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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
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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:

. . 1
T=H(q)q+C(q.)+G(@)+J" f, M

where 7, g, C (q,é) , G(g) are the vectors of generalized torque, joint coordinates,

centrifugal torques, gravity torques, respectively, H(g) is the inertial matrix. Jacobian
matrix J7 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

N (2)
y=r@=Y wg (lx=cc D,

=1
where x€ R™ is the input vector; y€ R" is the output vector; w, is the weights of
hidden layers; @#(-) is the nonlinear function in hidden layer; ||-|| denotes the

Euclidean norm; c,, is the center of the £ 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:
-4
2

where T is the step time, 7 is the torque vector and C is the switch constant given
as follows:

A, if the hell and toe stub into the ground

IT T 7dt + IOTCdtJ , )

0

C= A, if ZMP exceeds the polygon region in contacting phase
B A; if COG exceeds the knee region in flying phase

0 otherwise

where A;, A, and A; 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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y=p-O0+E=w-A-0+E=w-g+FE, “)

where w is an N XM matrix with orthogonal columns, 6=[91,...,49M]Tis the

weight values of RBFNN, E =[g(1),....,&(N NE represents the errors signal. A is a
M x M triangular matrix :

(1 a, ay .. ay | &)
0 1 ay Arpy
A = O 1 s
aor-1ym
10 0 0 |
and
g=A~l9=w71y. (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.
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Fig. 2. (a) GA and RBENN 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.
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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 [I]. 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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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[ll 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 DOF's 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 = [z,y,0,l1,7r21,731] , where (z,y) are the coordinates of
a corner point of the object in image plane, 6 is the angle of one edge rotating
counterclockwise from the z axis. The lengths of the three edges are respectively
ly, I, I3, and 791 = lo/l1,r31 = l3/l;. The feature definitions are shown in Fig.
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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Fig.1. Overview of the full-DOF Fig. 2. Feature definitions for a trian-
robotic hand-eye coordination system gular object

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, f and
f , respectively, we have: _ ) _

f(k) = fo(k) + fe(k), (1)
where fo is the feature motion in the image plane caused by the object motion,
and fc is the feature motion caused by the camera motion.

The feature acceleration f(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 f and the hand’s acceleration (k). Thus we obtain the mapping model:

fe)y =g (£(0), F (). 5(R)) 2

where ¢'(-) is a proper function. Since we have the same numbers of object
features and control DOF's of the robot hand, Eq. [@)) has the same dimensions
of input and output. All coeflicient 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.,

i) = g (F(R), F), F(R)) . 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 (@) 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 (B]). Since the dimensionality of (B)) is high and its input-output relations
are complex enough, we propose to use fuzzy neural network(FNN) to realize
the model of (B).

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.

FigBlshows 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 a;, (i = 1,-- -, n),
is fuzzified to [ fuzzy sets, which define the accuracy of the system output. Thus
the fuzzification layer has n x [ nodes altogether. In the inference layer, there are
also [ nodes compatible with the number of the membership functions for each
input. Following transfer functions are embedded respectively in each layer:

2
@j:ulj'UQj"'Unj:H?:luijv(jzla"'vl) (5)
y=Widy + Wabs + -+ Wi = X\ W&, (6)

Fig. 3. Structure of the four-layered fuzzy neural network
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Fig. 4. Tracking procedure of the hand Fig. 5. Tracking trajectory in 3-D
to the object 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

E,=(y—Y)?/2, (7)

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

mij(n+ 1) = mij(n) —n (0E,/0m;;), (8)
oij(n+1) = 0;5(n) —n(0E,/d0i;) 9)
wi(n+1) = w;(n) —n(0E,/0w;) , (10)
where 7 is the learning rate. Substituting @)~ ([7) into &)~ (I0), we have:
mij(n+1) =mij(n) — 2n(y — Y)w; - [Tj_y wki - %v (11)
0ij(n+1) = 35 (n) = 20(y = V), - Ty wei - 55, (12)
wi(n+1) = w;(n) —n(y — Y)P;. (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 [15¢m, 10em, 3em, 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. Figllshows the tracking
procedure and Fig.[H is the tracking trajectory of the hand to the object in 3-D
space. Fig. [6lis 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:
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e

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 asp =(x,,y,,.6,.6,,6,6,,0,,01,07)" and task space
coordinates as X, = (X,;, ¥,10,,X,3, Yu3s Xo55 Vus ) » Where (x,,,,,,6,)" is the position
and attitude vector of the vehicle. The contact force is defined as

f = (fex3 ’ fey} ’ fexS 4 feyS )T ’ and the tlp pOSition vector iS pe = ('xe3 ’ ye3 ° 'xeS 4 yeS)T :
The dynamics equation of a space robot can be written as follow:

M .. F( ) _ TQa jT~ (1)
(p)p+F(p.p)+ D p+K,p|~ -J f

where p, =(x,,y,,6,.,6,,6,,6,,6;)" and p,= (QE,QST )T rigid and  flexible
components of p, M inertia matrix, F vector of Coriolis and centrifugal forces,

K | a stiffness matrix determined by stiffness of flexible links EI, and El;, D

p 4

damping matrix, 7,, the active forces and torques, and J , the robot Jacobian matrix.
Define the object’s coordinates as x, =(x,,,,,,68,;)" . The object dynamics can be

written as M x,+F, =J0Tf [7]1, where M, and J, are the object inertial and
Jacobian matrices, respectively. The motion of robot and the object should satisfy
J,x, = J P [7]. Therefore, equation (1) can be expressed as
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W+ F(p. ) ?
(p)p+F(p,p)+ D, p+K,p| -J [

where M =M +J'J"M JiJ\ . F =F +J'J;"M J;(J,~J ,J;T)p+TJ'F,,
f[ :( I,-J" JOT) 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:

M,(p.,.p,) M,(Pp,.p,) {P@}L F,(p..p, D, P, ),
M, (p,.p,) M,(p,pP,) F (pa,pp,pa,p,,)

0 {rﬂ |5 ®)
Dl’pﬂ +K1’pI’ 0 le( ) !

3 Singular Perturbation Model and Control

The perturbation parameter is defined as [3] € =1/ where k,, is the smallest

stiffness in K ,. When the robot is static, p, =-K ;1,7 lTpf,, so we define the new
flexible variable as z = (pp - P )/e‘z,pl70 = —K;lJlTpf, . In equation (3), assuming
that w=p, is new control input and ignoring the variation of p,,, and

— g2 _ . L
K,=¢K,D, =€, the slow system can be described as p, =u, and

Z :_K;;(Mpa(pas’ppo)us +ﬁp(p”5’pp0’p”’ )) (4)

By setting the fast time scale 7, =1/¢&, the fast systemof z, =z —z is

d’z, dz, . ®)

Mpp(paS’ppO) dz Dps dtf +K _Mpa(pw’ppo)uf
In the slow system, we adopt impedance strategy to translate the internal force to
the position error of end effectors as K, p, + K p, = f W= f , [8]. Hence the slow
controlis u, = p, +K,(p,, —p.)+K,(p, — P, ), where K,,K, >0, p, is the
reference trajectory of p_ ., which is solved by inverse kinematics. In fast system,

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

u, =K,z,+K,z,. The composite control law is

u=u,r(17a.w1.7m)+”f (z_f’z_f)' ©)
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4 Inverse Dynamics Modeling

To approximate an unknown mapping y = f (x) , f:R" = R", the following ANFIS
fuzzy inference system is constituted by / rules of Takagi-Sugeno type

R={R'}={Fpis A, THEN y =V x}i =1 -1 (7)

where p(x)e R* the partition vector, A" the fuzzy set, V. the linear coefficient

i

matrix. The ANFIS model can be expressed as
R !
- 1= Zolow!s | Zow)
i=1

where ¢ (o) the membership function of A". 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

k

6(p)= exp(Z-(Penf (p)~Per,) /(25] )J

i=1

(€))

where Per,; =w,; —v;, Per; (p)= max( —VsW; =D ;P —vl.j), w;,V;, S, obtained
by FMM. The parameters in {Q. (0)} are trained by steepest descent method and ones
in {Vl.} are trained by least square method.

From equation (3), the actual driving forces and torques can be calculated as

=V, M MM e (B - M M P K p )+

G -a,,01,50 )7, (10)

Suppose f ;= f,d , where f,d is the prescribed internal force. So, an ANFIS network
can be built to approximate the inverse dynamics model (10) as

: ' ; (11)
Toa = Zluci(P,P)(Bl,p +B,,p+Bu +b4i)
i=1

The model can be expressed as 7, = WTX(x) , where x = (p,j),u)T , W composed
by the elements of B,,,B,,,B,;,b,,. We adopt projection method to update W as

t)=W.(r - +—X(x(t)) T, () -W. (¢t - x( (12)
W)= W, 2) s e ), -7 2 (<0)
where W, is the i th column of W , 4 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

17

The parameters of the space robot with flexible dual arms are shown in Table 1, and

EI=Fl=300Nm, o =7/4.

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

1 1o CH

g ) >\ et //T N

g e N S \

G oo Z2 N

Q? 2 ) // ﬁ? ; yd g

5 /2 4 6 8 10 -1 2/ 4 6 8 10
Time (s) Time (s)

Fig. 2. Tip position of link 3 1

Fig. 3. Tip position of link 5 1

“Ye32-xea - Ves 2 - Xes
~~ ~
Zw Z oo
8 1 8 1
2 5 2\ \\ 205 2 1
S o
2 N =
—_— \ —_—
o o
o= -5 \ o -5
St \
8 8
:,10\/\ g -10
= 2 4 6 8 10 — 2 4 6 8 10
Time (s) Time (s)

Fig. 4. Internal force at end of link 3 1

'f[ey3 2 'flex3

Fig. 5. Internal force at end of link 5 1
- .erX3 2- fley3

Time (s)

Fig. 6. Tip vibrations 1- uz 2 —us;

The target object: M, = diag(2,2,4),F, =

AE o. f'\E o.
= 0.15] , = 0.15] ,
0.1 0.1
=] RN =
O o.05 }&H 5 oos 2
E of e N — E o ’\/\/\f\/m ~
5 W O — 54 R ~
& 0.0 & -oos
8 01 S 01
%70.15 %4 -0.15
5 % z B 0 5 035 z B 0

Time (s)

Fig. 7. Tip vibrations 1- u3; 2 — us;

Trajectory: Set x,, =(0,0,0,13,-13)" and x,, =(2.5.3,03.5,6,1.5,6)" . Let
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0.036:°,0<1<5/3
1/6+0.3(r—5/3)+0.18(t—5/3)" =0.072(t =5/3)’,5/3<t <10/3

1+0.036(t—5)’,10/3<1 <5
L,t=5
The ideal trajectory in task space is x , (t) = x , + Z(t)(xag - xao).

Internal force: f,d = (—10,0,10,0)T .

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 u, denotes the tip vibration amplitudes of linki . A good control performance

is illustrated by using the NF hybrid position/force control proposed in this paper.
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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

M(q)g+C(q.9)g+G(g)=7+71, (1

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



20 H.-b. Wang, C.-d. Jiang, and H.-r. Wang

Where M (g) is the inertia matrix, C(g,¢)1is the centripetal and Coriolis torques,
G(q)is the gravitational torques, g denotes the joint displacements and 7 is the
vector of applied joint torques, 7, 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

glzq:[% Q2]T’82:é]:[q.1 é]z]T’gz[gl gz]T @)
£ =&,
{52 =-M7(g)(Ce, +G)+ M (g)(r+7,)
It is always the case that the M (q), C(¢,¢) and G(g)are bounded matrices con-

3)

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

M(q)=M,(q)+AM (q).C(g.4)=Cy(q.4)+AC(q.9) “)
G(g)=G,(9)+4G(q)
These parameters satisfy the following assumptions:

Assumption 1. The bounded of uncertainty parameters is known as follows
[am(a)< 6. [ac(a.qf < b, [AG(a) <6

®)
Where 5M R 5C and 5G are positive constants, and 5M < ﬂmm (MO)
The FNN observer is used to approximate the nonlinear function as
~1 v
M, (‘91 )[Co (51"92 )‘92 +G, (51 )] =W, 6, (81’82)"' £, (‘91’82) (6)

Where 6, (gl ,gz) is the FNN generalize vector, and &€, denotes the reconstruction
error of FNN. We assume that there exists Q,, = {WO /HWOH <M, } WO* Is the opti-
mal weight matrix, which can be expressed as

W, = arg mm {sup‘M £ )C,(&,.€,)e, + G, (&)]-W,6,(€,.¢, )‘} 7)

Since the speed vector ¢ is unknown, the estimation of robotic dynamic parame-
ters can only be expressed in term of £, and 5‘2 , where éz denotes the estimation of

&, . The approximate FNN has the form
T A «T T A T >~ A
Wo 00(81’82):‘}[/0 90(‘91’82)_“/0 00(‘91"92)_W 0(81’82’82) ®)

50(51’52"?2)290(51’52) (51,52) 9)

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

(&,,&,)|< 8, and Héo (gl’gz’éz)HS 5, where 0, and O, are positive constants.
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The proposed robust FNN observer has the form as the following
Z = éz + k3gl (10)
2, = —WOT60(51,52)+M0_1 (81 )7+k4§1 _Vo(gl’gz’éz)

Where & =g, —£,,i=1,2, k, =k! >0,i=3,4. And v, is a robust compensate
term for the proposed observer. Then the estimated dynamic can be expressed by él
and 5‘2

& =2, =7,1k (11)

Therefore the estimated dynamic can be rewritten as

& =8 +k? (12)
&, =-W,0,(e,8,)+M; (&) +k,E —v,(e,€,.8,)
Then the observer error dynamic is obtained
£ =8 —kzZ (13)
£, =—M"(g)AM (g, )M (&) + M7 (g,)r, — ke, &,)-¢,(e,.€,)-
W/6,(c,.8,)-W,"6,(e,.€,.8,)+ (ksk; —k, )& — k&, +v,
h(epez) (14)
M (&) Cle.& Je, +Gle )| -M; (€ )]G le.6,)+Gyle, )]
M A B2+ e 477 62+ 1,8,

(51 )Aqugz J&,+M" (51 )[Aqugz )&, +AG(£1 )]

Then the state equation of estimation error dynamic is attained
E=(A,+AA)E +B,, (v, -M"(g)AM(e,M,;'t (15)
—e(e.6,)-W'0,(e.8,)-W; 6)(e,.¢,.8,)
M (6 AME W 66, 8,) 6, 6.6+ 76, 6.2+, B 3.
~M™(g)AC(¢,, &, )&, + AG(, )]} + By,

A()z{ _k3 12X21|’AA0={02X2 L 02><2 j| (16)
k5k3_k2 _ks 02><2 -M (gl)AC(gl,gz)

O7><2 0 X2
B, :|:1_ :|’Boz :|:M_2](£ ):| 17)
2x2 1

Assumption 3. There exist constant matrices E, and F| , satisfy AA, = E X F,,
where ¥ e R>? and Zgz o < 1, then considering the nominal parameters, yields
1

L TRy

‘min

2%x2°

o

(18)
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=12+ 7 e Jawr ) < mlf“(&(f(ﬁg) 5, (19)
oo = o e ) £ 2

o = o e e

e e | =

Theorem 1. Considering the whole dynamic system (14), with 7, € L, [0 oo) and

the assumptions 1-3 are satisfied. Suppose for any given Q =@/ >0, there exists a

positive matrix P, = POT > (, and the Riccati equation holds.

1 = = _ 1

POAO +AgPO +:POBOZB(]€P0 +2’3POEOE({P0 _POBOIROIB({IPO +Q0 +?F0F0T =0 (20)
0 0

Where PB, =CI, and B, is the upper bound of 302 and satisfy

B, BOT2 < B B02 , the robust compensate term is defined as the follows

Vo = Vo + Vos + VYow 21

1 if € >0
sene,) ={ T 22)

0 otherwise
v =—Ry'By P& =—R;'Cy & =—R;'E, (23)

0 cllé]+ o5 + 6, HM £ )r+W,0,(e, )‘
. ﬂmm (M (81 )) 6M

e)lo, + 1,9,
/1min (Mo (81 )) - 6M
LM aed)
" /1min (M (61 )) -9 M l
The direct adaptive training law is shown in (23)
. { S0y (&8, )e]  if [Wo| < My, or [Wy|[= M, and&[ W] 6,(e,,8,)20 (24
"7 |pee), W= My, or W, | = My, and&" W) 6, (e,.£,)<0

A

‘min

sgn(#)

Ty T a
S()gl VV() 9() (gl 4 82

Pr(')=_5000 (gl’éz )ng + HW/()H > )VV()

Where S, is a constant positive matrix, then the system (23) satisfies the follow-

ing H _ tracking performance
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2 2 2
IOT”E(I)”Q i+ [ v 0] dr< i+ e, e, d (25)

Where ,5 € R and |W |[< M, , state estimation error £, £, are bounded.
0 0 W, 1> €2

Proof. Choosing a Lyapunov function as
~ | PO R £~ ~
v(En)=JE RE+ Ezr{WOTS(;IWO} (26)

Considering equation (19) and (21) and the norm inequality (18), we can attain the
differential of the above equation

V(g,t)ﬁ—zg 5TP0(§02§0T2 _B()zB()Tz)Pog_ 222 gTF()T(Zzzo_szz)Fog_ (27)
0 0
T
1 1 oo~ 1 S
5 jB(uPog —AE Ty FB(HP()‘? —NE Ty | T
0 0

T
1 1 - 1 ~
Z(AOEOTPOT —%EOFOSJ (AOEOTPOT —%EOFOS}

1 1. JO |
5‘907;1-[1 —EgTQUg _Ev:hR()voh
1 1. ~ 1

< 580‘[;1’(1 - 58 TQog - Ev:hRovuh

Integrating the above inequality from r=0 to ¢=7 and considering
V(&(t).1)= 0, the following result can be gained from the above inequality

JT ETQ Edr + J.OT vI Ry, di <V(£(0).0)+¢, _[OT iz, dt (28)

0 oh

V(E().1)<0
Define S, =V(£(0),0), 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 7, = {exp(— O.lt)}le, the 2-DOF robotic system choose from the reference
[2], and the other parameters choose as follows
k, =201,,. k, =1251,,, k, =1251,,, So that A is a Hurwitz matrix.
0 {é” 20122 } R, =101, B,=0.1, 4, =1,E, =[0,022], F, =[0,0.L,1]".
2x2 2x2

Thus the simulation figure 1 are gained as following:
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15 2
1
os
n] —t —n
O =) 10 15 20 O =) 0 1= 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

" Supported by the National Natural Science Foundation of China Under Grant 60303012,
0234030, & 60225015
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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:

x=vcoséf
=m0

where (x, y) are the coordinates of robot mass center, 6 is the heading angle, v is the
velocity and o is the angular velocity.

Let v, and w, 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.

e =Y;-y 2

e,=0,-0 3)

where e, is the lateral error and e, is the orientation error.

The objective of controller design is to specify a control law w, such that the lateral
tracking error e, and the orientation error e, are minimized.

To solve the above path-tracking problem, a conventional PD controller computes
the control input e, according to the following equation.

@, = ke, +kye, 4)

where k, and k, are the gain coefficients. k, is the proportional gain and k, 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, y, is the desired output vector, y is the output vector of the robot system
and y, 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 AK. 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

u=(K+AK) (y, - y) 5)

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

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

T, = c|e1| (6)

T @)
I=27r
t=0

where e, is the lateral error defined in Section 2, ¢ is a constant or piece-wise constant
negative number and y is a positive discount factor which is close to 1. Thus, when
the objective function J is maximized, the tracking error e, 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



Mobile Robot Path-Tracking Using an Adaptive Critic Learning PD Controller 29

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(4)
algorithms [13]. The stochastic action exploration in the actor network can be
described as follows.

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

AK ~ N(AK’,0(e)) ®)
where AK’ is the mean value and o(e) is the variance which is computed by

e o, ©
~ (I+exp(o,V(e))

where 6, and 6, 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(4) 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 ¢(x) denote the feature vector determined by
the critic network. The estimated value function using linear basis functions has the
following form:

V(x)=¢ (X)W (10)

where W is the weight vector.
The RLS-TD(4) algorithm used in the critic network has the following update
rules:

K. =PZ,/(1+(@" (x)-1" (x,,)PZ,) (11)
Wy =W, + K, (r, = (9" (x) = 70" (x ;. )W,) (12)

P =P -PZI+@ )= G ))PEI @ ) - (o p (Y
where Py=41, J is a positive constant, / is the identity matrix and
Zin = V2, +9(x,) (14)

When the stochastic action exploration method in (8) is employed, the policy
gradient in the actor network is estimated by
a"l[ a"l[ ay[ A Vi _yt ayt (15)
= =7 —_—
du dy, ou ' o, ou

t

where
Fo=n+WV(x,)-Vix,) (16)

The learning algorithm for the adaptive-critic learning PD controller is summarized
as follows.
(Algorithm 1)
Given: A stop criterion, maximal learning step 7 for one episode, learning
parameters including y, 4, J, f, oy, 05, 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 #=0.
(b) For the current state s, compute the outputs of the actor network,
determine the variable PD gains AK 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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o
Me==by

where f; is a positive learning factor.
(g) If <T, t=t+1, return to (b),
Else return to (2).

a7)

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.

T 0+0(t)=0.() (18)

TV+v(t)=v, (1) (19)

where 7,,, 7, are two positive constants.

A time step 7=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

54 ==by, 20)

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

_2|y_yd’ |y_yd|>01
r=1-0.5, 0.05<|y-y,|<0.1 1)
0, |y = y,4]<0.05

The other parameters of the learning PD controller are selected as: 4=0.6,P;=0.11,
p=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 e,, the direction error e, and
their derivatives. The variable PD gains determined by the actor networks have the
following form:

Ak, =¢;%(@, ~0.5), i=12 (&%)

where w; and w; are the stochastic exploration actions given by (8), ¢;=0.4, ¢,=0.8.
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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 e,=2.0m and initial direction error e¢,=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 k,=0.2, k,=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.

el(t)
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2 —Leatning P Conteol
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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 e,=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. 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).

F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 3541, 2004.
© Springer-Verlag Berlin Heidelberg 2004
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The velocity V" and direction & " of R relative to Cartesian coordinate are known.
The angel (6 414, 6 new) and the displacement (d,, d ) of O relative to R in time t and

(t+At) can be measured by sensors, the velocity V° and direction 6 ° 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:

R,: 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.

Rule Acquirement
Obstacleat t+ A t

ﬂ Avoiding behavior choosing ‘
Obstacleat t

Updating E

X Completed Learning

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 S, 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 PB; of CAB
in present state according to formula (1).

PBij: oA dir; + A Spj +n /Sij D
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Where Adir; is the change value of present collision avoidance acceleration, Asp;
is the change value of deflection angle; S;; is the evaluation score of CAB, 6, ¢ ,7 are
their corresponding weight vector, respectively. PB;; 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 PB, 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).

4 |Adif*{As§=0No Collision
_ B . N ,
= %Adi)r"' /Agé [Adif*Asp#0No- Collision )
d Collision

Where o and P are the weight parameters of each standard. |Adir| and |Asp| are
the change values of present acceleration and present deflection angle, y and 1 are
positive constant.

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

S,..=S,+E 3)

old

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 u . = max(«;} , i.€. the jth node of Rg layer
Jefl2,...m)

win the competition.
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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 20X 20 unit plane. The R’s velocity is 0.5 units, and its moving direction
is T/2 in polar coordinates and keeps constantly. The position of Ol 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 +30°,
and the maximum acceleration is +0.02 unit. In the behavior space table, Robot can
only change its angle in 5°, 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 25°, 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)).

T
® e
L' e ]
® \
i
\
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 6, and the deflection of the appendage is represented by w(x,f). The gov-
erning differential equations of motion can be derived from the extended Hamilton’s
principle which states that

[L+emydr=0 (1)

Where L=T-U represents system Lagrangian as a difference between kinetic and
potential energy of the system, and oW=06u 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 [, is the moment of inertia of the center body, p is linear mass density of the
appendage, EI is the elastic rigidity of the flexible structure, m, is the tip mass, b is the
radius of sphere [ 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.

‘o
u ( @’,/ o
' X
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

w(x,t):M:O at x=b (3a)
ot
9’ w(x,1) 9’ w(x,t) . 9P w(x,1)
EI=S 52=0 EI= 52 =m, | 1§+52 22| at x=1 (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].

1. a ! . Bw(xt) 92w(x,1) :
V:7160+71{J-bp(x9+ ) dx +_|' EI( Y ) dx} "

a ow(x,t)
+om (19+ 1)

(99)

where 6 is a final target attitude, and it is obvious by inspection that imposing
a,,a,>0, guarantees that V>0 and that the global minimum of V' = 0 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

( W, >awéx 0 9,9)=(0,0,9,,0) 5)
t

Time derivative of the Lyaounov function with the governing equations and boundary
conditions yields

V=[u+a,0-6)+a,bM, -M,)]6 (6)
where a,=a-2>-2 is parameters to guarantee positiveness of the Lyapunov function,
and

2

Jow
2 j @)

Co( L dw )
oM, ~M, = [ px| xf+— |dx+mi| 16 +—
b ot ot

A simple choice of the controller design can be written the following form

u=-a,60-a,(6-0,) ®)

where a, = 0,and a, > 0 is another design parameter for which V= —aﬁz <0.

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:

Ve =S X Vi Va5 Views W) )]
To adapt using the familiar “sum of squared error” cost function, we need calculate

ﬂ:iekuzz_erﬁ__er {ai_i_z ayk dxk*i +Z ayj\ dykij (10)

aw — aw Caw o \ow Sox_, aw  Soy,, dw

where the first term dy /OW is the direct effect of a change in the weights on y,, and is
one of the Jacobians calculated by the back-propagation algorithm. The second term
is zero, since dx, ,/dW is zero for all k. The final term may be broken up into two
parts. The first, dy,/dy, ,, is a component of the matrix dy/0X, as delayed versions of y,
are part of the network’s input vector X. The back-propagation algorithm may be used
to compute this. The second part, dy, /dW, is simply a previously calculated and
stored value of dy,/dW. When the system is “turned on,” dy,_/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

T r "
dy,_ dy,.,, Jy dy
d,y), = ( k lj ( k j dy), = T P e a1
aw aw W, W, ‘
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

| 9, '
A, =(nek [—+(dAy)k(dwy)kD (12)
ow A
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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.

NARX Neural Network

ANN
4 ’i UnN + u flexible 4
‘ Controller spacecraft
+ model

upip

Feedback
Controller
9.

=

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

In Fig.2, let @(.) be the function implemented by the NARX network controller
Uy :q)(”k-p”k—z"'”k—m?”w"k—l"'rk—q’Wc) (13)

The learning rule used is based on Hebbian learning scheme in the following form:
do
AW, = n(d—WC)TuFB (14)

where 77 is the adaptive learning rate, u,, is the learning error. The NARX neural
network can self-adapt to minimize the feedback error u,,. Using (14) and the chain
rule for total derivatives, the learning algorithm adopting RTRL can be made the
following form

du,_

L) (15)

du, ou, &
— +Z(
aw,

dw. oW, %

ou,
ouy )

where the first term is the Jacobian du,/du, , which may be computed via the back-
propagation algorithm. The next term, du, /dW_ is the current or a previously com-
puted and saved version of du/dW., computed via (15). Here du/dW. 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

W(x,t)=z¢%(X)77i(t) (16)

where ¢(x) i=1,2 is the ith shape functions to be obtained by solving a characteristic
equation for a cantilevered beam problem, and 77, is the ith generalized coordinates for
the flexible deflection. The finite dimensional equations of motion in matrix form can

be written as
I, M,|é] [0 0|6 1
LT =0 (U (I7)
Mnﬁ Mrm n 0 K’Vl n 0

element mass and stiffness matrices (Mg, M, K,;) are computed by using La-
grange’s equation, and 77=[7, 72,]" 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=[6 7 6 7]. The output y is the vector of

the states; hence, C is an 6X6 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:

n=n,/0+ K, [tanh(} e, ,)]) (19)
i=0
where K,=10, n=3 and 7,=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).

Slew angle (deg)

Stew angle (deg)

0 40 60 80 100 10 140 160 180 20 a6 @ 0 120 10 10 @0 2
1) te

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

Anqulr velociy (deg/s)
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Fig. 4. (a) Angular velocity response with PD control (left) and (b) with PD+NN control (right)
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Fig. 5. (a) The first two modal displacements 77,, 77, 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 [9J5l)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)) +GX(k)U(k) + Z(k) (1)

where Z is a vector of Gaussian zero mean random noise, Y (k) = [y1 (k) ... yn ()],
U(k) = [u1(k) ... um(k)]", 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:

XTE) = YETYE-DT..YE-rTUE-1)TUK-2)T... Uk —s)"]
(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)TQE(k + 1)} + UK)TR(¢H)U(k) (3)

where E(k+1) = Yq(k+1) —Y(k+1), the matrix Q is definite positive matrix
and R is polynomial matrix in the backward shift operator ¢~! . 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)TQE(k +1)} = (4)
(Ya(k+1) — py (k+1)"Q(Ya(k +1) — py (k+ 1))

+ Z gjjvar{y;(k)} + Z Z qijecovar{y;(k)y;(k)}

j=1 i=1 j=1
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where py represents a vector having the mean value of each output; i.e. py =
[/“Lyl . '/’['yn]T

Without losing generality we will consider Q = diag[q; . . . ¢,] and R(g™!) =
diag[R1(¢1) ... Ru(g™1)]. The necessary condition for u;(k) being a minimum
of the cost function Blis:

E(k + 1)TQ7322€ (Z)l) + R )+ zn: a5 8”‘“"{% DY _o. (s)

3 Modelling Approaches

3.1 ANN Models

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

yi(k+1) = NNjo(k) + > NN; i (k)ui(k) (6)

where
NNji(k) = Wj0(V ;1 X(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 (@):

i:qj'j y;l(k?‘i‘l) +ZN ) NN -I—Rz(q_l)ul(k;):O

(8)
From this set of equations we can obtain the control as follows:

S0 4 [Yf (k+1) = NNjo(k)] NNji(k) = Ri(g~")ua (k)

S 455 [0k + 1) = NN o(B)] NNy (k) = B (g™ Y1t ()
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10 + 25y 4NN (k) 0 @i NN (k)N N 1 (k)
M(k) = :

Z;‘nzl ijNNj,l(k)NNj,’m(k) oo Tmo + Z;‘n:l ijzvzvj,m(k)2
(10)

where R;(q™') = 74 + ri1¢”*... 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(o(k)) + (k) (11)

where ¢(k)T = [XT (k) UT(k)]T. Instead of parameterising the system () as a
parametric model, we can place a prior directly on the space of functions where
F; 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 @ and vector yu, respectively. We will assume zero mean, so
for the case with partitioned data yy and y(k + 1) we will have the multivariate
Normal distribution,

[y(kyivr 1)} ~N(0,Cn+1), Cni1= [EJ}[ I,ﬂ : (12)
where Cpy 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(u, C). The covariance function C(¢p(k), ¢(1)) ex-
presses the expected covariance between y(k+1) and y(I+1). We can therefore,
infer y(I+1)’s from the N data pairs @5 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|®y) = (2m) % |Cy| 2el- 3N CNYx), (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 @y,yxn and the test points

¢(k‘)’

Ply(k+1),y 1 ,M
Ply(k + 1)@y, y, o(k) = 2 (P(yN)) v _ e
Yy

where, as in the straightforward multinormal case described earlier,

iy, = K'CxRlyn  war{y;} = o=k — KTCL'K, (14)
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so we can use fi(¢(k)) as the expected model output, with a variance of 6(¢(k))?.

These expressions can be simplified [6] to obtain:

fly; = wjo+ ij,luz(k) =wjo+ Q]TU(k) (15)

var{y;} = oj0+ Z’Yj,lu(l) Z Z ajaur(k)u; (k) (16)

1=1 =11
=00+ UKk)T; +U( )TZ U(k). (17)
where 0;0,wj0,l, and X; 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:

S qii [y (kB + 1) —wjo(k)] win (k) + 70 — Ri(g™ua (k)

U(k) = M(k)™' :
S0y @i [y (k4 1) = wi0(R)] wjom (k) + Yjm — R (g™ )um (k)
(18)
104+ 270 4w (R)? + ogan o 3T giwsm (K)wia (k) + 0j1m
M(k) = :
S 455ws1 (k)wjm (k) 4+ 0jm1 - Tmo + 3070 45wim (k) + 0 mm o
19

Notice that equations (I8) and ([9) have additional terms compared to () and
(Id). 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:

0.7ys (k—1)yy (k—2 10~ %us (k—1)
(k) = A T + Tt Fu (k=D 4 (20)

ya(k) = GRllsnUeth-f) 4 0.5uy(k — 2) + 3ua(k — 2) + (21)
—|-UQ(]€ — 1)(OIUQ(]<,‘ — 2) — 15)

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

where
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NNj,l(k) =W;; tanh(Vj,lX(k:)) l=0,1 j5=12 (23)
and X = [y (k) y1(k—1) y2(k) y2(k—1) ua(k—1) uy (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(g~*) = A(1 — ¢~ 1);
i.e. weights the control deviations, the parameter was A = .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 [M(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.

) 20 40 60 8 100 120 140 160 180 200
K

o 100 200 300 400 500 600 700 o 20 40 60 8 100 120 140 160 180 200
K

(a) ANN based controller (b) GP-based controller

Fig. 1. Simulation results for both models

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

Cl(¢1(i)a ¢1(j)) = C’(X(i),X(j); 91,0) + ul(i)C(X(i),X(j); 91,1)Ul(j) (24)
Ca(2(i), 92(j)) = C(X(i), X(j); O2,0) + u2(i)C(X (i), X(j '

where ¢1(k) = [y1(k) yi(k — 1) y2(k) ya(k — 1) ua(k — 1) ui(k — 1) w(k)]",
pa(k) = [yr(k) yr(k — 1) ya(k) ya(k — 1) ua(k — 1) us(k — 1) ug(k)]”, and

C(X (1), X();012) = v} Thon owis =)’ g (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[dl(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 0I(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 []

(M +m)& + ml(fcost — 6°sinf) + bz = u
m(icosd + 10 — gsind) = 0

where M is the mass of the cart, m the mass of the block on the pendulum, [

the length of the pendulum, g the acceleration due to gravity, b the coefficient
of viscous friction for motion of the cart, 6 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, 2 =%, x3 =0, x4 = 9, 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.

1‘1(k + 1) = 171(]€) =+ T.CL‘Q(]C)

* The work described in this paper was partially supported by a grant from the Rese-
arch Grants Council of the Hong Kong Special Administration Region (Project No.
CUHK4209/00E).
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T

@k 1) = 22 (k) + g (u o miad (k) sinas (k)
— bxa(k) — mgcosxs(k)sinzs(k))

z3(k+1) = x3(k) + Txa(k)

walk+1) = 2F) + 77 m(z;nxg(k))Q) (M + m)gsinzs (k)

— ucoszs (k) + bxo(k)coszs(k) — mlzi (k)sinzs(k)coszs(k))
y(k) = z1(k) (1)

where the parameters are given by b = 12.98 K g/sec, M = 1.378 K g, | = 0.325m,
g =9.8m/sec’*, 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
yq- 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[I]. 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,

z(k+1) = f(z(k),u(k),v(k)), =x(0)=uxzo, k>0
e(k) = h(z(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)), ©(0)=wo 3)

In the sequel, we assume all the functions f(*,, ), h(*, ,”) and a(") are sufficiently
smooth forz € X C R",u € U C R™,and v € V C R? 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., limg_,o 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) ()

Equation (@) and (@) are known as the discrete regulator equations. If the
solutions of equations (@) and (B]) are found out, either state feedback or output
feedback control law can be readily synthesized. However, due to the nonlinear
nature of equation @) and (f)), 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 (@) and

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

Nap

»(WTP v Zw“’qﬁ Zwﬂ v; + wjg (6)

Nup

Zw“qu Zwﬂ vi + wig (7)

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

)A(1(le,’u) ﬁl(Wul,v)
x(Wy,v) = , a(Wy,v) = (8)
Xn (W™, v) W (WH™, 0)
where W, W,, are the weight vectors consisting of all W*? and WP respectively.

Our goal is to find integers pr, Nyp, and weight vector W such that, for a given
compact set I' C V and a given v > 0,

sup [[X(a(v)) = f(X(We, ), 0(Wa, v),0)[ <~ )
sup AWz, v), a(Wa, v), )| < v (10)

Next, let
J(W,v) = %Hi(a(v))—f(ﬁ(szLfl(Wu,v)av)II2 (11)

1 - .
+ 5 Hh(X(le /U)v U(Wu, U)a U)||2
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and
JW) =Y J(W,0) (12)

Finally we can find the desirable weight W by solving the parameter opti-
mization problem, miny, 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 yq(k) = AsinwkT 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 4 1) = Sv(k),v(0) = [0, A]" (13)

where

—sinwT coswT

g— [ coswT sz‘an]7 o(k) = |:v1(k)]

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

e(k) = y(k) — v1 (k) = a1(k) — v1 (k)

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

x1(Sv) = x1(v) + Tx2(v)
T
M + m(sinxs3(v))?
— bx2(v) — mgcosxs(v)sinxs(v))
x3(Sv) = x3(v) + Tx4(v)
x4(Sv) = x4(v) + 7 T

x2(Sv) = x2(v) + (u + mixj (v)sinxz(v)

((M + m)gsinxs(v)

(M + m(sinxs(v))?)
— ucosxsz(v) 4 bxa(v)cosxsz(v) — mlx; (v)sinxs(v)cosxs(v))
0=xi1(v) —v1 (14)

With equation (4] ready, we can define J(W) as in ([2)). But for this example,
we can further simplify our problem. In fact, by inspection, we can partially
solve (4] as follows

x1(v) = v1 (15

x2(v) = [(coswT — 1)v1 + sinwT * va]/T (16)

x1(0) = 7:(x3(50) — x3(v)) (7)
u= M+ m(;ZLXS(v)) [coswT — 1, sinwT](Sv — v) — mix;(v)sinxs(v)

+ %[cosz — 1, sinwT v + mgcosxs(v)sinxz(v)) (18)
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with x3(v) satisfying following equation.

T2
(M + m(sinxs(v))?)

x3(5%0) = 2x3(Sv) — x3(v) + ((M + m)gsinxs(v)

cosxs(v)

— mgcosxs(v)’sinxz(v)) + i

[coswT — 1, sinwT](v — Sv) (19)

Therefore the only unknown function is x3(v). Assume x3(W,v) is the neural
network representation of x3(v), and define
T2
(M + m(sink3(W,v))?)
( (M + m)gsinks(W, v) — mg(cosks(W,v))?sinks (W, v))

F(W,v) = —%3(W, Sv) + 2%3(W, Sv) — x3(W,v) +

%(VVW)[COS&)T — 1, sinwT](v — Sv) (20
and let
I = 32 3 (EOW)’ -

vel’

Then we can minimize (2I) using the gradient method. After some trial and
error, we have obtained a feedforward neural network x3(W,v) with r = 2 and
N = 15, respectively. The resulting weight vector W satisfies J(W) < 1074, In
our design, we have selected the circumference 112 + v9? = A? as the domain
I" of v1,v5. In terms of x3(W,v) , we can get x4(W,v) and a(W,v) by ([J) and
(@R). Let

X(W,0) = [x1(v), x2(v), X3 (W, v), Xa (W, v)] " (22)

Then the control law can be approximated as follows
u(k) = a(W,v(k)) + L[z (k) — %(W, v(k))] (23)

where L is such that all the eigenvalues of 9£(0.0.0) 4 9/(9.0.0) 1 a1 inside the unit
circle. Now we can test the corresponding control law with the sinusoidal input
AsinwkT. We select all the eigenvalues of 8f(g;0,0) + 8f(g;?’O)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 =1[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
w increases, the tracking error of linear controller increases drastically. But the
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Table 1. Maximal steady state tracking errors

w | T |A| NN | NN |[linear| linear
(abs)| (%) |(abs)| (%)

7 | .1 ]0.6(.4076(67.94|.7186|119.77
/2| .05 |2.5].2663|10.65(.4943| 19.77
2.51.025|1.0[.0872| 8.72 |.2273| 22.73
.025(1.0{.0999| 9.99 |.4958 | 49.58
.01 |0.6/|.0152| 2.54 {.0919| 15.31
.01 |0.8/.0183] 2.29 [.2074| 25.92
.01 [1.0/.0329| 3.29 |.4055| 40.55

W| W w|w

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 w
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.

Gp Fuzzy
controller

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

The above fuzzy PID controller consists of rules of the following form, cf. [3]
R;:ifEis A and AEis A, and AE is A, then AU.is D,

The capital letters standing in the rule (R) 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.

Fig. 3. NFN architecture

The output of the NFN 3 reads as

5/=fi(X1)+fi(Xz)+"'+f},1(xm)=Zlfi'(xi) (1)
with m being the number of the input variables(viz. the number of the outputs f’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) + Aw 2)

where the update formula follows the gradient descent method

_aWij = T =2 (v — ) M (%) 3)

9Ep | 0Ep  0vp  Ofi(xi)
a);p fi (x;) aWij

AW;'/' =7]~[

with 77 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]

Awij =2-171-(yp = Vp) - M (xi) + ax(wij (£) = wij (£ = 1)) 4)

(Here the momentum coefficient, ¢, 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

Initial Over Rising
as E D H ITAE
Case Angle(rad) 6 6 6 G Shoot(%) Time(sec)

0.184900 4.107681 65.87493 203.5847 1.936434 0.069752 0.000000 0.091611

1

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

Initial Over Rising
Case Angle (rad) GE GD GC ITAE Shoot(%) Time(s:c)
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

Initial Over Risin
Case | Angle(rad) - u e Lagas Shoot(%) Time(sic)
1 0.184900 129.29765 | 253.00385 | 0.098317 0.182383 3127633 | 0.15356993
2 0.485400 12929129 || 248.09918 | 0.101459 0.759869 2092925 | 0.17871029
3 0388780 129.52347 || 25177655 || 0.095975 0512037 3.624664 | 0.16010507
4 0.713300 12820747 | 24920142 | 0.093086 1.822047 3.068492 | 0.19895169
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Fig. 4. Pole angle for initial angle (a)@= 0.1849(rad) (Case 1) and (b) 8= 0.7133(rad) (Case 4).

Fig. 4 demonstrates pole angle for initial angle (a)@ = 0.1849(rad) (Case 1) and (b) €
=(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

Supported in part by the NSFC (No. 60174010) and the Key Research Project of Ministry of
Education (No. 204014). This work was also supported in part by Yanshan University (No.
YDJJ2003010).
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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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Qe = f(% 3 o Wy U5 G )+ Tu, .., (1)

where n >m,n>t>1, g, € R is the queue length at time instant &, T is the sampling

.»C, € Ris the controllable traffic accumulation rate and service rate re-

time, and u
spectively. t 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 g, Moving (1) (z-1) steps ahead results in

”j = (qd - f(qk+7—l ER) qk—n+7 ’ uk—l ER uk—m+] ? Ck+7—l ))/T ’ (2)
By means of (2) the desired control includes unknown function f (), unknown out-
putgq.. , - q. 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)

Q(k) = [qk i 7 biopn ]T s U (k) = [Mk—l B L ]T
C(k) = [ck+‘rfl Crorn 7 G ]T
n(k)=lg" &) u, ®].70)=lr" () 4,]
Following (1) we know g¢,,, is a function of ¢(k), «,_,,,, - - -, 4,—, _,,, and c¢,. Simi-
larly, g,,, can be represented as a function of ¢(k) , u, ;,,, - -, 4, ,_,., ¢, and c,,, Con-

tinue the iteration recursively, it’s easy to prove ¢, . _,is a function of #(k) and c(k).
Finally, g,,, can be expressed as

4., =G, (n(k)’c(k))"' Tu,, 3

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

4,.. = G, ((k).0)+ pk)+Tu,, 4)
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where ¢(k (aG/ le(k) j c(k), o (k)e L(0,c(k)) and L(0,c(k)) is a line
defined by
)= {p(k)o(k) = te(k), 0 < ¢ <1}, (5)

Since G,(-) is smooth and c(k) is physically limited, we can assume |¢(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

u, =W (k)S@7(k)). ©

W (1)=&, )= S[8 67k ) (010 — )+ W (k)] )

where 3 is a positive defined diagonal gain matrix, W(k)e R’ is an adjustable syn-
aptic weight vector ,0 >0 and k, =k —7+1. The number of HO connection is / and
every entry of S(-)e R, 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 W(k) is bounded, where W(k)=W(k)-W". W' is the ideal HONN weight
vector, i.e. u, =W’ 'S (7@ (k))+ 0, , where 0, 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)e 0,co, VIN/(O)G ©;, <O, and the design parameters are

chosen as [>1", 0<o’, <7 and ¥ being the largest eigenvalue of 3 with
y < 1/(1 +1+ Tl*), o < 1/(}7 + T}_/*l*) , then the closed-loop flow control system is

semi-globally uniformly ultimately bounded.

Proof. Define the Lyapunov function candidate

V(k)= Z (k+j /T+ZW (k+j)3"'W(k+j), ®)

Jj=0

where e, (k) =g, —q, . Considering (4) (6) and the desired control law using HONN

approximation we obtain
e, (k+7)=TW' (k)S(7(k))+d(k), ©

where d (k) = ¢(k)—T5ﬁ satisfying |d (k)| <d,. Substituting the adaptive law (7) and

error (9) into the first difference of (8) results in
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AV(k)==el(k+7)/T—e}(k)/T+2d(k)e, (k+7)/T —20W " (kW (k) (10)
+STE))SSET () (k+7)+208 " (T (k)SW (ke (k +7)+ 0 |W (k)

)

<= (=717 7)o+ 0)- =0 0 (1-To7 - o7 | (k)

‘ 2

where @ = d; /ﬁ+0'||W*||2. If the design parameters are to be chosen as

7< ! O <—
1+1+T1] 7+TH

larger than +/T@ , which implies the boundedness of eq(k) and ¢, €0, if

q(O)e O ,, - In the following, we will show the convergence of the NN weight error

then AV <0 once the queue tracking error e, (k) is

and traffic input u, .

Subtracting W" on both sides of (7) and noting (9) leads to
Wik +1)= Wk, )~ S[s@k,)x W (6)SGT &) +d, () + (T, )+w)] (D
=[ 37k )s” (7 (k) - o3I (k,)- Fs(ir(k, ) k,)

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

| STSrk)sT (k) -o3| <1 (12)

From lemma 1 in [2], the convergence of W(k) is guaranteed. Since u, can be
written as u, = W' (k)+W )S@ k) =u, + W' (k)S(7(k))-6, . Sinceu;, W’ (k)
are bounded, J, can be arbitrarily small by increasing /, thus u, 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, [=6,0=0.003,

W(0)=0,q, =50cells ,3 = 0.02I , 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 [I0]. 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 [TT] [13] [I5], there are

F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 77-B2 2004.
(© Springer-Verlag Berlin Heidelberg 2004



78 X. Liand W. Yu

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:
J}t = f(xt7Ut,t), Tt € %n7 U € R (1)

where f(z;) is unknown vector function. In order to realize indirect neural con-
trol, a parallel neural identifier is used as in [IT] and [T5] (in [T2] the series-parallel
structure are used):

T = AT, + Wi0(Ze) + Wa 1 p(Ze)y (ur) (2)

where z; € R™ is the state of the neural network, Wy ,, Ws,; € R"*™ are the
weight matrices, A € R"*™ is a stable matrix. The vector functions o(-) € R,
é(-) € R"*™ is a diagonal matrix. Function ~(-) is selected as ||v(u;)||* < @., for
uy if |ut\ <b

@i Jug > b e
elements of the weight matrices are selected as monotone increasing functions.
Let us define identification error as A; = ; — x;. Generally, differential neural
network (@) cannot follow the nonlinear system ([[) exactly. The nonlinear system
may be written as

example y(-) may be linear saturation function, y(u;) =

Gy = Awy + W0 (xy) + WO () (ue) — o (3)

We use the following assumptions.

A1: The unmodeled differential fv satisfies f,TAJ?lﬁ <7, Ay is a known
positive constants matrix.

A2: There exist a stable matrix A and a strictly positive definite matrix Qg
such that the matrix Riccati equation

ATP+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
Wi and Wa ;. are updated as

Wl,t = St [_KIPAtO'T(ZE\t)] , W2,t =5 Pr [—K2P¢(§t)’)’(ut)4ﬂ (5)
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where K1, Ko > 0, P is the solution of Riccati equation (4), Pr;[w] (i =1,2)

are projection functions which are defined as w = —KoPp(Ty)y(ur) AT
Zf HWQ,t <r
w — —
Prlw] = or [HWM =7 and tr (ng,t) < 0} (6)

= 2
[We]|

= o e Y otherwise
tr(WE, (K2 PYWs )

w+

where r < HW2OH 1 a positive constant. s; is a dead-zone function: sy = 1, if
||At||2 > A1 (Qo) 7, otherwises = 0, then the weight matrices and identification
error remain bounded, for any T > 0 the identification error fulfills the following

tracking performance

e ATPA
7 |14, d <y ST @

where K is the condition number of Qo defined as k = %((82))

Remark 1. The weight update law (B]) uses two techniques. The dead-zone s;
is applied to overcome the robust problem caused by unmodeled differential
ﬁ. 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 Ws,

inside the ball of center W20 and radius r. If HWQ’t < r, we use the normal

gradient algorithm. When Wy ; — VV20 is on the ball and the vector W5 ; points

2 —
either inside or along the ball i.e., % Ways|| = 2tr 7UJW2_’t> < 0, we also keep

o ~ 7 [We.||” W
this algorithm. If ¢r (—ngt) > 0, tr {(—w + tr(W{t(KgP)WQ,t)w Wa| <0,

2
< 0, Wy are directed toward the inside or the ball, i.e. Wa; will
) W2,t 7é 0.

4 =
SO ¢ HWZ’t

never leave the ball. Since r < HWQ

3 Robust Adaptive Controller Based on Neuro Identifier
From (B) we know that the nonlinear system (Il) may be modeled as

zy = Axy + Wi 40 (Zy) + Wa (1) y(ue) + dy (8)
where d; = f + Wl,ta(ft) + Wz,t¢(xt)7(ut) + Wiior + Wi dry(ug). If updated

law of Wy, and Wy, is (1) Wi+ and Wy, are bounded. Using the assumption
A1, d; is bounded as d = sup ||d;|| . The object of adaptive control is to force the
t
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nonlinear system (Il following a optimal trajectory x} € R" which is assumed
to be smooth enough. This trajectory is regarded as a solution of a nonlinear
reference model:

iy = ¢ (x,1) (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 ¢ (z},t) = 0, 2*(0) = ¢, ¢ is constant. Let us
define the sate trajectory error as A} = x; — x;. Let us select the control action
v (ut) as linear form 7 (u¢) = Uy + [War (Et)]+ Us,¢, where Uy, € R" is direct
control part and Us; € %" is a compensation of unmodeled differential d;. As
o (z5,t), xf, Wio(Z,) and Wy ¢ (Z;) are available, we can select Uy ¢ as

Ure = [Wad (@)] " [ (27, 1) — Az} — Wi 40(F)].- (10)
where [8]" stands for the pseudoinverse matrix in Moor-Penrose sense[l]. We

choose ¢ (z;) different from zero, and W5, # 0 by the projection approach in

Theorem 1. So [Wa¢ (7)) = % So the error equation is

*

A, = AAY + Uy + dy (11)
Four robust algorithms may be applied to compensate d;.

(A) Exactly Compensation. From (8) we have d; = (aft—ft) -
A(xy — 7). If x, is available, we can select Us; as Ugy = —dy, ie., Uy =

A(xy —Ty) — (aét — 37}) . So, the ODE which describes the state trajectory er-
ror is A, = AA;. Because A is stable, A} is globally asymptotically stable,
lim Af =0.
t—oo

(B) Approximate Compensation. If z; is not available, a approximate
method may be used as z; = Z—-== + §,, where 6; > 0, is the differential
approximation error. Let us select the compensator as

~ Ty — Tp—r L
Uby = A —3) — <H - xt> (12)

T

So U}, = U§, + &, ([I) become At = AA} + 6;. Define Lyapunov-like function
as V; = A;TPyAf, P, = P > 0. The time derivative is
Vi < A7 (AT Py + PyA+ PyAP; + Qo) A7 4+ 67 A6, — A;TQu A7

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

ATPy+ Py A+ PAT' P+ Q2 =0 (13)
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has positive solution P = PT > 0. Defining the following semi-norms ||A;k||z22 =
E% fOT Af Q2 A7 dt, where Q2 = Q2 > 0 is the given weighting matrix, the
state trajectory tracking can be formulated as the following optimization prob-
lem Jyin = minJ, J = |lay — xf”?;b . Note that lim 7 (A;TP,Ay) = 0, based
Ut T—o00

on the differential neural network (@), the control law ([I2) and ({I0) can make
the trajectory tracking error satisfy the following property ||A;‘H?22 < ||5,5||i,1 .
A suitable selection of A and @2 can make the Riccati equation (I3]) has positive
solution and make ||A;f||é2 small enough if 7 is small enough.

(C) Sliding Mode Compensation. If z; is not available, the sliding
mode technique may be applied. Let us define Lyapunov-like function as V; =
AT Py Ax ) where Py is a solution of the Lyapunov equation AT P3 + PyA = —1.
Using () whose time derivative is

Vi = Af (AT Py + PyA) A7 + 2477 PyUs , + 247 Pad, (14)
According to sliding mode technique, we may select us ; as

Us, = —kP; 'sgn(4;), k>0 (15)

where k is positive constant, sgn(Aj) = [sgn(AT,t),~~-sgn(A:‘ht)}T € R". So
Vi< — | A5% = 2| AF]| (k = Amax (P) [[de]]) . If we select k > Amax (Ps) d, where
d is the upper bound of d;, then V; < 0. So. tle A =0.

o0

(D) Local Optimal Control. If =, is not available and x; is not ap-
proximated as (B). In order to analyze the tracking error stability, we intro-
duce the following Lyapunov function: V; (AF) = AjP,A;, Py = Pl > 0. Be-
cause A is stable, there exit A4 and Q4 such that the matrix Riccati equation
ATP4 + P4A + P4/14P4 + Q4 =0. So

y * 12 2 —
Vi< = (145105, + U417, ) + ¥ (US,) + df 474, (16)
where ¥ (US,) = 2477 P,US, + UST R,US . We reformulate (I6) as:
%12 2 — y
1471, + HUg,th v (Uéi,t) +di Aytdy -V
Then, integrating each term from 0 to 7, dividing each term by 7, we have
2 d 112 2 —1 T d
14218, + 1080l < Nl + i [ U ar
It fixes a tolerance level for the trajectory tracking error. So, the control goal now

is to minimize ¥ (U$,) and ||dt||i4—1. To minimize HdtHizl ,we should minimize

All. If select @4 to make the matrix Riccati equation have solution, we can
choose the minimal AZI as Agl = A TQ4A~". To minimizing W(Ugt), we
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assume that, at the given ¢ (positive), z* (¢t) and Z (t) are already realized and
do not depend on Ugt. We name the Ug”; (t) as the locally optimal control,
because it is calculated based only on “local“ information. The solution of this
optimization problem is given by

¥ (ug,) = 247" Pyug , 4+ Ut RyUS,
subject:  Ao(Urs + U2d7t) < By

It is typical quadratic programming problem. Without restriction U* is selected

according to the linear squares optimal control law: u§ , = —2R;'P, A}
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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 2" 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

- 1 )
J1+ Q27 / In(d))"2

F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 83-90, 2004.
© Springer-Verlag Berlin Heidelberg 2004
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2r 3

TpJ1-¢"2

e Mp?2— yss “
- Mpl— yss

@Nn=

Tp=Tp2-Tpl o)

Fig. 1 shows the definitions of variables/parameters used in equations above. Mpl
is the first overshoot and the Mp2 is the second overshoot. Yss is the steady-state
value of the output. Both Mpl 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.

Slowe response, low-damping open-loop step response

16 : : : : :
T S S S -
I r? . | H
I I I
0 40 50 g0
Tirme (sec.)

Fig. 1. Definitions for BM approach
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Equations (6--8) are those formulae from Control textbook[7] as
— In(MO) ©)
72+ In(MO)Y2

(N

T
@On=———r——
Tplf1- ™2

MO=(Mpl-yss)/yss
(Mpl-yss)ly )

Slowe response, low-damping open-loop step response

35

WpZ iz not available,

'
' ' ' ' ' ' ' '
' ' ' ' ' ' ' '
' ' ' ' ' ' ' '
' ' ' ' ' ' ' '
168 ----1------ === = Fmm—--- T === === Fmmm—-- F==--- -1
' ' ' ' ' ' '
' ' ] ' ' ' '
' ' ' ' ' '
' ' ' ' ' '

' ' ' ' ' ' ' ' '
I S En R R e LT CEE TP P PP P -
. ' ' ' ' ' ' ' '

0 5 10 15 20 2% 30 3/ 4 4 AD
Tirme (sec.)

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

From Fig. 2, we truly find that Mpl is the overshoot with damping ratio greater
than 0.5 if it were a 2"-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 4" order transfer func-
tion as shown in equation (10). @wn and { are 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.

AP DD L mdl

E In1 Dt =§>—

Step Flant Subsystem
e —

IN
P[] Dutd » a0

IbDFP bz

>3 )

TRUEDF

¥

SooPe  pigd

Identified Plant
Subsystemn

(1 Jint

r

za4zh s+ 1
Ll
pas+phst] Kbiwnian 52+ 2" zetalnst 1

Gain2 Transfer Fend Transfer FenZ

Gaind

Transport
Delayl

Gain1

Fig. 3. Block diagram (above) used for GA search. Identified Plant Subsystem is enlarged
(below). Kb=1
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(za)s™2+(zb)s +1 wn'2 1 )

k

(pa)s™2+(pb)s+1 s"2+2¢*wn*s+wn™2 wn"2

G(s)=K*

Example 1: Use the following transfer function to get the open-loop step response.
G(s)=
N
28.55"2+6.935 +18.2 (10)

s"6+17.47s"5+46.78s"4+67.525s"3+64.865"2+43.35+14.16
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 {  wn 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 { wn_ 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 2™ 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 5™ order plant as

25.2s"2+21.25+3 (1)
s"5+16.585"4+25.41s"3+17.18s"2+11.70s +1

G(s)=
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The open-loop step response is shown in Fig. 2 with definite Mpl, 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 4 @n Kp Ki Kd OV(%) Ts
BM Not available

Proposed #1  0.636 0.984 0.426 0.328 0.333 20.0 173
Proposed #2 0.572 0.130 0.436 2.0 13.0

Step responses
L e A P A B R

' Bl Approach
)

0 50 B0 70 80 90 100
Time (sec.)

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 l wn  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




Design of PID Controllers Using Genetic Algorithms Approach 89

Step responses
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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

N {x(r>=f<x> g(x)u(t-T)

¥(1)=h(x) @

F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 91-96, 2004.
© Springer-Verlag Berlin Heidelberg 2004
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wherexe R",ue R",yeR". f(-),g(-)andh(-)are continuous, nonlinear func-

tions with respect tox . Their partial derivatives aboutx also exist.7 >0, is the
known, input time delay. The discrete form of system (1) can be described by

x(k+1)=x(k)+At| f(x(k))+g(x(k))u(k—(T/Ar)) |+ Tv (k)

y(k+1)=h(k+1Lx(k+1)) e(k+1) (2)

where Ar is the sampling interval. 7 = NAf, where N is a nonnegative integer.
ve R? and ee€ R" are zero-mean, Gaussian white noise with covariances @ and R ,

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

used to estimate the state variable x (k) to get £(k|k).

In classical optimal control, output y is usually designed to track a fixed reference
trajectory [6]. Accordingly, we define a reference trajectory as follows

¥, =K =y )+ K, [ (v - y)di 3)
Then we get the following optimization problem [6]

min jo’[a(x,u)TWa(x,u)]dr

stlu|<a
x=f(x)+gx)u-T)
y =h(x)
where
oh

=(f(x)+g(x)u(-T))-K, (¥ -y)—K,[ (y' -y)ar (@)

a(xu) a3 (1)-3, () =5

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

equivalent toa(x,u) =0 . Suppose g—hg(x(k)) is non-singular, let 7/At=d , and use
x
predicted x£(k+d | k) to replace x(k+d) , we obtain the control law as:

k+d

u(k) Z(g—i’g(ﬁ(k+d|k))j .{Kl (v (k +d)_y(k+d))+K2A’Z[y*(J)
5)
]——f E: k+d|k))}

To realize this control law, we need to predict the state and output atk +1,---,k+d .
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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 timek + j (1< j<d ) , W€ propose

%, (k+d|k)==x,(k+d|k)+%(k|k)-x, (k|k-d) (6)

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

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

x,, (k+d | k)= NNP[ £ (k|k),u(k=1),u(k-2),...u(k-M)] )

where NNP means neural network predicator.
Substitute ¥, (k+d)= h(fp (k + d| k)) into (5), the control law can be realized

finally by
oh

u(k){a
k k+d (8)
Z:l:[)’*(j)—Y(j)]+KzAt > [y*(j)—f’p(jﬂ—g—ff(fp(k+d|k))}

Jj=k+1

g(%,(k d|k))J_l -{Kl (v (k+d)=3, (k+d))+K,Ar

Feed-forward NN is used for predication in (7), which can be trained with the
improved BP algorithm. Samples are given as{(X,,Y,)} (i=12,---,N). To accelerate

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

W(k+1)=W(k)+nGk)+o-AW (k) 9)

W e R' is the weights vector of the NN. 7 is a constant representing the step size,
which can be regulated. Momentum factor ¢ is between 0 and 1, 0 < <1.G(k) is

the negative gradient of error function E(W) .

E(W)=%i”¥i—I?iHZ,AW(k):W(k)—W(k—l) (10)
i1

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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{xt,(kJrl):fg(k,u(k),x(k),yo(k))+1"ev(k),

y(k+1)=h(k+Lx(k+1)) y,(k+1)+e(k+1) (11)
£ (ku(k),x(k), y (k)){x(")ﬂf[f(x(k))+g(x(k))u(k-d)]
P O J’o(k) 12)

‘ 0m><q

¥, € R" is the deviation of the sensor, is unknown and time-varying, and it can be

estimated by the STF. And x, (k+1)=| x(k+1)" y, (k +1)T]T.

Based on (11), we can obtain the estimated sensor deviation y,(k) online with the
STF [5]. Comparing y,(k) with a threshold vectore, we can detect possible sensor
failures. When a sensor failure is detected at k = A, the output of the sensor is not
valid anymore. Substitute y (k) in (8) by y(k)= h(f(k|k)) , we can finally get the

following fault tolerant control against sensor failures

u(k) =(g—ilg(ﬁp (k+d|k))j] ~{K1 (y*(k+d)—y,,(k+d))+K2At§[y*(j)—
~ (13)

YT+ KA Sy (1)=5 ()} ee 35 [ (3)=5, ()] -5 (2, (ki)

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

S 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

x(k+1)=x(k)+Ar[ A(x(k))+B-u(k—(z/At))]
y(k+1) =[x (k+1) x,(k+1)]

In the control algorithm, we choose K, =0.051,, K, =0.00151,. In the STF
algorithm [5], we choose Q=2x0.01I,, R=0.01I,, B=5,a=diag[l,1,1].The
initial liquid levels A =25cm, h, =h,=10cm; time-delay 7=10s; sampling

(14)

interval is Az =1s, 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 f (x)=1/ (1+ e"‘) to describe the neurons.

When 1<k <10, u(k) =0; 10 < k <100, u(k) =[100 * rand (1),100 * rand (1)]",
where rand(l) 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 7=0.7, ¢ =0.6.

Train the NN with the algorithm introduced in Section 3 until E(W)<0.1. 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, y(k+1)=F[x1(k+1) xz(k+1)]T,

00
where F = {O J 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 | §, (k)| with the thresholde, 1, &, 0.5.

h1/cm
& 8 8

8

OO

Fig. 2. Simulation results under sensor failure F'
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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 x, , 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

F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 97-103, 2004.
© Springer-Verlag Berlin Heidelberg 2004
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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 (¢, is fixed and divided into N
equal intervals, and input and product quality sequences are defined as U;=[u(0),...,
wdN-D17, Yi=lyi(1),..., y(W)]", where k is the batch run index, yeR" are product
quality variables, ue R™ are the input (manipulted) variables for the product quality. In
this study, RNN models are used to model the non-linear relationship between u; and
v as shown in Fig 1 for modeling a second order nonlinear system.

Y1) = RNN[ yu(®), yilt-1), un(t), ulz-1) ] (1

J(+1)
L ——»

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 ¢ (t+1) is
fed back to network input nodes as indicated by the back-shift operator ¢'. In this way,
dynamics are introduced into the network.

Given the initial conditions and the input sequence U,, a RNN model can predict
recursively output at the end of a batch, which can be formulated as yi(t) = frvw (Ug),
where fryy 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
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for the next run. In this study, the average model errors ¢, (¢, of all previous runs are
used to modify the RNN model predictions for the current run, which is defined as

— k k
Gu(t) = ) = X010 @

where ¢,(t;) is RNN model error, y,(f) and j,(s,)are the measured and predicted

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

)~}k+1(tf) =) t o ék (%) 3)

where o 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 Uy, of a new run based on the information from previous runs
so that the measured yy.(f) at the batch end converges asymptotically towards the
desired y,(t). 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
minJ = || 74 (6) = Vi1 @) [Fo+ | Ugnr = Ug [P )
k+1
where O=A,I, and R=A,-Iy 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 7 between measured product quality
and modified prediction is calculated by &.1(#) = yi1(t) — Vy41(%). Considering Eq(3),

it can be rewritten as &q1(f) = é.1(t) — a.¢, (t). Eq(2) can be reformulated as

= k—1= 1. 5
elty) :781(71((/')"'%51{((/) )
Then &:(t) can be rewritten further as
() =*L etyrmi () ©
M1 () = Eni(ty) —k;;a ety ™
As k approaches infinity, it indicates in Eq(5) that
(®)

. ~ . k - l ~ . 1 A ~
limé (1) = im™ —&, (1) +lim- &) =&.()

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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)

Pin1(t) = frvw (Uger) = fruw (Up) +

¥
o | vy,

Uy

where AU =U_-U,. It is reasonable to assume that the iterative optimization
produces no worse solutions since the trivial solution AU, =0 can ensue this. Under
this assumption, it holds 0< |[yu(t)— ()P0 < Ivet)- 3 (t)|o- As k approaches

infinity, it follows lim y,,, (¢ )= lim G ). From Eq(3) and Eq(9), it holds that
k—>00 k—oo

T
lim F1(1)= lim [Feer(5)+0d, (1)1= lim U (Ut | Loy 1 AU, o, ()]
k—o0 k—o0 k—o0 oU U
) (10)
= lim J(%) * lim [afRNN AU,
k—o0 k—o0 ou .
k
It follows from the above equation that
lim AU,,, =0, i€ limU,, =1limU, =U_ (11)
k—oo k—o0 k—>o0

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

lim 761(4) = lim €:1(4) = lim k=15 @ 1) = 6.(t) — é.(t) =0 (12)
—oo —oo —o0
Therefore from Eq(6), it holds that
lim Z1(1) = lim XL ai(0) + 1im 718 = £1) ()
k—>o0 k—eo k k—>o0

The procedure of run-to-run model-based iterative optimization is outlined as follows:
At the current run k, input trajectory U, is implemented into the batch process and
outputs yu(#,) 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 Uy, 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 4—% sB—% 5C,
and the equations describing the reactor are:

% = —4000 exp(~2500/ T)x?

(14)
%2 = 4000exp(-2500/T)x? — 6.2x10° exp(=5000/T)x,

where x; and x, represent the dimensionless concentrations of 4 and B, T is the
temperature of the reactor and is scaled to dimensionless value as T,; = (7-T,,i)/( Tpax-
Tin), tr is fixed to be 1.0 k, and the values of Tp,, and T are 298K and 398K,
respectively. The initial conditions are x;(0)=1 and x,(0)=0, and the constraint on the
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control u=T}, is 0<T, <1. The performance index is to maximise the concentration of B
at the end of batch x,(#). 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=x, and u.

simulated process (0) : 0.60041 RNN (x): 0.58508

o
o

- simulated process
0.2} -—----- RNN prediction

©
~
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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: y,(#) is set to 0.610, o = 0.25, A,=2000,
and A,=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 Uy is shown in Fig 3. Fig 4
shows the convergence of modified prediction errors &(7). It is demonstrated that g(z,)
is converged under the iterative optimization scheme. Fig 5 shows that tracking error
el = vty - vty 1s gradually reduced from run to run. It can be seen that after 9
batches ¢/ 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 I ={I,}7,, the outputs of the context neurons
asz={z,}Y,, the outputs of the hidden neurons asx ={x,}”,, and the output of the

neural network asu = {1, }¥, . The output of the context neuron in time k is

z,(k)=b,(k)+ Az, (k—1), z,(0)=0,  (i=12,..,N) (1)

F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 104—-109, 2004.
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where b,(k)=1,(k)+ad,(k-1)+...+0ad,(k—M), a+A=1 and M is the step number of
time delay. Taking expansion for z,(k—1), z;(k—2), ... etc. by using Eq. (1), we have

z,(k) = b, (k) + b, (k = 1) + ...+ A*'b, (1) = A(k) + B(k) (2)

where A(k)=1,(k)+1,(k—V)+..+1,(k—=M), B(k)= Zj;zﬂ”‘”*‘bi (k—1-1).

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 4(k) and B(k) 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
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0= Q0 0z 0) =12, v,(0= D" D, (k)x, (k) 3)

The error function is defined as E,(k)=e,”(k)/2, let u, (k) be the learning rate for
the weight vector D and g, (k) be the learning rate for the weights C. The
modification of the weight of NNI are

AD; =—p1,(k)OE, (k)[0D; = p, (k)e,(k)dy, (k)/oD; 4)
AC, =, (k)3E, (k)/dC, = u(k)e, (k)D, 3x (k) /aC, (5)
n
L (k) ¥(h)
,| NNC >| USM >
yak) : l
/ 5! . +
|” / e (k) —
k
‘ w 2|
- a0
/ +
'I er (k) T

Fig. 2. Block diagram of the control scheme

Supposing that the sampling interval is small enough, then we have
A, (k)AC, = f1(k)z,(k) = f](k)b, (k) + Adx, (k1) /aC, (6)
According to the B-P algorithm, the update rules of the weights of the NNI are
D,(ky=D,(k=1)+AD,(k), C;;(k) = C;y(k = 1)+ AC, (k), (i =1,y N; j = L, H) 7

3.2 Dynamic Training Algorithm of NNC

Denote the outputs of the input nodes in the NNC as I (k) = {I¢ (k)}Y, , the outputs of

the context neurons asz(k)={z‘(k)}Y,, the input of the ith context neuron

N¢

asb{ (k)= {bf (/’c)}i:l , and the outputs of the hidden neurons as x° ={x/ (k)},ﬁf. The
inputs to the NNC are the reference inputy,(k)and the previous system
output y(k —1) . According the the B-P algorithm, we have

B,(k)=B,(k—-1)+AB,(k), A, (k)= A, (k—1)+ A4, (k), (i =1,.N%; j=1..,H) 8)
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where AB, (k) = 1, (K)e, (K)Y, xS (k) , M, (k) =, (K)e, ()Y, B, (k)0x (k) [, , py(k) is

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

hidden neurons. Y, = " D (k) f/(k)C,,(k), and the value of dx¢(k)/d4, satisfies
i=1 J J J J y
I

that 9x¢ (k) /04, = f] (k)b (k) + A0x (k —1)/04; .

3.3 Convergence Analysis

Theorem 1: Suppose that the modification of the weights of the NNI is determined
by Eq.(7). If learning rate u, (k)is adopted as u, =A,E,(1+E, )/||8E, /oD ||2 and
U (k)is adopted as u,. =4 E,(1+E, )/ ||8E ,/oC ||2 , then global convergence of the
update rules (7) is guaranteed. Where 4, >0 A, >0 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 £, = E,(C,D) , then we have
dC/dt =—u_.0E,/oC and dD/dt =—u, oE,/dD, so
@:FE,TEJ{BE,TQ OE, |
dt oC | dt oD | dt oC
=—(A +A))E,(1+E)=-A4E,(1+E))

2 2

oE,
JD

=—Hc

D

©))

Eq. (9) can be written asdE,/(E,(1+E,))=~A,dt. LetE,is the identified error at
initial time, then integrating it we obtain that E, /(1+ E,) = E, exp(-4,¢) . It can be seen
that when ¢ -, E, is such that E, - 0. According to the Lyapunov stability

theory, we have shown that the identified error converges to the zero point as ¢ — .
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 1, =2, E,(1+E,)/|0E./oB | and u, = 2, E.(1+E,)/|0E, /oA |, global
convergence of the update rules (8) is guaranteed.

Proof: Define control error of system is E, (k) = e’ (k) / 2, 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.

Average error

Time (s)

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

C=Viae =Viin)/ Virer X100% , and vV, V.. and V,_, 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

F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 110-116, 2004.
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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.

Disturbance

Passage

Digital
PID

Control >

Passage

Sensor

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 g imposed on the plant is measured and used as the input signal of
the network NN (see Figure.l). Then, the neural network output nn is added to the
PID output u to form the manipulated variable u_ 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-y, 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:

nn(k) = f(q(k =1=d),---,q(k —m—d)) (1

where nn(k) is the output of the system, g(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) , g(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:

w,(k+1)=w,(k)+7-u(k)-q, 2
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Where u(k) is the feedback controller output, 77 is the learning rate coefficient, g 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 g(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. Returnto?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 CO, 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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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 Y,, where Y,
is the desired network output corresponding to the input s, using the least mean square
(LMS) training rule. The weight can be calculated by:

Yy —F(s))
C

where 7is the learning step length, F(s) is the output of the CMAC network.
Thus, if we define an acceptable error €, no changes needed for the weights when

|v,—F(s)|<e

w(k +1) = w(k) + )

. 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

Y(k+1)=GY (k),U(k)) (2)

The control U(k) is generated by
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Uk)=U_ (k)+U ,(k) 3)

U, (k)= P(r(k) =Y (k))

where is the output of the traditional constant gain controller,

U, (k) .

P is the proportional gain and 7 is the desired system output. is the output of

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

W,(k +1) = W, (k) + %(U(k) ~U.(k)) )

where C is the size of generalization, Wi is the content of the ith memory location,

and n 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].

|——> CMAC Uc
»

controller

E®) | Constant gain Up 1. Uk) Y(ki
r(k)’(_%)__» controller ?it plant -

Fig. 2. Original scheme of CMAC controller

e
—»  CMAC | Uc
l:’ controller
A B | Constant gain | UP AN V()
%}‘j controller \_l_ J plant >

Fig. 3. New scheme of CMAC controller

The structure of the new scheme, as shown in Fig. 3, where €d 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 ( e(k+1) , e(k) ) as CMAC input

In this case, all value of CMAC weight is set to zero at first. At control stage, the

e, (k+1) e(k)

desired error of next step , which is zero usually, and the system error
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are quantized and input to the CMAC to get the output of the CMAC network Ue(k) ,
U,(k) ' Ulk)=U,(k)+U.(k)

to the plant. Then, at learning stage, the actual error of system e(k+1)
U, (k)

plus the constant gain controller output ie , is applied

e(k)

and are

input to the CMAC network to calculate the output
according to:

, and to adjust its weight

W, (k +1) = W, (k) + %(U(k) ~U, (k) )

b) using vector (Y (k+1), Y (k) 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

(r(k+1).Y (k)) , the  proportional  control Up is  modified to be
Up (k) = P(r(k+1) =Y (K)) . After the control Vi) =U, (k) +U.(k)
plant, the CMAC goes through the learning process according to

Wi(k+1)=Vﬂ(k)+%(U(k)—Up(k)—Uc(k)) (6)

is calculated by U, (k) = P(r(k+1)—Y(K)) , and Ue(k)

(Y (k+1),Y(R)) Y(k+1)is the actual system

is applied to the

Note that, in (6), U” (k)

generated from the input vector where

output at time step ¥ 1.
In both two cases, an appropriate cost tolerance € is set for cost function. When the
cost is less than €, then the learning stage is terminated , otherwise, it is started.
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Fig. 4. Result using old scheme with "/ — 0.02

4 Simulation Results

As in [5], the nonlinear system used in the simulation is Y(k+1)=05Y(k)
+s1n(Y(k))+U(k)' The reference input signal is the command Sm(zﬂkMOO). The
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parameters of CMAC network are: active elements, C = 15; Learning rate n =0.9;
memory size = 2000; tolerance of the cost function for LMS learning scheme is 1e-6.

Using the old scheme, when n >0‘05, 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 400" and 300" 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.

References

1. Albus J.S.: A new approach to manipulator control: The Cerebella Model Articulation
Controller (CMAC). Journal of Dynamic Systems, Measurement and Control. 3 (1975) 220-
227

2. Miller, W.T., Glanz, F.H. Kraft, L.G.: Application of General Learning Algorithm to the
Control of Robotics Manipulators. Int. J. Robot Res. 6 (1987) 84-98

3. Miller, W.T., Hewes, R.H., Glanz F.H., Kraft, L.G.: Real-Time Dynamic Control of an
Industrial Manipulator Using a Neural-Network-Based Learning Controller. IEEE Trans.
Robot. Autom. 6 (1990) 1-9

4. Miller, W.T., Glanz, F.H., Kraft, L.G.: CMAC: An Associative Neural Network Alternative
to Backpropagation. Proceedings of the IEEE. 10 (1990) 1561-1567

5. Chen F.C. and Chang C.H.: Practical Stability Issues in CMAC Neural Network Control
System. IEEE Trans. Control Syst. Technol. 1 (1996) 86-91



Pole Placement Control for Nonlinear Systems
via Neural Networks

Fei Liu

Institute of Automation, Southern Yangtze University,
Wuxi, Jiangsu, 214036, P. R. China
Dr_fliu@hotmail.com

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

F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 123-128, 2004.
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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 x = Ax, while given a poles region D of
the complex left-half plane, pole placement design means that all eigenvalues of the
matrix 4 lie in the region D . For example, condition of all closed-loop poles on the
left-half plane within vertical strip D={ze C:Re(z) <-a,a >0}, Will force the closed-

loop transient response not slower than e, and the larger the value of o is, the
faster the transient response will be. A more general region D [2] can be defined as
D={zeC:fp(z)<0}, where fp(z)=L+zM + zM T is characteristic function and

L, M are real matrices with LT =L . For given L and M, the LMI condition for
closed-loop systems to satisfy region D are

LOP+MO®PA+MT ® ATP<0. (D

where ® denotes the Kronecker product of matrices and Pis 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 x = f(x), the nonlinear functions
f(x) can be approximated arbitrarily by multi-layered neural networks in compact

representation described as following [11]: f(x) =¥ [W, .-V, [W,¥,[W;x]---] , where
the activation function vector of i-th layer has the form W¥;[-]:R™ > R" defined as
VE1=1y1 (G (&), ', i=1--,L. All the connecting weight matrices
W e R""=1 from the i-1th layer to the i-th layer will be determined via learning
algorithm, such as back propagation (BP). In most cases, activation functions y;,

j=1,---,n;, of neurons in all L layers adopt sigmoid type or line type. Denoting the
minimum and maximum values of y; as &; and J; respectively, it follows
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1
y;= Zh 0 ji. » which is so-called min-max form of activation functions, where 7,
k=0

1
is real number associated with y; satisfying 4, >0 and Zhjk =1. Define a set of
k=0

index vector of the i-th layer as L, ={V€ R" v ; €{0, 1},j=1,-~,n,»}, which indicates

that the i-th layer with »n; neurons has 2" combinations of binary indicator with
k=0,1. Obviously, all the elements of index vectors for all L-layers neural network
have 2" ..-2" x2" combinations in the set Q=T, --®T, ®T, . Substitute in the
min-max formed Y¥;, nonlinear functions f(x) can be rewritten in linear difference
inclusion (LDI) form as

F) = Y a4 I ¥ x = gy Ay @

veQ
where 4, is a set of the matrices of appropriate dimensions, which can be computed

by optimal weighs Wi*, activation functions ¥; and all index vectors v . Coefficient
4, is a product of real number h; of all neurons in whole neural network,

obviously, x, >0, Z,uv =1,for ve Q.
14

For dynamical systems with nonlinear function f(x) as in (2), considering state
feedback controller u = Kx, we introduce following definition based on (1): Given
region D with selected gain matrices L,M , the poles of dynamical systems with
nonlinear f(x) will be restricted in D, if there exists a positive symmetric matrix P
satisfying

LOP+M@P() pdy+BK)+M" @ p, 4] +K B )P<0, €)
14 14

where Bis the gain matrix of control input. Pre- and post-multiply above (3) by
I®P7' letP'=x, kP =Y, and keep in mind the coefficient g, defined in (2),
above inequality (3) is guaranteed by following condition in term of a set of LMIs

LOX+M®(A,X +BY)+M" ®(4,X+BY) <0. “

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 u =YX 'x such that

the so-called poles of resulting closed-loop systems are forced into a region D with
gain matrices L, M .
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3 Application Study

Consider a simple model of inverted pendulum given by [13]

F‘} g ¥ L (5)
Xy TSln(xl)_EXZ +Wu

where ¢=9.81, /=10, m=1.0, k=20, x; =0 is the angle (in radians), x, =6 is
the angular velocity (in radians per second), and » is the control input. The model is

_ 0 1 - 0
easily rewritten as x=Ax+Bu+ f(x), where 4 ={ } , f(x)= 9.81{ } ,
0 -2 S(xp)

B=[0 1]", f(x)=sin(x).

Introduce a 3-layered neural network to approximate nonlinear function f(x;) , and
its middle hidden layer has three neurons z;, z, and z;. From input layer x; to
output layer f(x;), the weight matrices are given by W, =[w;; wy, w;l’,
W,, =|wy, wy wys]. Here, the hidden layer and output layer define the same

sigmoid type activation function, ie. y;(5)= -1,j=1---,n;,Yi,j. The

2

28
maximum and minimum values of y, are 5./-1 :1,5_ j0=0, with hidden layers
(j=123) and output layer (,j=4). Applying basic back propagation learning
algorithm, for input/output data x; —sin(x;), all the weights among the layers are
obtained as wy; =0.2282, wy, =2.0345, w3 =0.8581, wy; =—8.4883, wy =—1.6492,
wy3 =6.9209 and f(x)) =W, [W,, ¥ [W,;x;]]. Using min-max form of activation
functions, the three neurons of hidden layer can be formulated as

1
2, =(hjd y+hjo8 0w jx) = Zhﬁ/ﬁ wixy s =123, 6)
i;=0

Similarly, the output layer of neural network follows

1
fx)= Zh4i4 843, Woelz1 25 231"
iy =0

ZIUVA X = zzzzh4l4h313h212hlzl (43, [81;, Si, O3, 1W; o WD)y,

iy =0i3=0i,=0i; =

Obviously, Zﬂv ZZZZ’% hyj hyi by Ay = 64;, [0y Oy, O3, 1V oW,

i4,=01i;=01,=0 i, =0
where o denotes array multiplication and the subscript v is given by
v={li i i iy]e R*|i;€{0, 1}, j=1,2,3,4}.

(N
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Thus, by computing, we get Aygg; =0, Agor1 =59388, Ao =—3.3553,
A0111:2.5835, A1001:—1.9370, A1011:4.0018, A1101:—5.2923, A1111:0.6465.
As simulation examples, consider a disk of radius 4 and center (-¢,0) with

.. . —d + .
characteristic function f (z) ={ 4 dz}’ assume d =q =9, by solving LMIs (4)
q

. -9 9 01 . .
with L:{9 9} and M ={0 0}, a pole placement controller is obtained as

K =[-61.8317 —13.4424]. The transient response of the inverted pendulum displays
in Fig.1, compared with cases d =¢=20 and d=¢=50. Consider vertical strip
Re(z) < —a with characteristic function f,,(z)=z+ZzZ+2a<0. Assume a=0.2, by
solving LMIs (4) with L=04 and M =1, the transient response displays in Fig.2,
compared with cases ¢ =0 and a=1. From Fig.2, obviously, the large the value of
o is, the faster the transient response is.

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 D={ze C: f;(2) <0, f,,(z) <0}, the

pole placement controller may be obtained by coupling LMIs (4) with different M, L
on common matrices X,Y .
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F.Liu

Conclusion

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-

F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 129-137, 2004.
© Springer-Verlag Berlin Heidelberg 2004
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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.

Af Q> R’

Assumption 1. Function vector , Qbelongs to a sub-compact set of

T
R" V ¢ [81 & 8’] ,gl > 0, there always exist an optimal Gaussian base

* . pn / * Ixr
function vector ? R R and weight matrix W €R™ guch that

Asz*Tq)*+£,Ver, (1)

. 2 s a2, o\
where ¢ =[exp(—“g—yl“ /0'12) exp(—”g—y,“ /0',2)} , M i=12,01

is the optimal center,/ is the number of hidden layer nodes, O l* ,i=12,...,1 is the

optimal affect size, ¢€ R" is the input of RBF NN, and ¢ 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 W =W -W . g=p-0", I, =p,—-p, 6,=06,—-0,,
i =1,2,...,1. The output approximate error of fully tuned RBF NN can be expressed
as:

W o-WTp =W (o=, ii—i, 56+ W (3, i+, 55)+d,, @
where the up bound of d,, is:

*

I, <] o'W, LB

Wr(ﬁ;l“+

+HW*T

i+

oo i

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

X, = £i(X))+ g(X))X,, X, =f2()72)+g2()72)x3, “)
...... ’Xn zfn(‘?n)-i_gn()_(n)M’ (5)
where X, = [X I x l.T]T, fl()? l.T), 8 ()? I-T) are uncertain functions in the sys-

tem, X; = [xil Xy, ]T , i=1,---,n, n, is the order of the i th sub-block, and ue R”.
In fact, we can diVi/de the uncertain function into two parts, namely, the nominal part
and the uncertain part: fl()?l)z S ()?i)—i- Af; ()?i), g ()?i)z gio()_(i)+ Ag; (Xi),
where g; ()_( i) is invertible, f;, ()? i), 8o ()_( i) are the nominal values, and
Af; ()? ; ), Ag,; ()_( i) 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 X, .

Introduce a new error state z, € R" , and define
5 =X, =Xy i=L-n, (6)

where X, is the desired state trajectory. From (4) - (6), the error state dynamics can
be expressed as

z'lzfl(Xl)'i'gl(Xl)Xz_de' (N
Step 1: Considering and rearranging the system (7), we have
@ = fio(X))+ 810 (X)X, - X1y — 1, ®

where | =—(Af,(X,)+Ag,(X,)X,) is introduced by general uncertainties. We ap-
ply a fully tuned RBF NN to compensate the affect. Assume that

1= Wl*T(”l* (Zl )+ & 9
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r
where Z, = [XlT XZT] is the input of NN, subscript i in W;, ¢;, 1, 6, denotes
the NN parameters of the ith sub-system, and g, is the construction error of NN.

Taking X, as a virtual control of (7), there exists an ideal virtual control

X;d = _81701 (Xl )[flO(Xl)_de +hz _Wl*Tfﬂl*(Zl)_gl]’ (10)

such that 7, =—k,;z, + glO(X1 )(X2 - X;), where k; > 0 is a design parameter. Be-

cause X ; is not available, we choose the desired virtual control as
— - d ~ A
X0 =81 (Xl )[flO(Xl)_Xl +hz - WlT(pl(Zl)_vl], (11

where Wl , @, are estimates of Wl* and (01* respectively, and v; is a robust term, de-
fined by (22). Choose Lyapunov function as

b S L i

|4 =—z1 7+ —trW ry W +—=>\uy; 1,4.”1i +—=>1,0, (12)
2 2i=1 24

where W, =W, W, = py, -, 0, =G, — O, iy, G, are the estimates of

uy; and o, respectively,izl,---,l,FWI=F,TV1 >0, F1”=F1T,l >0,1", >0 are

design parameters. According to Theorem 1, the derivative of V) is given by

v, =—k1||z1||2 +2{ £0(X, (X, =X, )+2d, — 2] & +t”[n~/lTr;Vllp;l}

Tl (sn A~ 13
+2 [Wl (¢1_‘P1ﬂ~*.”1 (01.7 *0'1)+W ((01,4 *.”1+(plo' *‘71)] (13)
/ ~ 1~ I~ ~
+Zl(.”1rirl,}.”1i )+ v +er10}0'1i0'1i
i= i=
Let the parameter adaptive laws of NN be
1 w,\@1 =Py F B P15 R0 R By 12P1u, W31 )i s
61 =-Tyohrg, Whz) =10, (15)
. A0 s
where  Jy,,6,,,0,, >0 are parameter to be designed, ¢, ==, Yo and
i

(lel )i denote the i th element of (ﬁl u ,(ﬁio and W,z,. Choose the robust term as

Ao
(010'

2 =—z1(HW1T¢3iuH2 + “ o +Hé>ia.*&lﬂzj/m, (16)
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with 77, > 0. Substituting (14)-(16) into (13) and assuming that ||£1|| < €y, we can
get that

-k "zl "2 +2] 810(X))zy + ¢y, (17

|, =2
R 21 R R

Step 2: Choosmg Lyapunov Function as

[(2"'[ 771 ‘

where ¢; = ‘Wl

/

V.=V, +;z Z; +—tr[W r, W]+1 (,;l,rwﬂ,,) %z I,6; (18)
Jj=l
Similar to the Step 1, we have
V< =Shk |+ ol g0 (X +lailen + v+ el + She,)
= (19)

5_% 1 fllzfll *z‘giokf“)zm*rL\C]),
[(2+l)77, ”W n 7]1 H nl
4

where ¢; = ‘ +_81H
Step n: Choosmg Lyapunov function as

1 7 1 [=7 1 1 [ e
V=Vt 5205, +Etr[Wn ry Wn]+5tr[Wg r;w,)
(20)
~ T 1 ~
+ tr[Wganntn} .
Taking its time derivative

V=5l f X0 (8 =Xy = e W3, | @
where n:_|:Afn0(Xn)+)2nd_Xnd:|' Denoting gn()?n):zgnO()_(n)-i_Agn()_(n)

and assuming that it is invertible. Denoting [bi]-]z g ()? n),i, j=L,---,n, . For the

simplicity, uncertainties in the sub-system are approximated by RBF NN that only
weight matrix is updated

A-/A‘n()_(n)—i—)}nd _Xnd = Wn*(on +8Wn’Agn()?n)= Wg*(og +8g ’

W, = [(Wgcj )1><1]

u=- [gnO +W ¢g(Z )}»l[fno(‘?n)_ind +knzn +g(7)‘1—l)0(‘?(n—l))z(n—l) _Wn ¢n(Zn)_vn:|’ (22)

)’ Pon = diag((pn,---,(pn). Choosing control law as

', x(n, X1

n/l
where Vy = [vnl 5" "vnn,, ]T s Vi = Déﬁ Sgn(Zni )+ Umax Sgn(zni )leégy > Déﬁ 4
J=
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Dégij?i’jzl""’n

U,.x >0.From (22), we have

., are the up bounds of the NN approximated errors, and

A

zbl/|:f ( ) Xnd+kz +g(n I)O(X(n 1))z(n -1 Wn("n(zn)_vn] - (23)

J

Let

fno()?n 1; +“;(nd ot kn|zn|j +‘g(1;11)0()_((n1))z(n1)‘].:|
j .

J-3h|

7, n _ n, n,
+ ./Z_:‘Uby- ”WnT(on (z, )(_/ + Déﬁ} , by (Xn )= Z‘l‘b"f ‘EDSgﬂ , wWhere ||] denotes the ab-

solute of the j th element. Because D an be arbitrary small, following the idea of

egil ©
reference [14], we can assume that 0 < 4, ()? " )< 1. With (23), we can get

] < 0, (X, )+ U (X, 10X, )< U, (X,).

U ()_( )> max % (_") &4
max nj)— :1 1 h X

Equation (21)can be rewritten as

VHSV.H*I+zle(fHO(Xn)+[gHO( )+Agn( ) X +[A n()?n)_Aén()?n)]") ’
~ & ~ < (25)
+ tr[WnTI“;Vln W, } + tr[WgTFg_le }

Because W, Wgn 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

QWnOA{

<ﬂWn} QWnA{ <ﬂWn+ﬂ’Wn}’
~ 2
where, £, >0,4,, >0, Q A{Wg o SﬂWg},

gn0
. 2 .
ané{Wg p Sﬂwg+/1wg},w1th Big >0, Ay, >0.

The parameter adaptive laws are chosen as:

W;}n = FWnproj(Wn Dy, )’ Vf/g = ngroj(l’f/g P, ) 20

Defining the project operator as
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A 12 T
|~ i

2

A

A ~ 12 A
M,if “M“ > B,, and &7 M >0,
5, |

proj(M,¢M): M

D, ,elsewise

where M =W, . W, &y, =TIy z By and Dy, =—I',z,u (pg Using the results
of [15], we have

zn

. n 2 n—1
V<-3k, +Z(cj), (27)
Jj=1 Jj=1

where £ = min {Zk i } From (27), we can conclude that all the signals in closed-loop
Jleen s

system are UUB. So we can assume that

co=sup ( zzr[W r, W]+ W r;'w ]j Let ¢, =kc, and
W, WW 2

c= i . (27) can be rewritten as V' (¢) < V(O)e_kt ;c YVt > 0. Consider (20), we
j=1

can conclude that

4 () W) &~ 20 (1)
.fz::l Wj“ : ﬂ’min( : ) [t )’El O-j“ ) Arin IfJé oo
V(t)= %él“zjuz (29)
From (27) and (29), we have V(t) < _g i“zjuz + ¢ . Integrating it yields
j=l
Ble, @ dz <2l @+ ik j=1wn. (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 z; and the parameter estimated error of NN

are bounded and converge to the neighborhoods of the origins exponentially,

[V(O) + llcc}

Q.= z; W,‘u’
’ ﬂminrlf;}/

J

12k I <2[V(0)+ c} S|, [ <
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2{1/(0) + /ICC}

2
0'-“ <
J ( —1j ’
ﬂmin rja

) 2{V(0)+1c} .
2 Auin (T3 g
(2)The following inequalities hold,
lim%féuzj (T)ﬂzdz' <2clk, jé”zj“z S2|:V(0)+%C:| .

t—o0

2 =l
=

Remark 1. From the result (1) of the Theorem 2, we know that adjusting the values of

ki 0w .6, 0i5. Ty T, . Tip . 7;, 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:

X, = fl(xl)"'bl(xl)xz +h1(x1)u ,xz =f2(x1,x2)+b2u, 3D

x, =l B ¢]T’x2=[p q r]T’U:[é‘x J, 5Z]T

where 1
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.

. The meaning

T

Fig. 1. n, tracking curves  Fig. 2. ﬂ tracking curves Fig. 3. ¢ 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 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:

C=MoP" . (1

F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 138-143, 2004.
© Springer-Verlag Berlin Heidelberg 2004
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dk)
» M (Reference Model) ——»

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:

N 2
R(w, )= 3 (v(k) = d (k))’ @

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,xe R",¢:R" — R" ,we R",be R . (3)

with given training data {x, y;} (i=1...]) , (x, e R" is input data; y e R is output
data). The nonlinear mapping ¢: R" — R™ maps the input data to a so-called high-
dimensional feature space. In fact, with some kinds of mapping ¢, 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:

min R, 0n8)= 3 [y -0 g -bl, “
i1
st :(w-w)<C
Function |- |, is called € — insensitive function, defined as:
|y, —(w-9(x))-b|. =0, if |y, —(w-@x)-bl<e ; &)

=|y,—(wd(x))=b| -& , otherwise.

After rewrite the optimization problem and use the Lagrangian method [1,6], we
could get the final dual problem:
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1 ! !
max W@ .0 ) =-€Y 0, +3)+ Y 5@, =0)-05Y @, -0)0, =0 )K(xox) . O
i=1 i=1 i,j=1
1 1l
st >9/=>0, 0<9,/<C,0<0,<C .
i=1 i=1
For any given input data X , the output is:
@)

f(x)=w -¢(x)+b=i (0, —9,)K(x,,x)+b

i=1

The kernel function K corresponds to:

K(x.x,) = 0(x)o(x,) . ®)

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 ™ 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 M, is a unit mapping or delay system so that
the controller C learns to approximate the inverse system P"of 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) ) . )]

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 M, 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 :

yk)=qk+n); (10)

x(k)=[qk+n-1),...,qk),s (k+m),..s ®]" (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.

M, (Parallel Reference Model)|— 0%

(3 y (k)
&»M (Forward Reference Model) C (Controller)]f P (Plant) ——»

Fig. 2. New Model Reference Control Scheme

q k)

» M, (Parallel Reference Model)

\j

Learning Machine =
A

v P (Plant) s® [ (

Fig. 3. Scheme to Learn the Controller in MRC

4

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 G, is the transfer function of M. In our method, G is expected to
approximate G,, 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 G, with the artificial equivalent
noise e:

y=Gr+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=G,'e=G," (y-y,)=G," (y-G,n=G,'y-r. (14)
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However G, 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 G,

v=FG,' e=FG,'y-Fr. (15

The framework of our method is shown in figure 4.

v

—» | Scheme of Model Reference Control based on SVM

Robust Compensator: \PFGo'ly -Fr

Fig. 4. Framework of MRC based on SVM with robust compensator

[1 100 200 am 400 500 600

a) b)

Fig. 5. The simulations of control88 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
SNR = 25 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(®)yk-1/(1+ y° (K)+ y* (k-1)) + 0.3cos(y(k) + y(k-1)+1.2uk).  (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 0 =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.

Aurtificial 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.

u(k) = K| e(k) +% i ¢;(k) +%(e(k) —e(k—1)) | = kye(k) + kiTéoej(k) + deeT(k) (1)

i j=0

Where {k, =k, k; :TL’ kq =kTq }, T is the sampling period, u(k)is the output of the

1

controller, e(k) is the deviation.

F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 144-149, 2004.
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For equation (1), u(k) is the linear combination of e(k), Ti ej(k) and Le) ,l.e.
=0
k Ae(k
k) = ). T ey 0. 25 2)
i

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 deviatione(k), the cumulation

of deviation iej(k) and the variety of deviation Ae(k) . Only one node in output layer,
j=0

that is, the output of the controller u(k) . 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 f; (x) = x ; that of hidden layer is assumed the Sigmoid function f}, (x) = ! ;
1+e™*
and that of output layer is assumed linear functionf,(x)=x. 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:

J= 31y (+D=y(k+ DI 3)
Steepest descent method is used to regulate weights to make J least.
The networks inputs of input layer are {e(k), f ej(k),Ae(k)} . Corresponding weights
=0

are {1, T,1/T}.
Input of hidden layer’s jth neuron can be written as follows:
Iy :i%wijxi 4)
Where o; is the weight which connect jth(j=1,2...8) neuron in hidden layer with
ith(i=1,2,3) neuron in input layer; X ; (i=1,2,3) are the outputs of input layer, that is:

k Ae(k
X;=ek), X2=TZej(k),X3: ( ).
=0 T

Output of the jth neuron in hidden layer is
Oy =1, (Iy) (®)]
Input of the neuron in output layer is

8
Lor = 20,10y (6)
=
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o; (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

O =1, (Io) =1 (7
Output of the neutral network PID controller is
u(k)=0,, :f(Iol):I()l (8)

3.1 Adjusting of Output Layer’s Weights

Weight learning rule is

.
dw; &)

jl

Awj =—n

Where 1 is learning speed, it commonly is (0, 1).

)] A dy(k+1) 90, dy(k+1)
L =—(y, (k+)—y(k +1)O,;
do;  dyk+) 0, o pktD-yk+D)Oy du(k)

, (10)

jl

dy(k+1)
du(k)

Where is unknown which denotes system’s input-output relationship. For

y(k +1)

most systems, its signal is definite. =——— 1is replaced with sgn( : ), and learning

dy(k+1)
Ju(k)
speed m is used to equalize the calculate error. Adjusting rule of output layer’s

weights o is:

k+1
o k+D =0y &) +n(y, k+D-yk+1)0y; -sgn( 9 (1:))) 11
3.2 Adjusting of Hidden Layer’s Weights
Weight learning rule is
a __ o ol a] 00y oJ
A®:;: = —1N—— = — = s= O,:(1-0 i
O ey oy doy 190y Oy a0y wli-oy)x (12)
I B P R I SN I .\ S5
00y Ay @0y Ay Oy jm © ' A, T dy(k+D) 90, ! (13)
dy(k+1)
=—(yp(k+D-yk+Dwy u(k)

Where a;{;(k(;)l) is replaced by sgn(————+ y(( ))) learning speed 1 is used to equalize the
u

calculate error. Corresponding adjusting rule of hidden layer’s weights o is

Ay(k+1)

o (k+1) =03 ) +n(y, (k+1) —y(k+1)o ;0 (1-O0p)X; - sgn( )

) (14)
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4 PID Control System Based on Neural Network

As shown in the following figure, ris system referenced input, yis system output,

uis controlling output of neural network PID. Deviatione, cumulation of deviation

Yeand variety of deviation Ae 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 o; and the ones of output layers o, with less

random number, select the speed of learning n;

3. Sample the system, gete(k), calculate iej(k) and Ae(k) , which are the network
=0

inputs;

4. Calculate the outputs of hidden layer and output layer, get the controlling
amountu ;

5. Calculate the system output and get y(k+1) ;

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).

o =

l Neural u Controlled | Y
Referenced input r /.
need g he 1 Letwork PID - DiA s | object [

- 5.

['ArD transtation Measured
1 variables

Fig. 1. Neural network PID control system

5 Simulation Results and Conclusion

During the simulation, a typical second-order system, which model is G(s) = T is
s(s+

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 n 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 m have a strong
impact on the system. The response curves with different characters can be achieved
by adapting the learning speed 1, because the regulation range of the weights depends
on it. The regulation range of the weights is smaller, when n is small. While, it is
bigger, when 1) is bigger. In the figure following, the influence is well shown.

1
0.0001s2 +0.0002s +1
unit step signal, the sampling period is T=0.05s, the learning speed is 1=0.01 and
1n=0.03 respectively. And the response curves for the unit step signal are shown in
Fig.3.

The model of the controlled object is G(s) = The input signal is

Simulation Response Curve

10,03

0 500 1000 1500 Z000 2500

Fig. 3. The response curves of the system with different n

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

y(ky =20 (K)y(k ; D+uck-1)
1+y2(k=1)

Where a (k) is a(k)= l+0.lsin(%) .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 n=0.03, sampling
period T=0.05s. The system has better input signal trace ability and excellent
robustness.
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Simulation Response curve

o 500 1000 1500 2000 2500

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. Itis 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°C,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:

T(k+1)=o[T(k),V, (k),V,(k),V.(0)] M

where Vw (k), Va (k) and Vc(t ) denote the speed of the cooling water , hydro-
gen, and the air respectively, and 7' (k) denotes the operating temperature of the
stack, denotes the nonlinear relation between 1 (k) ,VW (k) , Va (k)
and Vc (Z ) 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'(#) with input

vector # € U < R" and output vector y € Y < R"™ . It can be regarded as a sys-
tem consisting of 72, coupled (multi-input and single-output) MISO subsystems, each

of which can be fit by a fuzzy T-S model independently. We define
{u, (k)35 =[u, (k),ou; (k= nuj + DI(j =1,....n)), 2
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(Y =1y, (k) y (k—nyl + DI =1,...,n,) 3)

with nuj and nyl being the order of u ; and Y, respectively, and then each multi-
input and single-output (MISO) subsystem can be denoted as:

y(k+1) = f(x(k)).I=1,...n,. 4)

x(k) =[{u, ()" oo (e, ()} {0 (O} os {3, ()} ] )

x(k) =[x,(k),...,x,(k)]is the regression data vector consisting of input/output

data at the k" 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 i rule of the I" output is given by R, ;. 1f x(k)is A, Then

Vv (k+)=pi o+ plx (k) +...+ pl x, (k)i =1,....c ©)

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 Aj is defined as the Gaussian

product function. The weighted average defuzzifier is in the form of Eq (8) and Eq
9).

M (x,) = H(exp(——( TV )ay) 7

117

v (k+D)=> w(l x,1=xp") /[ Dw, )
i=1 i=1

mp zp
W, H(eXP(——( )*) ©)
tp
where, X is the m™ data vector, p = 1,..n, nis the dimension of the data vec-

tor,v; =[v, U, ...V, ] and ©,=[0, 0, ..0,] are the membership function

L
. - I 1 1 I I I T
parameters to be identified. Here,@= [P, o... Doy Pii--- Poy- Dip - Pon]
the consequent parameter vector to be identified, c is the number of fuzzy rules and

W, is match degree of the x, =[x, ...x, ] with respect to the i" 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 X = {xl yeees Xpgenns xt} (t1is number of training data) produced by the controlled

plant, find a parameter set of fuzzy system that minimizes the output predictive error:

t A
E=Y Vw—Vin) 12 (10)

m=1

A

where, ), is the actual output of system with respect to the X, , y,, is the predic-

tive output of fuzzy system. From the above, we can determine gradient of £ with
respect to design parameters of the fuzzy system and obtain the learning algorithms of

V,,0;and p;.

oE oE

v (k+D)=v (k)y-a——:(),0. =0, —a—

L, (k+D) =0, (k) avi’p()oy,p(kﬂ) o, k) aa% k) an
oE oF

Piolk+1) = pio(k)—a=—(k), P, ,(k+1)= P, (k) —a———(k)  (12)
P, p;,

Here, ¢ is the learning factor, and p = l,..n.

The BP tends to fall into local optimum, so the initialization of the design parame-
ter is very important. Here, the fuzzy ¢ means (FCM) [3] clustering is used to initial-

ize the premise parameters ¥, and 0, . Using FCM, we can obtain the cluster centers
¢, =[c,....c, J(i=1,...,c) and fuzzy partition matrix U _, (U, is the match de-

gree of X, to the ¢ th cluster.), which are used to determine the initial value:

vl.=ci,0'l.=ﬂ*2(Uim*||xm—ci||) iUim i=l.c 13
m=1 m=1

where, /3 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
¢ 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 pl.l should be rectified online. From Eq. (8), the Recursive Least

Squares (RLS) is used to rectify the parameter vector & .

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°C.

100 ns
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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.
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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 (FUQO), 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

F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 156-162, 2004.
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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

[ 1 (k, 1
S):S|:S+B/J(JU(S)_JTI +5ﬂ 1)

where J is the moment of inertia, B is the damping coefficient, @ is the rotor
position, 7, represents the external load disturbance, f represents the effects of
parametric variation, external disturbance, U is torque current as the control input
and K, is the torque constant, respectively. The nominal model of the plant can be

depicted in Fig.1.

o) + ¥ T |4 [ 1 |9
KT s+B[T s

¢
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.

v ()= (-x2) 2 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

w_,»(x)=%”[xc_zbjj: 1—[x_bjj2 e{xm/z,jﬂ,--d 3)

a;

J

The number of neurons in the hidden layer is five. To realize the control object, define
the tracking error as e(k) = r(k)— y(k), where (k) and (¢ ) 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. x = le (k ), e(k )(1 —z! )J

3 (e
\Iglkl

Oneline learning
Algorithm

Rl |~ elk! - ld

> ulk! + | ylkl
+ 41 - + WNC ] Plant —+>O——)'
- Z
dk=1
Fig. 2. Wavelet neural network Fig. 3. Block diagram of WNN based control
architecture system

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

[

€ =r— y ) J = —e

2
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

“
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The first layer (i.e. the input layer):
net =x, y =f! (neti1 )=net,.1 ,  i=12 (5)

The second layer (i.e. the hidden layer):

2 < _
netk—Zwkixi, Yk—fk( ) (net,f) k=1,...5 (6)

The third layer (i.e. the output layer):
net’ ZW y? :f3(net3):net3 o =1 7
J ] ’ 4 4 4 0

In the output layer, the weight is updated by the amount

dy. Onef
Awi (1) 8
v {773 o | anei o ®)
and the error term to be propagated is given by
Y W Waedy N
’ , Oedy, dedyoy,
In the same way, the weight in the hidden layer is updated by the amount
aJ oJ onet; oJ dy; |onet;
A ()= —m) = o2 S S ) L SIS ()
ow,, onet, ow,, dy, onet, ) ow,,
where
¥ A el A D v
25= 2 37 2 e an
dy;  dner Iy anef onef,
where
dy’
oJ _ dJ 9y, 5 (12)

onet. Byo onet.

In addition, the parameters of wavelets are also adjusted equally according to the
negative gradient method. First the update law of the dilations is

v dy: oner,
Aﬂj(f)——ﬂg ﬂay tg

J J

13)

and the update law of the translations is
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RV (& onef
No(t)=—— =T —| == (14)
' b, o; \onef b,
where
3
oJ oJ onet] 5w s

2 = 3 2
dy; Onet, Oy;

J

where 7], and 77, are the learning rates of the dilation and the translation,

respectively.
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Since the plant is normally unknown, the sensitivity term dy / dy, 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:

O =e (16)

o

4 Simulated Results

The parameters of the plant model follow as
K,=0.5Nm/A J=5xI0°N-ms> B =5x10"N-m-s/rad (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:
X, is system-error e(k) , X, is first order difference of system-error Ae(k) , and X, is

second order difference of system error Ae’(k):

X, =r(k)—y(k) )
X, =e(k)—e(k—1) ()
X, =e(k)—2e(k—1)+e(k—2) 3)

where 7(k) is the reference enactment signal of the system, y(k) is the real-time

signal that the sensor gathers. Neuron controller output U (k) is:

U = Utk =1+ KX W,(6).X, () @

where W, is the input weight and K (k) is proportional coefficient of neuron. In or-

der to ensure convergence and robustness, standardization learning algorithm can be
adopted:

Uk =U(k—1)+ kij W (k) * X (k) )

LA ©)
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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
W, should be concerned with the correlative functions of input, output and output er-

ror of neuron, hybrid Supervised-Hebb rule is adopted:

W, (k) = W,(k—1)+1,* X, (k) *e(k) * U (k) 0

where ), is the learning rate of the system.
In the single neuron adaptive PID control algorithm, the value of 7, 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 7, will reduce the er-

ror for the revision value of weighting value W, (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 K (k) is the key of

the whole algorithm. If sgn[e(k)] = sgn[e(k —1)], then

e K(k—1) (8)
K(k)=K(k—1)+ T
T,(k) =T, (k 1)+ L xsgn[| Ae(k)| — T, (k — )| Ae(k)] ©)

where 0.05< £<0.1,0.025 < ¢ <0.05 . Ifsgn[e(k)] # sgn[e(k —1)]

K(k)=0.75K (k —1) (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:

x, = 0.000001, x, = 0.00004, x, =0 (11)

w,(0) =1, w,(0) = 3,w,(0) = 0,K(0) =2 (12)
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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 P, is the hydraulic pressure, P, is the actuator pressure, and Q, is the
material flow from control valve to the line, Q, is the material flow from the line to
the actuator, and X is the ram position. From the figure, it is seen that the inputs
include the pressure of the pump (P, ), the nominal material flow (Q,,,) and the initial
ram position (X,).

Psup

Onom Xram
— 01 —» P1 [ Q2 ™ P2 [—m

Xo — gl L y

t

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 y,(f) is the desired ram trajectory, then the control

scheme can be described as
u, () =u’ () +u”(t)

. 1
cu " K (5, (0 =y (0)+ KL (5, (0 - 5,(0) M

where the subscript k& of each variable indicates its value at the kth iteration.
u”" = K,(y,0)=y,(0))+K,(y,(t)—y, (1)) 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 (k —1) th operation cycle [5]. During the control period, the weights of

the well-trained NN controller are fixed and provide feedforward control signal,
uk"” (t), 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.

NN ya
Feedforward u_ k(1) )
yu(t Controller Yk

Vot (1)

e | 4 70)
—_— Feedback Plant
— | Controller u’/bk )

Fig. 2. The proposed NN learning control scheme (left) and the multi-layer NN (right)

A 4

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 x=[y y ¥]". Each input state

passes through a nonlinear threshold activation function as
h(x)=1/(1+e**") . )

where A >0 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:

60 —20(t —sin( 27t)/2x)  O0<t<1
x(f) =40 —12.5(1 = 1) l<t<2 ° 3)
2.5425(¢-1)" 2<t<6

Then, we select K, =-100, K, =—5 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.

=G0 2 EO
g — -Desired E — - Desired
' 40 —th tteration| g 4 — Tth tteration)
= - - Iritial PO B - - “Initial PC
% %
2,20 220
& o : 1@ g : ]
0 2 4 0 2 4
Time (5) Time (5)

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, f,(¢)=1.5x10"sin(12¢), 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, Q,:

,Psup—Pl
0=0,, T(f—f)- (A1)

where, Q, 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; P, is the
hydraulic pressure; P, is the pump supply pressure and 2500 psi at maximum;
Q... 1s the nominal flow, it is a function of flow control voltage.

2. The pressure in the line, P,:

jﬂ —(0, = Q,) * saturation . (A.2)

where, f, is the bulk modulus (= 5.75x 10’ P_ in this study) and V, is the volume (=
0.002 m’); Q, is the material flow from line into the actuator.
3. The flow to the cylinder, Q,:

0, =CvP-P, . (A3)

where, Cv is the orifice coefficient (= 6.0 X 10°).
4. The pressure in the actuator, P,:

j 7@ -CR - 4,2 ””") (Ad)

where, P, is the actuator pressure and X__ is the position of the ram; A_ is the area
of the ram cylinder (= 0.02 m’); C, is the leakage coefficient (= 3.0 x 10™"); V, the
actuator volume (=0.003m”).

In addition, the pressure in the nozzle is:

= I%( v, -0, . (A5)

ram

where P, is the pressure of barrel nozzle and A, is the area of nozzle; Q, is the
polymer melt flow rate ( =10 L/min); £3, is the nozzle bulk modulus (=5.0x 10 P.).
And the ram velocity is:

o1 o (1/n—=1)v. '
v =7 | B BA - 2R, (X, +Xmm)(m : (A.6)

where, v, is the ram velocity; M is the actuator mass (= 80 kg); R, is the nozzle ra-

dius (=0.0175 m); n is the power law index for polymer melt (= 0.8); 77 is the vis-
cosity of the material (= 460); K, is the ratio between screw radius and nozzle ra-
dius (= 0.9); X, 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
NN 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

Y+ =fly@), -.u@®), -1, (D
where u(t), y(¢t)are nxl input, output vectors respectively and f[-] is a vector-

based nonlinear function which is continuously differentiable and Lipshitz.
Suppose that (ul ., ),- --(u, .Y, ),m(um ,ym) are m equilibrium points. At each

equilibrium point (ul ,¥,), using Taylor’s formula, it obtains

D=3+ Y S e y@=n,+n)-y] +Zh;]f' - fu—n, +n,)-u,] )
= el
+o[x(t)],
where = &y(tfi, ey 1n T au(tiz oy XO=bO-y a0 -u
o[x(1)] satisfies Xl&)rg()% =0, where |||| is the Euclidean norm operator.
Define
YO =yt -y, 3)
u(t)=u(t)-u,, (4)
v(1) =o[x (1], (5)
A, =D f, w1 =1,--,n,, (6)
B, =f, ;Z‘;’,’nz:o""’"b’ )
A =T+A;z" +-+A, ™, ®)
B'(z')=B,+B;z" +--+B, z". 9)

Then system (2) can be rewritten as
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A'(ZHye+1) =B (zHu@)+v(). (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 (%,,y,) , the system (10) is excited using white noise. One
BP network NN, is trained off-line to approximate the system’s input-output mapping.
So A'(z") and B'(z), the estimation of the A'(z") and B'(z"), are obtained.
Then another BP network, NN,, is employed to approximate v(¢) online, i.e.

v(t) = NN[W ,x(1)] , ar)

where NN[-] means the structure of the neural network and W is the weighting
value. So the model at the equilibrium point (x,,y,) 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

l 2 ! 2
J=le'@| =|yo-y'@|, (12)
where e'(f) is the output error between the real system and the model I. y'(¢) is the

output of the model /. Let j=argmin(J,),l =1,---,m 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
17/ (t) and the output y,(t),(j#i) is viewed as measurable disturbance. Then (10)

can be rewritten as

Ay +1) = B (2 Ya@)+ B (zu@) +v(@), (13)
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where E’(Z")=diag[B;(Z")] is a diagonal polynomial matrix with a known

nonsingular matrix B}, B'(z")=B'(z")—~B'(z"). For a simple case, A'(z") 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

J, =[PE)¥E+) - R Wwn) + Q@ ua@+ S, a@n+S,wo . (14)
where w(z) is the known reference signal, P(z™),Q(z"),R(z™"), S,(z™"), S,(z™")
are weighting polynomial matrices respectively. Introduce the identity as

P(z"H)=F(z YA )+z'G(z™). (15)
Multiplying (13) by F(z™') from left and using (15), the optimal control law can be

derived as follows

G(zHF(O+[F(zHB(z")+Q Ha®) +[F (z )B(z ) +S,(z Hla() (16)
+[F(z)+S,ZHIv(@)=Rw(1),
combing (16) with (13), the closed loop system equation is obtained as follows
[P(z")+Q(Z")§"(Z")é(z")b(ﬂrl) = [ (Z")E(Z")"E(Z")—Sl(z”)Jﬁ(t) (17)
0B -5, +RE W)

To eliminate the nonlinear form and the interactions of the system exactly, let

Q(z")=RB(), (18)
S,(z")=RB(), (19)
S,(z)=R,, (20)
R(z")=P()+RA(), 1)

where R, is a constant matrix and decided by the designer to guarantee the stability

of the closed loop system. So P(z™"),R, are selected off-line to satisfy
B(z")B” (DR P+ A )|#0 [>1. (22)

Although the second u(f) 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

[F(z)B(z)+Q(z)+S,(z )Hu(t)+ (23)
Gy +[F () +8,(z (@) =Rw(0).
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Remark 1. Equation (23) is a nonlinear equation because u(¢) is include into the

nonlinear term v(¢) . Considering u(¢) will converge to a constant vector in steady

state, then substitute u(¢) in the nonlinear term v(¢) with u (¢ —1) and solve (23).
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Fig. 1. The output y,(z) of NNDC
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Fig. 3. The output y;(t) of MMNNDC

4 Simulation Studies
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Fig. 2. The output y,(t) of NNDC
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Fig. 4. The output y,(z) of MMNNDC

A discrete-time nonlinear multivariable system is described as follows

-0.2y,(t)

WD =T

y,(t+1)=0.6y,()+0.2u,(t)+1.3u,(t —=1) +u,(t) + uj(t) +

+sin[u, (¢)]—0.5sin[u, (¢ =1D]+1.5u, (1) +0.2u, (t - 1)

1.5u,(t—1) » (24)

l+u; (r—1)
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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, w, equals to 0 and when ¢ is 40, 80,

120, 160, 200, it changed into 0.05, 0.15, 0.25, 0.35, 0.45 respectively, while w,

equals to O 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, ie. [0,0]", [0.1,0]", [0.2,0]", [0.3,0]",

[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].

F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 181-187, 2004.
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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.

. u Heatine water
Tch Y - T,

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:
0y = plg @) +d() 1€ (O1,....n) M

where u ¢y and d denote the input, output of the process and unknown disturbance,
respectively. The first-order FBALC [8] algorithm can be written as follows:

g () = g () + Hy(q D) = yeo (D1 + Ho (g™ DIr@) = yi (0] 2)
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where the subscript &k , r denote the batch numbers and the reference trajectory of the
process output, and H, and H, 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=P(g™)H (g ™)| <[+ P(g™HH, (g™ ®

more precisely, we can have:

lim|r—y,[, =0 @)
fimlr -,
where g =e”" , whe [0,7], h is the sampling interval.

There are many possibilities for choosing H,. Among them H=P"' 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 H, (3) can be rewritten as:

_ PG

) 5)
P(g™")

<|t+ P HH (™)

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 y, ,(t), u,(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 Fi (q'l), control law (2) can be rewritten as:

e (1) = F(g DY g1 )+ P r() =y O+ Ho (g HIr0) =y 0] (6)

Note that F(q") 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 (N
Y () =P (q u, (1)
Rewritten (6) by the subscript k of reference trajectory, we have:

e () = F(qg Y gy 0+ P ey (0 = e ON + Ho(g DI -y 01 @

Substituting (7) into (8), omitting (-) and attaining equation:
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F P P FP 9
ey [ k k k rk1:|

= ——lep_ 1t ————| "k —
1+PkH0 Pk—l P 1+PkH0 Pk—l

where e,=r-y,, €,,=r, -y, For k — oo as € () =0, the following two conditions
should be satisfied:

10)
P P (
F k k<1
1+PH,| P, P

FP (11)
T = Ti -1

Pr_1

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 is7=t,-f,, we have:

Ky o yor o __ 1 (12)
TPS+le u(s) y(s) TFS+lu(S)

y(s)=

where T, denotes time constant of the process, y=T-T,,, u=T-T,, T,and T, denote the
reactor and jacket temperature, T, is lower than the reactor target temperature 7. at
the FBALC is started. If the process gain and pure delay time are invariable, K =1,
dynamic properties of the process are realized by a parameter 7,, Rearranging (12),

we can have:

u(t)—y(y T,;(t)-T, (1) 13)
dy (1)/dt —  dT,(t)/dt

Tpr =

Choosing reference trajectory as follows:

Trref ([) — (Trsp _ T,-O ) + (14)

S
N
{a ] +1}
TrO
where N is a constant,¢ is the slope of the tangent line that is denoted by the

following equation:

Tr() - Trl (15)
t, =1

o =

Because of |F (jw)|=1, condition(11) can be rewritten:
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T+ (16)
Ty (S)— TP s+1 Ly (S)

Applying the initial and final value theorems to (16):

dr, B rr, [ dr., _O.ﬂ :% 17)
do |, |\ rf | dr |, ldr). | dt]..

where the reference trajectory is [dry /dt]

/0o =0 . 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, u,, K, T,, T, need be tuned, that are
the initial value of output, proportional gain, integral time and differential time,
respectively. The tuning process is:

where Aug, oy are the initial value change of controller output in the normal
circumstance and the slope of the heat-up tangent line, respectively. k,, is a given
tuning coefficient. In Fig.1, Au is tuned automatically according to . The formulation
of K, T, T, self-tuning are:

19
T, T,»=r32+6T/TP T, = 4 (19)

KczT_P(i+ Y
13+87/TP 11+27.'/TP

Kp 3 ATp

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™/(20s+1), the iterative
=85, Aup=10, T."'=75, T =65, the
sharpness coefficient of reference trajectory N=1, the slope of heat-up mass flow
ap=3.19, the tuning coefficient of PID initial value k =4.5. The curves of ideal

learning filter is: F(g~')=(1+0.5¢7"+0.5¢72)/2, u

max

control are shown in Fig.2b.
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Fig. 2. Diagram of process parameters estimation and control

a t/min

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°C and -5°C, 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°C/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.3¢, #1°C 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(k=2.5, t=6.0, t=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 (k=2.5, t=6.0, t,=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

F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 188-193, 2004.
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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 X, =(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

1 2
E, :Ez(dpj _ypj) ’
j

where d, is the desired output for input pattern p and y, is the actual output pattern.

1)

Equation (2) mathematically defines how the connection weights of the network are
modified

,(t+1) =@, (1) +15,y, . ®
where @, is the weight of the connection between neurons i and j, and 77 is the

learning rate. 6, =(d,, —y,;) if neuron j is an output layer unit and &, = Z§kwjk if
k

neuron j is a hidden layer unit. The choice of an appropriate learning parameter 7

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 ANNSs in the power industry are expanding, Park er 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-controller 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” 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

F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 194-199, 2004.
© Springer-Verlag Berlin Heidelberg 2004
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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 10 ~ 15 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 proportione 15% ~ 20% .

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 7', the time variable is ¢ ,the
fermentation time length is TimelLength, seeds’ preliminary parameters are

Z,,Z,,"**, Z, , culture medium preliminary ingredient proportion are k,k,, -, k,,
then the fermentation preliminary parameters are z;,z,,-:-,z,,,k;,ky,---, k, .
According above discussion, there exist mapping relationship as following :
The fermentation time length is
TimeLength = Function _TL(z,,25, ", 2, ki, ky, "+, k,) ()

The optimal fermentation temperature trajectory varying with time is
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T(t) = Function _T(zy,25,*",Zps k1> kyr s kpst) (2)

s Ny

t€ [0, TimeLength]

Formula(l) 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.

S Application Method

In a fermentation batch, suppose the fermentation time length is TimeLength and the

fermentation preliminary parameters are z,,z,,-:*,Z,, k. ks, ", k, .
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(1)Get the fermentation time model Function _TL

We use a RBF neural networks to get the fermentation time model.

Let the preliminary fermentation parameters z,,z,,:-,z,,,k,k,, ", k, as input
and the fermentation time length as output to construct a RBF neural networks which
has (m+n) 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 Function _TL .

(2)Get the optimal fermentation temperature model Function _ T

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 7 (€ [0, TimeLength])

as inputs and the optimal fermentation temperature trajectory varying with time as
output, construct a RBF neural networks which has (m+n+1) 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 7 (¢ € [0, TimeLength] ). 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 Function _T .

(3)Get the fermentation time length
TimeLength = Function _TL(z,,z5,**,Z,,. k|, ky,-*-,k,)

(4)Get the optimal fermentation temperature trajectory varying with time
T(t) = Function _T(z,,25,*, 2.k, ky,-+, k,,t) (t € [0, TimeLength])

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.
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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:

z, seed cell shape index! 0.8

z, seed culture medium pH 6.9

z3 seed culture medium miscellaneous bacteria contamination and phagocytosis
index? 0.01

culture medium preliminary ingredient proportion(fermentation tank’s effective
capacity is 38 tons)

k, yeast 1.169%
k,  amylum 7.792%
k; bean cake powder 1.169%
k, corn plasm 0.91%
ks earthnut cake powder 1.2%

The fermentation temperature curve varying with time in the optimal fermentation
process is showed as figure 1.

! Indicate the growth status of seeds. Its range is from O 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 O 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 TimeLength = 285 .

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 ElIman 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 S-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.

1
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 Ue R™and its
output Ye R?, Xe R" acts as state variable (see Fig.1).

=W, 6(W,-|UK)|) (1)

P{(kﬂ)
1

X (k)
Y (k) }
where W, € RV W e RV = and  ¢(X) =diag{o(x,),0(x,),.... 0(x,)}.
when o(x) is a sigmoid function, It is called nonlinear state space neural network. Let

W, e R and W, e R™", an autonomous neural system is produced and given
by:

X(k+1) =W, -6(W, {X(lk)} ) 2)

The model is called linear state space network when transfer function o(-) is linear
function, and the linear neural system is given by:
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X(k+1) I X(k) 3
Y (k) C o U

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
X(k+1) = -X(k)+ -U(k)
4.2227 -3.0201 0.081220
Y (k) =[-0.49571 0.62325]-X(k)+0.040001-U(k)

“

A second order state-space neural network model with W (2x3), W,(3x2), is built
to model the dynamic system. By using numerical optimization algorithm to minimize
the error between the network output and the ideal output, W,, W, are found as fol-
lows:

0.67903  -0.19202
W, =(0.47575 -0.27582
0.074888 0.18704

[0.63934 -0.69824 0.20667
'710.52390  0.72704 0.13112]

The obtained state-space neural network is:

0.33353-0.61373] 0.11516
X(k)+ -U(k)
0.15967 -0.53272 0.062158

Y(k) =[0.14587 0.083697]- X(k)+0.040001- U(k)

X(k+1)= {
Q)

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).
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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
0.04000Z> +0.03000Z +2.105¢ -5
Z? +0.20000Z —0.07961
0.04001Z> +0.02997Z +5.402¢ — 7
77 +0.19920Z —0.07969

System identified [0.19934, -0.39934]

Neural network [0.19974, -0.39893]

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.

x=(y+2)
y=-x+a-y (6)
z=b+z-(x—c¢)

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 O 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.

— Rossler
61 ’ Neural Network

0 200 400 600 800 1000 1200 1400
k

Fig. 2. State variable Z of the attractor and neural network.
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Prediction error

0 200 400 600 800 1000 1200 1400

Fig. 3. Prediction error of the neural network about state variable Z.

ZData

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

F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 206-211, 2004.
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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
v

> =V — 1

zZ=v g(v)Z (1)
c,g(v)=F, +(F, —F)exp(—(v/v,)?) 2)
F=0,z4+0,2+0,v 3)

where V is the relative velocity between tow surfaces, z is the average deflection
of bristles, 0,>0 is the stiffness, o, >0 is a damping coefficient, and o, >0 is the

viscous coefficient. The function ¢, g(v) determines the steady nonlinear relation
between velocity and friction. Static parameters F. >0, R >0, v, >0, 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

F=pyz=pf(v)z+ v 4)

where f(v)ziM >0, B,=0,>0, f,=0,>0, B,=0,+0,>0. f(v) isa
gv)
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 ¢ =[G, (v),--- G, ()] >
G,(v)=exp[-(v—c,)’ /25,1, j=1-5.

f=6"¢ (&)
Define the optimum estimation and minimum estimation error
f(16") =min|f(v|6)- /] ©)

E=f(-f(|6") )
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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 Z, and Z, are given as

Zi=v- 2 —ke, ®)
ézzv—ff2+k282 )

where f = /} + E . The dynamics of observation errors are

;’l =-fz +]7ZAl + kg, (10)
ZN-z :_ﬁz +f22 - k,¢, (1D
where Zi :Z—éi ,i:1,2’ _?‘:f_f’ k]>k2>0'

3 Controller Design Based on Backstepping Theory
Servo system is usually described as
Ji=u-F-T, (12)

where J, u, F, 7T, are the system inertia, control torque, friction force and load

torque.

3.1 Some Hypothesis

M By <gy: bi<g- [<I

(2) The observation error is bounded and satisfies ‘31‘ <,

zz‘Srz.

(3) The estimation error of neural network is bounded and satisfies m <s-
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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

X, =X,
x2=§(u—F—T,) (13)
Define the position error
E, =X—X, =X —X, (14)
Define a positive function V; = 812 /2 . So the stabilizing function is
a, =%, —hég (15)
where hl is a positive constant. Introduce the error
& =x,—-0, (16)

Define another positive function V,=V, +€e,° /2. Take the derivative of v, and
use (13)(15)(16)

V,=V, +&,é,=—he’+&,(e -0, +x,)
2 | (17)
=-he’ +e&e —a + 7(14 -F-T)]

Design the control law as y = 15 + 7:1 —j(gl —a, + h,e,)+A/¢g,. where j,
T IBO, l[}], l[}z are estimated values whose adaptive law is to be deduced later and
F= [3021 —ﬁlﬁz + [32\; is to counteract the friction F, A=A, + A, is a robust term.

It follows

ﬁ'_F:ﬂAofl _Blﬁz + ﬂAzV_ﬂOZ"':Ble_ﬂzv
:,5021_ﬂozl+Bzv_ﬁlﬁz+ﬂ1ﬁz+ﬂ1(f_j})£2 (18)
= 5021 + ﬁzv - 151];22 — Bz + B Sz, + By @ -6 ¢, + ﬂlifz
where /}o :[30 =By /~31 :B1_ﬁ1’ Ez :BZ -5, E=E-E.
Let y, be a positive define function of the form

1 T2 fz a2 22 32 -
V3:V2+—{J ! +’B—°+'B—2+’B—‘+AE2+

+
2a, 2a, 2ay 2a, 2a; 2aq

19)

ﬂ(e* A —49)+@21z B z,%}
2a, 2k, 2k,

Take its derivation and use equation (17) and (18), we get
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. 1~ . J. o~ T
V,=—h&' —he' +—{J[&,(& -0+ he)——]+T (g, +-1)
J a, a,

LB ec Py Bew+ Py Bt + Py 3 e, +%) (20)

a, a, a

z * . 6 o~ . E
+B (6 +- )+ B8 _e)r(82¢~72 ——)+BE(&Z, ——)+A}

k, a, ag
Take adaptive laws and the correction term in observer as follows
J=a&(& -0 +he), T, =—a,¢,, ﬁo =-a,€,%, @n

By =-ase,fz,, By =—a,e,v. 0 =a,6,0z,, E = ag€,z,

and substitute equation (10) and (11) into equation (20), we obtains

2 2> 2 z| Az 2| fz
V3S—hl.912—h2.922+§[ Ak A5 ]+1[ﬂozlﬁZI+AI+MZkzﬁZZ+A2] (22)
2

k kL J kK

Z| and 7 are all bounded, define

Since ﬁo s B

z z

A=-ZLorss A, =—"20lrs

1 . 8ol 2 k) 8147, (23)
we get

V,<-he’ - he,

2_%[ﬂole +ﬂ1f Z, 1<0 (24)

kl kZ

Therefore, the system defined by equation (1)-(3) and (12) is globally stable. It
follows from Barbalart’s lemma that e(¢) and Z asymptotically converge to zero.

1=
-

03|
o] 4

0]
0| 4

(a) (b)

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
F =sgn(1+0.5exp(—(v/0.001)2))+0.4v. Then, the steady friction is turns to

F =sgn(1.2+0.6 exp(—(v/0.0015)*))+0.4v. 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 [I0]. 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 [IT]. 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 [I3] 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 o —modification, [5] used modified j—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.

F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 212-IZI7] 2004.
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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(b) =Fly(k =1,y (k=2),ulk=1),uk=2),--]= fIX(K)] (1)

where X (k) = [y (k= 1),y (k=2),u(k—d)u(k—d=1),-]" €R", [ ()
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

y(k) =W (k)@ [X (k)] (2)
where the weights W (k) = [wy---w,], the activation function @ [X (k)] =

2
(@1 - --(bn]T. The Gaussian function is ¢; = exp |— (2;0) , ¢; and o; are

the center and width parameters of the activation function of ¢;. When we have
some prior information of the identified plant, we can construct the activation
function ¢y - - - ¢,. In this section we assume ¢ - - - ¢, are given by prior knowl-
edge. The object of RBF neural modeling is to find the weights W (k), such
that the output y (k) of RBF neural networks (@) can follow the output y (k)
of nonlinear plant (). Let us define identification error as e (k) = 7 (k) — y (k).
We will use the modeling error e (k) to train the RBF neural networks (2)) on-
line such that 3 (k) can approximate y(k). According to function approximation
theories of RBF neural networks [3], the identified nonlinear process ([I) can be
represented as

y (k) = W@ [X (k)] — p (k) (3)

where W* is unknown weights which can minimize the unmodeled dynamic
11 (k). The identification error can be represented by ([2) and (B)

e(k) =W (k) DX (k)] + 11 (k) (4)
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where W (k) = W (k) — W*. In this paper we are only interested in open-loop
identification, we assume that the plant () is bounded-input and bounded-
output (BIBO) stable, i.e., y(k) and w(k) in () are bounded. By the bound of
the activation function @, u; (k) in (@) is bounded. The following theorem gives
a stable gradient descent algorithm for RBF neural modeling.

Theorem 1. If we use the RBF neural networks ([3) to identify nonlinear plant
(@), the following gradient descent algorithm with a time-varying learning rate
can make identification error e (k) bounded

W (k+1) =W (k) = nie (k) 2T [X (k)] (5)
U

L+ (|2 [X (k)]|*

1+mgx(ﬁg€[)X(k)]H2) satisfies the following average performance

where the scalar n, = 0 < n < 1. The normalized identification

error ey (k) =

T
. 1 _
lim sup > llen (B)1* < 7y (6)
T—o0 k=1

where fiy = max | [jnn (k)]
Proof. We selected a positive defined scalar L as
L= [ o] ™)
By the updating law (B), we have
W (k+1) = W (k) —nge (k) &7 [X (k)]
Using the inequalities
la =0l > llall = [[bll ;2 [|ad]| < a® + b*

for any a and b. By using (#) and 0 <7 < < 1, we have

A@:LMJ—MFJW%M me (027 ()|~ W ()
=n,%||e<k>||j||¢[ () = 2 e (k) e (k) — o (K] @)
<2 e ()% |1 [X (B — 2m [le ()] + 200 e (B) i ()]
< =melle P (1= m 27 ) + el ()
Since :4
T e X WP

2\ _ _ n 2
”ALW”MXWM>‘WG%1H@W@M2QW%W>

> Ik 2
- 1+mkax(\|¢'[x(k)] Hz) -

|:1+mkax(\|¢[X(k)]H2):|2
So
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AL < = [le (R +n [l (k)] )

where 7 is defined as m = i >, Because nmin (@12) < L <
|1+ max (2L 117)

?) are Koo-functions, and 7 [|e (k) 12

n max (w2) where n min (w2) and n max (@

is an Koo-function, n || (k)|)? is a K-function. So Ly, admits a ISS-Lyapunov func-
tion. By [7], the dynamic of the identification error is input-to-state stable. From
@) and () we know Ly is the function of e (k) and pq (k) . The "INPUT” corre-
sponds to the second term of (d), i.e., the modeling error p; (k). The ”STATE”
corresponds to the first term of (), i.e., the identification error e (k). Because
the ”INPUT” p; (k) is bounded and the dynamic is ISS, the "STATE” e (k) is
bounded. () can be rewritten as

ALk < —n He(k)HQ 5 +ma (10)
1 (o (X 1) |

Summarizing ([I0) from 1 up to 7', and by using Ly > 0 and L; is a constant,
we obtain

1Y llex (b)|* < Ly — Ly + Tmfi < Ly + T
(@) 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 ¢ - - - ¢,,, such that the RBF
neural networks (2)) can follow the nonlinear plant ([IJ). Similar as ([B]), (1) can be
represented as

y (k) = W*o* [X (k)] — pa (k) (11)

i

A\ 2
where @ [X (k)] = [¢tF---¢2]", ¢F = exp [— (xg_fl) } . In the case of three

independent Variables a smooth function f has Taylor formula as
B, o 0 o 01"
[ (x1,22,23) Zk' { T — 8 o (332—932)875624'(%3—933) %LJH_RZ

where R; is the remainder of the Taylor formula. If we let x1, x5, x3 correspond
w;, ¢; and o, 29,29, 2 correspond w}, ¢f and o}

Gk =y (k) + iz + Y- (w; — w)) &
nl 1 (12)
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where R is second order approximation error of the Taylor series. Using the chain
rule, we get
O(w; pi O(widi) 0 i—Ci
(o) _ g0 — 025,55

O(wigi) _ O(wipi) dpy __ . (ﬂczl—w)z
T = 04 9oy = Wi2hiT oz

The identification error is

e, = W&+ 2WD10,C + 2W Do®1 2 + (i
W=W (k)~W*&=[¢1 - ¢n)" .G = R+ p2,C =[(c1 — ¢}), - (en — )]
451 = dla/g [¢l o ¢n] 7D1 = dlag |:x10._%01a' o ;Cn—20n,:| 5

UTL

Dy = diag [ (25520, - S22l 2= (o1~ of) -+ (on — )]
1

3
Tn

(13)

Theorem 2. If we use the adjustable RBF neural network (2) to identify non-
linear plant (), the following backpropagation algorithm makes identification
error e (k) bounded

W(k+1) =W (k) — epnp®
C(k—F 1) = O(ki) — 2epmW (k) D19, (14)
2 (k+1) = 02(k) = 2exmW (k) Da®y

where O = [01,"'Cn]Ta 2 = [017"'Un]T, e = ﬁ, VU, = Hqs”z

4||W Dy ||* + 4||WDo®1 ||, 0 < 5 < 1. The average of the identification error
satisfies

=
J = limsu —E e < —=C 15
T~>oop o 7T ( )
where T (1_”, are? > 0,(= max [Ck]

Proof. We selected a positive defined scalar Ly as
b [ o]+ o oo
So we have
ALy = HW nkekdiH - HW H + HC — 2meer WD, 451H

—[[ew] + ) - meuwpaea| @

=2 |BII° e — 2nkerW (k) & + 4n? ||WD1@1|| e ~ (17)
—47’]k€kWD1¢1C (k?) —+ 477]@ HWDQQsl H ek 4nkekWD2451.Q (k)
— e (191 + 4 [WD1o1 | + 4 |W Do )

—omen (qu L oW D, bC + 2WD2¢§)

The remaining parts are similar to the proof of Theorem 1.
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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 ANNSs 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 ANNSs 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:
yO+ayt=D+-+a, y(t—d,) (2-1
=byu(t) +bu(t—1)+---- +b, u(t—d,)+e(t)

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:

y=r@) G-

— T . .
where it =[u, ,u,, " ,u, ] is the input vector.

The output of the network is denoted as ) to show the difference between net-
work output and the output } 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:

= [y(t—l),....,y(t—dy),u(t),....,u(t—du)]T (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 f " in input

layer, f 7 in hidden layer and f 9 in output layer.

For input layer,

I I I I .
yl :f (ul)’ ........ 9ym:f (um) (4 1)
for hidden layer:
m m 4-2
A =PI, e = Syl -
i=1 =l
for output layer:
(4-3)

y= fO(Z;W,‘?yj’)
J=

when f ! s f A and f 9 are sigmoid functions, with input near zero, they could
be approximated by linear functions f(x) = x . Substituting into Eq.4-1 to Eq.4-3,
yields and putting the weights in hidden and output layer into matrices,

w e =[W10,W§), ...... ,Wf 4-4)
H H H ] 4-5

1/1}11 le e DY Wln ( )

H H H

Wi Wp Wan

wh = :
_ng Wﬁz cee e erzln |
Eq.4-3 is then

p=wew) @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) [S]. LS is designed to minimize the MSE
criterion, Thus we use MSE to evaluate the performance of MLP, too.

mse(Z,2)=> (z, - 2,)° (5-1)

5.1 Experiment 1: A Simulation

The proposed method and LS are used to identify data generated by the ARMA in
z(k)=—0.8z(k—-1)+0.05z(k —2)+0.05u(k) — 0.4u(k - 1)+ 0.4u(k - 2) (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 4.67¢-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

z(k)=a,z(k—-1)+a,z(k—2)+ a,z(k - 3) + 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.

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

Ll o~ —— T ************ - - - - - —
A
08F-————-—7-———— - ‘ 777777777777777777 —
06— ———-——T7—-————— ‘ 777777777777777777 —
04fF ———— =4 -4~ —
A
02F—————FT—-—————|-————— L 77777777777 —
I A
0
0 1 2 3 4 5

Fig. 5.2.2 Absolute coefficients of Normalized ARMA models (solid: MLP-ARMA; dashed:
LS-ARMA)
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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.

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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ey

N
FX)=Ywo( X-X, |
i=1

where: (p(H X - X, H) is the Radial Basis Function (RBF), usually uses Gaussian
function, ” ] ” denotes the Euclid Norm.

To take known data X, e R" as the center of RBF and ¢ is radial-symmetrical to

the center point. If Gauss function is adopted as the Radial Basis Function (RBF), it
can be described as:

M 2

G(| X -4, [ =expi- 21| X =, [ @

m

where, M is the number of center, t; is the center of RBF and d,, is the maximal
distance between selected centers. The mean-square-error of RBF takes g=d,, / N2M .

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 X; (j=1,2,:*-,N), as the initial
clustering centers ¢; (i=1,2,***,M),

2 Distribute input samples X, (j=1,2,-+*,N) to every ¢, and to form clustering sets 6 ,
(i=1,2,*-,M). The following condition are met:

d, =mjnH X; -t ‘ 3)
021529".9N i:1,23".7M)
where d,is the minimal Euclidean distance.
3 Calculate the sample’s mean (i.e. clustering center t) in ¢ :
4
bl sx “
Mi X,-eej

where M, is the number of input sample in &,

4 Repeat above calculation till to get the change of distribution of clustering center
less than designed value € .

5 After the decision of RBF center, the mean square error 0 can be calculated by
equation g =d / J2M 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 §, and that of the jth neuron of hidden layer is g;. The relation is:

5’k=zwkj'gj o)
J

If the actual output is y,, the error is: £ =y, — ¥, -

The purpose of BP learning is to amend connecting weights so as to minimize the
error index g = FO ek and to meet the desired performance J. When input mode is
X, the correcting value of w,; should be:

JE (6)

)4
I

A,w, =-a

where, o is adjusting factor for learning rate. The updating equation is:
wi(k+1)=w  (k)+A ,w, @)

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:

wk+D)=wk)+alA-mT(k)+nT (k-1)] ®)

where, O<o<1, 0= <1 is a dynamic factor and T(k)=—0E/ow(k) 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 d(k) to the learning
equation, that is:

wk + 1) =wk)+ a(k)T (k) 9
ak)=8k)ak 1)
ok)y=¢-2*

where A= Sign [T(k)T(k-1)] is the direction of grads, d(k) is the adaptive factor
associated with learning error &."!

Simulation results show that the improved algorithm can speed up the convergent
process (4w, or Aw, —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:

. 10
Input: u(k)= 0.25{5;‘;1 2 2T | Sin® (Zk”)} o
25 21

Nonlinear plant: y(k +1) = y(li) +[u(k+1)]u(k)[u(k—1)] (11)
I+y (k)

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 error ¢ <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.

Function Approximation
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5 Sum-Squared Network Error for 37 Epochs
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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 f;rg;l(éi T:;géihnsg Sum-S((];la;e)d error
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 only € <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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Sum-Squared Network Error for 15000 Epochs
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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 & <<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 [I] 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 [I].
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 (OPTT-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 OPTT-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] [§] [9]. The NCNN model is described as follows [7:

B 1
T 1 e vir®)/e

; (1)

zjk(t)

yin(t+1) = kyp() +a | D > wiramn(t) + Lij | — 2(0) [eg(t) — To] + n(t)

2(t+1)= Q1 -p)z(t) (3)

An(t+1)] = (1= 52)AR@)] (4)

where
x;1, : output of neuron jk ;
Y;k : input of neuron jk ;
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Wjkii: connection weight from neuron jk to neuron i, with wjry = we,x and
Wik = 0
N N
Z Z WikaZjk + Iij = —0F Oz, ©  input to neuron jk
i=1,i#j 1=1,l#k

E : energy function;

t : time steps;

N : number of network nodes;

L, : input bias of neuron jk ;

k : damping factor of nerve membrane (0 < k < 1);

« : positive scaling parameter for inputs ;

(1 : damping factor for neuronal self-coupling (0 < 8; < 1);

B2 : damping factor for stochastic noise (0 < By < 1);

z(t) : self-feedback connection weight or refractory strength (z(¢) > 0), z(0)
is a constant;

Iy : positive parameter;

€ : steepness parameter of the output function (¢ > 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]:
—1

N
Minimize: Z = Z Z CijVij (6)
i=1 j=

Subject to: > Ro

where the C' = {¢;;} is the cost of link (4, ) and V' = {v;;} is the neuron binary
output which is defined as:

1, if link (4, 7) is selected for the optimized network design ;
V5 =
“ 0, otherwise.
R is the all-terminal reliability of the network and Ry is the network reliability
requirement.
We formulate the energy function of the NCNN as follows:

N N
R
EF=-WiR+ W5 E E VijCij + VVgnc X |1 — Ri' + Wy E E U” U”
i=1 j=1i+1 i=1 j=1,5#1

(7)
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where ¢ = u(1 — R%) and u(z) is a unit step function, i.e., u(z) = 0 for x < 0
and u(z) =1 for z > 0.

W1, Wy, W3, and W, are weight factors. The W7 term encourages the network
to increase the network reliability. The W5 term is the costs of network links to
be minimized. The W3 term is the constraint term which discourages the network
from adding more links to increase the network reliability unnecessarily over Ry
and n is the penalty factor. The W, term is used to help the convergence of
neurons. When the energy goes toa minimum, the W, 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]:

N
RGO < [ (1- ] a-py)] . 8)
i=1,i#s JEA()

where A(z) is defined as the set of vertexes connected to vertex z, p;; is the
reliability of link (¢,7). 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:

OR W- B
Yik(t+1) = ky;r(t) + o {1 v, - Wacij — PT;:(—I)1 N
_OR
g~ = Wall = 2vi5)} = 2(t) [aju() — Lo] +n(t) 9)
)

where from equation (8) [4],

OR N N
Doy 11 1= [ ¢m|py

k=1k£s,i,j 1=1,1#k
N N N N
I vn+ I ¢a-2 II v II u
1=1,1% 1=1,1#] I=1,1#]  1=1,l#i,j
(10)
and
¢ab =1 — DPab X Ugb - (11)
4 Results

The parameters for the energy function is determined empirically as below:
Wi =1.5,Wy = 0.0001, ws = 1.2, ws = 1,1 = 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 [I]. The problems
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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
Ry 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 [I][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 | Ro [BnB[1[3]|GA[3]|OPTI-net[4]|[NCNN
1 5 10 0.810.9 255 255 255 255
2 5 10 0.910.95| 201 201 201 201
3 7 21 0.910.9 720 720 720 720
4 7 21 0.9 10.95| 845 845 845 845
5 7 21 0.95|0.95| 630 630 630 630
6 8 28 0.910.9 208 208 208 208
7 3 28 0.9 10.95| 247 247 247 247
8 8 28 0.95|0.95| 179 179 179 179
9 9 36 0.910.9 239 239 239 239
10 9 36 0.910.95| 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 0.910.95| 197 205 197 197
14 10 45 0.95|0.95| 136 136 136 136
15 15 105 0.9 10.95 317 304 304
16 20 190 0.95(0.95 926 270 202
17 25 300 0.95] 0.9 1606 402 377
18 14 21 09109 1063 |1063 1063 1063
19 16 24 0.910.95| 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 ef 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

M-1 K
k=

r)=y Y Jwb, (i)iaklﬁk,sk (t—iT -7, —IT.)+on(r) , (1)
i=l 1=1

i 1

where M is the number of data symbols per user. \/w, , s,(t), and 7, denote the

amplitude, normalized signature waveform, and relative delay of the kth user,
respectively. L is the number of resolvable paths for each user. b, (i) € {i 1} is the ith

transmitted symbol by user k. T is symbol interval. a, =[a,,--,a,,]" and f, is,
respectively, the array response vector and zero-mean complex Gaussian fading gain.
n() ~ N (0, O'ZI) , 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.

ratio carbining for
user 1

Space-time matched

filting and maximm (i)

ratio carbining for
user 2

Adaptive wavelet networks

Space-time matched

filting and maximm | Yx (&)

ratio catbining for
user X

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

7, () =apr(t) . ()

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.

0u (=] 2, (s, (t=iT —7, ~IT,)dr . 3)

By maximal ratio combining technique, we can obtain the output of the space-time
matched filter and maximum ratio combiner.

Y ()= Zﬁ;z‘bd @ . 4)
I=1

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

yi(t)=G{iwﬁixk(t)h((k—cj)/aj)} , j=L.,N , (5)

where W @, and c, 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. x, (#) and

y;(¢) is the kth input and the ith output element for networks, respectively. A(t)is the
mother wavelet function. And o(x)= 1/[1+exp(—x)] is a sigmoidal function. The

wavelets network classifier parameters w,, a,, and ¢, can be optimized by minimizing
the total error energy function as follows.

=33

q=1 i

(a7 =) ©6)

NIH
Mz

where P is the number of the training samples,d; is the desired value of y!.We

choose h(t) = cos(1.75t)exp(—t> /2) as the mother wavelet for classification. It can be
proved that this function confirms the frame condition[7]. Let
f () =sin(1.75t) exp(—t2 /2) and t' = (k —cj)/aj , then the gradients of E become

P N

OE[ow, == > (d! —y")y, (A= y)w, (Zxkh(t')j : (7
k=1

q=1 i=1

OE[dc; == > (d! = y)y, A=y w; > x {[L.T5f )+ h(t)] 1 a,} (8)
q=1 i=l k=1
aE/aaj =t'g(c].) ) )

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.

“Total error energy

-6~ (D
—+ RAKE
. -8~ STMF
—+ STMUDCWNN

‘ L L L L L L L L
0 50 100 150 200 250 300 1 2 3 4 5 6 7 8 9 10
Number of iterations SNR: (dB)

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 SNR,. The interesting user is user 1
while all other users are the interfering users, that’s SNR,=SNR, SNR=SNR,,.
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.

10"
—©-
—+ RAKE
B STMF
H —B- STMFCBPNN
5 4g?| | —F STMRCWNN |

—©— STMFCWNN with 6 users

—©- D
—+ RAKE
-5 STMF
~p— STMUDCBPNN
10° — STMUDCWNN

6
SNR: (dB) SNRi/SNR:. (dB)

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. SNR=17dB keeps unchanged while SNR,
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 SNR,=8dB
keeps unchanged while the “Far-to-Near ratio”(FNR), defined as SNR, / SNR,,
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
[41[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:

{S(x,y): 0<x<Length 0<y<Width } ¢))
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:

P0P1={g11’812’813’ """ glj""glN}
P0P2={821’822’g23’ """ 82j>"" 82N
P0p3={g31,g32,g33, """ 835" 83N

Popiz{gil’gﬂ’gi,?’ """ 8ij>" " 8iN

}
j
| @)
j

PopTz{ng’gTbgTS’ """ 81> 81N
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Here, 8i; = (x5, ;) (1<i<T,1< j< N) 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: (Pop,, Pop, , Pop,,*** Pop,); for the first time selected (Pop,, Pop,) to
be parents, the second time selected (Pop,, Pop,) to be parents,-* the ith time selected
(Pop,» Pop,,,), 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 P, in parents. Given
parents are (Pop,, Pop,,), equipotent gene groups are g,, g.,,, respectively, then the
node coordinate which the equipotent gene group Chd, of offspring individual repre-
sents is as follows:

xCh’I:L = (xPUP.L + xPUPanL )/2 TV Vo N(O’xp(‘Pmm - xP(‘Pm ) (3)
yChd.k = (yP”P.k + yP”I’wm )/2 + W" '//," - N(O’yp”f’mm - yP”I’.k )

Here, (xp,, > Ypop, ) and (¢ oo * Y Popisonye ) is the coordinate of parents node;

¥, ¥, 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 P, 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 (v, +w,,v, +,) , here y,,w, 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.

([n! phase]+1)* step, NS M ppage

Length(n) = 4
step, n> M phase ( )
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Here, n is the generation number that the algorithm runs, 7, is the generation
number of phase running, phase is the generation number of sub-phase running; step/,
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].

\
Sink node /4’ )

-
-
|
S
~
~
~

Node notice in Reply to topology
control region . request R

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 1.5x1.5Km 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



Optimizing Sensor Node Distribution with Genetic Algorithm 247

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:

o N, 1
s(t):zd”(t),e/@”/n*(pn)z Cmn ' p(t_mTc _Th) ? ];':NCYZ ( )
n m=1

Where: f, is the n" hopping frequency, ¢, is the phase, T, is the hopping time; C, (1) is

nm

the DS code, T, is the code chip duration of PN code, d (?) is the information data.

The received DS/FH signal as follows:

F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 248-253, 2004.
© Springer-Verlag Berlin Heidelberg 2004
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k (2)
5, =50+ ;O +n0)+j@©), 5,0)=mt)co2xf,1+p,)
i=2

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(?) is the information signal); @, is the phase; n(z) is the noise; j(1) is

the jammer interferences; §,(#)is the desired signal. So the §,(#) mustbe 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.

s (f)
& >_> SFR _>FHPEJ
LP LPF [ p

1
(BNN) (RBF)
DS Acquisition m

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.



250 T. Elhabian, B. Zhang, and D. Shao

4 Signal Frequency Recognition

For each signal, there are two vectors (input vector V' and desired vector FF T). The
vector V' has a set of 30 sampled values and the vector FFT has the corresponding
FFT points as described in Equations 3 and 4.

V=, vh, ). )

FFT' = (] + je)),(r} + jeb ),y + jeb). @

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 V' was represented by 8 bits (A/D1
output) as in Equation 5. Also the FFT vectors were rearranged such that the real
values and then corresponding imaginary values in one vector as in Equation 6.

ISE = (bvi, by, by ), ' = (by,b,,-+,b, ) . )

IFFT' = (1,1} ,--+,r},cl,ch,,cl). (6)

The matrixes ISS and FFT 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.

ISS' = [IS{T IS;T IanTJ, IS,;T is the transpose ofIS,; ) )

5 Frequency Hopping Pattern Estimation

The codes from concatenated prime code GF(5°) [8] were used as FH patterns for the
simulation. Each pattern has different frequency values as in Equation (8).

Py =lfis fos s £l (8)

Where n and m = (1, 2, ... , 25) is the patterns number and the frequencies number
respectively. For each pattern we got a [5x%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.

pp, = ,_plT Py p”, pnT is the transpose of p, . ©)

ipp=Ipp, pp, -+ pp,ln=12...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 7 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

W“ 5 7 10 30 50 100 150 200 400 500 600

Rec rate%

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

neuros

Time in min 5 7 10 30 50 100 150 200 400 500 600
Normal 3.08 3.24 3.39 531 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 4" 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

Convergency speed of Normal training Convergency speed of Adaptive training Convergency speed of Mamentum training
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coefficient and the learning rate are adapted continuously according to the MSE value
at previous iteration as shown in 5" 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.

Using the Euclidean Distance with Different Spaces  Using the Hamming distance with different Spaces Comparizon between using the Hamming and the Euclidean
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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 27, and with interference is 57,.
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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 (57,), 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

F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 254-261, 2004.
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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, Asyg) and norm of error
vector between actual and predicted spatial signatures (relative error improvement,
Ag), 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 Agng and A€ 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() from a mobile unit is received by an
M element antenna array at the base station as

x(t) = s(Ha(t) + I(t) +n(r) (1)

where a(¢) is the spatial signature vector or the channel vector corresponding to the
mobile user, I(¢) is the multiple-access interference, n(¢) 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 .

a@®) = Yol Vv(o;) @

i=1

where L is the number of multipaths; r,is the large-scale propagation path loss; ¢ is
the complex attenuation caused by reflections from local scatterers; @,(t) is the phase
shift induced by varying path lengths due to mobile movement (Doppler effect); 16,
is the Mx|1 steering vector for the i" multipath component which arrives at an angle of
6. 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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w()=a(-1) 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,

Py . “
ak(t)=—2bk,j ak,j(t—J) k=1,2,...,M
=

where P is the model or prediction filter order and b, ; 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.
TDFEN 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.l and Fig. 2,
respectively.
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Fig. 1. ADALINE network structure Fig. 2. TDFN structure without bias

Since the spatial signature a(f) is Mx1 complex valued vector, it is decomposed
into real a@“(f) and imaginary a"(¢) parts. In ADALINE modeling, they are
recombined to input to the network as 2Mx1 vector at each sampling time t given by,

A =1q1() @) - garg 1O qapy OF =[aFe@) a™t) - af @) alf O ©)

In TDFN modeling, the weights and biases are adjusted using Levenberg-
Marquardt learning algorithm to train the network in the training process. Input to
TDEFN as 2x1 dimensional vectors can be shown for each elements of spatial signature

vector as follows,
Refa,(0]] (6)
q(t){lm{aj(t)ﬂ j=1--M

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 (0) of multipaths, and angle spread (A8). 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 O are constant, and other parameters such as Doppler shift f,; 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

Vo )
fai ZIZ i=1,---,L

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 (nN=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 (n=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 (*€) given by,

g -a ®)
Ag = 2010g10 " conv." _ 2010g10 ”aactual conv."
“gpred. ‘ }aactual A pred. ‘
where @, and a, , are the actual and predicted spatial signatures, respectively, for

the current time slot (mobile position) in the downlink interval, and a_,, is the spatial
signature of the previous time slot. The second measure is the signal to noise ratio
(SNR) improvement (A,,,). 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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H H ©))
Apred Aactual Acony.
ASNR(dB) = 2010g10 H H
A pred. AconvAactual

To obtain statistically conclusive results, we performed 500 simulation runs for a
given angle spread (A0), 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 Agyg and A€ 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, AB=60°, L=6. Obviously, Ae performances of TDFN based prediction are above
those of ADALINE and AR based prediction.

Note that for each simulation run, we have averaged Agng and Ae values over
downlink period. We observe that at the 50 percentiles (in the mean value), TDFN has
Agnr and Ae 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 Agyg and
Age 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 Ag
for TDFN modeling is larger than that for ADALINE and AR modeling.

Table 1. Mean values of Agng and Ae for various mobile speeds for fixed Doppler case and
random Doppler case

Model V(km/h) Asnr (dB) Ae (dB)
TDFN 30 -2.620 8.066
network 100 3.560 34.268
ADALINE 30 -0.096 2.873
network 100 3.373 17.886
. 30 0.110 6.938
AR filter 100 29177 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, Ae 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. Agnr performance of TDFEN is affected significantly by mobile speed. As
seen from Table 2, in low mobile speed, its performance gets worse, while in high
speed Agnr performance becomes better.

Table 2. Mean values of Agyg and Ae for various filter order/delay for fixed Doppler case and
random Doppler case

Model P Agur (dB) At (dB)
4 3.644 33.258
netTva)FrE 5 3.500 34.268
6 3.547 34.792
4 3.340 15.049
I?e?v‘j(iNE 5 3373 17.886
6 3.363 15.460
4 2.905 8.308
AR filter 5 2.018 8.593
6 2.085 8.946

701 V=100 kmsh, L=6

sbscissa>percentage
8 g
S

—— AR filter
—e— Adaline network
[| —+— Artificial neural
AB=60, P=5

V=100 kmsh. L=6

L L L i
5 10 3 2 3 30 3 3
Relative error improvement, As (d4B) SNR improvement, A (dB)

(a) (b)

Fig. 3. (a) and (b) Cumulative distribution of Ae and Agng in fixed Doppler case under V=100
km/h, P=5, L=6, and A® =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 Agnr (or downlink beamforming accuracy). However, TDFN, ADALINE, and
AR modeling can achieve certain level of relative error improvement (A¢) 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.

F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 262-268, 2004.
© Springer-Verlag Berlin Heidelberg 2004
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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, f) denotes the anode
shape, t; is the initial time of machining, t; is an arbitary time of machining, t, is the
end time of machining and the curves pointed by to, t; and t, denote the anode shape at
that time, respectively.

Anode (+)

thode (-)

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:

. ou ou du , , , ,

i=A—=A(—+)=A4-W (0+u, (z0)+u (z.1)-g (x0) (1)
on oz ox

where A is electrolytic conductivity.

According to Faraday law, the removal depth of the anode surface is:

V =nwilAt (2)

where 1 is current efficiency, o is volumetric electrochemical equivalent of the
workpiece material, i is current density and At is machining time.
By taking Eq.1 to Eq.2, the following equation can be obtained:

V =naNA(u', (z,x)+u' (z,x)+u', (z,x)- 8", (x,1)) 3)

When At—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 t; can be described as:

U=, = 2(x,t, )+ A, (z,x)+u' (zx)+u', (2,x)- 8", (%)) 4)

Where At=t;-t;; 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 At. The less At, the less the error.
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At the end time of machining t,, the anode curve can be described as:

%y =2 +77(tAt/1Z:(u‘Z (z,x)+u' (z,x)+u', (z,%)- 8" (x,1,,)) 5)

i=1

where g(x, t9)=z, is the initial condition and the function of u is:

’u 9’
viu="4+"2_9 (©6)
ox” 0z
Boundary conditions of Eq.6 are shown as follows:

Ju

U=0, on the cathode; u =U, on the anode; —— = (), on the insulating walls.
n

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 t; needs to be decided according to the anode shape at that time,
and then the anode shape at time t;; is decided according to the electric field
distribution at time t;. This process is cycled continually and the final anode shape is
obtained. The solving precision relies on the interval from t; to t;;, 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.

B Zz (-DI B Anode shape
1 | B2 M
gn B
g1 n
&' it
G-l s
1
h, X
| b [_ é A,
Cathode shape
A1 A2 Ai P

Fig. 2. Method to describe the cathode and anode shape.

Table 1. Data processing method

Forecast Control
Input H=[h,, ...h;, ...h,], s G=[gy, ...&, .--&ul, s
Output G=[gy, ...8, ...&ul H=[hy, ...h;, ...h,]

In Fig.2, A,, ...A,, ... A, are the control points of the cathode shape, so the cathode
shape can be described by H=[h,, ...h, ...h ] and 1. The rule to decide H is that A, and
A are the boundary points, h;is a random number from 0 to h, and the max of h,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, B,, ...B,, ...B_ are the
control points of the anode shape corresponding to that of the cathode shape and the
anode shape can be described by G=[g,, ...g, ...g,] and 1. s denotes the minimum of
the interelectrode gap and it is a random number from O 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 | 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 (2x20x41x1), 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%.

| —&— Forecast
5 Control f/\ /\\
A ™ n

Relative error(%)

1 23 456 7 8 910111213141516 17 18 19 20
Group's number

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
(Ge) are obtained. By comparing G with Ge, 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 (g; /mm) 0.039 0.040 0.042 0.046 0.051 0.063 0.088
Real anode shape (g;' /mm) 0.040 0.041 0.043 0.045 0.053 0.065 0.085
Relative error (%) 25 244 233 222 377 31 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 (g/mm) 0.034 0.038 0.040 0.042 0.050 0.062 0.067
Real anode shape (g;/mm)  0.035 0.036 0.041 0.045 0.053 0.063 0.070
Relative error (%) 2.86 556 244 6.67 566 159 429

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

e [t 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.

e 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.

e 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

F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 269-IZ74] 2004.
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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(1), all
the addictive QoS parameters are denoted by the QoS function, @Q;(e), and the
subtractive ones are denoted by QM;(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 = {dy, ..., d,}.

Given a multicast Steiner tree, let PT, = Y P(s,d;)denote all the path of
i=1

the tree. The total cost of the tree T'(s, D) is defined as >> C(e), the total
ecPT,

addictive value of the tree T'(s, D) is represented as the sum of all the links

in the tree: Y. @Q;(e), and the bottleneck value of the tree is defined as the
ecPT.

minimum available value at any link along the path: min(QM;(e),e € PT(s,d)).

Let A; be corresponding addictive QoS constraints and 9; be corresponding

subtractive QoS constraints that need to be satisfied. The multiple-constraint

multicast routing problem is defined as follows:

Y. Qile) < A

e€PT,

min( Y, Cf(e)) . (1)
ecPT.
min(QM;(e),e € PT(s,d)) > ¢;

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:

a(Bi( [T #(Qi(P(s,d) — Aia))+x;( [T ¢(QM;(P(s,d)—d;4)))

deM deM

2. Cle)

F(T'(s, M)) =
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Where «, 3;, x; are the positive real coefficients, which reflect how impor-
tant the cost, the addictive QoS metrics and the subtractive QoS metrics are
respectively, ¢(Z)the penalty function and r the degree of penalty.

3.3 Crossover and Mutation Strategy

For each path, P(s,d;), based on the total cost, we use the same penalty method
in the path as in the whole multicast tree:

_ o(B(Q;(P(s,di)) — Aja,) + X(H(QMy(P(s, di)) — Oka,)) 3)
> Cle) ‘

e€P(s,d;)

We compute the fitness of two paths in an individual and select the better
path, we get the set of the paths: TPy = {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 P.(= 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, d;)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,d;), if there are any same nodes in the
new Po(s,d;), 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) + nA(T;) + a(k)E; (k)

a(k) =2*a(k —1)

X = sqn[E, (k) — E;(k - 1)]

A(T;) = [Tyigest (K) — T5 (k)] [N (0, 1) . (4)
Ej(k +1) = nacc; (k) A(F;) + a(k)E; (k)

1if the update improved cost

ace; (k) = {O

where T (k) is the variable of an jth individual at the kth generation. n is the
learning rate, athe momentum rate, N(0, 1) denotes the normal distribution,
| - | denotes an absolute value, A(T}) is the amount of change of an individual,
E;(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 Salamal® 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 ¢ 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




274 D. Pan et al.

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.

References

1. Wang, Z., Crowcroft, J.: Quality of service for supporting multimedia applications.
IEEE JSAC, 14 (1996) 1228-1234

2. Wu, J.J., Hwang, R.H., Liu, H.I.: Multicast routing with multiple QoS constraints
in ATM networks. Information Sciences, 124 (2000) 29-57

3. Chotipat, P., Goutam, C., Norio, S.: A Neural Network Approach to Multicast
Routing in Real-Time Communication Networks. Network Protocols, IEEE CNF,
11 (1995) 332-339

4. Lin, J.S., Liu, M., Huang, N.F.: The shortest path computation in MOSPF protocol
using an annealed Hopfield neural network with a new cooling schedule, Information
Sciences, 129 (2000) 17-30

5. Zhang, S., Liu, Z.: A new dynamic routing algorithm based on chaotic neural net-
works. Journal of china instituation of communication 12(2001) 1-7

6. Xiang, F., Junzhou, L., Jieyi, W.: G. Guanqun. QoS routing based on genetic algo-
rithm. Computer Communication., 22 (1999) 1394-1399

7. Wang, Z., Shi, B., Zhao, E.: Bandwidth-delay-constrained least-cost multicast rout-
ing based on heuristic genetic algorithm. Computer Communication., 24 (2001)
685-692.

8. Haghighatab, A.T., Faezb, K., Dehghan, M.A.: Mowlaeib, Y.: GA-Based heuristic
algorithms for QoS based multicast routing. Knowledge-Based Systems, 16 (2003)
305-312

9. Salama, H.F., Reeves, D.S., Viniotis, Y. : Evaluation of multicast routing algorithms
for real-time communication on high-speed networks. IEEE JSAC, 15 (1997) 332-345



Performance Analysis of Recurrent Neural Networks
Based Blind Adaptive Multiuser Detection in
Asynchronous DS-CDMA Systems

Ling Wang! 2, Haihong Tao?, Licheng Jiao" 2, and Fang Liu3

!Institute of Intelligent Information Processing, Xidian University,
710071 Xi’an, China
2 Key Lab for Radar Signal Processing, Xidian University,
710071 Xi’an, China
wanglingboy@yahoo.com.cn, {hhtao, lchjiao}@xidian.edu.cn

3 School of Computer Science and Technology, Xidian University,
710071 Xi’an, China
£631iu@1l63.com

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.

F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 275-280, 2004.
© Springer-Verlag Berlin Heidelberg 2004
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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 0=r7,<7,<---<7, <T, where

7. =pT., p,e{01...G-1}. T and T, respectively, is the symbol and chip interval,

satisfying T=GT,, where G is the spreading gain. Assumed that b(i) and A,
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

r(i) = SAb()) +n(i) , (1)
wheres, is the signature waveform vector with size of Gx1 corresponding to user &,

b, (i) =[d,(0).b, (D),....d (D). b, D], bD) =[b,@D.b; D], d()=b (-1, A=diag(A.A)),
A, =diag(A,, Ay, Ag,A) s S, =10880508¢1:8¢0] > S=I[5,8,1, s,0=Ts,, s,,=Ts,,

0 0 0 I . . . .
T, = , T = el () ~ N (0,0'21) , and I is the identity matrix.
I(G—m W(G-py) 0 00

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)=K z and g(u)=K,u, where K,
and K, 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 w,,,.=8R"s,, where B=s/R’s;, R=E[rr']=SA’S" +0°T [3, 4]. Letting the
connected strength matrix D=R and bias current p=s, of the RNN, we can obtain

dujdt =-(1/RC+K,K,R'R/C)u+KR’s,/C , )
where R and C is the resistance and capacitance. At the stable point, its output is
v=[(I/RKK)I+R'R] R"s, =Rs, . 3)
The RNN based blind adaptive multiuser detector (RNNBBAMUD) can be get by

Wiran = V/S1TV = ﬂRilsl = JISA’S” ‘i'0'21]7]S1 . 4)
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If R, K, and K, are appropriately chosen, the obtained detector can approach to that
based on the MOE criteria at any precision. Letting A be the forgetting factor, the
correlation matrix can be iteratively updated to track dynamic channels as follows.

R(n) = AR(n—D+r(mr’ (n) . (3)

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

y,()) = w's, Ab, (i) +W'[S,A b, (i) +n()] . (6)
According to the formula above, we can obtain the output SINR of user 1.

SINR,,, = A? /{ BI[SISA’S" + 07117 S A,

2 2QT 2r-le [P
+fisars+ormrs [} )
It is obvious to write out the expression of BER at steady state by (6)

B(o)=2"" % Q[(AI—WITSIA,bz)/GHWIHJ’ (8)

h,s{—l,l}y’(’”

where Q(x):(l/\/ﬁ)re"*l’ Ydx . Under the high signal to noise ratio condition

(o —0), 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

R = mox {01- 501 4) sl T )

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 A, of the matrix I/RC+K K,R'R/C. 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 SRC. In actual
systems, since R'R and R have the same signal subspace, A, =1/RC+0*K,K,/C for

the synchronous system with K <G and it is possible that A, >>1/RC for the
asynchronous system with K >G/2 . 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 4G +1G 4G’ -3G 2G° +2G
OT (insec.) 300G 200G’ + 350G 200G’- 150G <100G* + 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
s=s,+5,, D,=R"+A_, D =R+A, , and R=R+A,, where 3, A,, A , and A, are
corresponding mismatch level. Furthermore, let A=A +A and A, =A,+A,, it
follows that D, =R"+A’, D, =R+A’, and A=R"A} +A’R . According to the dynamic

equation in (2), we can get the error of the RNNBBAMUD.

where w,, =R’'s,, a= HW,,,,,
¢=[al

matrix and connection strength error. z=[|R”'|/RK K, +1/|[R”'[]3,] is brought about by

w,, V<R[ {e+c+ 4} . (10)

/RK K, can appropriately be adjusted by R, K|, and K,.

W, A’| is induced by the estimation error of correlation

2
+[HR"H I RK,K, +1]

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. R=10kQ and C =10pF in the RNN. Define Signal-to-Noise
Ratio(SNR) of user k as SNR,. The desired user is user 1 while all other users are the
interfering users, that’s SNR.=SNR,, SNR=SNR, ,.

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, SNR,=15dB, and SNR=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.

b .  MMSE Theoretic Value
RNNBBAMUD

KALMAN

0 100 200 300 400 500 600 700 800 900 1000

Number of Iterations

Fig. 1. RNN with M=3 and N=3  Fig. 2. Average SINR versus number of iterations
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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 SNR=18dB keeps unchanged while SNR, changes from
0 to 12dB. The performance of suppressing MAI and near-far resistance at the steady
state is stimulated in Fig. 4, where SNR,=8dB keeps unchanged while the “Far-to-
Near ratio”(FNR), defined as SNR, / SNR,,, 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.
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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 SNR,=10dB,
SNR=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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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:

r(t) = sig(t) + n(t) (D

F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 281-286, 2004.
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5ig(1) =28 d(t)C(t + ET,) cos(wot + wyt +6). 2)

Where: S is the signal power, d(?) is the data, w,, w, and 6 are the carrier frequency,
the Doppler frequency and carrier phase respectively. The expression C(t+{T,) isa = 1
valued, with respect to an arbitrary code delayed {7, 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:

PN =|[c,,c,,Cyy...,Cn ] 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:

— 4
C =[CysCysCisCy -evsCh1sCony] )

The next phase shift sequences can be formed by taking the 2N consecutive values
starting from the second value of the previous sequence as:

1 _ 5
C =[cy,c,¢; oo sCon_15Can_1>Co ®)

All the 512 PN code phase shifts C*¥ 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(?) in the received signal r(z).

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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Layer (1) Kohonen Layer (2) Grossberg Layer (3)
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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 Wy, where i=j=1,2, ..., 2N. The Kohonen's neuron output K, is simply
the summation of the weight inputs and can be defined in matrix form as:

.. 5
K, Wi Wi Wian ¢ )
Ky | | War Wap 0 Wy || €
K,y Woni Wano " Wanon | Con
K =WC. (6)

Where W is the weight matrix after training. The Kohonen's neuron K, 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 2Nx2N to small random values.

2. For each PN shift, the input pattern is represented by vector of 2N elements.

3. Normalizing each input vector C, before applying to the Kohonen's layer.

4. Adjust the weight vector such that

W, =W, +a(C, ~W,.,). g

Where: a 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 K,
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 2NxM to zero values.
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2. The desired output vector Y, 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 K, is set to one and other
components are set to zero; then the weight vector V, is defined as:

Vijnew = vijold +IB(yL _Vijold )Kz (8)

Where: Kis the output of Kohonen's neuron i (only one Kohonen's neuron is
nonzero), y, is the component j of the vector of desired outputs and £ 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, 5" and 50" 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, 5"
and 50" 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.

The Output of The Kohonen Layer Neurons The Output of The Kohonen Layer Neurons The Output of The Kohonen Layer Neurons

The Cross Correlation Value
The Cross Correlation Value
The Cross Correlation Value

The PN Code Phase Shift No, The PN Code Phase Shift No, The PN Code Phase Shift No,

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.

Output of Kohonen Layer when Applaying PN Code Shift No. 50 with SIN = -5 6548

3
&
e
5
3
g
S
2
=

PN Code Phase Shift No.

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 256x2
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 max; i fix
subject to |fix — fil > ciy Vi, k, 5, 1(i # j, k #1) (1)
fik is nonnegative integer

where N is the number of cells in the system, m;, 1 < ¢ < N is the number of
channels required in cell 4, ¢;5, 1 <,7 < N is the channel separation constraint
between a call in cell ¢ and a call in cell j, and fix, 1 <i < N, 1 <k <m;is
the frequency assigned to the kth call in the ith cell.

F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 287-Z32] 2004.
(© Springer-Verlag Berlin Heidelberg 2004
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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. [

2.2 Local Search Stage

The basic idea behind using local search for CAP is as follows; Given a current
ordered list of calls z;,, we construct a new neighbor z;, 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 z,; for which f(z,41) < 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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Calls: {4,4,4,1,2,3} Remaining Calls: {3}
Tteration 1 Tteration 3
Freq /1|2 3/4 5|6|7(8|9 1011 Freq. 1/2 (3|45 (6|7 (8|9 |10M"
Calls 4 1 4 2 4
4 (L ]
Calls |4 4 Conficts |2 |2 |21 41 |2 |2 |2 |1 |1 |2

Remainimg Calls : {1, 2, 3}

Freq 1]2 ]34 [5 s |7 [8 ]9 [10]n
Freq.  |1]2]3 4567 [8]a 101 Calls a| (1]3] Ja] |2 4
Cals |4 | al ] 4
5 Freq. 1(2 (34567 8|9 10112
Conflicts [2 [1/0 0 [1 ]2 1|0 [0 [1 2
o [ Calls 4 1 3 4 2 4

Remaining Calls: {2,3}

Tteration 2

Freq. 1/2|3(4|5(6|7 |8 (9|10
Calls 4 1 4 2 4
Conflicts |2 |2 |2 |1 1|2 1(0 /0|12

Fig. 1. A simple example of frequency assignment using FIS

I1. 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. [ an
initial call list for local search isnot [4 44 12 3],but [4 13 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 V;
as follows [0]:

1 if U; > UTP (upper trip point)
Vi(t + At) = 0 it U; < LTP (lower trip point) (2)
Vi(t) if LTP < U, <UTP

where U; is the input of ith neuron. To solve N-cell-M-channel CAP, a total
N x M binary neuron is used. The motion equation of the ijth neuron in the
N-cell-M-channel problem is given by :

dU;; m j+(cii—1 j+(cip—1)
=AY Vig—di)— B Y mq+zp 1 St Vag) 3)

i1<q< <
##3,1<q<M Cw>0 1 <q<M

where A and B are coefficients, V;; is output of neuron#ij that represents the
assignment of channel #7j to cell #i, and d; 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 d; 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 U;; are updated while all the outputs V;; are
fixed. Then all the outputs V;; are updated while all the input values U;; are
fixed. The energy function E corresponding to Eq.([3)) is defined as follows:

A m B n m j+(Cii*1) N j+(cip71)

L DIEIRES ) S SREORS vl SRR SIONN
q=1 i=1j=1 g=j—(ci;i—1) p=1 g=j—(cip—1)
q#3§,1<q<M pFL 1<qg<M

cip>0

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 mazimum 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 maz frequency.

% Local search stage

3) Select a call a;, in mazimum frequency cell, and a call aj randomly
G #9).

4) Make new call ordering list X' by swapping a;, and aj; from X.

5) Assign frequency to call ordering list X' using FES. f] .. is max fre-
quency.

6) If Floe < Frnass then X — X', funax < Faxc
Go to 8) until iteration number is equal to the maz iterate imax,
or fl .. = lower bound

ax
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Table 1. Demands of Philadelphia instances

Reuse distance

Demand vector

RN HEN I S N O N eSS

(2v/3,v/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)
(V7,v/3,1,1,1,0)
(2v/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)
(V7,v/3,1,1,1,0)
(2v/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)
(V7,v/3,1,1,1,0)
(2v/3,v/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)
(2v/3,2,1,1,1,0)
(2v/3,V/3,1,1,1,0)|  (32,100,32,32,32,60,72,208,308,112,52,60,124,60,144,228,112,

(8,25,8,8,8,15,18,52,77,28,13,15,31,15,36,57,28,8,10,13,8)
(5,5,5,8,12,25,30,25,30,40,40,45,20,30,25,15,15,30,20,20,25)
(20,20,20,20,20,20,20,20,20,20,20,20,20,20,20,20,20,20,20,20,20)

(8,25,8,8,8,15,18,52,77,28,13,15,31,15,36,57,28,8,10,13,8)

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

427
427
258
258
240
179~189
856~857
525~528
1714~1725

© 0 O T Wi

464 | 460 | 476 | 543 | 521 | 475 | 504 | 485 | 463 427
468 | 451 | 501 | 543 | 466 | 447 | 495 | 486 | 463 427
345|296 | 296 | 346 | 296 | 304 | 297 | 299 | 302 284
285|285 | 273 | 346 | 270 | 280 | 269 | 296 | 271 261
299 | 275 | 261 | 295 | 298 | 280 | 251 | 296 | 264 249
223|206 | 197 | 295 | 220 | 220 | 197 | 226 | 232 209

1088| 928 | 922 | 939 |1088|1046 | 952 [1003|1010| 945 856

547 | 582 | 588 | 646 | 544 | 586 | 577 | 626 | 584 544

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 maz frequency cell.

8) Assign neural-network assignment within the fumax. 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 [I] as shown in Fig. @l Table 1
represents the demand vectors and reuse distances of all instances. d; in the
reuse distance (dp,d1, ..., ds;) means that at least d; 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 <.
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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.

F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 293-298, 2004.
© Springer-Verlag Berlin Heidelberg 2004
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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 :

v, () 1 ! M
C—X] :__VXij (1) + ZAijklekl (1) + ZBijklukl () +_2I’7
dt R, (k.DEN, (i,]) (k.DeN, (i, j) o
VXiJ. (t) is the state of cell C(i,j),
2

1
VYij(t) = 5(|VXij(t) + 1|_|VXij (t) - 1|)
When three cells CNN is studied, it is described as:

dx, 3)
— =-x, +p,f(x,)—sf(x,)—tf(x;)

dt
dx,
? =—x, —sf(x,) = p,f(x,) —rf(x;)
dx,
e -x, —tf(x,) +rf(x,) — p,sf(x;)

When p, =1.25,p, =1.1,p,=1.0,t=3.2,r=4.4,we get the strange attractor in Fig.1.

i i i i i i
= -1.5 -1 =1 @A 4.5 1 1.5 =z
¥1 twplthd

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=1 u s) is very
fast, the sequence do not change its mean value, the mean value is described as:

_ 1 N -1 4)
x = lim — x, =0
N— oo N =0
The next equation defines the auto-correlation function of the CNN sequence:
&)
ac(m) = hm Z(x —x)(x X0 —x)= hm Z X,
the cross-correlation function of the CNN chaotic sequence is:
(6)

o1& - - . 18-
e, (m) = Ilvlglmﬁ Z(xli - x)(xz(i+m> —X)= Ilvlf)nmﬁ lei'XZ(Hm)
i=0 i=0

We simulates the CNN chaotic sequence with TMS320C54 DSK tools, the
following figures show the simulation results: the auto-correlation function is almost

the & 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 O 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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Binary sequence

d® )@ > Modulator >

A

Pseudo-random _
sequence C(t) Carrier

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:

Receive signal Bandpass BPSK Estimated data
>® filter —demodulator |————p>

!

Pseudo-random

v

Coherent carrier
sequence C(t —T,)

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
Fig4.

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:
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Fig. 4. BER of DSSS system in additive white Gaussian noise channel
(N

r(n) =

NG

[r(n)+t(n = )]+ n(n)

In equation 7,r(n) is the receive PN code, t(n) is the transmitted PN code, and ﬂ(n) is
additive white Gaussian noise. Fig.5 shows the simulation results:

probability of a hit error

tiNI—{--gl:uIl:lD,mp,l

+0Q
*0

L
-2

L L
o 2

SMR per bit (dB)

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 [I] 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[R] 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][I0][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]

Lan+1—k) —C)+min)} (1)

Ms

xi(n+1) = SATxo{z;(n) + Ts(

b
I

1

where X denotes the buffer size, and z;(n) is the incoming packets at time
slot [n,n — 1] in switch i. m;(n) = fi;(n) + d;(n) + v;(n), in which d;(n) denotes
quantized errors and high-priority traffic, v;(n) stands for measured disturbance,
and f;;(n) is the nonlinear function of the networks states Yj(n) of link j (j =
1,2,..,i—1), and

Yj(n) = (zj(n) = 2o, ..., zj(n = Dj) = x0,4;(n), ..., ¢;(n — K;)) (2)

and the saturation function is defined by

0 z2<0
Sat,(z) =14 a z>a (3)
z other

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

1

fo) =15

(4)
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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 m;(n) as
in () and design the controller.

2.3 Neural Congestion Controller

For simplicity, we only consider the one-node queueing model () in the following
form

z(n+1)==z(n) + (Z lkgln +1—k) — C) +m(n)} (5)
k=1

. . . . . <k
Where we omit the index i and saturation function, and I, = Tl .
The equation (B) can be rewritten in input-output form as

AA(z"V)a(n) = B(=") Aq(n) + Am(n) (6)
where A = A(z71) =1—-271, B(z71) = Zl?:igllkz_k and Am(n) = m(n) —
m(n —1).

Define the following performance index
J = |E(z"Da(n+1) = Reo(n) — Q(z")g(n) — HAm(n)[? (7)
and use the Diophantine equation
T(z"') =B("HE(E) - AA("HQ(=)
E(z™Y) =210 + AA("HC (2 (8)
when A(271), B(271), Am are known, the controller is given by
(n) = Rxo(n) — FAm(n) — G(z~YHz(n) — C(z71)Am(n) (9)
an) = —G(z 1) +C(z VB
and the closed-loop system is

T(z"Yx(n+1) = B(z7Y)[Rao(n) — FAm(n) — Q(z~')Am(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(z71), B(27!), Am are unknown, we can use the identification algo-
rithm given in [T3] to online estimate the controller parameters G(z~1), C(z71)
Q(z71) and nonlinear function Am(n). Using the estimated parameter and non-
linear function, the neural congestion control algorithm may be rearranged by

_ Rao(n) — FAm(n) — G(zYa(n) — C(z=") Am(n)
~G(z)+C(=")B(z")
The overall structure of the closed-loop systems is shown in Fig. [l. Similar to

[12],[13], it easily known that the closed-loop system (@) and () is bounded
input and bounded output stable (BIBO).

q(n) (11)
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2.4 Real-Time Scheduling Controller

We can conclude that the controller ([[I) 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, IT in Fig. ), the increase algorithm
in the modified EFCI works, i.e., If x < x; and Az = (2(k) —2(k —1))/T < i,
then ¢(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. ) , the
decrease algorithm in the modified EFCI starts, i.e., If x > xpand Ax > py,
then ¢(n) = g(n —1) — RDF %« PCR. The real-time scheduling controller may be
written by

(1+RIF)*q(n—1) as z <z and Az <y
qgn)=< q(n—1)—RDF « PCR as z >z, and Az > puy (12)
(11) others

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 = 1lms, the RTT of each hop is set to ds = 1. and Ay = 0.99, Ay = 1.5,
20 = 50 cells, x5, = 1050cells, x; = 4cells, up, = 9500cells/s,u; = 1000cells/s. The
queue length of the buffer is shown in Fig. Bl The sending rate for four ABR
sources are given in Fig. Bl the link utilization is plotted in Fig. Bl the traffic
rate of VBR service is pictured in Fig. [[l 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
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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 &;in I-ch part and &, in

F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 305-310, 2004.
© Springer-Verlag Berlin Heidelberg 2004
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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 Ag), 3) quadrature reference phase
offset @due to imperfect orthogonally of the z/2 shifter (carrier cosw,t for I-ch

while sin(@_ t+6) for Q-ch).

h g (t) . A q(2)
®(-1.1) ®(l.1)
F147 R B o
[ ] [ ]
o-1-1) @, 1)
(a) )
h g (t) p g ()
®
[ ] ®
i(t} ® (1)
L J
L ] L
L]
() [CY

Fig. 1. Quadrature modulator and
Demodulator

Fig. 2. Various signal constellation of QPSK

The effect of the linear distortions is that the final demodulator outputs i(z) and ¢(?)
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(?) and ¢(?), 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 77 /2 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(¢) and ¢g(?)
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(z) and g(z) 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 W that in fact means coordinates of the corresponding center signal
points. For example, W;; and W, 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 W by using the
coordinates of ideal center points of QPSK, i.e., Wy ={(1,1),(1-1),(-1,-1),(-1,1) }.

Step 2 Competition and decision: Determine the best-matching output node / to the
recently received signal (i(?), g(t)) by

H((.q®)} = argmkin{H (i(®),9(1) = Wy, Wo) I} e))

where|| (i(£), q(1)) — (W,;.,W,, ) || means the Euclidean distance between (i(t), g(1)) and
(Wi, Wy). Eq. (2) can be equivalently calculated by selecting the output node with
the largest inner product (i(t),q(t))T(Wlk ,W,,). Then a digit pair is recovered corre-

sponding to the best-matching output node /.
Step 3 Adaptation: The synaptic weights related to the best-matching output node /
(WH, WZZ) is updated by
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Wiy (n+1) =Wy, (n) +17(n)(i(r) = Wy, (n))
Wy (n+1) =Wy (n) +11(n)(q (1) =W, (n))
where 77(n) is the time varying learning rate parameter given by [4]
n(n)=mny,exp(-n/7) n=0,1,2,3,.... 3)
with 77, =0.1,7=1000.
Step 4 Repetition: Repeat step 2 and 3.

2

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.

Inpnst Recovered
QFSE. —{Damod—] Nunl Het |
Cata Mod, Decigion Fyn, Diata
AWGH

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
(6; =6, =0.5) and (6; =6, =-0.2). 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 +0.5 , although average BER degrades from 2.4 x 10™*to

1.8x107% without compensation, it remains almost no change at about 2x107*
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

about2x10™* to about 6x107* without compensation.. Fig. 9 shows BER perform-
ance when three kinds of distortion exist simultaneously
(0; = é‘q =0.3,4;/A, =12,68=10°) . The proposed scheme is still effective even

under such severe conditions
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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

w

g

W,, for center point 1 at average

SNR=6dB. They track the variation of DC level offset very well and vary around 1

from O to 2.
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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-

* This work was supported by National Natural Science Foundation of China (No. 60372031)
and Open Foundation of State Key Laboratory of Mobile Communications (No. A0401).

F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 311-316, 2004.
© Springer-Verlag Berlin Heidelberg 2004
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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 nytransmit antennas and ny 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 s(k)=[s; (k) s,(k) - sy (k)] be the kth

block of N symbols to be transmitted, and it is encoded by the STBC encoder and
mapped onto an n; X N code matrix C(k)=[c1(k) c,(k) - cN(k)] by [6]:

N
Clk)=Y A,s, (k) (D

n=1
where A, is the orthogonal coding matrix corresponding to the nth symbols, (k),
and ¢, (k) is the nyX1 coded vector at the nth time instant of the kth block. We can
model the transmission during the nth time instant as follows:
c,(k)=Ps(k) n=L..,N 2)
and therefore

C(k)=[Ps(k) Psk) - Pys(h)] 3)

where P, is a permutation matrix corresponding to ¢, (k).

Assume that H is a n,Xn, complex channel response matrix, which remains con-
stant during one detection period, and then the received signal can be written as:

Y(k) = HC(k) + V (k) 4)

where Y(k)is an n, XN received signal matrix and V(k)is an n,X N noise matrix
whose elements are Gaussian random variables with mean zero and variance o>.

Denote Y(K)=[y,(k) y,(k) - yy(®)] and V) =[v,(k) vo(k) - vy
and we can obtain a new expression:

¥, (k) =He, (k) +v,(k) = HP,s(k) + v, (k) (5)

where both y,(k) and v,(k)are n,X1 complex vectors, and they represent the
received signal and noise during the nth time instant in the kth block, respectively.



On the Performance of Space-Time Block Coding Based on ICA Neural Networks 313

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

YR [EFR] [vR@]
R R R

Y1 (k) H P1 vi (k)

yh(o| |H'P | vy (k) |

where (A)®and (A) represent the real and the imaginary component of A, respec-
tively. The above expression can also be denoted as:

§(k) = Hs(k) + ¥(k) @)

where both (k) and V(k) are 2n,NX 1 vectors and Hisa 2n,NXn, matrix.

Note that Equation (7) can be regarded as a linear mixing model of ICA, and in this
model, the received signals y(k) are 2n,NX1 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
(2ngxg N — N)-dimensional block representing the noise subspace. This process is

called pre-whitening, which may be written by
x(k) = V¥ (k) (®)
where Vj is the pre-whitening matrix with the decreased dimension N.
Secondly, we should find a separating matrix W to apply to the vector x(k), and

then the source signal can be recovered:

z(k) = Wx(k) = §(k) 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
Hyvirinen’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 L2
Ciape = Z ‘C”m[zi’zjszk’zi] (10)
ik,l=1

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

Wk +1) = W(k)— A(k)F(z(k))W (k) (11)

where A(k)is a step size for training and F(z) = 7z’ —I+g(z)zT —ng(z) is a func-
tion of the nonlinear function g(z) [2].

FastICA is a computationally optimized ICA algorithm and has a relatively fast
convergence performance. The basic updating step can be expressed as

W = Efxg W% - Elg %) Wi = 1N (12)

where W/ is one row of the separating matrix W, and W, , the new value of W, , 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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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.

References

1. Cardoso, J. F., Souloumiac, A.: Blind Beamforming for Non Gaussian Signals, IEE Pro-
ceedings-F, Vol. 140. No. 6 (1993) 362-370

2. Cardoso, J. F., Laheld, B. H.: Equivariant Adaptive Source Separation, IEEE Trans. Signal
Proc., Vol. 44. No. 12 (1996) 3017-3030

3. Joutsensalo, J., Ristaniemi, T.: Learning Algorithms for Blind Multi-User Detection in
CDMA Downlink, In Proc. of PIMRC'98, Boston, U.S.A (1998) 1040-1044

4. Ristaniemi, T., Raju, K., Karhunen, J., Oja, E.: ICA-Assisted Inter-Cell-Interference Can-
cellation in CDMA Array Systems", In Proc. of ICA2003, Nara, Japan (2003)

5. Alamouti, S. M.: A Simple Transmit Diversity Technique for Wireless Communications,
IEEE Journal on Selec. Areas in Comm, Vol. 16. No. 8 (1998) 1451-1458

6. Tarokh, V., Jafarkhani, H., Calderbank, A. R.: Space-Time Block Codes from Orthogonal
Designs, IEEE Trans. Inform. Theory, Vol. 45 (1999) 1456-1467

7. Liu, J., Iserte, A. P., Lagunas, M. A.: Blind Separation of OSTBC Signals Using ICA Neu-
ral Networks, in Proc. of ISSPIT, Darmstadt, Germany (2003)

8. Hyvirinen, A.: Fast and Robust Fixed-Point Algorithms for Independent Component
Analysis. IEEE Trans. on Neural Networks, Vol. 10. No. 3 (1990) 626-634



ICA-Based Beam Space-Time Block Coding with
Transmit Antenna Array Selection*

Hongji Xu' and Ju Liu"?

'School of Information Science and Engineering, Shandong University
250100 Jinan, China
? State Key Lab. of Mobile Communications, Southeast University
210096 Nanjing, China
{Hongjixu, Juliu}@sdu.edu.cn

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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and Open Foundation of State Key Laboratory of Mobile Communications (No. A0401).

F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 317-323, 2004.
© Springer-Verlag Berlin Heidelberg 2004



318 H. Xu and J. Liu

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 ny BFSAs and the mobile station
(MS) is equipped with ng receive antennas. If N, BFSAs are chosen for linking the
transmit radio-frequency (RF) chains and all the other BFSAs are kept silent, we refer
toit as an (n, N;; n,) system. Let P,i =1,---,N; be the same transmit power for each

BFSA.

M | 1
& -
= Lo
_JO_I.WIJM‘x Y_
s,| st > | ! i | Blind _§b
Encoder ® _J : Irr A ikeceiver
L I
= =
i WHTJM
e y
— TAAS
R

Fig. 1. The structure of the proposed communication system

For the STBC scheme using BPSK modulation, assume that s(k) is the kth block
transmitted signal vector of N symbols. ¢, (k) is the N, 1 coded vector at the nth
time instant of the kth block, and it can be expressed as:

¢,(k)y=P,stk) n=1..N )

where P, is a permutation matrix corresponding to ¢, (k).

For the (n,, N,; n,) wireless system in this paper, we may define an n, n, channel
matrix H. After the process of TAAS, the optimal N, 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 w;, i =1,...,Np (||wi|| =1), and then
we can define a weight matrix W containing the diagonal components w;" .
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For the convenience of the following expression, we define a new Ny ng complex
channel response matrix H”, its component h j isan M 1 complex channel vector

between the ith transmit BFSA and the jth receive antenna, and it can be written by
L
h, ()= a,;)-a,@) )
I=1

where, for a certain i and j, o (t) is the complex channel gain of the /th path, and
a; (,) isthe M 1 downlink array steer vector at the angle of departure (AOD) 6, ,

and L is the number of the independent fading paths.
The weight matrix W and the channel response matrix H can be combined into

ann, N, “effective channel ” H=(WH')" . So the received signal can be written as
y,(k)=He, (k)+v, (k) =HP s(k)+v, (k) 3)

where both y, (k) and v,(k)are n, 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:

H
W; = max w; R, ,w,

i_opt Wi:HWI»H:I i d,ivi (4)
where R, ; isthe M M downlink spatial covariance matrix (DSCM) corresponding

to the ith BFSA, and w;

i_opr 18 the eigenvector associated with the maximum eigen-

valueof 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 R, ;

in virtue of the uplink spatial covariance matrix (USCM) IA{MJ- calculated at the BS,
R, =T-R,, T &)

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 N, out of n, TAAs are chosen for transmission. Here Let
N, =2, and then the aim of TAAS is to transmit Alamouti codes at the best TAA pair.
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L
Let g = Z|0(,’U|2 be the squared sum of absolute value of the L fading path gain
1=1

in h;

U‘ ’
are f3;; . Assume that the uth and vth TAA are chosen for transmission, and then the

so we can obtain an n, n, channel squared gain matrix B whose elements

receive SNR 7 at the output data stream is

V= yOZ(ﬁj,u +ﬂj,v) (6)
j=1

where , 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:

g
TAAS(u,v) = argmax {Z(ﬂm + ﬁj,v)} ) 7)
1Su,v<np u#v j=1
We can apply the conclusion of TAS into the analysis of TAAS. Therefore, for the
(n,, 2; n,) TAAS scheme, the gain from the TAAS technique in expected receive SNR
over the standard Alamouti scheme can be expressed as [3]

EB, +B,.)

Graas (dB) =10log;o( ==) (8)

2np

where Bnr and ,ﬁnm 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.
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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 Y (k) = [yl(k) yo(k) - yN(k)] .
V&) =[v,(k) vy(k) - vy(k)] and H(k)=[HP, HP, -~ HPy]. To sepa-
rate the source signals effectively, we transform (3) into the following expression

y(k) = Hs(k)+ (k) ©)
where
o [Re(¥T (k)] - Re(V/ ()| & |Re(d’(k
50 =| ROV g _[R(VID| g5 | Re(H )|, (10)
Im(Y" (k)) Im(V* (k) Im(H" (k))

y(k) and V(k) are 2n,N 1 vectors, and H isa 2n,N N, 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 y(k) are 2n,N 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 Vg:

x(k) = Vs (k). (11)
Secondly, we should find a separating matrix W to apply to the vector x(k), and
then the source signal can be recovered:

z(k) = Wx(k) = §(k) . (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

W = Exg(WIx) - Elg W0 [W,.i=1...N (13)

where W/ is one row of the separating matrix W, and W, , the new value of W, , 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 §(k) 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 n, 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.

—— Alamouti scheme (2,2 ) —— BSTEC/FasiiCA (22.2)
—— BSTBC(2,2) —— BSTEC/FastiCA (322}
—— BSTBC-FastiCA (2,2 2 —& BSTEC/FastiCA (4,22)
g )

)

—&- BSTECAFastiCA (5,22) [
—5 BSTECFasiiCA (6,22

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.
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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:
Zn = ‘xn + yn (1)

where x, represents the observation of a nonlinear system (may be but need not be a
chaos system), i.e., x, =h(5,), h(s) denotes the observation function of the nonlin-
ear system, §, € M , M is the state vector set of the nonlinear system; And y, is the
useful signal, whose bandwidth is much narrower than x,. Then y, 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 z, through

the filter, z’ , is another observation of this nonlinear system.

n

2=F(x,+y)=F(x)=x 2)
=h(), T eM

Since x, and x, 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 x,,n=1,---,N to the vector series X, ,, according to (3).

— T
‘xn,D.z' (S ) [ n’ n+r’ ' xn+(]}l)r] (3)

) 1S, )8, s =L N—(D-1t

where D, 7 is the embedding dimension and the embedding delay respectively. The
vector series X, ¢  reconstruct the state space of the nonlinear system and keep all

dynamic information. Dynamic reconstruction of x, is the same as x, .

— ’ T
xn,D.z' (S) [n’ TN n+(]}l)r] (4)

Aiming to simplify the description of formula, we might as well let 7=1. If the
coefficients of the FIR filter are {c 0 J = 0,---,q—1}, then

)

Obviously the relation between X/ ,, and X , 1s as follows:

n,D+q-1,

X = x (6)

n,D,1 n,D+q-1,1
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where ¢, isa DX(D+q—1) matrix,

G ¢ ¢ ¢, 0 0 0
0 ¢ ¢ = ¢, ¢, 0 - 0 e
=10 0 ¢ - ¢, ¢, ¢4 = 0
0 0 0 « ¢ ¢ ¢ - ¢
Eq.(6) can be rewritten as:
xn D,1 ¢ q)Dﬂl 1, l(sn) (8)
Since ¢, is an injection Based on the set @, (M), i.e . VX, one and only
X, piq11 Can be found certainly to satisfy (9).

—7
X, D+q 1 € q)D+q 11(M) Xp1 = 'xn Diq-1.1 )

- -1
Thus inverse transform must exist between X/ ,, and X, Dpiq11 - L€t @, represents

n,D,1

the inverse of ¢, . We can utilize RBF neural networks to approximate ¢q’l by means

of learning input/output data X/, d X . Then x can be recovered

n,D+q-1,1 n,D+q-1,1
through (10), which means the estimation of x,, X, , is obtained.

A

-1 (10)

nD+qll nDl

where éq" denotes the approximation result.

Finally y, can be recovered by z, subtracting %, ,i.e., §, =2z, —

2.2 Algorithm

This method is used in ‘blind’ signal separation in this paper (only the spectrum dif-
ference between x, and y, 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 ¢)q". 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 y,, and

filter the useful signal from z, to get z,, i.e., x,.

Step 2. Dynamic reconstruction. First, we determine the embedding dimension D and
the embedding delay 7 in virtue of x,'l [6], [7], which are needed in dynamic recon-

struction. Then we model x/ and z, with the dynamic model.

Step 3. Constructing RBF Neural Networks to approximate qﬁq’l by means of learning

and 7

P pairs of input/output data x’ DLz >

Dt n=1,---,P . 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 x, by Inputting X/

n,D,7

to the trained two layer RBF NN and ob-

tain y, through z, subtracting %, .

\/ -
FIR filter %
\
dynamic Ly
reconstruction > RBF Neural Networks

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 us respectively. The sample frequency is

1MHz, the sample duration is 1ms, and SNR is -8.8093dB. The sine pulse exists from
200th to 250thps. Totally 300 pairs of data are used, which are divided into 60



328 B. Deng and R. Tao

groups, 5 radial basis functions in each group, to train the RBF NN. D=4, r=1.

After the sine pulse is separated from Lorenz series by this proposed method, SNR is
increased to 11.7264dB.

(@) (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, 20° 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, 20° 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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(@) (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 IMHz, 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 100ps. 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, 7=2, SRR
is increased to 8.6159dB from -7.3593dB; When LFM reverberation is
used, D=7 ,7=1, 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.

References

1. Frison, T.W., Abarbanel, H.D.I.,, Cembrola, J., Katz, R.: Nonlinear analysis of environ-
mental distortions of continuous wave signals in the ocean. J. Acoust. Soc. Am, Vol.99,
No.1. The Acoustical Society of America, New York (1996) 139-146



330 B. Deng and R. Tao

2. Frison, T.W., Abarbanel, H.D.I., Cembrola, J., Neales, B.: Chaos inOcean Ambient ‘noise’.
J. Acoust. Soc. Am., Vol.99, No.3. The Acoustical Society of America, New York (1996)
1527-1539

3. Broomhead, D.S., Huke, J.P., Potts, M.A.S.: Cancelling Deterministic Noise by Construct-
ing Nonlinear Inverses to linear filters. Physica D, Vol.89. Elsevier Science, Netherlands
(1996) 439-458

4. Cai Zhiming, Zheng Zhaoning.: Chaos Characteristic Analysis of Underwater Reverbera-
tion. Chinese Journal of Acoustics, Vol.27, No.6. The Acoustical Society of China, Beijing
(2002) 497-501

5. Takens, F.: On the Numerical Determination of the Dimension of an Attractor. In: Rand, D.,
Young, L.S. (eds.): Dynamical Systems and Turbulence. Lecture Notes in Mathematics,
Vol.898. Springer-Verlag, Berlin Heidelberg New York (1981) 366-381

6. Kim, H. S., Eykholt, R., Salas, J. D.: Nonlinear Dynamics, Delay Times, and Embedding
Windows. Physica D, Vol.127. Elsevier Science, Netherlands (1999) 48—60

7. Liangyue Cao.: Practical Method for Determining the Minimum Embed—ding Dimension of
a scalar time series. Physica D, Vol.110. Elsevier Science, Netherlands (1997) 43-50

8. Xiangdong He, Alan Lapedes: Nonlinear Modeling and Prediction by Successive Approxi-
Mation Using Radial Basis Functions. Physica D, Vol.70. Elsevier Science, Netherlands
(1993) 289-301



A New Scheme for Detection and Classification of
Subpixel Spectral Signatures in Multispectral Data*

Hao Zhou', Bin Wang"’, and Liming Zhang'

' Department of Electronics Engineering, Fudan University, Shanghai 200433, China
{032021038,wangbin, lmzhang}@fudan.edu.cn
*The Key Laboratory of Wave Scattering and Remote Sensing Information, Fudan University,
Shanghai 200433, China

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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Program of China (No. 2001CB309401).
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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

X =AxS. ey

If the multispectral remote sensing images have n bands and m sorts of interesting
objects, then X is a nx1 vector, A is a nxXm matrix and S is a mX1 vector. In this

model, the selection of matrix A is important to the precision of decomposition
results.

2.2 Constraint Conditions

The decomposition results § based on LSMA should satisfy the following two
constraints.

(a) The sum of percentages s, of interesting objects in every single pixel should be
1,i.e.

; s;=1- 2)
(b) The percentages s, of interesting objects should fall into the range from O to 1,
ie.
0<s, €1, (i=1,.2,...,m). 3)
In addition, the decomposition results S should satisfy the condition of LSMA
model, i.e.

X =AxS. “



A New Scheme for Detection and Classification of Subpixel Spectral Signatures 333

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, efc., it is
impossible to get an ideal situation mentioned above. So precise decomposition
results should be obtained by minimizing the following energy function

=(X -AS) (x - AS). ©)

In order to make the results satisfy the Eq. (2) and (3), we introduce them to Eq. (5)
and form the objective function

E=(Xx-AS/(X-AS)+ M(ZS —1} + 3 Jes? +e,(1—s.)"]. (6)

The Eq. (6) uses the second part to constrain the sum of percentages s, 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 s, in the range from 0 to
1. 1 is a large positive integer. When 0<s<l1, 5" and (1- 5,)” are close to zero, but when
5,<0 or 5, >1, at least one of s, and (1- s’ is much greater than 1, so through iterative
operation, s, can be constrained back to [0,1]. ¢, and ¢, are adjustment factors. By
changing the values of M, ¢, and c,, 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

OE _
E

m

2AT (X - AS)+ 2M(2si - 1}1 +2e 5,215, s, )
i=1
@)
_2102((1 D=, P (=, ) )T.
I is a unit column vector. From the Eq. (7), we can get the following iterative
algorithm

Sk+1)=S(k) —n{—AT (x —AS(k))+M{isi (k) —1}

i=1

+e, (s, s, ()Y, s, ()P (8)

~ czl ((1 s, (k))ZH ’(1 _s, (k))zz—l . (1 —s, (k))21-1 )T } .

n is the iterative step size. ¢, and c¢,” are constants calculated from c, and c,,
respectively.
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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 4x2
matrix A as below
20 150
|50 100
150 50
160 70
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 107 . The decomposition results of BP network
are shown in Fig. 2.

(a) (b) (©) (@ (e

Fig. 1. Simulation images. (a) The percentages of standard ground objects. (The image size is
100x100.); (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 AE <0.01. Here, we set M =1000, ¢, = ¢,' =1, and [=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

Percentages of Results of the BP network Results of our method
two (?bjects in No noise Add noise No noise Add noise
source images

1 2% 22.201% 32.063% 2.781% 4.048%

98% 104.956% 81.232% 97.401% 99.016%

2 12% 28.347% 33.151% 12.787% 12.272%

88% 94.574% 72.523 88.010% 90.520%
3 20% 37.877% 39.386% 19.215% 20.753%
80% 86.058% 68.188% 80.676% 81.047%
4 32% 50.686% 44.843% 31.254% 30.266%
68% 78.216% 56.957% 68.216% 71.394%
5 45% 55.468% 50.177% 43.856% 42.059%
55% 72.503% 72.158% 56.021% 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 1" — 5" and 7" bands of Landsat multispectral images covering an
area of Shanghai as experimental data (image size is 256X256). 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 O 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 U {d}) in rough sets, where U = {z1,22,...,2,} , is the
universe; C' = {C1,Cy,...,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 Ci(x) = ng) A Cs(x) = céj) Ao ANCy(z) = ) then d(z) = o)

where cgj ) € Ve,s Ve, represents the value set of condition attribute Cj,i €
{1,2,...,s}; v € Vg, 5 € {1,2,...,r}, Vg 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 U {d}) is represented as Ajp =
(U,Cp U {d}), where Cp = {CDC1 CDO2 C?CS} represents discretization
condition attribute set, and getting a optlmal 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]| + log™). The algorithm is adopted in this paper.

3 Extraction of Classification Rules

Some classification rules extracted directly from A|p 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)=|{z|x € U,and © matches the antecedent of the rule R}|.

Definition 2. (The neighbor rules): Any two classification rules R1 and R2
extracted from Ajp are called neighbor with regard to j if 3j € {1,2,...,s}, the

De,
values of C; % (z) in R1 and R2 are two consecutive discrete values, and Vi #
jyi € {1,2,...,s}, the values of CZ-DCi (z) in R1 and R2 are the same.

Definition 3. (The incorporable rules): Let a classification rule R in the con-
Junctive form be i f C’PC‘( )= (cl\/cl\/ \/c’fl)/\CDCZ( )= (cAVAV...V)A
. ACPes () = (v v .. v k) then d(x) = v9). Without losing generality,
assume cll < cf < ...cf"’,W € {1,2,...,s}. The rule R is called incorporable if

1 .2

CiyCoy . ,cfi are all the consecutive discrete values,¥i € {1,2, ..., s}.

Definition 4. (The neighbor incorporable rules) Any two incorporable rules

1:if CP% (@) = (¢ Ve Vo V) ACYo (2) = (cly V2, V.. vC’m)A
../\CSDCS( )= (cls Vel V. \/ck“) then d(x) = vUv) and R2: if C, Do (z) =
(A, VR V.. vy Ay (@) = (Ve V.. VR)A . ACP () =
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(3, V3, V...V ck%) then d(z) = vU2) are called neighbor with regard to j if the
following conditions are satisfied for R2 (or R1):

(1)37 € {1,2,...,s}, the value of C’jDCj (x) in R2 (or R1) is a single discrete
value c%j (or c1;), and the following relation between cy; in R2 (or ci; in R1)
and clj VeV \/ck” in R1 (or céj\/cgj\/...\/clfj in R2) are held: c3; = cl“ +1
(or ci; = csjj +1), orcy; = clfj” —1 (orey; = cgj’ —1);

(2Ni # 3,0 € {1,2,...,s}, the values of CiD ‘(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 Rl : if CDCl( ) =
c /\C’QDC"‘(x) = c%/\.../\Cpcj( ) =¢j /\..‘/\CLPCS(;U) = ¢! then d(z) = v\in)
Do,

and R2 : if CDCl( ) —cl/\CDCQ( )= c%/\}.../\C’j % (x) =cA. ACP () =
cl then d(z) = vUi2). Since vUn) = vUi2)  they can be represented as a
classification rule R in the conjunctive form: if C’lDC1 (r) = et A CDCQ( ) =
1 Do, (a2 Doy _ .l — G

A A .Cj J(x) = (¢;j Vi) N NCS7 (x) = ¢ then d(z) = vU) | where
vU) = pUi) = 9Ui2) | Since ¢! and ¢ are two consecutive discrete values, from
Definition 8 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’chl X C’DC2 X oee X C’DCS, e.g., a classification rule
R: if C’chl(x) = /\0502( )=ca A. /\C’DCS( ) = ¢s then d(z) = v can
be kept as RUL(cy, ¢, ...,cs) = v in RUL. RUL is created as follows:
(1)Initialize RUL by *, where * represents an arbitrary decision attribute value;
(2)Produce rule base RUL(RY)),j = 1,2,...,r, by extracting the classification
rules with rule consequent d(z) = v from A|p. Then Update RUL by each
rule base RUL(RW)).

Note that, in step (2) any classification rule R extracted from A|p is required
satisfying the condition: Strength(R)> An, where n is the number of the training
samples; and 0 < A < 1, is a threshold. A is used to obtain fewer but robust
classification rules. Below Algorithm I is used to obtain an incorporable rule base
RUL_Incor(RY) from RUL and RUL(RY),j =1,2,...,r

Algorithm I

For j = 1,2,...,r, RUL_Incor(RY)) is obtained as follows:

(1)if RUL(RY) = (), output RUL_Incor(RY)) and stop, otherwise a clas-
sification rule R is chosen randomly from RUL(RU)) and set RUL(RY)) =
RUL(RY) — {R};

(2)Set L ={1,2,...,s};

(3)if L = (), then set RUL_Incor(RYW)U{R}, and go to (1), otherwise go to (4);
(4)An element ¢ in L is chosen randomly, and the neighbor classification rules
with ¢ to R in RUL are searched. Those classification rules are required satisfy-
ing the conditions: d(z) = v\9) or d(z) = *. 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(RY)) are removed from
RUL(RY). 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(RY)), 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 Ci(x)is Ay and Co(x) is Ay and...and Cy(x) is Ay then d(z) is v0)
where x € U; A; is a fuzzy subset (linguistic term) with membership function
a; - R — [0,1],i € {1,2,...,s};v0) € V,. From section 2 and section 3, the
condition attribute values of the classification rules in RUL_Incor(RY) are all
in the form of (¢! V¢ V ...V ), where (¢}, ¢2, ..., cF) are consecutive discrete
values, j = 1,2,...,7;4 € {1,2,....;s}, and (¢} VZ V...V cf) can be mapped
to [lo;,rc;) € R. Then [l¢,,rc;) can be translated to a fuzzy subset with a
Gaussian membership function as follows:

(y=c)?

aily) =~ 1)

where ¢ = %(r(;i—i—l(;i), o= %(rCi—lCi). So, any classification rule in RU L_Incor
(RU)), 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(RY) is
aj,j =1,2,...,7, and those fuzzy rules are represented as:

Rij: if Oy(x)is Ay, and Co(z) is As; and...and Cs(x) is Ag; then d(x) is v
where 7 = 1,2,...,a;,7 = 1,2,...,r. The matching degree of the fuzzy rule an-
tecedent for an object = is computed by the multiplication T-norm ([6]) as
follows:

Ar(Riz) = [ Ari(Ch(a)) (2)
k=1
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Then a subsystem S can be constructed using all R; ;,¢ = 1,2, ..., a;. Its output
is defined as:

0; =1—exp"” Dol Ar(Ri ) (3)

Finally, the output of the fuzzy neural network system is defined as:

Y =00, subject to O; = max{01, Oy, ...,O,} (4)
According to the above, the VMFNN model with 5 layers is derived as follows:
[A] Input layer. O; = I; = Cj(z),j = 1,2,..., 5.
[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 ¢ contains a; fuzzy rules,
i = 1,2,...,7, 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

T
vectors. Then the number of the system parameters is totally M = 2s 3 a;.

i=1

The PSO is used to refine the system parameters. The PSO algorithm flow can
refer to [7]. Let @ be the size of the particle swarm (generally set @ = 20).
The initial velocity of the particles are initialized by random numbers uniformly
distributed on [—0.3, 40.3], and the initial positions of the particles are initialized
by the system parameters with 15% noise. Taking use of information included
by the particle 7, a fuzzy system as described in section 4 can be constructed.
The misclassification rates of the system constructed by particle ¢ are defined
as: err;

L = - (5)

where i = 1,2, ..., @, n is the number of the training samples, and err; 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, C; =
1.42, and Cy = 1.57, which satisfy the convergence condition of the particles:
W > (Cy + Cq)/2 — 1 ([7]). Since Cy > 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
Nat,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 ¢;-coordinate and 39 cuts on cs-coordinate
are obtained. Obviously n = 1100 . Set parameter A = 0 and A = 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 A is given in Tab.1.

Table 1. Comparison of the number of the incorporable rules with different parame-
ter A

No. Taste Num.of Num.of rules| No. Taste Num.of Num.of

Signals rules Signals rules  rules
(A=0) (A=0.003) (A=0) (A=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 A = 0 and A = 0.003, the fuzzy neural network systems I and IT (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 x n x rand, where 0 < 7 < 1, is the noise level (set
7 = 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 I 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 A 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 A € [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.

F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 344-349, 2004.
© Springer-Verlag Berlin Heidelberg 2004
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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.

HA CHH (1]

| Classical CFAR |'- Ha-CHM (2] |

Cnatoaat

Classial matched flter

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:

3

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.

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.

Ty

Other neuron Refractoryinput &f)

O
irpuats Hin .
Extermal s
inputs ¥ (5

Rembrance x(£)
External noise ingput 200 — )_I

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
is described as follows:

N t N t
X+ =k Qe > kIt =D)+k3 (O ;D k'H (y;(t—1)+B,)
j=1 1=0 j=l =0

(1)
+kyx, (D) — ()OO kI E(y, (t=1) = By) + i, (1) = 6,(1) .
yi(t+1) = f,(x,(t+1)) | @)

Where X, (t +1) and y,(f +1) are the internal state and output of the i th neuron at
the time 741 respectively. [ ;= [) is the strength of the j th external input at
time £ +1. M. is the coefficient of the external noise. ¢¢(f) is the positive refractory
strength. It can be time-dependent on demand. (91 (t) is the dynamical threshold of

i th neuron [3]. Refractory function f (+) is the determinative factor in (1) to induce

nonlinear character into neuron. The f (+) is defined as [4]:

0.1 =E&(@,) = Asin(al @,),¢, € [~A0)U(0,Al,a€ (0,+e)
3)
As shown in Fig. 3, we think it is adequate to apply 0.4<a<0.6,
N=4,a=100, 6=0.05+0.1¢, 1.6e—3<|n(r)|<1.8¢-3, 6, <0.8 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):




A Novel Signal Detection Subsystem of Radar Based on HA-CNN 347

Rx=(§(xi—f)(yi—y))/( gl(xi—f)Zg(yi—y)z), x,eX,yey @

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 €2 are defined as

Q,‘ = (x,' (t,'),x,' (t,' +T)»""x,' (t,' +(dg _I)T) . (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 & =0.5,n=2¢-3,0=0.05+0.1¢ and 6 <0.3 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 H =12 by the computation with CVS method. The embedding
dimension d, and time delay 7 are determined as d, =4,7 = 4. 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:

04<a<0.6,N =4,a=1006=0.05+0.1,1.6¢ -3 <|n(1)| <1.8¢—3,6,,, <0.8

max

The parameters of second HA-CNN is fixed asax =0.5,n=2¢—-3, 6=005+0.It
and 6 <0.3. 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 S CRm 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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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 P = 107° P, = 107 P, = 107
Classical method P =0.37 P, =0.50 P, =0.58
H.Leung method P =0.46 P, =0.60 P, =0.69
HA-CNN method P, =(.59 P, =0.77 P, =0.87

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 6(=SCR,,/SCR, )>50dB. 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

F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 350-355, 2004.
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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 ¢l- , which are usually selected as Gaussian functions and

M
defined as y = £(x)=>" w4, (x,:c,0,)-

i=1

where X is the input vector, ¢; represent the location with kernel unit 7, while O,

models the shape of the activation function. w; 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. W, 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 O, .

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.

50
1000

1000

1000

1000

- - 1000 -
E o E E 50 E

(b)
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.

ANC with RBFNN prefiter

ANC with REFNN prefiter

RBFNN

RBFNN  NRBFNN

Fig. 3. MSE performance Fig. 4. Errors comparison

ANC with REFNN prefiter  RBFNN

nnnnn

Fig. 5. MSE vs SNR comparison Fig. 6. One ERPs detected via NRBFNN
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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 thythm 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.

F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 356-361, 2004.
© Springer-Verlag Berlin Heidelberg 2004
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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, B wave (20-25Hz) will be domain frequency when object is excited. When
released, @ wave (8-12Hz) will become domination and @ 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



358 Z.Li, M. Shen, and P. Beadle

amplitude « activity. With WPD technique, EEG is decomposed to extract the
a rhythm. We define the node coefficient function as:

x(j,m)= | D @, (k)/N (1

k=I:N

in which w;, is the wavelet packet coefficient, N is the length of ;, -WPD can

decompose the frequency sub-band into the nodes. @ rhythm changes with different
eyes states. The nodes which cover @ 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.

F =[x(6,11), x(6,12), x(6,13),x(6,14), x(6,15), x(6,16)] )

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. O 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.

1 00 BP 1010 RBF
10’
5 2
80 i
i 10"
©
[}
E -20
> 4 10
Ao
10-30
= Train goal E=1e-5
10 : : : 10* : : ‘
0 100 e 200 300 0 2 Epoch 4 6
Fig. 1. Training curve of BP ANN Fig. 2. Training curve RBF network

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". 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™. 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 41828  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 43095 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 21417 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 A =0.5.

Table 3. Testing samples and output

Sample Vector Value oigu " ouRt]i)Fut Notes
1 6.6659 4491  3.7405 11.904 9.1182 3.9671 0.021 0.0885 Open
2 10.837 12.657 6.6429 52605 8333  6.5333  0.0015 0.0119 Open
3 15.037  7.037 14403 11.138 43095 11.574 0.0017  0.1691 Open
4 14.171  17.259 45413  41.219 7.1534 7.8166 09962  1.0484  Closed
5 10903 19.513  36.337 28404 14362 5.5268  0.9961 1.0800  Closed
6 12.83 46.11 27735 29.587 17.245 53035  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.

359
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Table 4. Recognition Rate

E BP RBF
yes Number of

States 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%

Distribution of Network Output

50 — | 50 |
40 ‘ 40 ‘
sp 30 30
20 ‘ 20 ‘
10 ‘ 10 ‘
0 0 ) | — | —
0 0.5 1 0 0.5 1
Eyes Open Eyes Closed
40 | 40 [
30 ‘ 30 ‘
RBF 20 ‘ 20 ‘
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0 0
0 0.5 1 0 0.5 1

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

F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 362-368, 2004.
© Springer-Verlag Berlin Heidelberg 2004
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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 W¥/(f) be the

mother wavelet, the daughter wavelet will be:
Waqb(t)zw((t—b)/a) (D

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:

. 2
W(a,b) = % [xw, () @

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 a = 2/ , where j€ Z and Z is the integral

set. The WT at scale @ =2’ is obtained by
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W b= [ xow', @ ©
@)= [ xtws;, , at

Signal reconstruction in the case of the orthonormal W matrix is described by the
simple formula

f =W'w 4

For the decomposition and reconstruction of the signal whose length equals an in-

teger power of two (N = 2, 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(f) 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 4" level of ap-
proximation signal and 1%, 2" 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-I374] 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 1 (z) € L? such that fj;o |¢(z)]2dx < oo. Let us
denote the dilation and translation of 1(z) by ¥ () at scale s and position p

as:
r—p

Yunle) = s0 (=D, (1

The wavelet transform of a function f(z) at the scale s and position p is
defined as:

Wi (s,p) = (s p(x), f()). (2)

If 1, p(x) is orthonormal, f(x) can be reconstructed by:

F@) =" Wi(s, p)sp(a). 3)

S,p

When the scale s decreases, the support of 15 ,(x) decreases so the wavelet
transform Wy(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 wy; parameters as weights.
The output of the network looks like:

yr(x) = Z wijpj(X) + wro & y(x) = We(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:

@ (lIx = u5l) :eXP[—%HX—MIIQ], ()

27;
where (15 is the center and +; is the standard deviation of the Gaussian function.
When training and target samples {x;,t;}~ ; are given, the weights matrix
W can be obtained as W = T®, &1 is the pseudo-inverse of ®, where ® is a
matrix:
el = pall) - elllxn — pall)

® = : : . (6)
elllxr = pall) - lllxn = pall)

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 Wy at each scale s and one smoothed array at the last scale as shown
in Fig. [

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). (¢-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 II: 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 [[] shows a
complete description of the parameters’ positions according to astrophysicist’s
knowledge [9]. They are shown in Fig. [[l by dotted lines.

Through extracting the coefficients at the wavelengths shown in Table [I]
and reconstruct them, we can get the feature spectra. When scale s increases,
the wavelet function v ,(r) becomes widen. So more coefficients have to be
extracted at a wavelength while scale increases, as shown in Fig. [[] (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. 2L
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Table 1. Spectral parameters used for feature extraction

Line Wavelength (nm)

Ca 1l (K) 393.3
Ca 11 (H) 396.8
CH band 430.0
HI~ 434.0
HIS 410.2
He I 402.6
He I 447.1
HIB 486.1
HIa 656.3

oal |

\A/\/\W\[N\/YW—»W—\NL
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>
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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
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 1+BP and PCA+RBF are also shown in Table [, 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 [I+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 II4+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.
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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.

F. Yin, J. Wang, and C. Guo (Eds.): ISNN 2004, LNCS 3174, pp. 375-380, 2004.
© Springer-Verlag Berlin Heidelberg 2004
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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 f,(x) to be membership function of fuzzy set A [3]. The fuzzy set A is

denoted by the parameter set A= [aA,bA,cA,dA]. 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 =[a,,, , b,., ¢, d,, 1, DK=[a,,,
bDK > Cpgs dDK ]’ MD =[ Ayp s bMD > Cup s dMD ]’ BR =[ Agp > bBR > Cppo dBR ]’ and
VBR=[a,,,, b, Cup> d,, ], 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 A(s,) = g, where s, is the kth gray level of image S and g, 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 c,,, be the first s, suchthat g, >0, a,, < ¢

Step 1.2: Set b, be the last s, suchthat g, >0, d,, < b

VDK *

VBR *

(bVBR ~ Gk )

2XN, -3

Step 1.4: Set a,,, <0, b,, <0,c,, <0, d, «L-1.

Step 1.3: Set range < { J where N, is the number of fuzzy sets.

Step 2: Decide the parameter values of the membership function f,,, of fuzzy set
VDK as follows: d,,, < ¢

VDK VDK +range .

Step 3: Decide the parameter values of the membership function f,, of fuzzy set

DK by the following sub-step:
Step 3.1: Set b,, < d,,, .
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Step 3.2: Set c,, < range+b,, , d,, < range+c,, .
Step 4: Decide the parameter values of the membership function f,, of fuzzy set
MD by the following sub-step:

Step 4.1: Set a,,, < c,,, b, < d,, .

Step 4.2: Set c,,, < range+b,, , d,, < range+c,,, .
Step 5: Decide the parameter values of the membership function f,, of fuzzy set
BR by the following sub-step:

Step 5.1: Set a,, <c,,, b,, < d,, -

Step 5.2: Set c,, < b,, +range.
Step 6: Decide the parameter values of the membership function f,,, of fuzzy set
VBR as follows: a,,, < c,, .
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 x =(x,,x,,...,X,) , then output vector

of the input for this layer will be
= (X5 Xy 0eeer X5 s (X5 Xy sevs Xgs Vyeevs ( Xy s Xop pevvs Xos ) (1)

where x,, 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

= (X5 X 5e s Xps )y (X5 Xy geees Xos )senes (X 5 Xyp 5e-05 Xos ), then the output vector
will be

#2 = ((fAl(xl])’fAZ('XIZ) LA fAS(xls))’(fA]('le)’fAZ(xZZ) L]
fAS(‘xZS))""’(f4l(x91)’f42(x92)""’ f45('x95)))

Layer 3(Rule neuron layer): The neuron in this layer is called a rule neuron. Eq. (3)
shows the matching degree ,uj of Rule neuron j, where j=1,...5.

)

> S, () ,,
3 _ L:In— 7#‘(Zf4/(xi/))>0
=1 307,00 )

0 ,otherwise
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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 F _mean for fuzzy mean

process, respectively.

i (fl-‘,nmm (xz )X x; ) u
B ’:ln— 5 lf(z fl-',mcun (xi )) >0

0 ,otherwise

“)

where F _mean=|0,c, B, L—1].

There are five computation functions including f,, (), /. (), f. (), f (), and
/. () and two membership functions including f, ,() and f, () utilized in fuzzy
decision process. Now we briefly describe them as follows:

Lo fo 8Os ()5 ¥,,) = 4, where the index j makes |,u]3 -y,

minimum value for j=1, ..., 5.

2. S OX) = S O =X [ L Sy O e O) = oy OF 1 ©)

3. Lo foa O =25 [0 O s LSO L ()= L O+ [0

We define fuzzy sets small =[0,0,s,/] and [arge =[s,[,255,255] for the fuzzy
decision process. The final output y of fuzzy decision process is the computing result

of f.0).

be the

(Noise-free Image)

Neural Fuzzy Filtering Process

X
(Noise Image)

Fig. 1. The structure of Neural Fuzzy Filter.  Fig. 2. The luminance fuzzy variable with
five linguistic terms.

eyl £zzn g [eanaN

Fig. 3. The architecture of neural fuzzy filtering process.
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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.

MSE

3000 —Russo
—=—SD-ROM

2500 —+—AWEFM

2000 — Malian
——NFF

0 01 02 03 04 05 06 07 08 09
Vo iy p

ise Propabil

Fig. 4. “Albert” image. Fig. 5. MSE curves of the proposed method
and the compared approaches.

(a) Noise eO.S

(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 [I]. 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
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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 [2I3J4J5]). 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 X SINS/GPS/TAN/S.A Rl Z «| Adaptive
. > Integrated navigation > -
dynamics system o Kalman filter
SEensors
T W "T
7
Tr'ﬁ BP NN

W Desired output

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. 2l 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 X}, from master filter is revised by
the data fusion BP NN. Then, the navigation parameter relative real value X
is obtained.

Z, (Xsins)
SINS 1 (AsiNg
X600
Master Filter
BPNN I (Adaptive KF)
(Fault Detection,
GPS KF, Isolation and
Recovery) N
z | xR ¢
1,41 Xf71)f
Time Update
r— A
! Xpf T | &
BP NN 2
TAN KF, (FDIR) |
73 o Z;, - H. X,
| 3 %8 | || BB ] w
X5, B b >
Optimal (Data
v -l tima Fusion)
l Xy 5 Fy Fusion
BP NN 3 Update
SAR > KF, (FDIR)
7, .
X37P3

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 3;. It is always expected that the high navigation precision subsystem has
bigger (; value than that of the low navigation precision subsystem. In design
of classical federated filter, (; 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 f; method is proposed, as shown in (I):

trace;

Bi = (1)

tracey + traces + - - - + trace,, + trace,,

Where, trace; is the trace of covariance matrix P;; 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: Z, — H kX k-
Since the exact state X} 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 = X — X},. 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

AXy(t) = Fy(H) Xy (1) + G(t) Wy (1) (2)

Where, X, = [0e Pn @u Ve Vi Vi 60 A Sh epy Eby €z Era Ery Erz Vi Vi V] T s
the state vector; ¢, pn, @, are the attitude errors and azimuth error of SINS;
0Ve, 0Vy, 6V, are the velocity errors; d¢, 0\, 6h are the position errors; ey, by, €p-
are the SINS gyro constant drift errors; €,4, €.y, €r» are the SINS gyro first-order
Markov process drift errors; V., V,, V, are the accelerometer errors; Wy(t) is
the modelling error (system disturbance) vector; Fy(t) is the state transition
matrix; G4(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
Y1 —ea Vie = Vee
Zyv=Zp=|AXi—=Xa¢|+Vip or Z1=Zy=|Vin—Van|+Viv (3)
h I — hG VI U — VGU

Where, @, A\, h are the position outputs; Vg, Vy,Vy are the velocity outputs;
Vip, Viy are the observation noise. The observation equation of TAN is

Zzzhi—ht—hT:Hng—l-Vg (4)

Where, h; is absolute height; h; is terrain height; h, is relative height; V5 is the
observation noise. The observation equation of SAR is

Zs = [6p,0\, 0u] T + V3 (5)

Where, Vj is the observation noise. Combining (@), (@), and (@), the observation
equation of SINS/GPS/TAN/SAR integrated system is shown as follow:

Z=121,2, 73" (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 15000 m. 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 x 1076 g white noise and
5 x 10~ ¢ 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 30 m.

The estimation performance of the adaptive KF and the BP NN aided adap-
tive KF are compared in Fig. Bl 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 Bl 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 x, of a Peskin oscillator i[6] obeys

X, =8, —,, i=l..,n M
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and assume the values
0<x <1 )

i

where S, is the stimulus of the oscillator and yis constant.

Initially, individual values x, obeying (2) is prescribed by (1). When the time
passes, assuming that S>>0, x, will increase and reach the value 1. Then, the oscillator
fires and x, jumps back to zero. At an infinitesimally late