ yλ yλ yλ
zλ zλ zλ

yyun yyun
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Fig. 1. The assignment process of the units of wealth

− Step1. Choose N  and state 0X

− Step 2. Decide the initial policy 0τ  and set 1=k
− Step 3. Compute the length of each stage and estimate the potential average cost

according to the transition matrix in N  transitions.
− Step 4. If the risk is higher than the threshold, goto step 5
− Else accumulate the units of wealth 1: += kk , goto step 3.
− Step 5. Done and show the results.
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Fig. 2. Cumulative monthly returns

3   Performance Study

In order to prove the proposed model efficient and valid, the experiment was made
with monthly returns of four stocks from January 1964 until July 1999. To obtain a
performance estimate for each model, we used the sequential validation procedure, by
first training on 60 months and thereafter retraining every 12 months, each time test-
ing on the 12 months following the last training point. Assume that an investor invests
his wealth with an initial wealth of 1 unit. The planning horizon is five months, and
one time period is one month.

In Fig.2, cumulative monthly returns with different slippages were shown and
MSPO can achieve better cumulative returns than GA, Linear Programming and Gen-
eral Learning. And the fluctuations of MSPO were also rather smaller and then the in-
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vestors could achieve satisfactory returns. The average of the cumulative returns in
multiple stages were more than 40.25%.

4   Conclusion

Bankruptcy control is pivotal to be addressed in dynamic portfolio optimization for
the volatility of financial markets. In this paper, Portfolio optimization with stochastic
market data was realized through the MSPO algorithm based on MDP method. Then,
an integration of bankruptcy control and dynamic portfolio selection has been consid-
ered in this paper. Furthermore, the multi-stage description with mean-variance for-
mulation was also introduced and an optimal investment policy can be generated to
help investors not only achieve an optimal return in the sense of a mean-variance
tradeoff, but also have a good risk control over bankruptcy. At last, the results of cor-
responding experiments could prove the ideas and method efficient and proper.
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Abstract. Nonparametric approaches of option pricing have recently
emerged as alternative approaches that complement traditional paramet-
ric approaches. In this paper, we propose a novel neural network learning
algorithm for option-pricing, which is a nonparametric approach. The
proposed method is devised to improve generalization and computing
time. Experimental results are conducted for the KOSPI200 index daily
call options and demonstrate a significant performance improvement to
reduce test error compared to other existing techniques.

1 Introduction

Since a major breakthrough in the pricing of stock options made by Black,
Scholes, and Merton in the early 1970s, Black-Scholes model has had a huge in-
fluence on the way that traders price and hedge options. The celebrated original
Black-Scholes pricing formula has a closed form based on a dynamic-hedging
argument and a no arbitrage condition, but has shown systematic and substan-
tial bias because of its unrealistic assumptions. To improve pricing performance,
Black-Scholes formula has been generalized to various parametric option pricing
models while closed form expressions are not available. However, as shown in [7],
these parametric option pricing models didn’t succeed and the resulting models
are too complex, have poor out-of-sample performance. Even the most com-
plex modern parametric models are imperfect and are outperformed by simple,
less general models. They often produce parameters inconsistent with underly-
ing time series and inferior hedging and retain systematic price bias they were
intended to eliminate [2].

Prompted by shortcomings of modern parametric option-pricing, nonpara-
metric approaches, which do not rely on pre-assumed models but instead try
to uncover/induce the model, have recently emerged as alternative approaches.
Especially, it is demonstrated in ([6]) that neural networks can be used success-
fully to estimate an option pricing formula with good out-of-sample pricing and
delta-hedging performance. Since overfitting problems influence option-pricing
models very much, many researches on neural networks’ learning algorithms for
option pricing have been focused on reducing overfitting, most of them relying

F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 988–993, 2004.
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on homogeneity assumption ([3], [6]), which can be inconsistent with complex
asset price dynamics.

By relaxing this homogeneity assumption, in this paper, a new learning al-
gorithm for option pricing is proposed to reduce overfitting. The performance of
the proposed algorithm is verified concerned with improving the option-pricing
accuracy and efficiency by applying it to KOSPI200 call options.

The rest of this paper is organized as follows. In section 2, an option and Black
Scholes model are introduced and the problem for option pricing is formulated.
Section 3 presents a description of the proposed method for option-pricing with
empirical results shown in Section 4. Section 5 contains a conclusion.

2 Problem Formulation

2.1 Black-Scholes Model

To verify the merits of nonparametric and computational methods of option pric-
ing, the performance of these methods needs to be measured against a widely
used alternative model. In this paper, Black-Scholes model is used for this pur-
pose. Black and Scholes model provides a closed-form formula for pricing call
options using the assumption that the underlying follows a random diffusion
process, which is described by

p(BS) = f (BS)(x) = SN(d1) − Xe−r(T−t)N(d2),

d1 = [ln(S/X) + (r + σ2/2)(T − t)]/σ
√

T − t,

d2 = d1 − σ
√

T − t,

(1)

where S is the underlying asset price, X is the strike price of option, T − t is the
time to maturity, σ is the volatility (standard deviation) of the underlying asset, r
is the continuously compounded risk-free interest rate, and N(·) is the cumulative
normal distribution function. Unless otherwise specified, in this paper, we use
these set of inputs normally given by x = (S, X, T − t, σ, r) as the training input
data for a fair comparison with the BS.

2.2 Neural Network Model

The goal of a nonparametric method using a neural network is to model a map-
ping of some input variables onto the observed option prices. Our model is a
typical three-layer perceptron. This one consists of an input layer, a hidden
layer, and an output layer, interconnected by modifiable weights, represented by
links between layers:

f
(NN)

(w;x) = φ




n
H∑

j=1

wjφ

(
d∑

i=1

wjixi + wj0

)
+ w0


 (2)
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where φ : � → � is a nonlinear activation function, n
H

denotes the number
of hidden units and w denotes a synaptic weight vector. For a given training
sample data {〈xk, pk〉 : k = 1, ..., n}, these outputs f

(NN)
(w;xk) are compared

to the target values pk, the past closing option market prices; any difference
corresponds to an error (called a training error). This error or criterion function
is some scalar function of the weights and is minimized when the network outputs
natch the desired outputs. Thus the weights are adjusted to reduce this measure
of error.

One drawback of this neural network approach is the virtual absence of infer-
ential procedures to determine the best model specification; the neural network
may overfit in which cases the training errors can be made very small if we
increase the model complexity enough, but the test errors (out-of-sample er-
rors) may be large, resulting in poor generalization of the network. To produce
a network that generalizes well, we will propose a method based on a form of
“regularization” [5], which will be presented in the next section.

3 The Proposed Method

Our proposed method is based on viewing the supervised learning of an MLP as
an unconstrained minimization problem as follows;

min
w

Eλ(w) =
1
2

N∑
i=1

(
pk − f

(NN)
(w;xk)

)2
+ λ‖w‖2 (3)

where λ is a regularization paramter, which represents the relative importance
of the complexity-penalty term with respect to the performance-measure
term and f

(NN)
(·) is the neural network model given in Eq. (2). To minimize

Eq.(3), the proposed method consists of two phases: a Levenverg-Marquardt
based local search phase and a weight reduction tunneling phase. In the
first phase, a Levenverg-Marquardt algorithm is employed for fast conver-
gence to a local minimum. After converging to a local minimum, the second
phase, a weight reduction tunneling technique is invoked. If the second
phase finds a new weight vector w with lower cost function value than those
of previously obtained weight vectors, then the first phase is initiated again.
These processes are repeated iteratively until some terminating condition is met.

Phase I: a Levenverg-Marquardt Based Local Search: The basic idea of a
Levenverg-Marquardt based local search method [4] is to minimize the second-
order Taylor approximation of Eλ in Eq.(3) around the current point w. By
solving this problem, the weight update rule at the current point w can be
obtained as follows

∆w = − [JT (w)J(w) + αI
]−1

JT (w)e(w) (4)

where J(w) ∈ �(n+m)×m is the Jacobian matrix at w = (w1, ..., wm) of

e(w) = (p1 − f
(NN)

(w;x1), ...,pn − f
(NN)

(w;xn),
√

λw1, ...,
√

λwm)T (5)
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Fig. 1. Basic Idea of Tunneling Scheme

If α → 0, then it approaches the classical Newton method whereas if α → ∞,
then it approaches the gradient decent method. After some iterations with a
proper value of α, it will converge to a local minimum point. One nice property
of the Levenberg-Marquardt based local search is that it retains the rapid rate
of convergence of Newton’s method, but is also generally applicable and globally
convergent with proper choices of α [8].

Phase II: Weight Reduction Tunneling: Despite of its rapid convergence prop-
erty, the Levenberg-Marquardt based local search would get trapped at a local
minimum. To handle this problem, we adopt a tunneling strategy ([1], [9]), which
attempts to compute a weight vector of next descent. Many implemented tun-
neling methods, however, often failed to find an appropriate tunneling direction
which helps us to escape from a local minimum in high dimensional cases such
as neural networks.

To overcome this difficulty, we propose a so-called weight reduction tunneling
technique to enhance tunneling performance and efficiency. The proposed tech-
nique tunnels into the zero point of the weight space until it encounters the first
local minimum point along the sequence of points generated by

w(k + 1) = γw(k), 0 < γ < 1 (6)

Here γ represents the step length of tunneling. Then by invoking Phase I from
this point, it obtains another local minimum.

The proposed tunneling technique has several advantages. First, since the
obtained weight vector from Eq. (6) is located normally outside the convergent
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Table 1. Simulation Result using six neural network techniques

Algorithm Training Error Test Error Learning time(sec.)
BS model 1.7681 2.2684 -

EBP 0.5267 1.0668 765
R-EBP 0.4504 0.9568 4614

LM 0.2440 0.9664 438
BR 0.1776 1.0613 264

DTR 0.4467 0.9514 4659
Proposed 0.0096 0.0119 58.35

region of the initiated poor local minimum, successful tunneling happens more
frequently than existing tunneling techniques. Second, during the tunneling pro-
cess, the size of the weight vector becomes very small, which makes it easier to
find a new weight vector of next descent with a lower Eλ.

4 Experimental Results

In this section, we verify how well the proposed method works compared with
Black-Scholes (BS) model and other neural network algorithms which include

– Error Backpropagation(EBP)[6]
– Regularized EBP(R-EBP)[5]
– Levenberg-Marquadt Algorithm(LM)[4]
– Bayesian Regularization Algorithm(BR)[3]
– Dynamic Tunnelling Regularized Algorithm(DTR)[9]

The data used in the empirical analysis are daily closing quotes of the KOSPI200,
during the time periods January 1, 2000 - December 31, 2000. The KOSPI200
index is a value-weighted combination of the 200 most traded securities in Ko-
rea Stock Exchange market. To avoid nonsynchronicity caused by trading effect,
we use the closing prices of KOSPI call options as price data. We train a net-
work using 2972 samples(80%) that are randomly selected. And the remaining
743 samples(20%) are used to test each neural network. Based on the universal
approximation property of feedforward neural networks that no more than two
hidden layers are needed to approximate an arbitrary function, we’ve used three-
layer perceptrons as our neural network architecture and the network structures
are chosen to the ones that show high performance for each algorithm. The neu-
ral network model for the proposed method is ’4-10-1’ with S, X, T − t, σ as the
input vector. Here we used σ available in the market, which was given according
to the general implied volatility formula. We excluded r from the input vector
because for the KOSPI200 data, it changes little during the time periods.

Simulation results are shown in Table 1. The network pricing perfomance
measure is the test error and learning time which is becoming an important
factor to choose the proper method for option-pricing. Not surprisingly, EBP
and R-EBP provide the poorest performance because they take too much time
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and error is relatively severe. LM and BR algorithm have comparatively less train
error and learning time, but shows more test error compared to other algorithms.
DTR algorithm has comparatively less test error but shows intensive learning
time. The proposed method shows the superior performance compared to the
others in terms of both efficiency and accuracy. Especially, it reduces train error
and test error by 99.4%, 99.5% respectively, compared with BS model.

5 Conclusion

In this paper, we’ve proposed a novel neural network training algorithm
to mitigate overfitting and improve generalization for option pricing. The
proposed method is the two-phase learning algorithm of an MLP using a
Levenberg-Marquardt based local search and a weight reduction tunneling
technique. To show the effectiveness of the proposed algorithm, we’ve conducted
an experiment with daily KOSPI200 Index European options obtained from
the Korea Stock Exchange for the period January 2000 to December 2000. The
experimental results demonstrate that the new algorithm not only successfully
improves generalization but also is substantially faster than other existing
learning algorithms. An application of the method to other options remains to
be further investigated.

Acknowledgement. This work was supported by Com2Mac-KOSEF.

References

1. Barhen, J., Protopopescu, V., Reister, D.: TRUST: A Determionistic Algorithm for
Global Optimization. Science, Vol. 276 (1997) 1094-1097

2. Bakshi, G., Cao, C., Chen, Z.: Empirical Performance of Alternative Option-Pricing
Models. The Journal of Finance, Vol. 52, No. 5 (1997) 2003-2049

3. Gencay, R., Qi, M.: Pricing and Hedging Derivative Securities with Neural Net-
works: Bayesian Regularization, Early Stopping, and Bagging. IEEE Transactions
on Neural Networks, Vol. 12, No. 4 (2001) 726-734

4. Hagan, M.T., Menhaj, M.: Training Feedforward Networks with the Marquart Al-
gorithm. IEEE Transactions on Neural Networks, Vol. 5, No. 6 (1994) 989-993

5. Haykin, S.: Neural Networks: A Comprehensive Foundation. Prentice-Hall, New
York (1999)

6. Hutchinson, J.M., Lo, A.W., Poggio, T.: A Nonparametric Approach to Pricing and
Hedging Derivative Securities via Learning Networks. Journal of Finance, 49, (1994)
851-889

7. Lajbcygier, P.: Literature Review: The Problem with Modern Parametric Option
Pricing. Journal of Computational Intelligence in Finance, (1999)

8. Nocedal, J., Wright, S.J.: Numerical Optimization. Springer, New York (1999)
9. RoyChowdhury, P., Singh, Y., Chansarkar, A.: Dynamic Tunneling Technique for Ef-

ficient Training of Multilayer Perceptrons. IEEE Transactions on Neural Networks,
Vol. 10, No. 1 (1999) 48-55



F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 994–999, 2004.
© Springer-Verlag Berlin Heidelberg 2004

Effectiveness of Neural Networks for Prediction of
Corporate Financial Distress in China

Ji-Gang Xie, Jing Wang, and Zheng-Ding Qiu

Institute of information science, Beijing Jiaotong University, Beijing 100044, China
xiejigang823@sohu.com, zdqiu@center.njtu.edu.cn

Abstract. The study examines the effectiveness of two types of neural net-
works in predicting corporate financial distress in China. Back-propagation and
LVQ neural networks are considered. The neural networks are compared
against Logistic Regression, which is the most popular one among the tradi-
tional methods. The results show that the level of Type I and Type II errors
varies greatly across techniques. The neural networks have low level of Type I
error and high level of Type II error, while Logistic Regression has the reverse
relationship. Since the cost of Type I is more expensive than that of Type II er-
ror in this field. We demonstrate that the performance of the neural networks
tested is superior to Logistic Regression.

1   Introduction

Financial distress does not only affect the corporate itself, but it also affects the over-
all economy. Since the economic cost of corporate failure is large, there is a great
need for models giving timely and robust prediction for this particular event. There-
fore, the prediction of corporate financial distress is one of the key issues in modern
finance.

Since the seminal paper of Altman [1], the prediction of corporate financial dis-
tress has been studied for about 40 years in the developed countries. Multiple Dis-
criminant Analysis (MDA) and Logistic Regression (LR) had been widely used in
practice and in many academic studies during 1960s-1980s [2]. The two models are
essentially linear models that are used under some assumptions, such as the ratios
being independent and the two classes having Gaussian distributions with equal co-
variance matrices. However, many research results show that the assumptions do not
accord with the financial data [3][4]. In the 1990s, the limitation of “traditional statis-
tical tools” was challenged, as Neural Networks (NNs) started to appear in the finan-
cial distress prediction [5][6]. Almost in all of these publications the conclusion has
been that the prediction accuracy can be increased by using NNs instead of traditional
MDA or LR.

The research in this area just begins in China. And mostly studies limit to using
traditional statistic models, such as MDA and LR [7][8][9]. This study focused on the
effectiveness of NNs in the prediction of financial distress in Chinese listed compa-
nies.
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2   Methods

2.1   Logistic Regression

LR has been used to investigate the relationship between binary response probability
and explanatory variables. The method fits linear logistic regression model for binary
response data by the method of maximum likelihood. LR weights the independent
variables and assigns a Ζ  score in a form of failure probability to each company in a
sample, the conditional probabilities or Ζ  scores lying between 0 and 1(on a sigmoi-
dal curve) are determined with the next formula :

( ) ( ) ( ) ( )nn xwxwwee
XXy

+++−Ζ− +
=

+
=Ρ==Ρ

"1101

1

1

1
1 1

(1)

The exponent in formula (1) expresses the so-called ‘Z scores’. The coefficients are
estimated with the maximum likelihood method. Therefore, the likelihood function in
formula (2) is maximized:
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(2)

with

( )iX1Ρ  =probability of failure of ith  company,

w  =vector with n estimable parameters nww ,,1 … ,

iX  =vector with characteristics of ith  company,

iy  =1 if ith  company fails, 0 if it doesn’t fail.

2.2   Neural Networks

Neural networks (NNs) are attractive for classification problems because they are
capable to learn from noisy data and to generalize, the effectiveness of neural network
classification has been tested empirically. NNs have been successfully applied to
variety of real world classification tasks in industry, business and science [10]. In this
study we apply two popular types of NNs: feed-forward networks with back-
propagation (BP) and learning vector quantization (LVQ) as the learning algorithms.

The feed-forward network consists of three layers, the input layer, the hidden layer
with a number of hidden neurons, and the output layer with a single neuron. The
hidden layer uses the hyperbolic tangent sigmoid activation function, while the output
layer uses the log-sigmoid activation function.  BP algorithm attempts to minimize
the least-squares error function defined as the squared of the differences between the
actual network output and the targeted output.

LVQ is a pattern classification method. Each category to be learned is assigned a
number of reference vectors, each of which has the same number of dimensions as the
input vectors of the categories. In the recognition stage, an unknown input vector is



996         J.-G. Xie, J. Wang, and Z.-D. Qiu

classified as the category of the reference vector that is closest to that input vector.
Kohonen suggested three different ways of adjusting the position of the reference
vectors resulting into algorithms LVQ1, LVQ2 and LVQ3. The details of LVQ train-
ing algorithms can be found in [11].

3   Data Set

Considering the background of Chinese stock market, we define being “specially
treated” (ST) received by listed companies due to their abnormal financial perform-
ance as the indicator of financial distress. The reasons are as follows:
1. Though it is a common practice for Western researchers to use bankruptcy as an

indicator of financial distress, up to now there has been no listed company that
has gone bankrupt on the Chinese stock market. Since qualifications for public
trading are still regarded as some sort of precious shell resources at the moment,
listed firms will be taken over by other firms even in they are faced with bank-
ruptcy. Therefore, it is almost impossible for a Chinese listed firm to file for
bankruptcy. So at least for the time being, it is inappropriate to use bankruptcy to
define financial distress in Chinese listed firms.

2. ST, as an objective event, has a high measurability.
3. From the experience of those firms that have got out of the shadow of ST, most

firms have to resort to extensive assets reorganization before they can get rid of
the ST label. This indicates that ST reflects corporate financial distress to a cer-
tain degree.

In order to access the predictive performance, we use the financial statements in
fiscal year t-2 to predict the corporate status in year t. e.g. a company was specially
treated in 1998, the study use its financial data stated in 1996. Our data set consists of
549 Chinese listed companies, including 115 ST and 434 non-ST companies during
1998-2002. We select 80 companies of ST and non-ST respectively as training set.
The rest is used for testing.

In our study we do not apply any pre-classification system for the data, i.e., we do
not use any technique to ensure that all non-ST companies in our sample are sound.
Thus, the non-ST companies are selected randomly from the basic data. This means
that in our sample of sound companies there are companies suffering from financial
distress, maybe even companies that are going to fail within a year. This is done on
purpose because we wanted to have all types of non-ST companies in our data. The
absolute prediction accuracy may suffer from this starting point, but the comparison
between LR and NNs is more realistic when the data is not manipulated ex ante.

4   Selected Ratios

As there is a lack of economic theoretic guidance to decide which ratios should be
used for financial distress prediction, in this study, we have selected 16 ratios that
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previous domestic research has found useful in financial distress predictions as a
starting point [7][8][9]. These ratios represent each of the five major ratio categories:
profitability, solvency, liquidity, efficiency and growing ability (see Table 1 for de-
tails).

Table 1. Ratios

Ratios Ratio categories
R1
R2
R3
R4
R5
R6
R7
R8
R9
R10
R11
R12
R13
R14
R15
R16

Cash/Net Sales
Current Assets/Current Liabilities
Current Assets/Total Assets
Growth Rate of Total Assets
Growth Rate of Prime Activity Revenue
Long Term Debt/Equity
Net Income/Total Assets
Profit of Prime Activity/Total Assets
Profit of non-Prime Activity/Total Assets
Quick Assets/Total Assets
(Accounts) Receivable Turnover
Retained Earnings/Total Assets
Stock Turnover
Total Debt/Equity
Total Debt/Total Assets
Working Capital/Total Assets

Liquidity
Liquidity
Liquidity
Growing Ability
Growing Ability
Efficiency
Profitability
Profitability
Profitability
Liquidity
Efficiency
Profitability
Efficiency
Solvency
Solvency
Liquidity

We select the ratios by conducting single variable tests on the differences of five
categories of financial ratios between ST and non-ST companies. If it is significant at
the specified level, in our study 0.05, the ratio is entered into the models. Finally, six
ratios are selected from the original list of 16 ratios: R16, R14, R11, R8, R9, R12.

5   Prediction Results

For BP networks, the number of input nodes is six. The number of output node is one,
and the target output of the network was set 0.9 or 0.1, which represent ST and non-
ST respectively. The threshold value is specified as 0.5 when network is used for
classification testing; if output is larger than 0.5, then the result is regarded as 0.9,
otherwise 0.1. As for how to determine the number of hidden nodes, we employ so-
called trial and error by starting from a relatively larger network, and then pruning the
number gradually till get an appropriate one. The selected network topology(input
nodes-hidden nodes-output) included 6:20:1, 6:10:1, 6:8:1, 6:6:1，6:4:1, 6:3:1,
6:2:1，6:1:1. In addition, the initial learning rate is 0.3, and initial weights are ran-
dom numbers between –0.3 and 0.3.

Regarding LVQ, the number of input nodes is six, and the number of output nodes
is two that stand for ST and non-ST respectively. Since the number of hidden layer
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nodes has deep influence on its ability to classify. Here we construct various networks
by selecting the number of hidden nodes as 20, 60 and 120, in order to find a LVQ
with the best performance. Then three algorithms were used to test the effects with
the initial learning rate a=0.1.

Empirical results (see Table 2 for details) show that BP(6-3-1) and LVQ(6-120-2)
are superior to LR both in prediction accuracy and in TypeⅠerror. LR has the highest
TypeⅠerror rates and lowest TypeⅡerror rates, while most NNs having low
TypeⅠerror rates. So NN is an encouraging method since evidences show that the
TypeⅠerror rates could be 35 times more costly than TypeⅡerror rates[12].

Table 2. Empirical results

Models Network topology Prediction accuracies Type I error Type II error
6-1-1 69.41% 51.43% 28.53%

6-2-1 81.23% 45.71% 16.10%

6-3-1 83.55% 25.71% 15.54%

6-4-1 82.52% 31.43% 16.10%

6-6-1 81.49% 31.43% 17.23%

6-8-1 80.46% 37.14% 17.80%

6-10-1 81.49% 31.43% 17.23%

BPNN

6-20-1 79.18% 37.14% 19.21%

6-20-2 80.72% 22.86% 18.93%

6-60-2 82.78% 28.57% 16.10%

LVQ1

6-120-2 83.80% 22.86% 15.54%

6-20-2 68.12% 34.29% 31.64%

6-60-2 82.26% 22.86% 17.23%

LVQ2

6-120-2 83.29% 20.00% 16.38%

6-20-2 82.01% 22.86% 17.51%

6-60-2 82.52% 25.71% 16.67%

LVQ3

6-120-2 84.83% 22.86% 14.41%

LR 82.42% 81.8% 4.4%

6   Conclusions

In this study the group of original ratios is formed by selecting those ratios which in
previous central studies have been found good predictors of financial distress. With
the ratios subset selected by conducting single variable tests, the empirical results
show that TypeⅠerror rates of NNs are much lower than that of LR. And the predic-
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tion accuracies of BP(6-3-1) and LVQ(6-120-2) are slightly better than that of LR.
All this results show the effectiveness of NNs in the prediction of financial distress in
Chinese listed companies. Next, we will attempt to improve the classification per-
formance of NNs by selecting the optimal ratios set from the original ratios group.
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Abstract. Conditional Value-at-Risk (CVaR) is a new approach for
credit risk optimization in the field of finance engineering. This paper
introduces the concept of α-CVaR for the case of multiple losses under
the confidence level vector α. The problem of solving the minimal
α-CVaR results in a multiobjective problem (MCVaR). In order to
get Pareto efficient solutions of the (MCVaR), we introduce a single
objective problem (SCVaR) and show that the optimal solutions of
the (SCVaR) are Pareto efficient solutions of (MCVaR). We construct
a nonlinear neural networks model with an approximate problem
(SCVaR)′ of (SCVaR). We may get an approximate solution (SCVaR)
by solving this nonlinear neural networks model.

Keywords: Credit risk, Loss functions, α-CVaR, Pareto efficient solu-
tions

1 Introduction

Value-at-Risk (VaR) is a measure for the potential loss in the financial market.
With respect to a specified probability level α, the α-VaR of a portfolio is the
lowest amount y such that, with probability α, the loss will not exceed y. VaR
has achieved its great success in practice. However, research shows that VaR has
undesirable properties both in theory and in practice [1].

The concept of Conditional Value at Risk (CVaR) ([1]) was presented mainly
to solve the problem of sub-additivity. With a specified probability α, the α-
CVaR is the conditional expectation of losses above the VaR. CVaR overcomes
several limitations of VaR and has some good properties, especially its good com-
putability. Recently, there are several studies on CVaR area([2-5]). However, the
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losses that should be considered in practical risk management are often multiple,
such as those due to interest risk, exchange risk, shares risk, commercial risk. So,
the risk management problems are of multiobjective. Krokhmal, Palmquist and
Uryasev [5] solve efficient frontier problems with three losses under the frame-
work of CVaR. However, they were not concern in theoretical studies.

The Hopfield neural networks is a very important tool to solve optimization
problems [7-9]. This paper will construct a Hopfield neural networks model
for the multiple conditional VaR. We present the optimization problem of
minimizing the multiple α-CVaR as a multiple programming. We prove that
under some conditions the multiple α-CVaR problem can be transformed into
a single objective nonlinear programming problem. Based on this, we construct
a nonlinear neural networks model as its an approximate problem.

2 CVaR with Multiple Losses

Let fi(x, ξ) ∈ Rn × Rm → R1(i = 1, 2, · · · , I) be loss functions which depend
upon the decision vector x ∈ X ⊂ Rn and the random vector ξ ∈ Rm. X is the
set of possible all portfolios. For simplicity, we assume that ξ ∈ R1 is a random
variable with the probability density function p(z). However, this assumption is
not critical for our discussions in the following. Denote by Ψi(x, ·) the distribution
function of the loss fi(x, ξ), i.e.,

Ψi(x, y) = P{fi(x, ξ) ≤ y} =
∫

fi(x,z)≤y

p(z)dz, i = 1, 2, · · · , I. (1)

Definition 2.1 Given αi ∈ (0, 1), i = 1, 2, · · · , I, and x ∈ X, the α-VaR (of
the loss) associated with x under the confidence level vector α = (α1, α2, · · · , αI)
is defined by

y∗(x) = min{y | Ψi(x, y) ≥ αi, i = 1, 2, · · · , I}. (2)

When I = 1, the α-VaR is exactly the α-VaR for one loss defined by [1]. For
i = 1, 2, · · · , I,

y∗
i (x) = min{y | Ψi(x, y) ≥ αi}

is the αi-VaR of x for the ith loss. We have y∗(x) =
max{y∗

1(x), y∗
2(x), · · · , y∗

I (x)}.
For each i = 1, 2, · · · , I, we define as in [1] that

φαi(x, y) = (1 − αi)−1
∫

fi(x,z)≥y

fi(x, z)p(z)dz. (3)

Definition 2.2 For given αi ∈ (0, 1), i = 1, 2, · · · , I, and x ∈ X, we call the
vector (φα1(x, y∗(x)), φα2(x, y∗(x)), · · · , φαI

(x, y∗(x))) the α-CVaR associated
with x under the confidence level vector α = (α1, · · · , αI).
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It is not easy to compute φαi
(x, y). Thus we introduce another loss function

as in [1]. For i = 1, 2, · · · , I, we define

Fαi(x, y) = y + (1 − αi)−1
∫

z∈R

[fi(x, z) − y]+p(z)dz, (4)

where [fi(x, z)− y]+ = max(0, fi(x, z)− y) . By [1], we have the following result
under the condition that all the loss functions satisfy P{fi(x, ξ) = y} = 0 for
each i = 1, 2, · · · , I and each Y ∈ R1.

Lemma 2.1 For each i = 1, 2, · · · , I, Fαi(x, y) is a continuous differential
and convex function and

min
y∈R

Fαi(x, y) = φαi(x, y∗
i (x)), (5)

∂Fαi(x, y)
∂y

= (1 − αi)−1[Ψαi(x, y) − αi]. (6)

3 Main Results

We need to consider the minimal α-CVaR of x ∈ X. That is, we face the
following multiobjective problem:

(MCVaR) min (φα1(x, y∗(x)), φα2(x, y∗(x)), · · · , φαI
(x, y∗(x)))

s. t. x ∈ X.

For any given α = (α1, α2, · · · , αI), if x∗ is a Pareto efficient solution to (MC-
VaR)([6]), then (φα1(x

∗, y∗(x∗)), φα2(x
∗, y∗(x∗)), · · · , φαI

(x∗, y∗(x∗))) is called
a Pareto-α-CVaR and x∗ is called a Pareto-α-CVaR efficient solution. The set
of all Pareto-α-CVaR efficient solutions is denoted by E(α). In the following,
we want to find out such an efficient solution.

Let Λ = {λ = (λ1, λ2, · · · , λI) | λi ∈ [0, 1], i = 1, 2, · · · , I,
I∑

i=1
λi = 1}.

Theorem 3.1 Let x ∈ X. Suppose that y is an optimal solution to the

problem min
y∈R

I∑
i=1

λiFαi(x, y) and satisfies the condition

P{fi(x, ξ) = y} = 0, i = 1, 2, · · · , I. (7)

Then
I∑

i=1

λiφαi
(x, y) = min

y∈R

I∑
i=1

λiFαi
(x, y). (8)

Proof. Because y is an optimal solution to the problem min
y∈R

F (x, y), we

have from Lemma 2.1 that

I∑
i=1

λi(1 − αi)−1(Ψi(x, y) − αi) = 0. (9)
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With (3), we have

I∑
i=1

λiFαi(x, y) =
I∑

i=1

λiφαi(x, y) + y
I∑

i=1

λi(1 − αi)−1(Ψi(x, y) − αi),

which together with (9) implies (8). �

Now, suppose that Ψi(x, y) is strictly increasing in y. We consider the fol-
lowing single objective problem:

(SCVaR) min
I∑

i=1

λiFαi(x, y),

s. t. y ∈ R, x ∈ X,

0 ≤ λi ≤ 1,
I∑

i=1

λi = 1.

Here, y and λi are decision variables.
Theorem 3.2 Suppose that Ψi(x, y) is strictly increasing in y. If (x∗, y∗, λ

∗
)

is an optimal solution to (SCVaR) and satisfies condition (7), then x∗ is a Pareto-
α-CVaR efficient solution to (MCVaR).

Proof. For λ ∈ Λ, let

y∗(x, λ) = min{y |
I∑

i=1

λi(1 − αi)−1Ψi(x, y) ≥
I∑

i=1

λiαi(1 − αi)−1}.

It is easy to see that
y∗(x) = max

λ∈Λ
y∗(x, λ). (10)

Therefore, we have

min
x∈X

I∑
i=1

λ∗
i φαi(x, y∗(x)) = min

x∈X
min
λ∈Λ

min
y∈R

I∑
i=1

λiFαi(x, y). (11)

From (11), if (x∗, y∗, λ
∗
) is an optimal solution to (SCVaR), we know that x∗

is a Pareto-α-CVaR efficient solution to (MCVaR). �

Therefore, in order to solve the multiobjective problem (MCVAR), we need
only to solve the single objective problem (SCVAR). When (4) can be approx-
imately computed, we can use a nonlinear programming to solve (SCVaR). By
[4], if we can obtain some points zj , j = 1, 2, · · · , J , sampled from p(z), then

(1 − αi)−1
∫

z∈R

(fi(x, z) − y)+p(z)dz ≈ (1 − αi)−1J−1
J∑

j=1

(fi(x, zj) − y)+,
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and the (SCVaR) can be approximated by

(SCVaR)′ min
I∑

i=1

λi


y + (1 − αi)−1J−1

J∑
j=1

zij




s. t. y ∈ R, x ∈ X,

0 ≤ λi ≤ 1,
I∑

i=1

λi = 1.

zij ≥ fi(x, zj) − y, zij ≥ 0, i = 1, 2, · · · , I, j = 1, 2, · · · , J.

Now, we construct a nonlinear neural networks of like- Hopfield type for the
(SCVaR)′, when X = Rn. Define an energy function by

F (y, λ,x, z, Z) =
I∑

i=1

λi


y + (1 − αi)−1J−1

J∑
j=1

zij


 (12)

+ρ
I∑

i=1

(max{−λi, 0}2 + max{λi − 1, 0}2) + ρ(
I∑

i=1

λi − 1)2

+ρ
I∑

i=1

J∑
j=1

(max{fi(x, zj) − y − zij , 0}2 + max{−zij , 0}2)

and a dynamics system as follows:

dy

dt
= −

I∑
i=1

λi + 2ρ

I∑
i=1

J∑
j=1

(max{fi(x, zj) − y − zij , 0},

dλi

dt
= −y − (1 − αi)−1J−1

J∑
j=1

zij + 2ρ(max{−λi, 0}

−2ρ(max{λi − 1, 0} − 2ρ(
I∑

i=1

λi − 1), i = 1, 2, · · · , I,

dxk

dt
= −2ρ

I∑
i=1

J∑
j=1

(max{fi(x, zj) − y − zij , 0} ∂fi

∂xk
, k = 1, 2, · · · , n,

dzj

dt
= −2ρ

I∑
i=1

(max{fi(x, zj) − y − zij , 0}∂fi

∂zj
, j = 1, 2, · · · , J,

dzij

dt
= −λi(1 − αi)−1J−1 + 2ρ max{fi(x, zj) − y − zij , 0}

+2ρ max{−zij , 0}, i = 1, 2, · · · , I, j = 1, 2, · · · , J,

where z = (z1, z2, · · · , zJ), Z = (zi,j), i = 1, 2, · · · , I, j = 1, 2, · · · , J . Let
u = (y, λ,x, z, Z). By the definition of the energy function, the above dynamics
system is equalent to
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du
dt

= −∇F (y, λ,x, z, Z). (13)

Theorem 3.3 If u∗ is an equilibrium point of the dynamics system (13)
under the parameter ρ, if F (u) �= 0 for u �= 0, then u∗ is a stable point of the
dynamics system (13).

Proof. According to hypothesis, if u �= 0, we have F (u) �= 0, because

dF (u)
dt

= −∇F (u)T ∇F (u) ≤ 0.

According to the Lyapunov stable theorem, u∗ is a stable point of the dynamics
system (13). �

The following theorem is clear.
Theorem 3.4 If u* is an optimal solution to the problem min

u
F (u), then

u* is an equilibrium point of the dynamics system (13). �

We know that an optimal solution to the problem min
u

F (u) is an ap-

proximate solution to (SCVaR)′. When the parameter ρ is large enough.
From Theorem 3.3 and Theorem 3.4, we may obtain approximate solutions to
(SCVaR)′ by finding out an equilibrium point of the dynamics system (13).

4 Conclusions

This paper discusses the CVaR problem with multiple losses. We introduce
the concepts of α-VaR and α-CVaR with the confidence level vector α =
(α1, α2, · · · , αI). It is shown that obtaining Pareto efficient solutions of the min-
imal α-CVaR can be transformed into solving a single objective problem under
some mild conditions. Hence, we construct a nonlinear neural networks for mul-
tiobjective conditional value-at-risk problem. This paper resolves the problem of
multiobjective CVaR in theory, and provides base to numerical calculation. This
may help us to study multiobjective CVaR problems in theory and calculation
under others definitions of α-VaR.

References

1. Rockafellar, R. T. and Uryasev, S.: Optimization of Conditional Value-at-Risk, Jour-
nal of Risk 2(2000)21-41

2. Chernozhukov, V. and Umantsev, L.: Conditional Value-at-Risk: aspects of modeling
and estimation, Empirical Economics, 26(2001) 271-292

3. Andersson, F., Mausser, H., Rosen, D. and Uryasev, S.: Credit risk optimization
with Conditional Value-at-Risk criterion, Math. Program. 89(2001)273-291

4. Rockafellar R. T. and Uryasev, S.: Conditional Value-at-Risk for general loss distri-
butions, Journal of Banking & Finance 26(2002) 1443-1471

5. Krokhmal, P., Palmquist, J. and Uryasev, S.: Portfolio optimization with Condi-
tional Value-at-Risk objectives and constraints, Journal of Risk, 2(2002)124-129



1006 M. Jiang, Z. Meng, and Q. Hu

6. Sawragi, Y. , Nakayama, H. and Tanino, T.: Theory of multiobjective optimization,
Academic Press, New York (1985)

7. J.J. Hopfield, DW.Tank. Neural computation of decision in optimization problems.
Biological Cybernetics 58(1985)67-70

8. Youshe Xia and Jun Wang. A General Methodology for Designing Globally
Convergent Optimization Neural Networks, IEEE Trans. On Neural Networks,
9(6)(1998)1331-1444

9. G.Joya, MA.Atencia, F.Sandoval. Hopfield neural networks for optimizatiom: study
of the different dynamics. Neurocomputing 43(2002)219-237



F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 1007–1012, 2004.
© Springer-Verlag Berlin Heidelberg 2004

DSP Structure Optimizations – A Multirate Signal Flow
Graph Approach

Ronggang Qi1, Zifeng Li2, and Qing Ma3

1 EMS Satellite Networks, 2341 Boul. Alfred-Nobel, Saint Laurent, Quebec H4S 2A9,
Canada,

qi.r@emssatnet.com
2 Dept. of Electrical & Computer Engineering, Concordia University, 1455 de Maisonneuve

Blvd. W., Montreal, Quebec H3G 1M8, Canada
3 Shenzhen Jiu Li Trading Ltd., Shenzhen, China

Abstract. A systematic approach for Digital Signal Processing (DSP) structure
optimizations is introduced. The method is based on the Multirate Signal Flow
Graph (MSFG) representation and transformations. It reduces the optimization
of dsp algorithms/structures to a series of MSFG transformations that makes
automation of dsp structure optimization possible. As an example, an efficient
Digital Down Converter structure is derived through MSFG transformations. It
is applicable to linear time-invariant or periodically time-varying systems.

1 Introduction

Multirate digital signal processing techniques have been widely used in areas where
extensive digital processing is needed. In digital communications, for example, they
have been used to design low-complexity and power-efficient communication equip-
ment. Typical applications of multirate signal processing include sampling rate con-
version, sub-band coding, and transmultiplexing.

1.1 Multirate System Optimization Approaches

It is well understood that multirate digital processing techniques provides ways of
simplifying digital signal processing structures [1], [2].  Except for some simple and
regular dsp algorithm and structures, simplifying and optimizing multirate dsp sys-
tems is generally not an easy task. Frequently used methods for developing efficient
multirate digital signal processing systems include

a) Direct application of some existing efficient structures. Systems optimized in
this way may not be optimal because the optimization may not be global.

b) Use mathematical representation and manipulations. This method is difficult
to use because the structural information may not be clearly presented to the designer
during the reduction process.
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c) Use conventional signal flow graph method. This method is valid only for
linear time invariant systems. It has difficulties to handle multirate operations, which
are periodical time varying in nature.

These methods, though effective in some situations, are very often ad hoc and dif-
ficult to use. In many cases, they can not be systematically and directly used to derive
efficient multirate systems.

2   Multirate System Optimization Through MSFG
Transformations

To overcome the difficulties of the conventional methods, a dsp structure optimiza-
tion method based on the Multirate Signal Flow Graph (MSFG) representation was
proposed in [3]. With this method, the multirate system optimization is achieved by
applying a series of MSFG transformations that progressively minimize the overall
system computational complexity. The structural information is maintained and ex-
plicitly shown throughout the optimization process.

2.1 Multirate Signal Flow Graph

MSFG operators. The most commonly used basic operators are adder, multiplier
(multiplication by a signal), scalar (multiplication by a constant), delay element,
down-sampler, and up-sampler. With basic operators, some composite operators that
are frequently encountered in digital signal processing are also defined in MSFG.
They include linear filter, Serial-to-Parallel and Parallel-to-Serial commutators, Per-
mutator, Sampling & Hold, Integral & Dump, Sampler, Discrete Fourier Transform,
and Switch. For details about these MSFG operators, see [3].

MSFG transformations. A multirate signal processing system can be transformed
into various alternative structures without changing the functionality. These alterna-
tive structures can be obtained via MSFG transformations. Some fundamental and
very useful relationships for multirate operators (referred to as the noble identities)
are given in [1] and [2]. Many more useful MSFG transformations have been devel-
oped and summarized in [3].

2.2 Optimization of Signal Processing Structures

DSP algorithms can be represented as interconnected networks consisting of basis
processing elements (e.g., adders, multipliers, filters etc.) and/or sub-systems de-
pending on the level of abstraction.  An efficient dsp structure requires less hardware
resources or less processing time in implementation. The efficiency of a dsp algo-
rithm can be measured by how much computation is involved to complete the in-
tended task(s). In practice, we often use the implementation complexity, processing
latency, and the required memory to evaluate the efficiency of a dsp algorithm. If the
dsp algorithm or structure is linear, time invariant, or periodically time-varying, it can
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always be represented by a MSFG. Optimizing dsp structure is thus equivalent to
transforming its MSFG under some given optimization criteria.

A convenient measure for complexity is the sum of arithmetic operations (typi-
cally, multiplication and addition) weighted by the sampling rate at which the opera-
tion is performed.  The processing latency is the delay between input and the output
signals of the algorithm. The number of memories required to implement a dsp algo-
rithm is another important factor that may affect the choice of one dsp structure over
the other. In summary, the criteria for dsp structure optimization can be the minimi-
zation of a) complexity, latency, and memory at the same time (if possible); b) any
one of the three measures without concerning the other two; and c) one of the three
measures under given constraints of the other two.

Another objective for dsp algorithm/structure optimization problem is to maximize
the throughput of the dsp structure under given physical constraints (e.g., complexity
and clock rate) of the system. This objective can be achieved by increasing the
concurrency of the signal processing, i.e., through parallelization of the algorithm.

3 Example: An Efficient Digital Down Converter

Digital Down Converter
Digital down-converters (DDCs) have been widely used in digital receivers in wire-
less communications. Fig. 1 shows the functionality of a flexible DDC [4]. This DDC
sees a wide sampled bandwidth within which the desired communication signal is
located. Before down conversion, a digital quadrature mixer is used to tune the DDC
to the desired signal. The spectral decimation is performed by seven programmable
decimation filter stages. The first stage has a programmable decimation factor of 12,
6, 4, 3, or 2. The 5 middle stages are coefficient programmable and can be bypassed
for increased flexibility. The DDC has therefore a decimation factors programmable
from 4 to 768. The DDC shown in Fig. 1 is not efficient in terms of both complexity
and power consumption because the filtering in each stage is performed at the high
sample rate side and the digital mixer is running at the highest sampling rate.

HBF2 2 HBF3 2 HBF4 2 HBF5 2 HBF6 2 FIR7 2FIR1 12/6/4/3/2

I
from
ADC

Q

cos

sin

Fig. 1. The Digital Down Converter

Optimization of the DDC
The above DDC can also be represented by the MSFG shown in Fig. 2 where a rate
change ratio is always expressed in terms of an interpolation ratio. The mixer takes a
complex sinusoidal sequence of the center frequency of the desired signal, which is
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defined by complex tone ( )njW N
kkn

N ⋅= π2exp  where N and k are integers. The criterion

to be used in this dsp structure optimization problem is to minimize the computational
complexity without sacrificing the flexibility of the multistage architecture. We there-
fore optimize each of the decimation filter stages independently.

H2(z)

1/12 1/2

H2(z) H3(z) H4(z) H5(z) H6(z) H7(z)

1/2 1/2 1/2 1/2 1/2 1/2

x(n) y(n)

kn
NW

H1(z)

Fig. 2. DDC MSFG: conceptual model

Optimal structure for decimation-by-2 FIR filters. Structures for stages 2 through 7
are identical because they have the same decimation factor though their coefficients
may be different. It is well known that an integer decimation FIR filter has an optimal
dsp structure known as the polyphase decimation filter [1]. This relationship can be
represented by a MSFG transform pair and the resulting optimal decimation-by-2 FIR
filter is shown in Fig. 3.

1/2

Hi(z)

Hi0(z)

Hi
1
(z)

1/2

Fig. 3. The optimal decimation-by-2 FIR filter

Optimization of mixer-decimation filter cascade. Although we can use the same poly-
phase filter transformation for the first stage decimation filter, the resultant DDC
structure is still not very efficient in computational complexity because the mixer has
to operate at the highest sample rate. This can be a problem if the input sample rate is
too high. High multiplication rate often leads to high power consumption in reality. It
is thus desirable to move the mixing operations to a lower sample rate side (after the
first decimation filter stage, for instance). To this end, we need to look into the opti-
mization of the mixer-decimation-by-12 FIR filter cascade. A step-by-step simplifi-
cation of the mixer-decimation filter cascade is given in Fig. 4. To help readers to
understand the MSFG simplification process, some useful MSFG transform pairs [3]
are listed in Fig. 5.

MSFG Transformation Steps
Step 1. Perform the polyphase transformation to the decimation-by-12 FIR filter.

The result is shown in Fig. 4 (b).
Step 2. Move the mixer into the parallel branches of the Serial-to-Parallel commu-

tator. This involves a simple MSFG transform pair given in Fig. 5 (a), where

( ) km
NWkmNW −≡−,  is a constant complex scalar. Another important transform that has

been used here is given in Fig. 5 (b). The result of this step is shown in Fig. 4 (c).
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Step 3. Move mixers after the FIR sub-filters. This step is the direct application of
the transformation of Fig. 5 (c). As a result, the k-th real polyphase sub-filter of
H1(z), H1k(z) becomes a complex filter H1’k(z). The complex phasers are also
moved after the polyphase sub-filters and the result of this step  is given in Fig. 4 (d).

Step 4. Replace the bank of identical mixers in Fig. 4 (d) with a shared one after
the summation of polyphase branches. The resulting MSFG shown in Fig. 4 (e) is the
final optimal dsp structure for the mixer-decimation filter cascade.
The structure given in Fig. 4 (e) not only reduces the computational complexity of the
decimation FIR filter to its theoretical minimum, it also has the minimum multiplica-
tion rate by moving the mixing operation to the lower sample rate side.
The optimized DDC. Through separate optimizations of decimation filter stages and
the mixer-decimation filter cascade, the optimized structure of the DDC is derived
and is shown in Fig. 6. The mixer could be moved further to the output of the next
defimation-by-2 FIR filter stage. But we may not gain much in reducing computa-
tional complexity because the polyphase decimation-by-2 filter becomes complex,
which is equivalent to four real polyphase decimation filters when the input is also
complex (this is different from the first stage whose input is real).
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Fig. 4. Step-by-step MSFG transformation of mixer-decimation filter cascade
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Fig. 5. Some useful mixer-related MSFG transform pairs
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Fig. 6. Optimized DDC

4 Conclusions and Future Work

The MSFG approach proves to be a viable dsp structure design and optimization
method. Compared to conventional methods, this approach provides better and more
structural information and it can be easily represented in computers hence making the
automatic optimization of dsp structure possible. The effectiveness of the approach
has been shown through an example.

Although MSFG can be used for any linear multirate system, manual manipulation
of MSFGs can be tedious, time-consuming and often error-prone. To avoid this and,
more importantly, to be able to systematically perform dsp structure optimizations, a
rule-based computer-aided system for MSFG optimizations has been developed [5].
The system is far from complete. More features and transformation rules will be
added.  Our goal is to build an ‘intelligent’ expert system which should be capable of
adaptive searching and has learning capability in the dsp structure optimization.
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