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Preface

The global purpose of IWANN conferences has been to provide a broad and in-
terdisciplinary forum for the interplay between neuroscience and computation.
Our dream has been, and still is: (1) find ways to understand the physiolog-
ical, symbolic and cognitive nature of the nervous system (NS) with the help
of computational and engineering tools; and (2) find rich and insightful sources
of inspiration in biology, to develop new materials, mechanisms and problem-
solving methods (PSM) of value in engineering and computation. As all of us
know well, this dream started with the Ancient Greeks, reappeared in the foun-
dational stage of neurocybernetics and bionics, and is now broadly accepted in
the scientific community under different labels such as computational neuro-
science (CN) and artificial neural nets (ANN), or genetic algorithms and hybrid
neuro-fuzzy systems.

We have also to recognize that there is a considerable lack of credibility
associated with CN and ANN among some researchers, both from biology and
from the engineering and computation area. Potential causes of this scepticism
could be the lack of methodology, formal tools, and real-world applications, in
the engineering area, and the lack also of formal tools for cognitive process
modeling. There is also the possibility of the computational paradigm being
inappropriate to explain cognition, because of the “representational” character
of any computational model. Some “more situated” approaches are looking back
to the “neurophysiological epistemology” of the 1960’s (mind in a body) to
search directly for the mechanisms that could embody the cognitive process, and
this means some fresh air for our old dream of connectionism. The tremendous
difficulties of these fields (CN and ANN) and of the questions addressed (How
does the NS work, and how can we mimic this work in a non-trivial manner?)
justify the delay in getting proper answers.

We hope that the papers in these two volumes and the discussions during
this seventh working conference will help us to create some new critique and a
constructive atmosphere. The neural modeling community and all the people en-
gaged in the connectionist perspective of knowledge engineering would certainly
benefit from this new atmosphere.

IWANN 2003, the 7th International Work-Conference in Artificial and Natu-
ral Neural Networks took place in Maó, Menorca, Spain, during June 3–6, 2003,
addressing the following topics:

Mathematical and computational methods in neural modeling. Lev-
els of analysis. Brain theory. Neural coding. Mathematical biophysics. Popula-
tion dynamics and statistical modeling. Diffusion processes. Dynamical binding.
Synchronization. Resonance. Regulatory mechanisms. Cellular automata.

Neurophysiological data analysis and modeling. Ionic channels.
Synapses. Neurons. Circuits. Biophysical simulations.
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Structural and functional models of neurons. Analogue, nonlinear,
recurrent, RBF, PCA, digital, probabilistic, Bayesian, fuzzy and object-oriented
formulations.

Learning and other plasticity phenomena. Supervised, non-supervised,
reinforcement and statistical algorithms. Hybrid formulations. Incremental and
decremental architectures. Biological mechanisms of adaptation and plasticity.
Development and maturing.

Complex systems dynamics. Statistical mechanics. Attractors. Optimiza-
tion, self-organization and cooperative-competitive networks. Evolutionary and
genetic algorithms.

Cognitive Processes and Artificial Intelligence. Perception (visual,
auditive, tactile, proprioceptive). Multi-sensory integration. Natural language.
Memory. Decision making. Planning. Motor control. Neuroethology. Knowledge
modeling. Multi-agent systems. Distributed AI. Social systems.

Methodology for nets design, simulation and implementation. Data
analysis, task identification and recursive design. Development environments and
editing tools. Implementation. Evolving hardware.

Bio-inspired systems and engineering. Bio-cybernetics and bionics. Sig-
nal processing, neural prostheses, retinomorphic systems, and other neural adap-
tive prosthetic devices. Molecular computing.

Applications. Artificial vision, speech recognition, spatio-temporal plan-
ning and scheduling. Data mining. Sources separation. Applications of ANNs in
robotics, astrophysics, economics, the Internet, medicine, education and indus-
try.

IWANN 2003 was organized by the Universidad Nacional de Educación a
Distancia, UNED, Madrid, in cooperation with IFIP (Working Group in Neu-
ral Computer Systems, WG10.6) and the Spanish RIG IEEE Neural Networks
Council.

Sponsorship was obtained from the Spanish Ministerio de Ciencia y Tec-
noloǵıa under project TIC2002-10752-E and the organizing university (UNED).

The papers presented here correspond to talks delivered at the conference.
After the evaluation process, 197 papers were accepted for oral or poster pre-
sentation, according to the recommendations of referees and the author’s pref-
erences. We have organized these papers into two volumes arranged basically
following the topics list included in the call for papers. The first volume, entitled
“Computational Methods in Neural Modeling,” is divided into six main parts
and includes the contributions on: biological models, functional models, learn-
ing, self-organizing systems, artificial intelligence and congnition, and bioinspired
developments.

In the second volume, “Artificial Neural Nets Problem-Solving Methods,”
we have included the contributions dealing with nets design, simulations, imple-
mentations, and application developments.

We would like to express our sincere gratitude to the members of the orga-
nizing and program committees, in particular to Félix de la Paz López, to the
referees, and to the organizers of pre-organized sessions for their invaluable effort
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in helping with the preparation of this conference. Thanks also to the invited
speakers for their effort in preparing the plenary lectures.

Last, but not least, the editors would like to thank Springer-Verlag, in partic-
ular Alfred Hofmann, for the continuous and excellent cooperative collaboration,
from the first IWANN in Granada (1991, LNCS 540), to the successive meetings
in Sitges (1993, LNCS 686), Torremolinos (1995, LNCS 930), Lanzarote (1997,
LNCS 1240), Alicante (1999, LNCS 1606 and 1607), again in Granada (2001,
LNCS 2084 and 2085), and now in Maó.

June 2003 José Mira
José R. Álvarez
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F.J. Garćıa-de-Quirós, M.P. Bonomini, J.M. Ferrández,
and E. Fernández

XMLP: A Feed-Forward Neural Network
with Two-Dimensional Layers and Partial Connectivity . . . . . . . . . . . . . . . . . . . . 89
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and Javier Fernández

Neural Networks & Antennas Design:
An Application for Avoiding Interferences . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 750
Marcos Gestal, Julio Brégains, Juan Antonio Rodŕıguez,
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E. Montañés, J.R. Quevedo, and I. Dı́az
Robust Expectation Maximization Learning Algorithm
for Mixture of Experts . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 238
Romina Torres, Rodrigo Salas, Héctor Allende, and Claudio Moraga
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R. Beńıtez-Rochel, J. Muñoz-Pérez, and E. Mérida-Casermeiro
The Recurrent IML-Network . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .302
Joern Fischer
Estimation of Multidimensional Regression Model
with Multilayer Perceptrons . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 310
Joseph Rynkiewicz
Principal Components Analysis Competitive Learning . . . . . . . . . . . . . . . . . . . . .318
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XXIV Table of Contents, Part I

Self-Organizing Systems

Progressive Concept Formation in Self-Organising Maps . . . . . . . . . . . . . . . . . . 326
Emilio Corchado and Colin Fyfe

Supervised Classification with Associative SOM . . . . . . . . . . . . . . . . . . . . . . . . . . .334
Rafael del-Hoyo, David Buldain, and Alvaro Marco

Neural Implementation of Dijkstra’s Algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . 342
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F.J. Maŕın, F. Garćıa-Lagos, G. Joya, and F. Sandoval

On the Evolutionary Inference of Temporal Boolean Networks . . . . . . . . . . . . 494
Carlos Cotta

Specifying Evolutionary Algorithms in XML . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 502
Juan Julián Merelo Guervós, Pedro Ángel Castillo Valdivieso,
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A. López and L. Sánchez

Visualization of Neural Net Evolution . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .534
G. Romero, M.G. Arenas, P.A. Castillo Valdivieso, and J.J. Merelo

Separable Recurrent Neural Networks Treated
with Stochastic Velocities . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 542
A. Castellanos-Moreno



XXVI Table of Contents, Part I

Studying the Convergence of the CFA Algorithm . . . . . . . . . . . . . . . . . . . . . . . . . 550
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Neurally Inspired Mechanisms
for the Dynamic Visual Attention Map Generation Task . . . . . . . . . . . . . . . . . . 694
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Abstract. In this work we present several hardware implementations of
a standard multi-layer perceptron and a modified version called extended
multilayer perceptron. The implementations have been developed and
tested onto a FPGA prototyping board. The designs have been defined
using a high level hardware description language, which enables the study
of different implementation versions with diverse parallelism levels. The
test bed application addressed is speech recognition. The contribution
presented in this paper can be seen as a low cost portable system, which
can be easily modified. We include a short study of the implementation
costs (silicon area), speed and required computational resources.

1 Introduction

The work presented in this paper addresses the study of the implementation viability
and efficiency of Artificial Neural Networks (ANNs) onto reconfigurable hardware
(FPGA) for embedded systems, such as portable real-time speech recognition sys­
tems.

ANNs are widely used for diverse applications, such as classification problems,
because of their capability of learning from the input patterns, in order to use the
acquired knowledge for new input patterns. There are different, well known ANN
models, which exhibit similar performance levels in classification problems [1]. We
have focused on the Multi-Layer Perceptron (MLP) [2], and we propose the imple­
mentation of a modified version called eXtended Multi-Layer Perceptron (XMLP)
motivated, on one hand, by its hardware implementability (silicon area and process­
ing speed), and on the other hand, by speech recognition characteristics that usually
make use oftwo dimensional processing schemes [3].

An interesting feature of the ANN models is their intrinsic parallel processing
strategies, although in most of the cases, the final implementation of the ANN is
done through sequential algorithms (that run on single processor architecture) and
do not take advantage of this intrinsic parallelism. In this paper we introduce two
implementation versions, a parallel and a sequential design of a standard MLP and
XMLP. This illustrates how easy is to tackle the silicon area vs. speed trade-off,
when the design is defined with a high level Hardware Description Language
(HDL).

J. Mira (Ed.): IWANN 2003, LNCS 2687,pp. 1-8,2003.
© Springer-Verlag Berlin Heidelberg 2003
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Learning is carried out off-line, but using a software version of the ANN that take
into account the bit-depth of the different variables and the computation precision of
the different stages. Therefore, the final classification results are exactly the same as
the ones obtained from the hardware version.

2 Perceptron-like Neural Network

2.1 Multi-Layer Perceptron (MLP)

The MLP is an ANN with processing elements or neurons organized in a structure
with several layers (Fig. I): an input layer that is simply composed by the input
vector, some hidden layers and an output layer (in which only one winning node is
active for each input pattern for classification problems).

Digits

0123456789

Fig. 1. Example of the MLP for isolated word recognition

Each layer is completely connected with its adjacent; there are no connections
between non-adjacent layers and no recurrent connections. Each of these connec­
tions is defined by an associated weight. Each neuron computes the weighted sum of
its inputs and applies an activation function (f(x) in Fig. 2) that forces the neuron
output to be high or low. In this way, the MLP obtains an output vector from an
input pattern, propagating forward the output of each layer. The synaptic weights
are adjusted through a supervised training algorithm called backpropagation [2].

In the literature can be found different activation functions used in the MLP to
transform the activity level (weighted sum of its inputs) to an output signal. The
most frequently used is the sigmoid, although there are other choices such as a ramp
function, a hyperbolic tangent, etc. All of them are continuous functions with a
smooth S wave form that transform an arbitrary large real value (positive or nega­
tive) to another value in a much shorter range.

We have used the sigmoid activation function. The generic expression depends
on three parameters f 0, fmax y fmin : f 0 is the slope of the function in x =0, fmax is the
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Fig. 2. Examples of activation functions: sigmoid and ramp functions

maximum value and fmin is the minimum. We have chosen the standard configura­
tion (f0 =1/4, fmax =1 and fmin =0). Fig. 2 represents the sigmoid function and the
ramp function with parameters f 0 =0.75, fmax =1.5 Yfmin =-0.5.

------------------,1
" ," ,

" :

2.2 Extended Multi-Layer Perceptron (XMLP)

The XMLP is a feed-forward ANN with an input layer, up to two hidden layers and
an output layer. The difference with respect to the MLP is that each layer can be
configured as a two dimensional one and we can define the connectivity patterns of
the neurons to restricted neighborhoods. This characteristic is very interesting for
the speech recognition applications because in most cases we need to take into ac­
count a temporal environment of input vectors (for instance in phoneme recognition)
or even it may be necessary to process the vectors corresponding to the whole pro­
nunciation (complete word recognition). In these cases, the x axis can be used to
control time, while the y axis takes into account all the features extracted from a
single sample.

The size of each layer and its partial connectivity are defined by six parameters in
the following form:

(1)

x e y indicate the sizes of the axes, g and s define a group of nodes and a jump (step)
between two consecutive groups in the X axis (gx, sx) and in the Y axis (gy, Sy). To a
node with index i in the X axis of layer k, only are connected neurons of layer k-l of
the i group of X axis, except if gx= x in layer k, in which case all the neurons of
layer k are connected to all the neurons of X axis in layer k-l. The same is used to
define the connectivity pattern in the Y axis. In this way, we use weights in rectan­
gular neighborhoods that can overlap between themselves. Besides, it must be taken
into account that the jump (s) in a layer cannot be larger than the group size (g).
That means simply that all the neurons should have any connections. This structure
is shown in Fig. 3.

With this architecture it is possible to implement networks of the kind Scaly
Multi-Layer Perceptron (SMLP) used in isolated word recognition [4], and even of
the type Time Delay Neural Network (TDNN), used in phoneme recognition [5].

Therefore, the MLP can be considered a particular case of XMLP when gx =x, Sx
=0, gy =y and Sy =0, in all the layers.
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Fig. 3. Structure ofaXMLP layer and its connections to the next layer. In this example, the
lower layer, with 15 neurons, is defined by the parameters 5(3,2) x 3(2,1), i.e. 5 neurons in
the X axis grouped in clusters of 3 with a jump of two neurons between groups, and 3 neu­
rons in the Y axis grouped in clusters of 2 elements, with a jump of one neuron between
groups. Because there are two groups in the X axis, in the following layer there must be 2
neurons in this axis, the same is valid for the Y axis

3 Hardware Implementation

To illustrate the hardware implementation of the MLP/XMLP system we have cho­
sen a specific application related with speech recognition. Let us focus on a voice
controlled phone dial system (this can be of interest for drivers that should keep
their attention in driving). This particularizes the perceptron parameters to be im­
plemented and the word set of interest (numbers from 0 to 9). Nevertheless, there
are many other applications that require embedded systems in portable devices (low
cost, low power and reduced physical size) such as voice controlled tools or robots,
vehicles equipments (GPS navigator interface), toys, handicap people aids, etc.

For our test bed application we need a MLP/XMLP with 220 data in the input
layer (10 vectors of 22 parameters) and 10 output nodes in the output layer (corre­
sponding to the 10 recognizable words). And after testing different architectures [6]
the best results (96.83% of correct classification rate) have been obtained with 24
nodes in the hidden layer and the connectivity of the XMLP defined by: 10(4,2)x22
in the input layer and 4x6 in the hidden layer.

For the MLP/XMLP implementation we have chosen a two's complement repre­
sentation and different bit depths for the stored data (inputs, weights, activation
function, outputs, etc). In the next section we introduce the discretization details.

3.1 Discretization

We have to limit the ranges of different variables:
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- Inputs to the MLPIXMLP and the output of the activation function. Both must
have the same range to easily manage multiple layers processing. (We have cho­
sen 8 bits).

- Weights (8 bits).
Input to the activation function. The activation function is defined by a Look-Up­

Table (LUT), but we have to specify how to store the useful values. In order to
choose the bit precision of these values we have to take into account the maximum
value reachable with the weighted sum of a neuron inputs. As the maximum number
of entries to a neuron is 220, the maximum absolute value reachable with the
weighted sum of a neuron inputs will be 3548380 (result of 127(max. input) x
127(max. weight) x 220(entries)). Therefore we need 23 bits for the input of the acti­
vation function in order to represent all the values between -3548380 and 3548380.
But really, we do not need to store 223 values. We could sub-sample it, but even
with 14 bits we would need to store i 4 values. Nevertheless, if we take into account
the sigmoid waveform we can store the significant values of the function with a
much smaller LUT. In the sigmoid function (Fig. 2), most of the values are repeated,
only the transition zone needs to be stored. Concretely, with 8 bits depth only 165
values of the LUT have values different of 0 or 127. Therefore, we could only store
these 165 values with a small LUT addressable with just 8 bits. This can be done by
implementing a specific address decoder.

After taking all these discretization simplifications the model achieves similar
classification results. For instance, in phoneme recognition application with the
MLP we obtained 69.33% of correct classification with the continuous model and
69.00% when using the discretized model.

3.2 Field Programmable Gate Arrays (FPGAs)

FPGA devices are composed by large arrays of programmable logic gates, and other
embedded specific purpose blocks, such as memory blocks, multipliers, etc.

The internal structure of a typical FPGA consists of a regular matrix of configur­
able logic blocks (CLBs), surrounded by programmable input/outputs blocks (lOBs).
The CLBs are interconnected by intermediate routing switches. Embedded configur­
able on-chip RAM memory blocks are also available on modern FPGAs, which can
be used to store LUTs (as the activation function of the MLPIXMLP nodes or the
synaptic weights).

FPGA can be configured as custom co-processors for a particular task. In this
way we can design specific hardware for any application enabling the exploitation
of the inherent parallelism of the implemented algorithms.

The hardware versions of MLP and XMLP have been implemented and tested on
a Celoxica [7] RCI000-PP PCI prototyping board containing a single Xilinx [8]
Virtex 2000E FPGA, and 4 RAM memory banks. The memory is accessible by the
FPGA and by the PCI bus. It can be used to exchange data between the computer
and the co-processor. In this FPGA a CLB element consists on 4 similar slices, with
fast local feedback within the CLB.

Two versions of the MLPIXMLP have been described using Handel-C [7]: a high
level hardware description language, which is a synthesis language based on the
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ISO/ANSI-C. The development tool DKI enables the easy description of algo­
rithmic based systems, that are more difficult to address with other HDLs, such as
VHDL or Verilog.

3.3 Implementation Characteristics

In this section we present the implementation characteristics of sequential and paral­
lel versions of the MLP and the XMLP networks. Simplified block diagrams of the
two versions, illustrating the basic differences between the sequential and the paral­
lel versions, are shown in Figs. 4.a and 4.b. The parallel version computes the 24
hidden nodes in parallel, dedicating specific circuitry to each of them. Only the
activation function is consulted sequentially in a single LUT.

220
inputs

220

220

220x24
220

weights

220
inputs

220x24
weights

Fig. 4. Block diagrams of the sequential version (a) and the parallel version (b) of the MLP.
Computations of the hidden layer (24 neurons) require 220x220x24 multiplications to be
done sequentially with a single functional unit (a). Computations of the hidden layer are
done in parallel with 24 functional units (b)
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The systems have been designed using Handel-C with the development environ­
ment DKl.l to extract an EDIF file. This has been finally compiled using the syn­
thesis tool Xilinx Foundation 3.5i [8].

In Table 1 we present the implementation characteristics obtained after synthesiz­
ing the sequential and parallel versions of the MLP. We indicate the following pa­
rameters: number of gates, number of slices (Xilinx devices), the occupation per­
centage of a Virtex-E 2000 FPGA (that we have used to test the final implementa­
tions), the RAM size in bits, the maximum clock period, the number of clock cycles
required for each input vector (220 input components) evaluation, an the total time
consumed for each input vector evaluation.

Table 1. Implementation characteristics of the sequential and parallel designs of the MLP

Design # # % RAM Clock # T.comp.
MLP gates slices occup. (bits) (ns) cycles (lJ.s)

Sequential 136731 2756 14 49648 63.615 5634 358.406

Parallel 208824 6343 33 48160 60.734 294 17.856

It can be seen that the sequential version requires less occupation than the parallel
one in which specific circuits have been implemented for each hidden node. In the
sequential version all the computations are carried out by the same functional unit.
In contrast, the parallel version requires the synthesis of 24 functional units to com­
pute the hidden layer in parallel.

The computing time for each input vector is much shorter (20 times) in the paral­
lel version mostly due to the reduced number of clock cycles needed for an input
vector evaluation. In this way we are taking advantage of the inherent parallelism of
the ANN computation scheme.

Table 2 presents the implementation characteristics of the sequential and parallel
versions of the XMLP.

Table 2. Implementation characteristics of the sequential and parallel designs of the XMLP

Design # # % RAM Clock # T. compo
XMLP gates slices occup. (bits) (ns) cycles (J.lS)

Sequential 102182 2164 11 33440 66.125 2511 166.040

Parallel 183953 6169 32 33440 76.656 164 12.571

In this case, we observe that also the occupation rate of the parallel version in­
creases dramatically (from 11% in the sequential design to 32% in the parallel de­
sign). And again the computing time of the parallel version is much shorter (13
times).

Finally, comparing Tables 1 and 2 we see how XMLP requires less resources than
the MLP and achieves a faster computation (it reduces the computing time in 5
microseconds for the parallel version). The advantages exhibited by the XMLP are
due to the partial connectivity patterns, which reduce the number of multiplications
from 5380 in the case of fully connected configuration (MLP) to 2112 in the case of
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XMLP with the configuration explained in Section 3. It is also observed the XMLP
reduces the storage RAM requirements, again because it requires less connection
weights to be stored.

4 Conclusions

We have presented the complete implementation of a perceptron-like neural net­
work. We have compared the implementation of two ANN models, a standard MLP
and a modified version of it with restricted connectivity patterns. We have designed
the two models using a high level Hardware Description Language (Handel-C) in
order to easily compare sequential and parallel designs of the two network models.

In order to optimize the implementation we have studied how to reduce the stor­
age requirements for the activation function. The different designs characteristics
show that is relatively simple to parallelize ANN, and reduces the computational
time for each input vector dramatically.

The parallel designs have been defined through the Handel-C "par" directive that
forces the implementation of dedicated circuits for a certain part of an algorithm to
be computed in parallel. But it must be noted that since the designs have been de­
fined using a high level Hardware Description Language the automatic synthesis
pathway is long and optimizations in the DKI compiler or the Xilinx synthesis tool
may affect the design characterizations shown in Tables 1 and 2.

For the speech recognition application we obtain a correct classification rate of
96.83% with a computation time around 12.5 microseconds per sample, which ful­
fills by far the time restrictions imposed by the application. Finally, taking into
account the size of the designs, all of them would fit into a low cost FPGA (less than
5 $). Therefore, the presented implementation can be seen as a low-cost design to be
embedded in a portable speech processing platform (for voice controlled systems).
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Abstract. This paper presents an implementation methodology of weighted
ANNs whose weights have already been computed. The validation of this
technique is made through the synthesis of circuits implementing the be­
haviour of specialised ANNs compiled from sets of logical clauses describ­
ing different logical problems. A Neuro-Symbolic Language (NSL) and
its compiler5 have been designed and implemented in order to translate
the neural representation of a given logical problem into the correspond­
ing VHDL code, which in turn can set devices such as FPGA (Field
Programmable Gate Array). The result of this operation leads to an
electronic circuit called NSP (Neuro-Symbolic Processor) that effectively
implements a massively parallel interpreter of logic programs.

1 Introduction

One of the main obstacles on implementing weighted binary ANNs in hardware
is its impact in both silicon area (A) and time of propagation (T) - the AT2

parameter. Nevertheless, weightless ANNs, or Boolean neural networks, can be
naturally accommodated by existing digital systems, i.e., implementations in
conventional hardware or software.

Digital implementations of weighted ANNs by use of the multiplication­
summation-thresholding's scheme are very expensive in terms of silicon area and
propagation time. Some previous works have focused on optimising parts of this
computation, like the comparison mechanism [1], varying the depth (maximum
number of layers from one input to one output) and size (number of neurons of
the ANN) of the comparison neuron net, all seeking to minimise AT2

5 Copyright n. 001109/D801353 - 23/12/98.

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 9-16, 2003.
© Springer-Verlag Berlin Heidelberg 2003
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This work focuses on reducing, as much as possible, the size of neurons (in
terms of silicon area), what may also lead to delay reductions, by use of a simple
methodology for binary digital implementations of ANNs. The method consists
of substituting the traditional scheme of summation-evaluation of the thresh­
old by a digital circuit mimicing the functionality of the whole neuron. The
proposed synthesis mechanism can be naturally integrated into automatic or
semi-automatic CAE tools and will be shown how this strategy may lead to
great area and delay reductions [2J.

In the following sections, we introduce both the neuron and the neural net­
work models, then we show how monotonic and non-monotonic logical inferences
can be implemented by means of ANNs and, finally, we describe the compiler
that translates the whole network into the respective VHDL code.

2 The ANN model

The neuron model adopted here is the Weighted-Sum non-Linear Thresholded
Element of McCulloch and Pitts [3]. Its state transition function is defined as
follows:

[

k ] {I ifx>Opdt+l)=I ];(ai,j.pdt)-Si) ;I[x]= 0 ifx::::;O (1)

where Pi(t) represents the state (lor 0) of neuron Pi at time t, ai,j the coupling
coefficient or weight between neurons Pi and Pj, whose values may be positive
(excitation) or negative (inhibition), Si the threshold of neuron Pi'

One may look for logical operations that may be performed by means of
elements defined as in (1), where each element of this kind provides a localist
neural representation of a propositional literal from some set P = {PI, ... ,Pn}.
As stated in Aiello et al. [4], the two possible truth-values of a literal P are repre­
sented by means of two distinguished neurons P and ""p: the first is activated if
and only if the corresponding literal is supposed to be true, the second if and only
if it is supposed to be false. In the latter case of course we are entering the field
of non-monotonic logic. The presence of both P and ...,p allows us also to check
if an explicit contradiction arises on the basis of previous inferences. Inactivity
of these neurons means that we do not have information about the truth-value
of the corresponding literal. A similar approach has been proposed in the past
by von Neumann [5J (Double Line Trick) to take into account non-monotonic
behaviour [6].

The kind of production rule we shall consider here is a conditional expression
of the form

Pll\ ... I\Pk-?C (2)

and can be represented as a net having k neurons PI, ... , Pk connected to a
neuron c (see Fig. 1) with the following settings: ai,e = 1 where 1 ::::; i ::::; k and
the threshold of C Se = k - t: where 0 < t: < 1.
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Fig. I. Neural rule model

Using this representation of rules as basic building block, one can design a
neural production system, organised into five different layers of neurons, capable
of carrying out search on a knowledge base of facts and production rules. A
specific example of such system, for a set of three rules, is represented in Fig. 2.

IN
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b
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b~d
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aAbAc~d

excitatory~
impulses

inhibitory >
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end
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I
I
I
r
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I,
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e

DB

KB

c
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Fig. 2. NFC - Neural Forward Chaining

The neural network model reported in Fig. 2, is the one called NFC (Neural
Forward Chaining) introduced in Aiello et al. [4] and it is based on a unified
LCA (Localist Connectionist Architecture) approach [7] of rule-based systems
proposed by Burattini et al. [8] in 1992.
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The NFC model performs parallel forward inference processes for proposi­
tional rule-based systems. Moreover, for each set of logical clauses there exists
the corresponding NFC neural network, which is generated by a compiler pro­
gram based on the Neuro-Symbolic approach introduced by Aiello et al. [9].
The NFC computation captures the symbolic meaning of the corresponding set
of logical clauses.

The non-monotonic NFC model (grounded on the same principles of mono­
tonic one), is based on an appropriate use of inhibitions, to implement a parallel
non-monotonic reasoning (in this case, inhibitions playa key role in asserting
and retracting facts [10]).

The NSL (Neuro-Symbolic Language), partially introduced in [10] and re­
ported in [11], allows us to express non-monotonic rules, such us "Pc is true if
P/I is true, unless Qv is true" (where P/I is the conjunction PI /\ ... /\ Pn of n
literals and Qv the disjunction qi V ... Vqm of m literals). This non-monotonic
rule is denoted by the non-monotonic operator6 UNLESS(P/I' Qv, Pc) whose
neural representation is reported in Fig. 3.

Fig.3. UNLESS(P/I' Qv, Pc) neural representation

3 A hardware implementation of a neural rule

The rules presented in the previous section, feed a compiler which, by its turn,
builds a customised ANN architecture (neural rule) by defining the input weights
of all interconnections and thresholds of each neuron defined in the process. From
each set of input weights and threshold function of each neuron, an equivalent
logic circuit is synthesised (see Fig. 4), based on each neuron's reactions to all
possible inputs to it, up to the point in which the whole target ANN is converted
into a set of interconnected digital circuit blocks (each block corresponding to
one neuron) [2].

We used flip-flops because each neuron has to store its previous output, but
the functionality of the neuron is enclosed in the Combinational Logic block.

6 The set of NSL non-monotonic operators is reported in [11].
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Fig. 4. The method proposes the substitution of the multipliers-adders-comparator's
scheme by a combinational logic that implements a truth table

Differently from pRAM (probabilistic RAM) and DPLM (Dynamically Pro­
gmmmable Logic Module) models and implementations [12] [13], the neuron
mapped in hardware may have no learning capabilities. It is assumed that the
interconnection structure, all weights and neuron's thresholds are pre-defined
and well determined by the compiler.

The resulting network is a digital circuit and its outputs are global composite
Boolean functions of ANN's inputs. This combinational processing is fully par­
allel and potentially asynchronous, which may allow extremely fast execution.

Furthermore, the area used to synthesise the whole ANN is greatly reduced
by a factor of 5.0 compared with actual implementations in hardware of the
summators, multipliers and comparators (using a standard cell library).

4 From NFC to FPGA

Let be

b---+d
eAd---+a

-,d A c ---+ a
dAa---+b

a set of rules expressing a logical problem. The rules can be written in terms of
IMPLYsoperators of the NSL in the following way: IMPLY(b,d), IMPLY(eAd,
a), IMPLY(-,dA c, a), IMPLY(dA a, b).

The compiler, that has been designed and implemented by the authors of this
paper, accepts a set of NSL operators. Each of them, is translated into an ANN
that captures the symbolic meaning of the corresponding NSL operator. From the
set of neurons forming the ANNs, the compiler produces the respective VHDL
code. The correspondence between one neuron and the respective VHDL code
does not depend on the particular neuron. The ANN is formed by homogeneous
neurons whose architectures do not depend on the particular layer they belong
to. For instance, the following code is produced for the neuron eKB of the layer
KB.

library IEEE;
use lEEE.std_logic_1164.all;
entity neuron_ekb is
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port( clk, reset, edb : in std_logic; ekb : inout std_Iogic);
end
neuron_ekb; architecture SYN_USE_DEFA_ARCICNAME of neuron_ekb is

Once all the operators have been translated into the corresponding ANNs, the
compiler generates (see below) the whole VHDL project of the NFC associated
to the starting set of rules.7

library IEEE;
use IEEE.std_Iogic_ll64.all;
ENTITY abt IS

PORT( elk, reset, ain, bin, cin, din, ain, not_din : IN STD_LOGICj
aout, bout, dout , ctrl, S_end : OUT SID_LOGIC);

END abt;
ARCHITECTURE structural OF abt IS
component neuroD_adb

port( clk, reset, ain : in std_Iogic; adb : inout std_Iogic);
end component;

SIGNAL adb, bdb, cdb, ddb, edb, not_ddb : SID_LOGIC;
SIGNAL ckb, ekb, not_dkb, dkb, bkb, akb2, akbl, akbstar : SID_LOGIC;

BEGIN
Ul: neuron_adb PORT MAP( clk, reset, ain, adb);
U2: neuron_bdb PORT MAP( clk, reset, bin, bdb);

aout <= SIG_aout;

END structural;

The derived NFC network can be both simulated or implemented on an
FPGA device.

5 An example: a traffic light control problem

A prototype NSP was designed to solve a traffic light control problem [14]: on
the basis of information provided by traffic sensors, concerning the number of
cars approaching a junction from its branches, one has to decide which branches
are to be assigned the green light and for how long.

The knowledge base, extracted from traffic control experts, was represented
in terms of first-order production rules. Thus, the design of the NSP requires
first transforming this set of rules into an equivalent set of propositional rules.
It turns out that this can be done without having to introduce too many rules
- where the criterion to judge whether the newly introduced propositional rules
are "too many" is provided by the current possibilities of FPGA technology.

The NFC representation makes a significant difference from a computational
point of view: in general, computation time is drastically reduced, since many
rules are simultaneously evaluated, and only few computation steps are required.

The performances of the NFC for the traffic light control has been compared
to the performance of the actual control system (based on the selection of pre­
fixed plans) of a traffic junction of the city of Naples. Our system worked on

7 For copyright reasons part of the code is missing.
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the traffic flow data of an entire day. The following results were obtained: from
the computational point of view, on the average, in order to evaluate all 220
rules (i.e., in order to obtain a new traffic light state on the basis of information
collected by traffic sensors), 10 to 15 steps of computation are needed; from the
traffic light control point of view, the average waiting time due to NFC control
is reduced by a factor of 0.53 compared to the fixed time control (see Fig. 5).
Furthermore, an FPGA hardware structure capable of supporting the NFC for
controlling the junction is very inexpensive.

35 F--============::=:::=::~sec Fixed time

30

25

20

NFC

15

10

hours

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

Fig. 5. Average waiting time - NFC control vs Fixed time control

6 Concluding remarks

The idea of designing computers using threshold elements or neurons is as old as
the McCulloch and Pitts seminal paper [3]. Minsky in 1956 [15] and later in 1967
[6] reported on the possibility of implementing most operations performed by a
von Neumann machine using McCulloch and Pitts neurons. Minsky [6] claimed
that:

As the control over fabrication methods improves, we can expect the
more delicate ''threshold-logic'' kind of circuit to playa large role.

Minsky's expectations about technological improvements are partially met by
the technology now available on the devices market: the FPGA. These processors
enable one to implement logical structures like those reported in the present
paper.
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In conclusion, we may claim that NSP is a massively parallel interpreter of
logic programs.
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Abstract. In this paper, we propose reconfigurable, low-cost and readily
available hardware architecture for an artificial neuron. This is used to build a
feed-forward artificial neural network. For this purpose, we use field­
programmable gate arrays i.e. FPGAs. However, as the state-of-the-art FPGAs
still lack the gate density necessary to the implementation of large neural
networks of thousands of neurons, we use a stochastic process to implement the
computation performed by a neuron. The multiplication an addition of
stochastic values is simply implemented by an ensemble of XNOR and AND
gates respectively.

1 Introduction

Artificial neural networks Le., ANNs, are now well known [7]. They consists of a
pool of relatively simple processing units, usually called artificial neurons, which
communicates with one another through a large set of weighted connections. There
are two main network topologies, which arefeedlorward topology [7], [8], where the
data flows from input to output units is strictly forward and recurrent topology [7],
[8], where feedback connections are allowed. Artificial neural networks offer an
attractive model that allows one to solve hard problems from examples. However, the
computational process behind this model is complex. It consists of massively parallel
non-linear calculations. Software implementations of artificial neural networks are
useful but hardware implementations takes advantage of the inherent parallelism of
ANNsand so should answer faster.

Reconfigurable FPGAs provide a re-programmable hardware that allows one to
implement ANNs very rapidly and at very low-cost. However, FPGAs lack the
necessary circuit density as each artificial neuron of the network needs to perform a
large number of multiplications and additions, which consume a lot of hardware area
if implemented using standard digital techniques.

Stochastic computing principles are well detailed in [6]. The motivation behind
the use of stochastic arithmetic is its simplicity. Designers are faced with hardware
implementations that are very large due to large digital multipliers, adders, etc..
Stochastic arithmetic provides a way of performing complex computations with very
simple hardware. Stochastic arithmetic provides a number of benefits over other
computing techniques such as very low computation hardware area and fault
tolerance.

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 17-24,2003.
© Springer-Verlag Berlin Heidelberg 2003
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Stochastic computing presents some disadvantages, such as the variance inherent
in estimating the value of a stochastic signal and the increased number of clock cycles
required to accomplish a given computation. The potential of massive parallelism
driven by the small circuit areas involved may alleviate some of these disadvantages.
Of particular importance is that, unlike binary radix arithmetic, the signal format in
stochastic arithmetic is robust in the presence of noise/single bit faults and the
hardware complexity of the computational elements is generally low [2], [3], [6].

Previous work on hardware implementation of stochastic artificial neural
networks can be found in [1], [4]. In [1], the activation function is implemented using
a lookup table. For small number of inputs, this can be done using a single lookup
table. However, for more than 5 inputs, this implementation is impractical. So, for
large number of inputs, the activation function must be partitioned in several 5-input
functions. In contrast with this, our implementation implements the neuron activation
function very efficiently and very accurately using a state machine, which size does
not depend on the number of net input signals. In [4], the neuron architecture is
sequential. That is the inputxweight computation is one at a time. Unlike this, our
neuron is fully parallel: all the products are computed at once in a single clock cycle.

This paper is organized as follows: in Section 2, we introduce stochastic
computing principles and arithmetic; then in Section 3, we show how to generate an
accurate bit-stream for digital inputs and vice-versa; subsequently in Section 4, we
describe the proposed hardware architecture for a neuron; in Section 5, we present the
overall architecture of the neural net as well as the outcome of such hardware. Finally,
in Section 6, we discuss some time and area requirements of our implementation.

2 Stochastic signals and arithmetic

In a stochastic model, a number is represented by a long probabilistic bit-stream
whose density of bits set to 1 is proportional to its numeric value. Stochastic
computing uses simple functions to perform complex functions such as multiplication,
addition, subtraction, thresholding and activation. (For more details about stochastic
computing systems see [6].) There are mainly two stochastic representations: (i)

unipolar wherein a number Ae[0, 1] is mapped to a random binary variable with
generating probability of A. So, number 0 is converted to bit-stream 00...0 and
number 1 to bit-stream 11...1. (ii) bipolar wherein a number Ae[-1,1] is mapped to
a random binary variable with generating probability of AI2+%. So, number -1 is
converted to bit-stream 00...0 and number 1 to bit-stream 11...1. The two stochastic
representations have quite different features and can be more suitable to one or
another of the neural network topologies [7]. In the unipolar format, the information
carried in a stochastic bit-stream B corresponds to PCB = 1) =P B whereas, in the
bipolar format, B is represented by 2P(B = 1) - 1 = 2P B - 1. In the rest of this section,
we deal with basic signal processing components required in artificial neural network
hardware: stochastic multiplier, stochastic adder and stochastic subtracter. The
architecture of the basic components for stochastic arithmetic is given in Figure 1.

Stochastic multiplier. Among the arithmetic operation, multiplication of two bit­
streams is the simplest. It is performed by a AND gate and a XNOR gate in the case
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of unipolar and bipolar representation respectively. In the unipolar case, this obvious
as Pc = PAPB and so C = AB. For bipolar signals, using a XNOR gate it can be shown:

Pc =1- (PA(I- PB)+ PB(I- PA))

=1-(t- ~ )=t+ A:
and as C= 2P c -I, then we have C=AB.

Stochastic adder. The sum S of two or more bit-streams representing values in [0, 1]
or [-1, 1] does not necessarily belong to [0, 1] or [-1, 1] for unipolar or bipolar
signals respectively. So, it is not possible to perform addition of bit-streams exactly,
independent of a scaling operation. A simple scaled addition consists of using a
multiplexer, which randomly selects a given input II with some probability Sell such
that EI Sell =1 will generate an output with a probability, which is a scaled sum of the
input probabilities. Using a n: 1 multiplexer, we have:

As for unipolar signals PI; = Ii, we then have S = Sell II + Sel2 I 2 + ... + SelnIn which

is a scaled sum of the inputs. For bipolar signals, we have:

(
h+l 12 +1 1n +l)S=2PS -l=2 Sell--+Se~--+...+Seln-- -1

2 2 2

= Sellh + Sel212 + + Seln1n +Sell + Sel2 +... + Seln -1

= Sell1I + Sel212 + + Seln1n

A stochastic subtracter is simply a stochastic adder with the subtracted inputs negated
as shown in Figure I(c), wherein D = It + lz+ ... + 1/- //- 1 - - In.

Fig. I. Basic components for bipolar stochastic computing: (a) stochastic multiplier;
(b) stochastic adder; (c) stochastic subtracter
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3 Generating stochastic bit-streams from digital inputs

The purpose in this section is to introduce a digital-to-stochastic converter. It was
first introduced in [5J. Other possible implementation can be found in [3J, [4J. The
converter generates a bit stream that represents a provided input value. To do so, the
generator needs a statistically independent bit stream as input. Generally, this is
yielded by a pseudo-random bit sequence generators, which we will describe later in
this section. Now we concentrate on the architecture of the digital-to-stochastic
converter.

The converter consists of sequence of pipelined D-jlip-jlops, each of which is
preceded by a logic that computes either bit-wise AND or a bit-wise OR of the bit
from the input value and the pseudorandom bit depending on whether the input bit is
I or 0 respectively. The pipeline is supposed to yield a bit-stream in which the
probability of a bit being set is equal to the input value. It has been showed [5J, [lJ
that one can eliminate any inaccuracies due to random variance errors and so achieve
a maximum accuracy with a digital-to-stochastic converter of length 22

[r2, where p
represents the number of bits in the binary input value.

The architecture of the converter is shown in Figure 2. In this figure, the multi­
taps linear feedback shift register implements the pseudorandom sequence generator,
which is explained next.

Fig. 2. Stochastic bit-stream generator and corresponding symbol

A fundamental element of a digital stochastic processing system is a source of
pseudorandom noise. A source of pseudorandom digital noise consists of a linear
feedback shift register or LFSR, described by first in [lJ and by many others [2J,
LFSRs are very practical as they can easily be constructed using standard digital
components.

Linear feedback shift registers can be implemented in two ways. The Fibonacci
implementation consists of a simple shift register in which a binary-weighted modulo­
2 sum of the taps is fed back to the input. Recall that modulo-2 sum of two one-bit
binary numbers yields 0 if the two numbers are identical and I if not. The Galois
implementation consists of a shift register, the content of which are modified at every
step by a binary-weighted value of the output stage.
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Fig. 3. Pseudorandom bit sequence generators - fibonacci vs. galois implementation

Left feedback shift register such as those of Figure 3 can be used to generate
multiple pseudorandom bit sequences. However, the taps from which these sequences
are yield as well as the length of the LFSR must be carefully chosen. (See [2], [6] for
possible length/tap position choices).

A given bit-stream cannot directly be converted to a binary digital number, but
one can generate an estimate for the probability. This is can be performed by counting
the bits set in the stochastic stream. As probabilities can be negative, we use a
up/down counter shown in Figure 4, wherein N, abs(X) and sgn(X) are the number of
bits in bit-stream X, X<N-2:0> and the most significant bit of X.

'--__-'-ex +-
Fig. 4. Stochastic-to-probability estimator and its corresponding symbol

4 Neuron architecture

The computational process performed by a neuron is now agreed upon. A processing
elements accepts N inputs i.e. inputs!> ... , inputN and yields a unique output,
computed as follows:

output = 5i1(t weightj x inputj ],-1';1
wherein 51. is an activation function that maps the weighted sum of the inputs to a
neuronal output. In this paper, we use a continuous sigmoid-like activation function
that is computed as follows, where K is a given threshold value:



22 Nadia Nedjah and Luiza de Macedo Mourelle

Yl<S'K)={~
if S>K

otherwise

The proposed architecture for the basic processing elements is shown in Figure 5.
The inputs as well as the weights are converted to stochastic bit-streams. The
generation of the weight and threshold bit-streams is performed inside the neuron,
which allows one to have different weights and threshold values in distinct neurons.
However, the bit-streams corresponding to the inputs are generated once for all, i.e.
outside the processing elements.

The weightxinput product is performed in serial manner using a single XNOR
gate. The sum of the weighted sums is also obtained in a serial manner and
implemented by a N:l multiplexer. The random selection bits of the multiplexer is
generated using a counter with a modulus equal to the number of inputs, driven to
either increment or maintain its state each cycle based on a single random bit. The
activation component is implemented using the state machine engineered by Bradley
et Card [1]. Inputs and outputs of the component are stochastic bit-streams. The
accuracy of the stochastic output depends on the total number of states.

Fig. 5. State machine that implements sigmoid-like activation function and the used symbol

So a given neuron is constituted by N stochastic bit-stream generators, N XNOR
gates, a stochastic N: 1 multiplexer together with the corresponding selection logic,
which a counter, an activation component and finally all the necessary routing to
connect these components. The hardware architecture of the engineered neuron is
shown in Figure 6. It is then clear that the hardware area required for the
implementation of neuron depends on the total number of inputs N.

Fig. 6. Stochastic bipolar neuron architecture
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5 Overall stochastic neural network architecture

In general, pattern of connections of PEs to form an artificial neural network can be
classified as: (i) feed-forward, where the data flow from the input to output units is
strictly feed-forward. The data processing extends over several layers of neurons, but
no feedback is allowed; (ii) recurrent, where the data flow from the input to output
neurons is a mixture of feed-forward and feedback connections. Recurrent topologies
are used when dynamical properties of the network are of some importance and so
need to be captured through the feedback connections.

In this paper, we concentrate on fully-connected feed-forward networks. To each
input corresponds a stochastic bit-stream generator, which transforms the input real
value in [-1, 1] to a bit-stream. The input is then fanned out to each neuron of the
network first layer. On the other hand, for each neuron in the network last layer is
associated a logic that estimates the probability of the output. The output probabilities
behavior of the network hardware implementation is shown, in Figure 7, as function
of the input probabilities and the threshold value. The state machine that implements
the activation function has 32 states.

Fig. 7. Activation function behavior

6 Performance results

The entire design was done using the Xilinx Project Manager (version Build 6.00.09)
[10] through the steps of the Xilinx design cycle. The design was elaborated using
VHDL [9]. The synthesis step generates an optimised netlist that is the mapping of the
gate-level design into the Xilinx format: XNF. The programming step consists of
loading the generated bit-stream into the physical device. The design was
programmed on device from VIRTEX-E family [10];

In Table I, we relate the size of a single neuron for different numbers of inputs,
the net size and the net delay. In the reported hardware implementations, the neural
networks are squared fully-connected feed-forward nets of neurons. So the number of
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the net layers is the same as the number of neuron input. Hence if N is the number of
neuron inputs than the total number of neurons in the nets is simply N2 In all of these
implementations, the state machine for the activation function has 32 states.

Table1. Time and area requirements for different number of inputs

Number of Total number Neuron size Net size Net delay
input of neurons (CLBs) (CLBs) (ns)

2 4 2 21 5.85
4 16 3 75 7.09
8 64 5 421 19.87
10 100 8 903 43.55
16 256 10 2560 87.45

7 Conclusion

In this paper, we presented reconfigurable compact hardware implementation for
stochastic neural networks. So it exploits the inherent advantages of reconfigurable
hardware, such as availability and low cost. The architecture is easily scalable. Very
large neural nets, can be implemented across mUltiple FPGAs with very reduced extra
effort. The processing within a single neuron is serial. However, the overall net
architecture is inherently parallel, resulting in reduced signal delay propagation.
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Abstract. This paper presents an analog CMOS implementation of a
neural network based on a spinal cord model. The network is comprised
by three pairs of cells, Alpha motoneurons, Interneurons and Renshaw
cells, which form the basic control motor system for a single limb move-
ment in a human being. Neurons behaviour is described by a di�erential
equation, which provides it with a dynamic performance. This network
is useful to control limb movements based in an agonist pair of actua-
tors, i.e. muscles for a human limb or electric motors or SMA �bers for
machine applications. This structure has the advantage that allows in-
dependent control of limb position and sti�ness, which makes it suitable
for applications where inertial load compensation is a critical factor.

1 Introduction

Inertial load compensation is an ancient problem for animals, since all accu-
rately performed movements require the controlled acceleration and deceleration
of inertial limb segments. Several researchers in the past suggested the need for
independent control over muscle length and the force or tension to be gener-
ated by a muscle at a given length within a given interval. To achieve this aim,
currently mathematical models are developed starting from the biological ref-
erences, which in superior mammals is the spinal cord. Basically, each limb is
associated to a couple of opponent muscles (�g. 1), which are in turns activated
by a couple of neurons called motoneurons [1]. These motoneurons are the �nal
cells of a complex feedback nervous circuitry, which starting from the pyramidal
cells in the cerebellum, goes down through the spinal cord until the segment
corresponding to a certain limb. In this segment, one can �nd the motoneurons,
but also some other cells which provide a linearity performance and a better
independent control between sti�ness and position for that limb. Among several
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models found in literature, developed to understand animal behavior [2], [3], we
have focused our attention in one called FLETE [3]. It stands for Factorization
of LEngth and TEnsion, and proposes independency of joint sti�ness and joint
position or con�guration. This model starts from the very simple control diagram
for a single limb movement, composed by a pair of muscles and a pair of motor
neurons, to achieve a complete model composed by all kind of neurons found in
the biological spinal cord. One of the simpli�cations introduced in this model
consists on grouping cells in functional groups. In this way, for instance a single
motoneuron in the model would represent a group of real motoneurons which
drive a set of �bers in a same muscle, and its activation state would depend on
the number and activation state of the motoneurons it represents.

2 Neural network description

One of the reasons we have chosen the FLETE model is that it can be easily
synthesised in a current mode analog CMOS implementation, besides its charac-
teristics of simplicity and accuracy are acceptable for our research purposes. As
we have mentioned, this neural network model is based on the neural circuitry
found in the human spinal cord and it comprises several types of cells. We have
started or neural synthesis with a simpli�cation of this model, which includes a
subset of three pairs of neurons: Alpha motoneurons, interneurons and Renshaw
cells. Interneurons and Renshaw cells are small neurons, in comparison with mo-
toneurons, and their main role is to provide negative feedback to compensate
the system dynamic behavior. Every neuron of this network behaves following
the next di�erential equation:

dX

dt
= (Upper �X) �Excitation� (X � Lower) � Inhibition (1)

where X is the activation state of the neuron, Excitation and Inhibition are the
input signals to respectively increase or decrease the neuron state. Upper and
Lower specify the upper and lower limits in the neuron activation state.

In �gure 1 we can see a simple network comprised by six neurons. These
neurons have di�erent size in order to show they have di�erent behavior, due to
their upper and lower activation state limits are di�erent. M1 and M2 represent
the pair of opponent motoneurons and they are the cells responsible for the
direct motion generation. As we can see in the �gure, their output excites the
muscles in the limb. Ia1 and Ia2 are the Interneurons. They belong to a group of
small cells which perform a feedback in the control signals. We can note how an
interneuron inhibits both the opposite interneuron and the opposite motoneuron.
Finally, Renshaw Cells (R1 and R2) are driven by the motoneurons in the same
channel and control the over excitation of these last neurons.

From the network connections shown in the �gure and the neuron behavior
expression (1), we can obtain the di�erential equation system which models the
neural network (equ 2 to 7). In these equations we have included the limit values
for neuron activation states. In this example, motoneurons work between 20 and
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Fig. 1. Simpli�ed diagram of FLETE

40 units, their excitation is the input signal Ai and the inhibition comes from
the addition of the opposite interneuron (Iaj) and the corresponding Renshaw
cell (Ri).

dM1

dt
= (40�M1) �A1 � (M1 � 20) � (Ia2 +R1) (2)

dM2

dt
= (40�M2) �A2 � (M2 � 20) � (Ia1 +R2) (3)

dIa1
dt

= (30� Ia1) �A1 � (Ia1 � 10) � (Ia2 +R1) (4)

dIa2
dt

= (30� Ia2) �A2 � (Ia2 � 10) � (Ia1 +R2) (5)

dR1

dt
= (30�R1) �M1 � (R1 � 10) �R2 (6)

dR2

dt
= (30�R2) �M2 � (R2 � 10) �R1 (7)

3 High level synthesis

In this section the subcircuits developed in current mode are described. From the
theoretical basis described in previous section, our work focuses in the synthesis
of a �rst order di�erential equations system. To achieve this goal, we have cho-
sen a current mode implementation rather than a voltage mode one. The main
reasons for this option come from the analysis of the basic operators we need for
the synthesis. Current mode analog multipliers and integrators are smaller that
their voltage mode counterparts, and exhibit very good performance. On the
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other hand, current mode adders and substractors are as easy to implement as
simple nodes in a circuit. However, in this implementation, we need an extensive
use of current mirrors, mainly when we need to take a same signal to more than
one device. Balancing the advantages and disadvantages of both implementa-
tions, we �nally decided to use the current mode one. Once we have established
the type of implementation, we will explain the signs convention for algebraic
and di�erential operations. Every operator includes one or more inputs and one
or more outputs. The signs have been set in the following fashion:

{ Operator input: Currents entering are positive and going out are negative.
{ Operator output: Currents entering are negative and going out are positive.

This signs convention assures a compact notation in the whole design, and we
will see a detail of it in a further example.

Figure 2 shows the schema of a single neuron circuit. It is composed by
an analog integrator and two multipliers as main modules. The substractors
are easily performed in current mode as they are only nodes in the circuit. Both
multipliers need a 25�A bias current to work, which is provided to the neuron by
an external circuitry. This current is then introduced in a cascode current mirror
from which two equal identical currents are obtained to bias the multipliers. The
current 
ows in the direction pointed in the schema. iT and iB are bias currents
used to establish the upper and lower limit of the neuron activation state. iE
and iI are, respectively, the excitation and inhibition inputs to the neuron. iX is
the neuron output, equal to the neuron state. The inputs to one multiplier are
iE and iT � iX , while the inputs to the second multiplier are iI and iB � iX .
Outputs from both multipliers are added to obtain a new current used as input
for the analog integrator. As the output from the integrator is iX , the input
must be diX=dt. However, in the integrator input, the current is the addition of
both multipliers output, which leads:

diX
dt

= (iT � iX) � iE � (iX � iB) � II (8)

As we can see in equation (8), we have obtained an analog current mode circuit
which implements equation (1). We can see the current mirror at the integrator
output provides three currents equal to iX . Two of them are used in the feedback
to be substracted respectively from iT and iB and the third one is the neuron
output. The mirror is a class AB cascode one, able to work with positive and
negative currents For the multiplication operation, we have used the operator
described by Tanno et al[5], sized to work in 0.35 �m. The multiplier is a four
quadrant multiplier, whose output is scaled by a factor depending on the bias
current and the size relation of devices used. For the integration on time we have
used a class AB current integrator[6], whose main properties are a small area
and low power supply, which exhibits a linearity good enough for neural network
applications. The circuit includes a switch, used to reset the integrator.

Due to the nature of the problem, we can perform a bottom up synthesis,
starting from the design of a single neuron. From this neuron, we can now build
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Fig. 2. Schema of single neuron

the whole network, placing the proper interconnections in the design. One of
the main neuron features is it allows programmable values for the Upper and
lower activation state values, which are set as input currents to the circuits. This
programmability allows the use of a same neuron design for all the network, as
every cell can be individualized by means of these two values.

4 Low level synthesis

The implementation of the network has been done in a 0.35um process from
AMS [4]. The layout size is 850 x 460 um and the power dissipation is 14 mW,
using a reference voltage of 3.3 volts for both analog and digital power supply.
The design is a mixed{mode circuit, which includes 14 analog and 5 digital pins.
Analog pins include power source, and outputs for the six neurons. The other six
pins are used to establish the upper and lower values of neuron states. As this
is a symmetrical neural network, the extreme values of agonist neurons must be
the same. Digital pins include source, reset and control pins. Reset is used to
make an asynchronous global reset in the network, which means put each single
neuron to a null state. Control pins are used to enable or disable interneurons
and Renshaw cells, in a symmetric fashion, in order to study the e�ect of these
individual cells on the system. Table 1 details the activation of cells depending
on control pin values.

Figure 3 shows the general schema of the spinal cord simpli�ed model net-
work, ready to be implemented. The switches placed at the output of interneu-
rons and Renshaw cells are used to enable or disable the action performed by
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S1 S2 Neurons enabled

0 0 Motoneurons
0 1 Motoneurons + Interneurons
1 X Motoneurons + Interneurons + Renshaw

Table 1. Control pins

these cells. The currents show the values of variables in the network (neurons
activation states). For simplicity, bias currents used to establish upper and lower
limits in neuron activation states are not shown, neither analog nor digital power
supply. Besides neurons and the aforementioned switches, the network comprises
six current mirrors (CM) used to create copies of the currents which need to be
connected to more than one module. Figure 4 shows the neural network layout.

IIa1

R1 CM

IIa2

R2Ia2 CM

S1

S2

Reset

IR1

IR2

Ia1

IIa2+IR1

CM

CM

CM
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M1

IM1

IM2

IM1

IM1

Enable Ia

Enable R

IIa1+IR2

IIa1
IR1

IR2

IIa1+IR2

IIa1+IR2

IIa2

IR2

CM
A1

CM
A2

Output
Excitation

Inhibition
CM

Current mirrorNeuron

Fig. 3. Spinal cord network

The structure of the neurons and their interconnections have been placed in a
symmetric fashion, in which neurons Ia1, M1 and R1 are in the lower half of the
layout, while Ia2, M2 and R2 are in the upper half. The bias circuitry for the
multipliers is placed in the left of the design, in the upper part, while the bias
for the neurons activation state is placed in the lower part.
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Fig. 4. Network layout (850�m x 460�m)

In order to assure the proper work of our circuit, we have focused in some
simulations to compare ideal results, taken from the simulation of equations (2)
to (7) with values obtained from the extracted netlist simulation. Simulations of
the network model can be found in the reference paper of FLETE. Figure 5 shows
the evolution of motoneurons, interneurons and Renshaw cells for a common
excitation in both inputs A1 and A2. The excitation is a 10 �A positive current.
We have represented the circuit simulation versus the ideal model simulation,
for di�erent values of S1 and S2. Firstly only motoneurons are active, and later
we enable interneurons and �nally renshaw cells. The units are �A and �s, so,
we can see motoneurons upper value is 40�A when only them are enabled and
25� when all neurons are used. As we can see, main di�erences come from the
settling time, which is faster in the electronic circuit. This is due to a bigger
value in the analog integrators gain, which makes neurons to reach the stable
value faster in the ideal simulation that in the extracted netlist one. However,
values obtained for stable operation are very precise, mainly because current
mode addition and substractions do not have o�set drawbacks.

5 Conclusions

Applications in which this network can be used fall in two broad categories.
First, in the development of human{machine interfaces capable to be used both
in industry and in handicaped people and second in the development of neural
controllers for industrial robots, providing them with a compliance performance.
In this last case, special actuators are needed, like shape{memory{alloys (SMA),
which exhibit a behavior more similar to human muscles that classical actuators.
In the �eld of biological inspired systems, there are broad research expectations
and we think this work can be an useful contribution.
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Abstract. A new approach to Cellular Neural Networks discrete model
is proposed. This approach is focused on CNN implementation on re-
con�gurable hardware architectures and DSP microprocessors. CNN are
analysed from the perspective of Systems Theory, giving rise to an alter-
native model to those found in the literature available. Dynamic equa-
tions and their solutions, stability analysis and real-time implementation
architecture are described in this paper as the most relevant points in
the development of our model. The main results, obtained from di�erent
simulations, evidence the usefulness and functionality of the model.

1 Introduction

Cellular Neural Networks, introduced by Chua-Yang [1], are the basis of both
Discrete-Time Cellular Neural Networks (DT-CNN) [2] and Cellular Neural Net-
works Universal Machine (CNN-UM) [3]. One of the most important features in
CNN paradigm is local connectivity, i.e., any cell is connected only to cells in a
neighbourhood of a determined radius. However, this constraint does not avoid
global processing, which is possible thanks to propagation and relaxation of in-
formation all along the network. The cells in a CNN can be identical, like Linear
Cloning Template CNN (LTC-CNN), or belong to any group within a small num-
ber of groups, for example biological neurons. The structure in array of invariant
in space and locally connected cells have led to study and develop VLSI imple-
mentations based on the CNN-UM previously mentioned: computers with analog
and digital (analogic) elements, programmable by a single �xed-length template.
Nevertheless, the asynchronous nature of CNNs and precision requirements in
some applications considerably hinder the design on analog ASIC devices of
these structures. On the other hand, nowadays, there exists a rising interest in
digital signal processing and its implementation, not only on speci�c processors
(DSP) but also on hardware recon�gurable devices (FPGA). This o�ers new
possibilities for CNNs, considerably increasing the techniques and the resources
available for their development and implementation.

A new discrete model for CNN is presented in this paper. The cell model for-
mal description and the global mathematical behaviour of the system have been
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derived from Systems Theory. Dynamic equations have been formulated and re-
solved by �nite di�erence, providing a tool for analysing and studying asymptotic
stability of the model. The proposed architecture, obtained as the conclusion of
our development, is oriented to the CNN implementation on hardware recon�g-
urable devices (FPGA) and on digital signal processors (DSP), o�ering a new
alternative to those described in the related literature [4], [5], [6], [7]. Finally,
di�erent simulations and results are presented, illustrating the advantages of the
proposed architecture and the methodology used in its synthesis.

The outline of this paper is as follows. In Section 2 the DT-CNN model
is described and formulated, solving the corresponding equations. Next, model's
stability is studied and analysed in Section 3. The architecture of implementation
and the results are presented in Section 4, and then, conclusions in Section 5 to
�nish with.

2 CNN Model in System Theory

The dynamics de�ning behaviour of Chua-Yang Cellular Neural Network is given
by the state equation (1) and by the activation function f(xij) (2):

C
dxij

dt
= �

1

R
xij +

X
k;l2Nr(ij)

Aklykl +
X

k;l2Nr(ij)

Bklukl + Iij ; (1)

yij = f(xij) =
1

2
(jxij + 1j � jxij � 1j) ; (2)

where I , u, y, x denote input bias, input, output and state variable of each
cell, respectively. Neighbourhood distance r for cell (i; j) is given by Nr(ij) func-
tion, where i and j denote the position of the cell in the network and k and l

the position of the neighbour cell relative to the cell in consideration. B is the
constant weights template for inputs feedback and A is the corresponding tem-
plate for the outputs of neighbour cells. Finally, non-linear activation function
of output corresponds to piecewise linear operator (PWL).

Xij =

P
k;l2Nr(ij) AklYkl +

P
k;l2Nr(ij) BklUkl + Iij

CS + 1
R

: (3)

It is possible to rewrite the state equation (1) by Laplace Transform (3). How-
ever, this transfer function has the disadvantage of implicitly associating state
variable Xij to non-linear output variable Yij . Nevertheless, this non-linearity
problem in the transfer function can be overcome with a simple modi�cation in
the original CNN model. This consists of changing the non-linear feedback loop
of the cell by a linear one (see Fig. 1). Thus, we reach the alternative model
proposed in this paper, whose analytic expressions are given by the di�erential
equations showed in expression (4) and the ordinary di�erence equation (5),
derived from the forward Euler form:
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Fig. 1. (a) The Chua-Yang original model. (b) The proposed modi�cation to the ori-
ginal model

C
dxij

dt
=

�
aij �

1

R

�
xij+

X
k;l2Nr(ij)
k;l 6=i;j

Aklykl+
X

k;l2Nr(ij)

Bklukl+ Iij 8(i; j)\N2 ;

(4)

xij [n+ 1] =

�
1�

h

C

�
1

R
� aij

��
xij [n]

+
h

C

0
BB@

X
k;l2Nr(ij)
k;l 6=i;j

Aklykl[n] +
X

k;l2Nr(ij)

Bklukl[n] + Iij

1
CCA 8(i; j) \N2 :

(5)

3 Di�erence equation solution and asymptotic stability

The total solution of the ordinary equation (5) can be obtained as the sum of
the homogenous equation solution plus the particular equation solution. In order
to solve the homogenous equation, we resort to the transformation x[n] = �n,
while the general solution

x[n] = b0 + b1n+

1X
i=0

�i(u[n� 1] + y[n� 1]) (6)

is tested to solve the particular equation. Evolving the resolution procedure
and given an initial condition x[0] of the equation (5), the state solution of the
network at instant n can be expressed by the equation (7):

35New Emulated Discrete Model of CNN Architecture       



xij [n] = 
 + (xij [0]� 
)�n

+
nX

�=1

�n�1

0
BB@

X
k;l2Nr(ij)

Bklukl[n� � ] +
X

k;l2Nr(ij)
k;l 6=i;j

Aklykl[n� � ]

1
CCA ;

(7)

where

� =

�
1�

h

C

�
1

R
� aij

��
(8)

and


 =
Iij�

1
R
� aij

� : (9)

Once known the di�erence equation solution, the system stability can be
studied using the di�erent de�nitions and theorems given by discrete dynamic
systems stability theory [8].

De�nition 1. The discrete system equations (5) and (2) de�ned in a �nite space
E \N2 are said to be stable if the di�erence solution equation (7) satis�es:

1.i) � is a constant with k�k < 1
1.ii) 8(i; j) 2 E; uij [n] and yij [n] are continuous with kuij [n]k < u, kyij [n]k < y,

for n � 0 .

Proof. Consider the di�erence solution equation (7) and under the assumption
(1.ii):

0
BB@

X
k;l2Nr(ij)

Bklkukl[n� � ]k+
X

k;l2Nr(ij)
k;l 6=i;j

Aklkykl[n� � ]k

1
CCA

<

0
BB@

X
k;l2Nr(ij)

Bklu+
X

k;l2Nr(ij)
k;l 6=i;j

Akly

1
CCA < M ;

(10)

where M is constant.
By using equation (10), we may rewrite equation (7), to obtain:

kxij [n]k < k
k+ k(xij [0]� 
)k k�kn +

nX
�=1

k�k��1M : (11)

Then, if we now use the assumption (1.i), we obtain, for n!1:

kxij [n]k < k
k+





 M

1� �





 : (12)
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From this result we see that all solutions are limited for n > 0. Therefore,
they are stable independently on the initial condition x[0].

De�nition 2. The discrete system equations (5) and (2) de�ned in a �nite space
E \ N2 are said to be globally asymptotically stable if the di�erence solution
equation (7) satis�es:

2.i) � is a constant with k�k < 1
2.ii) 8(i; j) 2 E; uij [n] = u (is constant), for n � 0 .

Proof. Resolving the di�erence solution equation (7) under the assumption (2.ii),
we obtain, in vector form:

xij [1] = 
 + (xij [0]� 
)� +BNrUNr +ANrf(XNr[0]) ; (13)

xij [2] = 
+(xij [0]�
)�2+
1X

�=0

��BNrUNr+�ANrf(XNr[0])+ANrf(XNr[1])) :

(14)
Replacing with equation (13) in equation (14), we may write:

xij [2] = 
+(xij [0]� 
)�2 +

1X
�=0

��BNrUNr

+�ANrf(XNr[0]) +ANrf(XN2r[0]; UN2r; ANr; BNr; 
; �) ;

(15)

and the general term is:

xij [n] = 
+(xij [0]� 
)�n +
n�1X
�=0

��BNrUNr + �n�1ANrf(XNr[0])

+
n�2X
�=0

��ANrf(XN(n��)r[0]; UN(n��)r; ANr; BNr; 
; �
n���1) :

(16)

Then, if we now use the assumption (1.i) for n ! 1 , we may rewrite
equation (16) to obtain:

xij [n] = 
 +
BNrUNr

1� �
+
ANrf(XNE [0]; UNE; ANE ; BNE ; 
)

1� �

+

EX
�=0

��ANrf(X [n� � � 1]) :

(17)

Furthermore, in the �nite space E, the XNE[0] vector is an initial condition,
the UNE , ANE , BNE vectors are constants and 
 is constant too.

Then, for n!1 xij [n] = K, we obtain that all the solutions of the system
are asymptotically stable, independently of the initial condition x[0].

Several interesting conclusions can be extracted from de�nition 2:
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{ The system equations are asymptotically stable if:

1

R
�

2C

h
< aij <

1

R
: (18)

{ The asymptotic solution depends only on the value of XNE [0], UNE [0], ANr,
BNr, 
 and �.

{ The asymptotic solution is reached after 1 iterations.
{ If k�k � 1, implies that there is no stability.
{ If the system is unstable, the solution will be limited by the function f , being
�1 or 1 its value.

{ If the system is unstable, the solution (�1 or 1) can be reached in few steps.

4 Architecture of implementation and simulation results

The model of the system can be solved and implemented by using di�erent digital
devices (FPGA and DSP microprocessors). The block diagram of the proposed
architecture can be seen in Fig. 2a. Without loss of generality, the architecture
can be simpli�ed assigning the unit value to R and C. Thus, a new architecture is
obtained. Now, the cell's behaviour is characterized by the aij and h parameters
(see Fig. 2b).

Fig. 2. The proposed cell's architecture: (a) Complete architecture. (b) Simpli�ed ar-
chitecture

The cell time constant extracted from the continuous model (4) is given
by the equation (19). The constant � determines the continuous time system
evolution velocity:
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� =
RC

1� Ra
: (19)

Likewise, the discretization constant h determines system evolution velocity
for the equivalent discrete model. In order to emulate properly LCT-CNN with
the proposed model, a new suitable value must be assigned to the constant
h. In the Fig. 3, two examples of digital image processing (di�usion and edge
detection, both with cloned template 3 � 3) are showed. These examples make
the functionality of the network clear for di�erent values of the constant h. The
reduced number of iterations necessary for reaching the solution in the edge
detection processing (unstable system bounded by the f function) can also be
observed.

Fig. 3. (a) and (e) The original image. (b) Di�usion with h = 0:1 and 50 iterations.
(c) Di�usion with h = 0:5 and 10 iterations. (d) Two pixels evolution for images b and
c. (f) Edge detection with h = 0:1 and 20 iterations. (g) Edge detection with h = 2
and 3 iterations. (h) Two pixels evolution for images f and g
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5 Conclusions

In this paper, a new emulated discrete CNN model has been proposed in order to
o�er an alternative di�erent from the traditional models. We �rst have presented
a formal CNN model, described in di�erence equation. Next, the solution for the
di�erence equation and a study for the stability and asymptotic stability of
the system are o�ered. The interest in the obtained approach to the model lies
in its ability to characterize the behaviour of the cellular neural network with
adaptative steps and with only two parameters. Finally, the model has been
simulated and validated with several image processing applications, obtaining
satisfactory results.
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Abstract. A binary multiplier implemented using RTD based threshold logic
gates is presented. The circuit demonstrates how small-scale threshold logic
gates implementing standard boolean functions can be used to replace
conventional boolean gates and achieve reduced circuit complexity. The
performance of the gates and multiplier are simulated in HSPICE and the
results are presented.

1 Introduction

Threshold Logic Gates (TLGs) are conceptually similar to the early McCulloch-
Pitts (MCP) model of the neuron and are normally used to implement linearly
separable binary functions [1]. Circuit designs employing TLGs set out to achieve
greater functional density resulting in less complex circuits. Given scalable devices
this characteristic presents an interesting possibility for the future of VLSI with
respect to Moore’s Law. Normally, reduced feature sizes of transistors is the means
by which increased functional density and capacity in integrated circuits are achieved.
However, threshold logic circuit design offers a complimentary technique which
when taken in conjunction with reduced feature sizes could further enhance the
functional density. If we also make use of technologies, devices and circuits that
increase functional density a further enhancement is possible. An example of these are
RTD-based circuits including TLGs which have been the subject of investigation by a
number of researchers [2,3,4]. These devices and circuits demonstrate an inherent
increased functionality due to the negative differential resistance (NDR)
characteristics and the effect of the resulting current-voltage inversion. RTD based
TLGs were published and patented in the 1990s and have been implemented in circuit
designs demonstrating lower complexity with increased functionality as well as robust
high-speed performance [5,6,7]. Circuits employing RTDs and using a modified
threshold logic gate approach have also been shown to successfully perform non-
linearly separable functions [8]. In this paper a range of threshold logic gates,
implementing the basic Boolean functions, are used in the design of a binary
multiplier. The gate designs use models of manufactured InP based RTDs and
HFETs. The circuits were simulated using HSPICE .

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 41-48, 2003. 
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2 RTD Characteristics

The fundamental circuit component used in the construction of the TLGs presented
in this paper is the RTD. The current voltage characteristics of RTDs display negative
differential resistance due to the resonant tunneling effect that determines their
behaviour. A typical I/V characteristic is shown in figure 1(a). This shows that a
single device has three main regions: a positive-differential-resistance region (PDR1),
a negative-differential-resistance region (NDR) and a second positive-differential-
resistance region (PDR2). The I-V curve demonstrates that the device has two
positive stable states, one in PDR1 and one in PDR2. The simulated devices used in
this research have characteristics that display a peak current when the bias voltage is
0.2 volts. The valley current occurs when the bias voltage is increased to 0.55 volts.
When the devices are deployed in the TLGs the resulting high and low logic levels
can be latched with a holding current of approximately Aμ220 .

(a) (b)

Fig. 1.  (a) Typical I-V characteristic curve for a RTD (b) Load line depiction of a RTD series
pair operation

By connecting two RTDs in series and then applying a clocked bias to the series
chain, one of the RTDs can latch to PDR2. The diagram in figure 1(b) uses the load
line of RTD1 to illustrate this. The RTD with the lowest peak current will latch to the
stable point in its PDR2 region. The other RTD returns to the stable point in its PDR1
region. By choosing Vck so that it is slightly higher than the voltage of the stable
point in PDR2 only one of the RTDs at a time will be able to develop enough voltage
to take it to its PDR2 region. The operation of this fundamental series pair allows the
development of binary threshold logic circuits. The underlying principle of operation
described here is known as monostable-bistable transition logic element (MOBILE),
which derives from the Goto RTD pair and is a well documented technique
employing the latching capability of the RTD [9,10].

42 P.M. Kelly  et al.



3 Threshold Gate Operation

The diagram shown in figure 2 illustrates the principle of operation for threshold
logic gates. The principles are similar to the early McCulloch-Pitts (MCP) model of
an artificial neuron [1]. Both positive and negative weighted inputs XiWi are used to
achieve linearly separable boolean functions. Equation (1) gives the conditions for
switching of the output.

Wn

W2

Θ

X1

X2

Xn

o/p

W1

Fig. 2. McCulloch-Pitts neuron-threshold logic gate concept

o/p = 1 iff ∑ Θ≥n

i
XiWi otherwise o/p = 0

(1)

The RTD circuits used here to achieve threshold logic gates are given in figures 3 and
4 and are based on circuit topologies using the MOBILE configuration.

4 Multiplier Circuit

The multiplier circuit comprises a number of different threshold logic gates
implementing basic boolean functions. The gates are then combined in a circuit
topology based on standard boolean logic equations. This approach allows the use of
the standard design techniques to arrive at a solution to the required boolean function.
As the circuits are inherently less complex there is a reduction in transistor count for
the implementation presented here compared to a multiplier using standard CMOS
based logic gates.

The fundamental threshold logic gates used within the multiplier are an AND gate,
an XOR gate, a buffer gate and a gate implementing the AND function with one of its
inputs inverted. The circuit diagrams and performance data for each of the gates are
presented in sections 4.1 and 4.2.
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4.1 AND Gate and Buffer Gate

The circuit layouts for the RTD/HFET AND gate and buffer gate are given in figure
3. To realise the AND function RTD areas are selected so that the combined currents
of all the RTDs above the summing node is only greater than the total current below
the summing node when both inputs X1 and X2 are high.

VCK

X1X2

2 2 2.5

5

3 3

RTD3

RTD4

RTD2RTD1

VCK

X1

22

3

3

RTD2

RTD3

RTD1

(a) (b)

Fig. 3. (a) Threshold logic AND gate (b) Buffer Gate

RTD areas shown in figure 3 are in μm2 and the peak current density of the devices
is 21kA/cm2. The input branches to both circuits use depletion type HFET’s (0.25μm
gate length) with width to length (W:L) ratios as shown in figure 3. Performance data
for both circuits is given in table 1. The buffer circuit illustrated in figure 3(b) is a
simplified version of the AND gate using only one input branch. The buffer circuit
simply generates an output which reflects the circuit input i.e. when the input is high
the output is high and when the input is low the output is low. The purpose of the
buffer is to ensure that all the output signals are available at the appropriate clock
phase.

4.2 XOR gate

The XOR gate designed by the authors is illustrated in figure 4(a). It is an adaption
of the MOBILE configuration with the use of both positive and negative weighted
input sections. The XOR function is realised by placing a series connected HFET pair
in parallel with the driver RTD. Using this configuration both inputs must be high to
direct current away from the summing node ensuring that the circuit output is logic
low when both inputs are high. In the XOR gate depletion type HFETs (0.25μm gate
length) are used above the summing node with enhancement mode devices (0.25μm
gate length) used in the series connected pair below the summing node. W:L ratios for
all devices in both circuits are given in figure 4.
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X1X2
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VCK
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4

3

6

6

RTD3

RTD4

RTD5

RTD2RTD1

X1

X2

VCK

2 2

32

3

6

RTD3

RTD4

RTD1

RTD2

(a) (b)

Fig. 4. (a) Threshold logic XOR gate (b) Threshold logic gate for function 2.1 XX

RTD areas given in figure 4 for both circuits are given in μm2 and the peak current
density of the devices is 21kA/cm2. Performance data for both circuits is given in
table 1. The threshold logic gate shown in figure 4 (b) uses both positive and negative
weighted inputs. The gate is designed to output a logic high when X1 is high and X2

is low ( 2.1 XX ), and output logic low for all other input combinations. As with the
XOR gate depletion mode HFETs (0.25μm gate length) are used in the positive
weighted section with enhancement mode HFETs (0.25μm gate length) in the
negative section.

Table 1. Performance data for the XOR gate and the f = 2.1 XX  gate.

Circuit Clock Logic
high

Logic
low

Rise
time

Delay Average
Power

Max
Power

AND 0.75V 0.701V 0.074V 150pS 90pS 167μW 559μW
Buffer 0.75V 0.707V 0.0711V 160pS 90pS 95μW 338μW
XOR 0.75V 0.707V 0.101V 160pS 90pS 114μW 665μW

2.1 XX 0.75V 0.707V 0.071V 150pS 90pS 103μW 343μW

4.3 Multiplier design

The multiplier circuit block diagram is shown in figure 5. The purpose of the diagram
is to show that all of the functions of the individual gates are achieved using small
(two inputs) threshold logic gates, these are then combined to produce the required
binary function. The block diagram shown in figure 5 was the template for the
RTD/HFET circuit designs that follow in figures 6 and 7. The circuit layout for the
multiplier is given in individual clock stages for clarity and is shown in figures 6 and
7 respectively.
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A0

B0

A1

B1

A0.B0

A0.B1

A1.B0

A1.B1

OP 0

OP 1

OP 2

OP 3

A0.B0

(A1.B0)     (A0.B1)

(A1.B1).(A0.B0)

(A0.B1).(A1.B0)

⊕∑Θ

∑Θ

∑Θ

∑Θ

∑Θ

∑Θ

∑Θ

∑Θ

Fig. 5. Block diagram of the binary multiplier showing the function of each of the TLGs. Two
two-bit binary numbers A1A0 and B1B0 are multiplied and the four-bit binary number
OP3OP2OP1OP0 is output

Simulation results are presented in figure 8. Performance data for the complete circuit
is given in table 2. The multiplier circuit was assessed for robustness in terms of clock
variation and device area variation. The circuit displayed correct functionality under
load conditions for a clock voltage variation of –15% and also withstood RTD area
variations of %10± .

A0 B0 A1 B1

A0.B1A0.B0 A1.B1A1.B0

A0A1 B1B0

VCK

Fig. 6. RTD/HFET circuit design for the first clock phase

The two circuits shown operate on a two-clock system where the first phase of
multiplication is evaluated on the leading edge of the first clock. The second phase is
evaluated on the leading edge of the second clock, which overlaps the negative going
edge of the first clock. This is necessary to ensure that the second stage circuit has the
correct values at its inputs when the second clock leading edge arrives. The multiplier
showed correct operation for all of the 16 possible inputs applied.
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OP0 OP1 OP2

A1.B1A1.B0

A0.B1

A0.B0

A0.B0

A0.B1A1.B0

OP3

VCK

Fig. 7. RTD/HFET circuit design for the second clock phase

Fig. 8. Output waveforms from the HSPICE simulation of the multiplier
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Table 2. Performance data for the multiplier circuit

Clock Logic
high

Logic
low

Rise
time
OP0

Rise
time
OP1

Rise
time
OP2

Rise
time
OP3

Delay Avg
Power

Max
power

0.75V 0.68V 0.1V 150pS 170pS 150pS 150pS 95pS 1mW 2.98mW

  5 Summary

An RTD based binary multiplier circuit design was presented that demonstrated the
use of threshold logic gates as a means of achieving important processor operations
such as multiplication. All of the circuits presented were simulated and found to
exhibit correct functionality and a robust circuit operation tolerant of device
parameter and clock voltage variation. The inherent low complexity of RTD based
threshold logic gates allows for gains in functional density. Using two input
RTD/HFET threshold logic gates allowed conventional boolean design methods to be
applied whilst still increasing the functional density through the low complexity of the
circuits.
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Abstract. After a short review of the state-of-the-art, a new low-power differ-
ential threshold logic gate is introduced: split-precharge differential noise-
immune threshold logic (SPD-NTL). It is based on combining the split-level 
precharge differential logic, with a technique for enhancing the noise immunity 
of threshold logic gates: noise suppression logic. Another idea included in the 
design of the SPD-NTL gates is the use of two threshold logic banks imple-
menting f and f_bar, and working together with the noise suppression logic 
blocks for enhanced performances. Simulations in 0.25 µm CMOS @ 2.5 V 
show the functionality of the gate up to 2 GHz. An advanced layout based on 
high matching centroid techniques is currently under development. 

1   Introduction 

Research on neural networks (NNs) started sixty years ago. The seminal year for the 
development of the “science of mind” was 1943 when the article A Logical Calculus 
of the Ideas Immanent in Nervous Activity by McCulloch and Pitts was published 
[29]. For modeling a neuron, they introduced the threshold logic (TL) gate (TLG): 

),,( 1 nxxf K ( )sgn 1 −= =
n
i ii xw  (1) 

where wi is the synaptic weight associated to xi, θ is the threshold, and n is the fan-in. 
The general belief that a neuron is a TLG can be questionable. That is why, the TL 
model has been tested on a spike train generated by the Hodgkin-Huxley model with 
a stochastic input [22]. The result was that the TL model correctly predicts nearly 
90% of the spikes, justifying the description of a neuron as a TLG. 

The tremendous impetuous of VLSI technology has made neurocomputer design a 
lively research topic. There are many theoretical complexity results showing that TL 
circuits (TLCs) are more powerful than classical Boolean circuits [9]. Beside, TLGs 
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(or their variations) have been used in MIPS R2010 [20], SUN Sparc V9 [27], a 
CMOS fingerprint sensor array [21], and very recently in the Itanium 2 microproces-
sor [30]. Finally, the emerging devices (e.g., resonant tunnelling, single electron, etc.) 
have been used for quite some time for implementing TLGs and TLCs. All of these 
have led to many different TLG implementations (see [10, 3, 4]). 

In this paper we shall focus only on differential TLGs. After a brief review of the 
state-of-the-art (for details see [8]), we will present a new low-power differential TLG 
called split-precharge differential noise-immune threshold logic (SPD-NTL). It is 
based on combining the split-level precharge differential logic SPDL [26], with a 
technique for enhancing the noise immunity of TLGs [2, 5, 6], known as noise sup-
pression logic (NSL). Another idea included in the design of SPD-NTL gates is the 
use of two TL banks implementing f and f_bar [7]. This technique works very well 
together with the NSL enhancing the performances of the TLG. 

2   Differential Implementations of Threshold Logic Gates 

Energy efficiency design has been the driving force behind a plethora of differential 
gate designs. They can achieve very low power consumption levels, while operating 
at very high speeds. They can also be easily modified to work asynchronously (based 
on done-enable signals). Here is a long list of differential Boolean gates: differential 
cascode voltage switch DCVS (1984), differential split-level logic DSLL (1985), 
sample-set differential logic SSDL (1986), differential pass-transistor logic DPTL 
(1987), enable/disable CMOS differential logic ECDL (1988), latched CMOS differ-
ential logic LCDL (1991), differential current switch logic DCSL (1996), charge 
recycling differential logic CRDL (1996), half-rail differential logic HRDL (1997), 
current sensing differential logic CSDL (1998), asynchronous sense differential logic 
ASDL (1999), no-race charge-recycling differential logic NCDL (1999), and split-
level precharge differential logic SPDL (2001). A similar list for TL includes: cross-
coupled inverters with asymmetrical loads CIAL (1995), latch-type threshold logic 
LCTL (1995), cross-coupled inverters with asymmetrical loads threshold logic 
CIALTL (1998), dynamic latched sense amplifier (1998), single input current-sensing 
differential logic SCSDL (1999), CMOS capacitor coupling logic C3L (2000), bal-
anced capacitive threshold logic B-CTL (2000), current-mode threshold logic CMTL 
(2000), discharge CMTL (2000), equalized CMTL (2000), differential current-switch 
threshold logic DCSTL (2001), charge recycling threshold logic CRTL (2001), and 
self-timed threshold logic STTL (2002). We shall briefly review these here, while the 
interested reader should consult [8, 10]. 

Two basic approaches for implementing TLGs are: capacitive and conductance. 
The concept underlying capacitive TLGs is the use of an array of capacitors to im-
plement the weighted sum of inputs. The idea was introduced as early as 1966 [12]. 
Capacitive TLGs can be classified into: capacitive threshold logic (CTL), and neuron 
MOS (νMOS). A few comparisons [31, 32, 13], draw the following conclusions: 
• the νMOS operation is simpler than that of the CTL; 
• the maximum attainable fan-in by νMOS is an order of magnitude less than that 

of CTL gate; 
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• the delay has a logarithmic dependence with respect to large fan-ins (fan-in ≤ 255 
in [31], fan-in ≤ 64 in [32]), while for small fan-ins (fan-in ≤ 20 [13]) the behav-
iour looks linear: 1 + 0.35n (where n is the fan-in). 

The idea of using switched capacitors, switches, and inverters, and taking advan-
tage of the inherent saturation of the inverters to implement the perceptron non-
linearity, was originally introduced in 1987 [39]. This first approach required a some-
how complex three-phase clock. It has quickly evolved into a simpler two-phase 
clock solution [31]: the capacitive threshold logic (CTL). This has large fan-in capa-
bility (up to 255), but also large delays and area, and DC power consumption. 
• A differential version is the balanced-CTL (B-CTL) [17]. The requirement for a 

highly precise reference voltage is eliminated here by implementing functions 
with thresholds equal to 0. Two banks of capacitors connected to a differential 
amplifier form the basic structure, with one additional half-capacitor unbalancing 
the voltage level. B-CTL gates are reported to be faster than CIAL gates [36]. 

Neuron MOS TLGs are based on an idea introduced in the mid 60s [12]. It was re-
discovered in 1991 [37]. The static νMOS TLG is very simple and compact, but has 
DC power consumption. This static power can be eliminated and the speed increased 
by a current comparison between a νMOS transistor and a reference device, using a 
positive feedback circuit. 
• One configuration is the sense-amplifier νMOS TL [24]. It employs a current-

controlled latch-sense amplifier circuit. Variations can be found in [40]. This so-
lution is similar to the digital comparator from [28]. Speed improvements of 5×, 
and power savings over the static νMOS were reported [40]. 

• Another variation, CMOS capacitor coupling logic (C3L), uses the capacitor 
coupling technique and a current sense amplifier [19]. Fluctuations of the device 
parameters are compensated by the differential configuration. 

• The charge recycling threshold logic (CRTL) gate introduced in [14] is based on 
CRDL [23]. CRTL gates exhibit high speed (even for high fan-ins), while also 
having low power consumption. CRTL gates achieve the highest speed and 15-
20% lower power consumption when compared with clocked νMOS [24], C3L 
[19], and LCTL [1]. 

• A self-timed threshold logic (STTL) has been proposed in [15]. The gate is based 
on a cross-coupled nMOS transistor pair. The enable signals are passed to the 
next stage, being propagated in a self-timed fashion. The solution is low power, 
and eliminates the clock at the expense of a double-rail signalling and the addi-
tional “enable generate” block. 

The other class of differential TLG implementations is the current/conductance 
category. Two parallel-connected banks of nMOS transistors are used for implement-
ing the weighting operation, followed by a current CMOS comparator for the thresh-
old operation. 
• The operation of cross-coupled inverters with asymmetrical loads (CIAL) was 

exploited to implement digital (bus) comparators [28], a particular TLG. 
• A generic latch-type TL (LCTL) gate was proposed in [1]. Its consists of a 

CMOS current-controlled latch providing both the output and its complement, 
and two input arrays having an equal number of parallel transistors whose gates 
are the inputs of the TLG. Two extra transistors guarantee correct operation for 

51Split-Precharge Differential Noise-Immune Threshold Logic Gate       



the case when the weighted sum of inputs is equal to the threshold value. Current 
flows only during transitions. 

• The speed performance of LCTL was improved in [36], where the nMOS banks 
are external to the latch. It is called cross-couple inverters with asymmetrical 
loads threshold logic (CIALTL), but it is different from CIAL [28]. 

• The circuit arrangement for realizing logic elements that can be represented by 
threshold value equations patented by Prange et al. [35] is a simplified CIAL. 

• Single input current-sensing differential logic (SCSDL) [38] is based on CSDL 
[34]. Yield analysis for SCSDL in 0.35 µm CMOS has showed that fan-in ≤ 14. 

• Differential current-switch threshold logic (DCSTL) [33] is based on DCSL. It 
restricts the voltage swing of the internal nodes for lowering the power consump-
tion. Reported experiments show that DCSTL exhibits better power-delay prod-
uct than: LCTL [1] and CIALTL [36]. 

• Current-mode threshold logic (CMTL) [11] achieves low power by limiting the 
voltage swing on interconnects and on the internal nodes. Various clocked cross-
coupled loads have led to discharged CMTL (DCMTL) and equalized CMTL 
(ECMTL). 

A differential TLG bridging the gap between capacitive and conductance imple-
mentations has also been proposed [16]. The key computational concept is to use a 
floating-gate device as a programmable-switched conductance. Two parallel Flash-
EEPROM banks implement the weighted sum of inputs with positive weights, and the 
weighted sum of inputs with negative weights. The rest of the circuit measures the 
conductance based on the current through the ‘memory’ cells. 

All the TLGs based on current comparisons are relatively sensitive to noise and 
mismatch of process parameters. Reliability can be improved by known layout and 
circuits techniques where the devices behaviour is matched (substrate voltage control, 
shield and isolations, centroid layout) for reducing statistical parameter variations. 

3   A New Differential Threshold Logic Gate 

All the differential TL solutions presented compare the sum of weights with a thresh-
old [14, 15, 19, 24, 35, 38] (eventually unbalanced as in [33]), or compare two 
weighted sums [1, 16, 17, 28, 36] corresponding to the positive and the negative 
weights. The functions implemented in this second case have threshold 0. Additional 
transistors are needed to differentiate the case when the two weighted sums are equal. 

A quite simple but efficient idea is to implement the function f with one TL bank, 
while implementing f_bar with the other TL bank. It is well known that if f is a TL 
function, f_bar is a TL function having the same weights wi if the inputs xi are in-
verted (xi_bar), and the threshold is changed. The fact that f and f_bar always have 
transitions in opposite directions leads to increased speed, and also to better noise 
margins [7]. The noise margins can be enhanced even more—while also marginally 
increasing the speed—by increasing the gap using a non-linear solution both for f and 
f_bar, like e.g., NSL [2, 5, 6]. The resulting solution is noise immune by design (and 
also very fast). That is why we call it noise-immune threshold logic (NTL). It can be 
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used in conjunction with any differential implementation. In this paper we will show 
how NTL works in conjunction with SPDL [26]. 

SPDL is an improvement on other charge recycling differential logic (e.g., HRDL, 
CRDL) in terms of power dissipation, propagation delay, increased reliability, avoid-
ing metastable states, and large fan-out. The charge recycling makes the outputs 
switch from VDD/2 to either VDD or GND during the comparison phase. The decrease 
in power dissipation is achieved by not turning on the pull-up and pull-down transis-
tors at the same time. SPDL can also be self-timed (asynchronous), therefore reducing 
the power consumed at the chip level by eliminating the (complex) clock distribution. 

 

 

Fig. 1. Schematic of a 3-input SPD-NTL gate implementing A∨(B∧C) = sgn(2A+B+C – 1.5). 

The SPDL part is represented by MN0-MN5 and MP1-MP9 (see [26]). The ver-
sion used here is the clocked one. The left bank computing IN_bar = f_bar is formed 
by MN6, MN8, MN10, which are driven by A, B, C. The right bank computing IN = f 
is formed by MN7, MN9, MN11, which are driven by A_bar, B_bar, C_bar. Addi-
tional NSL structures are used for increasing the ‘gap’ (therefore enhancing the noise 
immunity of the gate). The NSL for IN_bar is formed by MN12 and MN14 [2, 5, 6], 
while the NSL for IN is formed by MN13, MN15, and MN16. The proper sizing of 
the transistors MN6-MN11 for encoding the weights associated to the inputs, makes it 
that the W/L of MN6 is double that of MN8, and MN10. The same is true for the right 
bank, where the W/L of MN7 is double that of MN9, and MN11. The NSL logic 
blocks (MN12-MN14 and MN13-MN15-MN16) have to be sized at least as large as 
MN6 (making them larger will always improve on the noise margins [6]). 

A straightforward layout of the gate was done in CMOS 0.25 µm @ 2.5 V. All the 
post-layout simulations have been at 100 ºC, with the inputs varying from 0.25 V to 
2.25 V, and with a load of eight minimum inverters on OUT, and eight minimum 
inverters on OUT_bar. The gate has been tested at the following four clock frequen-
cies: 100 MHz, 500 MHz, 1 GHz, and 2 GHz. The average current when running 
continuously was: 271 µA, 523 µA, 736 µA, and 924 µA. The delay of the gate for 
the given conditions is around 150 ps, leading to a power-delay-product of about: 
100 fJ @ 100 MHz, 200 fJ @ 500 MHz, 280 fJ @ 1 GHz, 350 fJ @ 2 GHz. The 
simulations for the 2 GHz case are presented in Fig. 2. 
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Fig. 2. Simulation results for the gate running at 2 GHz. 

Finally, another idea is to systematically use centroid techniques. 4, 8, and even 16 
transistors will replace each transistor. A 4-transitor structure is depicted in Fig. 3 (a), 
while Fig. 3 (b) presents the 8-transistor structure for high matching from [25]. For 
even better matching we have designed a 16-transistor structure (Fig. 3 (c)). This is 
formed of two 8-transistor structures one inside the other (imbricated), and rotated by 
45º relative to one another. The complex layout is in progress (Fig. 4). 
 

 
 

 

Fig. 3. Centroid layout structures for better matching: (a) classical 4-transistor structure; (b) 
advanced 8-transistors structure; (c) 16-transistors structure for ultra-high matching (introduced 
in this article). 

4   Conclusions 

The present state-of-the-art of shows a large variety of differential TLGs. Some of 
these are quite advanced (e.g., asynchronous [4, 15, 18, 26]). They allow for drastical 
reductions of the dissipated power (when compared to earlier implementations [10]). 
A novel differential TLG has also been proposed. It incorporates two new ideas: us-
ing f and f_bar, and adding nonlinear data-dependent terms (NSL). Centroid tech-
niques are currently being investigated for ultra-high matching. Fast and very low-
power differential TLGs are therefore implementable, the major differences between 
one solution and another being the power-delay tradeoffs. 
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Fig. 4. Systematic centroid layout of the SPD-NTL gate: (a) the SPDL differential; (b) the 
SPDL pull-up structure; (c) the two nMOS banks including the two NSL structures. 
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Abstract. We present some aspects regarding modelling of floating-gate
UV-programmable (FGUVMOS) circuits when used as linear threshold
elements, with a simple building block used for generation of Boolean
functions as an example. Some comparisons with other floating gate
and standard cell CMOS implementations are also done. A new FULL-
ADDER structure containing only eight transistors is demonstrated by
SPICE simulations, using a power supply voltage of 0.8 V. We argue
that the floating-gate linear threshold elements have a significant ultra
low-power potential and may allow very simple circuitry, provided that
the technology can prove to reach adequate maturity.

1 Introduction

Floating-gate circuits for signal processing have gained an increasing interest
during about the last decade, maybe especially due to the neuron MOS con-
cept published in 1991 [1], and an introduction to the field can be found in [2].
Floating-gate UV-programmable CMOS circuits are exploiting standard double-
poly CMOS processes like [3] with the goal of making ultra low-power analog
and digital [4] as well as neural network circuitry [5], [6].
This paper is organized as follows: FGUVMOS circuits and UV-programming
are briefly introduced in section 2, together with a couple of important equa-
tions which may be useful for a simple analysis. Section 3 deals with the P1N3
linear threshold element, more specific, and tries to show how a simple 1st or-
der analysis of functioning can be done. Further a circuit combination of two
P1N3 elements forming a FULL-ADDER is treated and later demonstrated by
SPICE simulations. In section 4 some aspects of the technology like low circuit
complexity and ultra low power consumption are briefly mentioned. Section 5
concludes the paper.

2 Floating-Gate UV-programmable Circuits

The circuits may be operated in weak inversion / subthreshold, getting their
effective threshold voltages seen from driving nodes altered by a postprocess-
ing technique exploiting UV light. The UV-programming typically lasts 15-30
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minutes. Selected parts of the chip surface are hit by using metal layers as shields,
and by making openings in the pad-layer. In this way UV-activated conductances
can be made, like in the left part of figure 1, when a special reverse-biasing scheme
is used [4], [7]. Power lines are used in the UV-programming process, and there
are virtually no area overhead.
By applying certain combinations of voltages, V+ and V−, in programming mode
(figure 1), the net charge on the floating gate nodes FGN and FGP can be
controlled, and thus the voltages. When the UV-light is switched off the UV-
activated conductances diminish, and the charges on the two nodes are deter-
mining the efficient threshold voltages seen from the driving nodes under normal
operation.
The UV-programming process sets the switching point so that all driven nodes
are at Vdd/2 in the initial operative mode, and establishes the equilibrium drain
currents, Ibeq, typically in the nA to µA range from experience with a 0.6 µm
CMOS process [3]. The current levels of a chip might be reprogrammed to dif-
ferent values.
If the sum of the capacitive weights connected between each input and it’s

FGP

FGN FGP

FGN

VDD

VSS

Vp1

Vp2

Vpl

Vn1

Vn2

Vnm

Vdd/2

Vdd/2

Vdd/2

Vdd/2

Vdd/2

Vdd/2

Vdd/2

V+

V-

Programming Mode Operative Mode

Source

Source

Ibeq

Ibeq

Vdd/2

Fig. 1. Schematic of the UV-programming mode and the normal operative mode, based
on [7]. The extra circles in the MOSFET symbols indicate UV-conductances. In op-
erative mode the equilibrium current is the drain current at the switching point, when
all inputs and the output equal Vdd/2.

respective floating gate, and the number of drawn capacitances, are equal, the
following equations approximate the drain currents for an element like to the
right in figure 1 [4]:

Ids,p = Ibeq

m∏

i=1

exp{ 1
nUt

(Vdd/2 − Vi)ki} (1)
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Ids,n = Ibeq

m∏

i=1

exp{ 1
nUt

(Vi − Vdd/2)ki} (2)

Here, ki = Ci/Ctot is the capacitive division factor of the ith input capacitor,
Ci, and Ctot is the total capacitance seen from the floating-gate.
It might be useful being aware that the sum of drawn capacitances is usually less
than Ctot seen from the floating-gate, so that the input signal of, for example, an
inverter is attenuated before reaching the floating-gate [6]. The above equations
also suggest a great deal of symmetry between PMOS and NMOS, which is only
approximately the truth, but anyway these simple equations have proven useful
for making simple behavioural analysis regarding FGUVMOS circuitry. Ibeq is
the balanced equilibrium current, which is the drain current of the transistors
when all input signals and driven nodes have a voltage level equalling Vdd/2. Ibeq

is a function of the effective threshold voltages seen from the driving nodes. For
a certain Ids level for PMOS and NMOS there is one set of effective threshold
voltages. An FGUVMOS circuit can have different Ids levels for different tran-
sistors, due to different layouts, transistor sizes and topologies [6].
A more detailed treatment of CMOS transistors operating in subthreshold can
be found in [8].

3 P1N3 linear threshold element

3.1 Simple analysis of P1N3 circuit

When the circuit has been UV-programmed it is ”balanced”, and the exponen-
tials in the above mentioned equations equal zero. The parts of the equations
treated as depending on the input voltages are named ep and en, respectively.
To make a simple analysis of the P1N3 circuit we can express them as:

ep = (
Vdd

2
− Vp) (3)

en = (
1
3
Vx +

1
3
Vy +

1
3
Vz − Vdd

2
). (4)

If we consider binary inputs to the linear threshold element, defining a perfect
”1” as Vdd and a perfect ”0” level as Vss, the truth table in figure 3 can be
made, depending on the number og 1s in the input vector. If ep > en the output
is forced closer to Vdd than Vss, and the output is classified as ”1”. When ep < en

a ”0” results on the output. From figure 3 it is apparent that the output goes
low if, and only if, there are two or more 1s at the inputs. In that case the circuit
computes the CARRY’ function for binary addition. If ep is changed from Vdd/2
the relations between ep and en can change so that the P1N3 element implements
other logic functions. If ∆ep is changed to -2Vdd/6 only one 1 on one of the inputs
is sufficient to force the output low, which provides a 3-input NOR function.
Apparent from figure 3 is also that ∆ep=2Vdd/6, right in-between of V dd/6
and 3Vdd/6, will make the P1N3 circuit implement the 3-input NAND function.
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SUM’

CARRY ‘

X

Y

Z

P

X

Y

Z

CARRY ‘

SUM ‘

Fig. 2. Alternative schematics for FGUVMOS FULL-ADDER from [4] for producing
SUM’ and CARRY’. The upper schematic is from an implementation [7] resembling a
traditional ”transistor as a switch” approach. The lower schematic includes two P1N3
linear threshold elements.
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P number of ”1”’s ∆ep ∆en OUTPUT
(CARRY’)

Vdd/2 0 0 -3Vdd/6 1

Vdd/2 1 0 -Vdd/6 1

Vdd/2 2 0 Vdd/6 0

Vdd/2 3 0 3Vdd/6 0

Fig. 3. The table shows parts of the exponentials, ep, en, and output values, for VP =
Vdd/2 and different numbers of ”1’s” on ordinary inputs X,Y,Z. Inputs can be either
”0” or ”1”.

Relative to Vdd and Vss a voltage of Vdd/6 on the input driving the floating gate
of the PMOS gives the 3-input NAND function, while 5Vdd/6 corresponds to the
3-input NOR function.

3.2 A combination of two P1N3 elements

Here two P1N3 elements coupled in series, like lowermost in figure 2, are con-
sidered. If the previously mentioned Ctot is larger than the sum of the drawn
capacitances between driving inputs and floating gate of a PMOS or an NMOS,
the capacitances may be dimensioned so that driving nodes receives proper volt-
ages to control whether the 3-input NOR or 3-input NAND function will be
implemented by a FGUVMOS linear threshold element like P1N3, for example.
Then, if the output of the 1st P1N3 element lowermost in figure 2 is high, the
2nd P1N3 circuit need only one high (”1”) input to force the output low. This
is in accordance with the upper half of the truth table in 4, where the CARRY’
node is 1.
If the output of the 1st P1N3 element (figure 4) is low, the 2nd P1N3 circuit
need 3 1s on its inputs to produce a 0 on the output.
The truth table of the P1N3 based circuit in figure 2 is presented in figure 4
and may be used to implement the CARRY’ and SUM’ functionalities for bi-
nary addition. If two P1N3 elements, each with all their inputs to floating gates
short circuited, are driven by the CARRY’ and SUM’ nodes respectively, the
four P1N3 circuits form a complete FULL-ADDER [6].

number of ”1”’s OUTPUT (CARRY’) SUM’

0 1 1

1 1 0

2 0 1

3 0 0

Fig. 4. The table shows parts of the exponentials, ep, en, and output values, for VP =
Vdd/2 and different numbers of ”1’s” on ordinary inputs X,Y,Z. Inputs can be either
”0” or ”1”.
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3.3 Spice simulation of four P1N3 elements forming a
FULL-ADDER

SUM

CARRY

X

Y

Z

Fig. 5. Simulation for a P1N3 based FULL-ADDER. W/L=20.8µm/1.2µm. Unit ca-
pacitances were 70 fF.

A transient simulation of a FULL-ADDER containg four P1N3 elements only,
is shown in figure 5. The voltage on the SUM node is about Vdd level if, and
only if, one or three of the inputs X,Y,Z are at the same, high, level. The voltage
on the CARRY node is high (≈Vdd) if, and only if, two or three of the binary
inputs X,Y,Z are high.

4 Comparisons of FGUVMOS circuits and other CMOS
implementations

4.1 Linear threshold elements reducing number of transistors and
passive components

From figure 2 it is obvious that the lower schematic using two P1N3 linear
threshold elements leads to a significant reduction in the number of transistors,
drawn capacitances and wiring. Logic depths for generating SUM’ and CARRY’
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are also differing, and is summed up in figure 6. The number of basic building
blocks for producing Boolean functions can also be significantly reduced by using
linear threshold elements compared to the solution from [4]. This makes UV-
programming and testing easier, and improves matching of circuitry [5].

# tran. # tran. logic depth logic depth # different
blocks

reference

CARRY ′ SUM ′ CARRY ′ SUM ′

22 16 5 4 6 [4]

2 4 1 2 2 [9]

2 4 1 2 1 [5], this

Fig. 6. Some comparisons between FGUVMOS FULL-ADDERs (1-bit adder).
(”#tran.”: number of transistors) [6]

4.2 FGUVMOS ultra low-power potential

An 8-transistor FULL-ADDER might use 2500 times less than a FULL-ADDER
using standard cells in the same 0.6µm CMOS technology citeams1 while run-
ning at 1 MHz [6], with a power-delay-product of 2.3 fJ [6]. Two other low-power
FULL-ADDERs from [10], implemented in another 0.6µm CMOS technology,
had PDP numbers of 60 and 92 fJ, while the best among 25 different implemen-
tations in a, probably significantly more competitive, 0.35µm technology had a
PDP number of 18.4 fJ.

5 Discussion and Conclusion

A simple method for analyzing FGUVMOS linear threshold elements has been
shown, together with a new and simple implementation of a FULL-ADDER as
a circuit example.
The reduction in transistors, passive components and wiring compared with
earlier FGUVMOS [4] as well as standard CMOS solutions may contribute to
reduced power dissipation when FGUVMOS circuits are implemented by using
linear threshold elements. The weak inversion (”subthreshold”) operation also
helps in reducing power dissipation simply because of the lower current levels.
The possibility to use supply voltages typically in the 200 mV to 800 mV range
is also a way of minimizing power consumption, since voltage reduction offers
the most direct and dramatic means of minimizing power consumption according
to [12]. Circuits oeprating in weak inversion have been shown to consume orders
of magnitude less power than the regular strong-inversion circuit at the same
operating frequency [13], which seems to be in accordance with the FGUVMOS
result of 2500 times less power dissipation of a FGUVMOS FULL-ADDER ex-
ploiting linear threshold elements, mentioned above.
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A fan-in of two is optimum for building arbitrary neural networks from linear
threshold elements [14], and a fan-in of 6-9 can lead to VLSI optimal solu-
tions [15]. Such fan-ins are probably within reach for FGUVMOS technology [6].
If the FGUVMOS technology can prove to be mature enough, it could provide a
relevant technology for implementing analog and digital circuits as well as neural
networks.
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Abstract. Threshold Logic (TL) gates can evaluate any linearly separable func-
tion via the computation of a weighted sum over the input variables. In this paper
we generalize this mechanism and introduce the novel concept of k-order Gen-
eralized Threshold Logic (GTL) gates. Such a GTL gate has augmented compu-
tational capabilities as it can evaluate a weighted sum of k-term AND products
over the input variables. Additionally, we propose an implementation scheme for
second-order GTL gates in CMOS technology. To assess the practical implica-
tions of the augmented computational capabilities of GTL gates we present a
one gate implementation of 2-input parity function and a scheme to compute the
block carry-out function utilized in carry lookahead addition algorithms. Our re-
sults indicate that the k-order GTL gate based implementation of the carry-out
for a k-bit block requires (k+1)2 transistors in each data and threshold mapping
bank as opposed to 3 � 2k�1 � 2 transistors required by a standard TL gate based
implementation.

1 Introduction

A Threshold Logic Gate (TLG) is defined as an n-input processing element such that
its output performs the following Boolean function3:

F (X) = sgn (F (X)) =

�
0; if F (X) < 0
1; if F (X) � 0

(1)

F (X) =

n�1X
i=0

wi � xi � T (2)

where X=[x0; x1; : : : ; xn�1], W=[w0; w1; : : : wn�1] and T are the set of Boolean in-
put variables, the set of fixed signed integer weights associated with data inputs, and
the fixed signed integer threshold, respectively [6]. The vector formed by the group of
weights w0, w1, � � � wn�1 and the threshold T , whose absolute values are the mini-
mum, is called the basic structure of the threshold function and is presented as follows:
[F (x0;x1; � � � ;xn�1)] = [w0;w1; � � � ;wn�1;T].

Speaking from the device/circuitry point of view the main advantage of TL gates
when compared to standard Boolean gates is the parallel processing due to internal

3 All the operators are algebraic. In order to avoid confusion throughout the text, the Boolean
And, Or, and Xor operators have designated the symbols, ^, _, and � respectively.

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 65-72, 2003. 
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multiple-valued computation of the weighted sum. However when compared to classi-
cal multiple-valued logic circuits TL gates are more robust against parameter variation
because the TL gates inputs and output are still digitally encoded. Given that TL gates
are fundamentally more powerful than the conventional Boolean gates and that there is
evidence of direct implementation of Threshold Logic gates in CMOS technologies [1,
3, 5, 7], TL based design of computer arithmetic related Boolean functions has been the
subject of numerous studies [2, 4, 10]. Furthermore, recent investigations [8], suggested
that a hybrid Boolean and Threshold Logic design approach can be utilized for the
design of certain computer arithmetic building blocks, such as counters and compres-
sors, and provides a substantial speedup when compared with pure Boolean and pure
Threshold logic implementations.

In this paper we continue our investigation on hybrid Boolean and Threshold logic
schemes and introduce a Boolean logic augmentation of the computing capabilities of
the CMOS threshold logic gate presented in [7]. That is to say we apply the hybrid
paradigm at the gate level rather than at the network level. The gate we propose embeds
a mechanism to evaluate a number of Boolean AND products over its inputs. Thus
the differential latch based topology can evaluate a weighted sum of AND products
over the inputs instead of a weighted sum of inputs, i.e., it can evaluate Generalized
Threshold Logic Functions. The extra computation step allows for the construction of
faster threshold logic networks since the higher computational power embedded inside
the gate compensates the gate latency degradation. The main contributions of the paper
can be summarized as follows:

– We introduce the general concept of k-order Generalized Threshold Logic Gates.
– We propose a CMOS implementation of second-order Generalized Threshold Logic

Gates (GTLG2).
– We discuss the implications of the GTLG2 design style when utilized for the imple-

mentations of computer arithmetic relevant functions, e.g., XOR, carry lookahead
computation.

The paper is organized as follows: Section 2 introduced the definition of the k-
order Generalized Threshold Logic Gates and propose a CMOS based implementation
of second-order Generalized Threshold Logic Gates (GTLG2). The GTLG2 basic oper-
ation and its underlying principle are explained in detail. Section 3 discusses the impli-
cations of the augmented computational capabilities featured by the GTLG2 gates and
presents as a case study the implementation of a block carry lookahead algorithm with
TL gates and GTL2 gates. Section 4 presents some concluding remarks.

2 CMOS Generalized Threshold Logic Gates

As suggested in Equation (2) a traditional TL gate can evaluate any linearly separable
function via the computation of a weighted sum over the input variables. We propose to
generalize this concept by replacing the input variables with AND products over the in-
put variables. This new class of functions constitutes a superset of the class of linearly
separable functions and the evaluation of such generalized functions requires the uti-
lization of generalized threshold gates operating according to the following definition:
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Definition 1: A k-order Generalized Threshold Logic Gate (GTLGk) is a device
which performs the following Boolean function:

F k(X) = sgn
�
Fk
	
= sgn

8<
:

n�1X
i=0

wi �

0
@k�1^

j=0

x
j
i

1
A� T

9=
; : (3)

where [w0;w1; � � �wn�1;T] is called the k-order GTL gate basic structure. The GTLk

gate inputs are X = fX0; X1; � � � ; Xn�1g with each Xi, i = 0; n� 1 being a k-term
Boolean input set, Xi = fx0i ; x

1
i ; � � � ; x

k�1
i g.

Any k-term set Xi has an associated weight value wi but the effective fan-in of
the gate can assume values between n � k and n as not all the xji should be different.
Moreover, although not suggested by the Definition 1, a GTLk gate can accommodate
input sets with m � k literals which implies that k �m inputs from the corresponding
k-term set should be mapped to logic one. It can be easily noticed that Threshold Logic
functions are a subclass4 of GTLk functions since k = 1 results in Xi = fx0i g, then
the
V

product in Equation (3) becomes x0i and Equation (2) is obtained. Therefore, it is
expected from GTLk gates to perform a broader range of Boolean functions overlooked
by the previous investigations carried in Threshold Logic functions.

In the remainder of the section we discuss the CMOS implementation of such GTLk

gates. We restrict the presentation, without any loss of generality, to the CMOS im-
plementation of second-order Generalized Threshold Logic gates (GTLG2). However,
k-order GTL gates can be easily constructed by extending the circuit principles pre-
sented in the following subsections. As the scheme we propose is based on a Differen-
tial Current-Switch Threshold Logic (DCSTL) gate circuit, we first present the DCSTL.
Second, its extension to a second-order GTL gate is presented and its operating princi-
ple is explained in detail.

2.1 Differential Current-Switch Threshold gate

A schematic diagram of the Differential Current-Switch Threshold Logic gate (DC-
STL), [7], is presented in Fig. 1. The circuit comprises a fast semi-dynamic CMOS
latch and two analog computation blocks referred as data bank and threshold mapping
bank. Both data and threshold mapping bank consist of two parallel-connected sets of
unit nMOS transistors (MX0���n�1 and MT0���n�1).

The main principle of such gate stands in the fact that the transistors from both
banks are operated in the linear region. Therefore their drain current depends mainly
on the multiplicity factor, m, and both transistor’s overdrive, VGS � Vth;n, and drain-
source voltage, VDS , [11]. Assuming that, in normal operating conditions, the nMOS
transistors from both banks have equal VGS � Vth;n and VDS imply that each nMOS
transistor generates a current proportional with its multiplicity factor. The total currents
generated by the transistor banks (Idata and IT ) are compared each other by the latched
comparator and therefore the node Y1 is logic zero if the current generated by the data

4 To comply with already existing definitions and to avoid confusions, we use in text the more
common term "Threshold Logic functions", although "GTL1 functions" would be more appro-
priate in the context of our presentation, according to previous definition.

67CMOS Implementation of Generalized Threshold Functions       



M1 M2

M3 M4

M5

M6 M7

M8 M9

clk

M10M11

X0 1/2

Data bank Threshold mapping bank

Xn-1 1/2 Tn-1 T0

Y1

Idata IT

11 1 1

Y Y

......
MX0 MXn-1 M01 M02 MTn-1 MT0
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Fig. 1. CMOS Differential Current-Switch Threshold Logic gate

bank, Idata, is greater than the current generated by the threshold mapping bank, IT , and
logic one otherwise. We note here that the data bank is prevented to have similar cur-
rent with the threshold mapping bank, when the threshold is reached, since the nMOS
transistor M00 having the multiplicity 0:5 is always on. The DCSTL gate is operated as
follows. On the falling edge of the clock, the flip-flop enters in precharge phase. There-
fore, M10;M11 are on, nodes Y1 and Y1 are precharged high, and the outputs Y and Y
are both zero. On the rising edge of the clock, the flip-flop enters the evaluation phase.
Therefore, M5;M8;9 are on and M6;M7 (shutoff devices) start drawing currents from
nodes Y1 and Y1. If Idata > IT then the voltage at node Y1 will start to drop faster than
the voltage at node Y1. Therefore, Y1 crosses first the latch switching threshold which
regenerates rapidly to Y1 low and Y1 high, causing Y high. Conversely, if Idata < IT
then Y1 low and Y1 high, causing Y low. At the end of the evaluation phase, the high-
rising node among Y1 and Y1 will be electrically decoupled from being connected to
ground by one of the shutoff transistors M6;M7 going off. Therefore no DC power is
dissipated at the end of the evaluation phase.

The gate is run-time re-programmable, since the Threshold Logic function can be
changed dynamically between two evaluations, differential, and it is characterized by
the fact that the implementation of threshold is particularly similar with the weighted
sum as T =

Pn�1
i=0 wi � ti: This last feature is particulary useful when implementing

negative weights. For example, a DCSTL having an input with a negative weight, wk,
can be easily derived from a DCSTL gate with an identical absolute weight value,�wk,
by simply connecting the corresponding data inputXk into the threshold mapping bank.
Of course, the capacitive balancing condition (the total sum of transistor widths must be
identical in both nMOS banks) must hold true and consequently wk dummy transistors
must be added in the data bank.

2.2 Second-order Generalized Threshold gate

The second-order Generalized Threshold Logic gate can be derived from a DCSTL gate
if the data bank and the threshold mapping bank are replaced with the banks depicted
in Figure 2.
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Fig. 2. GTL2 CMOS gate - data and threshold mapping bank

Very similar with a DCSTL gate, each analog processing block consists of a set of
parallel-connected nMOS transistors. In contrast with DCSTL gate, each nMOS tran-
sistor from both banks is actually a series of two transistors (MX0;���n�1, MY 0;���n�1),
and (MT0;���n�1, MU0;���n�1). Therefore, since each series of two nMOS transistors
implements actually an AND function of two inputs, GTL2 gate allows a more general
computation in both banks, i.e., the weighting operation, specific to a simple TL func-
tion, is no longer performed on the input basis but on AND products containing at most
2 literals. The GTL2 structure can be easily extended to GTLk gates, case in which the
two banks are formed from branches of k transistors5 in series.

The GTL2 gate from Fig. 2 has in general 2n data inputs, X0���n�1, Y0���n�1, and
2n threshold mapping inputs T0���n�1, U0���n�1. Since two nMOS transistors in series
are electrically equivalent with a single transistor with a smaller driving current, [11],
it is expected a latency degradation of a GTL2 gate when compared with a TL gate.
However, when such GTL gates are employed in bigger circuits, the extra computation
step, i.e., AND products of k terms, is expected to actually increase the speed of those
circuits since the higher computational power embedded inside the gate compensates
the latency degradation as the width of the AND products increases.

3 Discussion

In this section we evaluate the potential implications of the GTL2 gate on the implemen-
tation of some computer arithmetic relevant functions. First we discuss how the gener-
alized gate can be utilized to extend the class of the Boolean functions implementable in
one TL gate with the parity function. Subsequently, we analyze the utilization of GTLk

gates in carry lookahead adders and evaluate the potential area reduction this approach
may bring when compared with a TL gate based one.

3.1 Boolean functions implementable in a single GTL2 gate

While simple AndOr, OrAnd functions (and their inverted versions) can be imple-
mented in a single TL gate (see Fig. 3(a) for a schematic of data and threshold mapping
banks) as they belong to the class of linearly separable functions, this doesn’t apply for

5 Although the GTLk gates have, by definition, the inputs sets of equal width k they can imple-
ment actually a weighted sum of variable-length AND products over the inputs. Of course, if
an AND product has the length m <= k, the other k � m inputs from the same transistor
branch should be mapped to logic one all the time.
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Fig. 3. Various TL and GTL2 functions implementations: a) F (A;B;C) = A ^ B _ C; b)
F (A;B) = A�B

the implementation of other functions, e.g., (inverted-)parity, one of the most important
Boolean function for computer arithmetic. However, due to its augmented computa-
tional power one GTLk gate can implement such symmetric functions. Therefore TL
circuits employing GTL gates are expected to be faster due to the reduced number of
gate levels. As an example we present in Fig. 3(b) the data and threshold mapping banks
for a GTL2 gate configured to perform the XOR function of two Boolean variables. The
implementation in Fig. 3(b) assumes that the inputs (X , Y ) are in dual-rail form which
usually implies wiring overhead at circuit level. We would like to mention that dual rail
is not mandatory for such an approach as a negated variable in a Boolean function can
be replaced in general in TL by its complement using the relation A = 1 � A. This
property together with the fact that the threshold mapping bank can also accommodate
input signals allow for one GTL2 gate implementation of a AndOr22 function having a
negated Boolean variable without requiring a dual rail design style. To exemplify this
approach we describe in Eq. (4) the GTL2 implementation of an AndOr22 function,
having a negated Boolean variable.

A ^ B + C ^D = sgn fA+ C ^D � (1 +A ^B)g : (4)

3.2 Carry Lookahead Addition

Let us assume we want to implement an n-bit binary adder using the Carry Lookahead
Addition algorithm [9]. Considering that operands X and Y are divided in groups of k
bits each, the carry output signal of the group l can be computed as follows:

clk = (glk�1)_(t
l
k�1^g

l
k�2)_(t

l
k�1^t

l
k�2^g

l
k�3)_� � �_(t

l
k�1^t

l
k�2^� � �^t

l
0^c

l
0); (5)

where gli and tli, i = 0; k � 1 are the generate and transmit signals of each pair of bits,
xi, yi respectively, and cl0 being the carry output from the previous k-bit group. The
logic expression in Eq. (5) implies is that a carry is generated out of each k-bit block if
a carry is generated on the last position (glk�1), or a carry is generated on position k�2

(glk�2) and it is transmitted through the position k�1 (tlk�1), ..., or a carry is generated
on the first bit position (gl0) and it is transmitted through all the next bit positions (tlk�1,
� � � , tl1), or a carry input is present (cl0) and it is transmitted through all the bit positions
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of the block. It can easily be observed that this logic expression contains k+1 products
of at most k + 1 logic variables. Moreover, this logic expression can be evaluated with
a Threshold gate with its basic structure defined by the following theorem.

Theorem 1: A simple TL gate which implements Eq. (5) and having the inputs�
glk�1; t

l
k�1; g

l
k�2; t

l
k�2; � � � ; g

l
0; t

l
0; c

l
0

�
has the basic structure:

�
2k�1; 2k�2; 2k�2; 2k�3; � � � ; 21; 21; 20; 20;2k

�
(6)

Proof: By induction.
basis: Trivial with simple substitution. Since cl1 = gl0_(tl0^c

l
0), it is easily to prove

that is implemented with a TL gate with the inputs [gl0; t
l
0; c

l
0;T] and the basic structure

[2; 1; 1;2].
step: Assume that the theorem holds true for k � 1 prove that it is also true for

k. Assuming that the theorem holds true for k � 1, it is implied that a TL gate with
w
g
k�1 = 2k�1, wt

k�1 = 2k�2, ... wt
0 = wc

0 = 1 and T = 2k�1 computes clk�1. Given
the carry recurrence formula: clk = glk _ (tlk ^ clk�1) it follows that wg

k = 2wt
k and

wt
k = wc

k�1 (i.e. glk term dominates while tlk and clk�1 terms have the same weight).
In considering clk�1, its dominant term (glk�1) has the weight 2k�1, identical with wt

k.
This implies wt

k = 2k�1 and wg
k = 2k. �

>From Theorem 1 it can be easily concluded that the computation of the carry-
out of a k-bit block requires a DCSTL gate with 3 � 2k�1 � 2 transistors in each data
and threshold mapping bank. In the following theorem we analyze the GTL gate based
computation of the carry-out in Eq. (5).

Theorem 2: The GTLk+1 gate which implements Eq. (5) and having the inputs:

�
glk�1; t

l
k�1g

l
k�2; t

l
k�1t

l
k�2g

l
k�3; � � � ; t

l
k�1t

l
k�2 � � � t

l
0c

l
0

�
(7)

has the following basic structure:

[1; 11; 111; : : : ; 11 : : : 11| {z }
k+1

;1] (8)

Proof: The Boolean Eq. (5) is expressed as a sum-of-products form with k + 1
products, each term having at most k + 1 literals. The Boolean function is logic one if
at least one term is logic one. Therefore a GTLk+1 gate configured with a threshold of
1 and having weights of 1 associated with each AND product can evaluate Eq. (5). The
assignation of the GTLk+1 gate inputs is as follows:

gk�1 tk�1 tk�1 tk�1
1 gk�2 tk�2 : : : tk�2
1 1 gk�3 tk�3

1 1 1
...

1 1 1 t0
1 1 1 c0

(9)

where by 1 it is designated a logic one input. �

71CMOS Implementation of Generalized Threshold Functions       



>From Theorem 2 we conclude that the computation of the carry out of a k-bit
block can be implemented with a GTLk+1 gate having (k+1)2 transistors in each data
and threshold mapping bank since GTLk+1 gate requires for each AND product k + 1
transistors and there are k + 1 products. This constitute a substantial area reduction
when compared with 3 � 2k�1� 2 transistors required by an implementation based on a
standard TL gate.

4 Conclusions

In this paper we introduced the novel concept of k-order Generalized Threshold Logic
gates and presented an implementation of second-order Generalized Threshold Logic
gates in CMOS technology. To assess the practical implications of the augmented com-
putational capabilities of the new GTL gates we presented a one gate implementation of
2-input parity function and a scheme to compute the block carry-out function utilized
in carry lookahead addition algorithms. Our results indicated that the k-order GTL gate
based implementation of the carry-out for a k-bit block requires (k + 1)2 transistors in
each data and threshold mapping bank as opposed to 3 � 2k�1 � 2 transistors required
by a standard TL gate implementation.
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Abstract. A high speed 64-bit dynamic adder, the Adelaide-Delft Thresh-
old Logic Adder (A-DELTA), is presented. The adder is based on a hybrid
carry-lookahead/carry-select scheme using threshold logic and conven-
tional CMOS logic. A-DELTA was designed and simulated in a 0.35 �m
process. The worst case critical path latency is 670 ps, which is shown to
be on average 30% faster than previously proposed high speed Boolean
dynamic logic adders while at the same time reducing the transistor
count on average by over 30% compared to the same adders.

1 Introduction

Threshold logic (TL) was introduced over four decades ago, and over the years
has promised much in terms of reduced logic depth and gate count compared to
conventional logic-gate based design. Lack of eÆcient physical realizations has
meant that TL has, over the years, had little impact on VLSI. EÆcient TL gate
realizations have recently become available, and a small number of applications
based on TL gates have demonstrated its ability to achieve high operating speed
and signi�cantly reduced area [1{3]. Additionally, it was suggested in [4] that
combined TL and conventional static-CMOS logic can reduce the delay compared
to a pure TL or pure static-CMOS approach for the case of parallel (population)
counters. However, no large scale arithmetic building blocks for processors have
been designed using TL. We address this issue by proposing a 64-bit TL adder.

Addition is one of the most critical operations performed by VLSI proces-
sors. This paper proposes a 64-bit adder using a two fold hybrid scheme, carry-
lookahead/carry-select and mixed Charge Recycling Threshold Logic (CRTL)
and dynamic-CMOS logic. Our aim is to design the fastest possible dynamic
64-bit adder, taking into account the advantages and limitations of CRTL. The
proposed 64-bit adder has a simulated critical path delay of 670 ps in a 0.35 �m
process.

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 73-80, 2003. 
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We begin in Section 2 by giving a brief overview of threshold logic. This is
followed by a description of CRTL in Section 3. Section 4 develops the proposed
mixed carry-lookahead/carry-select scheme using CRTL/dynamic-CMOS for 64-
bit addition and in Section 5 results of the proposed 64-bit addition scheme are
presented. Finally a brief conclusion is given in Section 6.

2 Threshold Logic

A threshold logic gate is functionally similar to a hard limiting neuron. The gate
takes n binary inputs x1, x2,. . . , xn and produces a single binary output y. A
linear weighted sum of the binary inputs is computed followed by a thresholding
operation.

The Boolean function computed by such a gate is called a threshold function
and it is speci�ed by the gate threshold T and the weights w1, w2,. . . , wn, where
wi is the weight corresponding to the i

th input variable xi. The binary output
y is given by

y =

�
1; if

Pn

i=1 wixi � T
0; otherwise:

(1)

A TL gate can be programmed to realize many distinct Boolean functions by
adjusting the threshold T . For example, an n-input TL gate with unit weights
and T = n will realize an n-input AND gate and by setting T = n=2, the
gate computes a majority function. This versatility means that TL o�ers a sig-
ni�cantly increased computational capability over conventional AND-OR-NOT
logic. Signi�cantly reduced area and increased circuit speed can therefore poten-
tially be obtained, especially in applications requiring a large number of input
variables, such as computer arithmetic. This is indicated by a number of prac-
tical results [5, 4, 6] which suggest advantages of TL over conventional Boolean
logic.

3 Charge Recycling Threshold Logic

The realization for CMOS threshold gates presented in [2] and used in the pro-
posed adder is now described. Fig. 1 shows the circuit structure. The sense
ampli�er (cross coupled transistors M1-M4) generates output y and its comple-
ment �y. Precharge and evaluate is speci�ed by the enable clock signal E and
its complement �E. The inputs xi are capacitively coupled onto the 
oating gate
� of M5, and the threshold is set by the gate voltage T of M6. The potential
� is given by � =

Pn

i=1 Cixi=Ctot, where Ctot is the sum of all capacitances,
including parasitics, at the 
oating node. Weight values are thus realized by set-
ting capacitors Ci to appropriate values. Typically, in CMOS technology these
capacitors are implemented between the polysilicon 1 and polysilicon 2 layers.

The enable signal E controls the precharge and activation of the sense cir-
cuit. The gate has two phases of operation, the equalize phase and the evaluate
phase. When �E is high the output voltages are equalized. When E is high, the
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Fig. 1. The CRTL gate circuit and Enable signals.

outputs are disconnected and the di�erential circuit (M5-M7, M10, M11) draws
di�erent currents from the formerly equalized nodes y and �y. The sense ampli�er
is activated after the delay of the enable inverters and ampli�es the di�erence in
potential now present between y and �y, accelerating the transition. In this way
the circuit structure determines whether the weighted sum of the inputs, �, is
greater or less than the threshold, T , and a TL gate is realized. Transistors M10
and M11 turn o� the di�erential circuit after evaluation is completed to reduce
the power dissipation. The gate was shown to reliably operate at high speed.

4 64-bit Addition Using CRTL/dynamic-CMOS

The underlying approach for the proposed 64-bit adder is to utilize at the circuit
level, a hybrid scheme of combined conventional CMOS logic and TL. The goal is
to propose an optimized design of a 64-bit adder using a hybrid CRTL/dynamic-
CMOS approach.

At the architecture level, the design is structured to optimize speed based on
the advantages and limitations of the logic gates used (static and dynamic CMOS
and CRTL). A combination of anticipated-computation, carry-lookahead, and
carry-select is used. At the implementation level within the blocks comprising
the 64-bit adder, CRTL is used to achieve the minimum critical path delay, and
where possible, static and dynamic CMOS are used to reduce the area.

The block diagram of the proposed 64-bit adder is depicted in Fig. 2. In this
scheme, the 64-bit input addends are divided into four 16-bit adder blocks. Each
16-bit block generates a carry signal. These carry signals form the inputs of the
global carry-lookahead unit which generates the select signals, c31, c47 and c64.
These select signals are used to select the appropriate 16-bit �nal sums using
three 32:16 multiplexers. The critical path of the 64-bit adder consists of the
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generation of the carry-outputs of one 16-bit block, the global carry-lookahead
unit which selects the most signi�cant 16-bit anticipated sum and one 32:16
MUX delay.

The three anticipated sums are computed in the 16-bit blocks using pairs
of 16-bit adders with cin=0 and cin=1. The 16-bit anticipated sums must be
ready before the global carries arrive to perform the selection. It is this balance
of quickly computing the carries out of the 16-bit adders and the global carries
considering the maximum fan-in and delay of CRTL which dictates a partition
of the 64-bit inputs into four 16-bit wide blocks.

inC    = 1

inC    = 0 inC    = 0 inC    = 0

inC    = 1 inC    = 1

a63 a48b63 b48 a47 a32b47 b32 a31 b31 a16 b16 a15 a0b15 b0

s63 s48 s47 s31 s15s32 s16 s0s64

15C

31C47C

out2Cout3Cout4C

16−bit Adder

16−bit Adder 16−bit Adder16−bit Adder

16−bit Adder16−bit Adder

Global   Carry − Lookahead

16

16−bit Adder

32:16   MUX 32:16   MUX 32:16   MUX

−1C   

Fig. 2. A-DELTA block diagram.

To achieve the lowest critical path delay, the computation of the carry-output
of each 16-bit adder and the global carries must be as fast as possible. In theory,
it is possible to compute the carry signal for such a 16-bit block in one TL gate
using the scheme �rst presented in [7]. However, this leads to a requirement
for the sum of weights in the TL gate of 217 � 2 which is prohibitively large
for the state-of-the-art CRTL. For this reason, the 16-bit carry computation is
performed in two levels of TL gates, as discussed in the following section.

4.1 Design of the 16-bit Adders

The design of the 16-bit adders uses carry lookahead. This is a well-known tech-
nique for designing logarithmic depth addition networks. To design the high
speed 16-bit adder, the high fan-in capability of CRTL is utilized to imple-
ment carry-lookahead pre�x-cells which compute group carry-generate and group
carry-propagate signals from a large number of input bits.

The design of the CRTL pre�x-cells is in
uenced by the maximum sum of
weights of CRTL. This is limited by the available precision with which the ca-
pacitive weights are implemented and, more signi�cantly, the resolution of the
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sense ampli�er under the in
uence of process mismatch and noise. The maxi-
mum sum of weights sets the minimum voltage which is required to be resolved
by the sense ampli�er in the CRTL gate. For this reason we limit the sum of
weights to approximately 30, and use this as the basis on which to optimize the
critical path delay of the 16-bit adder. This, as will be shown, leads to the CRTL
pre�x-cells having 4-bit word inputs.

The computation of carries, cj , can be expressed in pre�x notation in terms
of group-generate, Gi

j and group-propagate, P i
j , signals at each bit position j as

follows [8]:

Gi
j =

�
aj � bj ; for i = j
Gk

j + P k
j �Gi

k�1; for 15 � j � k > i � 0
(2)

P i
j =

�
aj + bj ; for i = j
P k
j � P i

k; for 15 � j � k > i � 0;
(3)

where j = 0; : : : ; 15, aj and bj are the input addend bits, cj denotes the carry
generated at position j and c

�1 denotes the carry into the LSB position. Assum-
ing that c

�1 = 0, then the carry signal at position j, cj , is given by cj = G0
j .

The direct 2-level AND-OR approach to implementing Equations (2) and
(3) in, for example, static CMOS is not practical for any useful word length
� 16, since the amount of circuitry required to assimilate the MSB carry be-
comes prohibitive. To circumvent this, the input operands (ai; bi), i = 0; : : : ; 15,
are grouped into 4-bit blocks. The most signi�cant group-generate and group-
propagate signals of each 4-bit group, Gj�3

j and P j�3
j , are computed directly

from the input operands utilizing a set of CLA equations in a form suitable for
implementation in threshold logic as introduced in [7]. A carry is generated in a
group (Gj�3

j =1) if the sum of the two 4-bit words in the group exceeds (is strictly

greater than) the maximum number representable by 4 sum bits (24 � 1 = 15).
Similarly, the group propagates a carry originating in the neighbouring group of
lower signi�cance if the sum of the two 4-bit words in the group is equal to or
greater than 15. This may be written in TL equation form as:

Gj�3
j = sgn

8<
:

jX
i=j�3

2i�(j�3)(ai + bi)� 16

9=
; (4)

P j�3
j = sgn

8<
:

jX
i=j�3

2i�(j�3)(ai + bi)� 15

9=
; : (5)

The input weights for the gates which calculate Gj�3
j and P j�3

j are the same,
and the gate thresholds di�er by 1. This means that the input weights can be
shared between two CRTL gates to reduce area. Equations (4) and (5) give the
sum of weights to be 30, which meets the previously stated requirement.

For example, the group generate, G0
3, and group propagate, P 0

3 , signals are
computed from the 4-bit grouping of the input addend bits as follows:

G0
3 = sgnf8a3 + 8b3 + 4a2 + 4b2 + 2a1 + 2b1 + a0 + b0 � 16g (6)
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P 0
3 = sgnf8a3 + 8b3 + 4a2 + 4b2 + 2a1 + 2b1 + a0 + b0 � 15g: (7)

The three least signi�cant group-generate and group-propagate signals in
each 4-bit group are computed using the dynamic-CMOS implementation of
Equations (2)-(3) using pj and gj signals computed in static-CMOS.

In the second level, a single CRTL gate assimilates the 4-bit group-generate
and group-propagate signals to compute the most signi�cant carry, c15, as fol-
lows:

G0
15 = G12

15 + P 12
15G

8
11 + P 12

15 P
8
11G

4
7 + P 12

15 P
8
11P

4
7G

0
3

= sgn
�
8G12

15 + 4P 12
15 + 4G8

11 + 2P 8
11 + 2G4

7 + P 4
7 +G0

3 � 8
	
: (8)

The sum bits are computed using static-CMOS XOR gates,

hj = aj � bj (9)

sj = hj � cj�1: (10)

The computation of the half-sum, hj , is performed in parallel with the calculation
of the carries in each 16-bit block. The sum bits, sj , are calculated in parallel
with the 64-bit adder global carry-lookahead.

c15 c0

1
0G

2
0G

3
0G

5
4PG

6
4PG

7
4PG

9
8PG

15
12PG

14
12PG

13
12PG

11
8PG

10
8PG

j−3

j

j−k

j

j
j−3

j−k

015

 CRTL  G         

 CRTL  PG         

j

 dyn−CMOS  PG     

 dyn−CMOS  G      ,  k = 1, 2

Fig. 3. 16-bit adder carry pre�x-tree schematic.

The schematic diagram of the proposed 16-bit adder carry pre�x-tree is
shown in Fig. 3. The critical path uses CRTL pre�x-cells to compute the carry-
propagate and carry-generate signals, PGi

j , for groups of 4-bits using Equa-
tions (4) and (5) as indicated by the black squares in Fig 3. Each black square
cell consists of two CRTL gates with thresholds di�ering by 1 and sharing the
same capacitive network for computing the weighted sum of inputs. Grey squares
represent group carry generate cells Gi

j . The MSB carry output is computed us-
ing a single CRTL group-generate cell. The remaining cells of the pre�x-tree
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which are not on the critical path consist of conventional dynamic-CMOS carry
generate and propagate cells to reduce overall area. These are indicated by grey
circles in Fig. 3 and the circuits of these cells are given in Fig. 4.

pj

ggj

clk

Gj
j−1

j−1

(a)

clk

pj−1pj

g ggj

Gj
j−2

j−1 j−2

(b)

p

p

clk

P
j−1
j

j−1

j

(c)

pj−2

p

p

clk

P
j−2
j

j−1

j

(d)

Fig. 4. Dynamic-CMOS circuits for (a) Gj�1
j , (b) Gj�2

j , (c) P j�1
j and (d) P j�2

j .

5 Results of the Proposed 64-bit Adder Design

The critical path of the 64-bit adder consists of two CRTL gates to compute c15,
one dynamic-CMOS gate to compute c47 in the global carry-lookahead block and
the precharged-MUX used to select the sum bits s63; : : : ; s48. The critical path
latency was simulated using 2P/4M, 0.35 �m process parameters in HSPICE
and was found to be approximately 670 ps (from schematic only, layout and
fabrication of the proposed adder is the subject of ongoing work). To compare
with the delay of other recently reported adders, the delay was normalized with
respect to the \fanout-of-four inverter delay", FO4. The FO4 delay is the delay
of a minimum sized inverter driving four minimum sized inverters and the FO4
normalized delay of combinational logic is relatively constant over a wide range
of processes [9]. Under typical environmental conditions, one FO4 delay in the
0.35 �m process used in this work is approximately 160 ps. To estimate the area
cost, the total number of transistors for the 64-bit adder was also calculated.

Table 1. Comparison of A-DELTA with other 64-bit high speed adders

Na�ziger, HP [10] Woo et. al. [11] Sun et. al. [12] A-DELTA

Transistors 6924 5460 6590 4325

Normalized FO4 7 5.6 5.5 4.3
Inv. Delays
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The transistor count and FO4 normalized delay comparison with three other
dynamic high speed adders is shown in Table 1. It should be noted that the delay
results presented in Sun et. al. are based on simulation and the results in both
Na�ziger [10] and Woo et. al. [11] are from chip measurements. The results in
Table 1 suggest an average speedup of almost 30% and an average reduction in
the transistor count by over 30% compared to other high speed adder designs.

6 Conclusions

A high speed 64-bit adder based on a hybrid carry-lookahead/carry-select scheme
using Charge Recycling Threshold Logic and dynamic-CMOS has been proposed.
The worst case critical path delay and transistor count were shown to be both
improved, on average, by approximately 30% compared to previously proposed
conventional dynamic-logic high-speed adders. The results show that by combin-
ing TL and conventional CMOS logic with the appropriate architectural strategy,
relatively fast and compact arithmetic circuits may be achieved.
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Abstract. A study of the electrical parameters of a microelectrode array 
designed for chronic current stimulation through cortical tissue was carried out. 
The microelectrode array was inmersed in ringer solution for measurements. 
Resistive and capacitive components, as well as total equivalent impedances 
were analyzed at different current levels using Electrochemical Impedance 
Spectroscopy (EIS) techniques. A SPICE equivalent model was introduced. Our 
results show that experimental registered data matches the proposed Warburg 
model for both low and high frequencies denoting how electrode impedances 
are affected with frequency variations. Moreover, effects produced by injecting 
different amount of charge were analysed. 

1. Introduction 

The possibility of interfacing the nervous system with electronic devices has long 
fascinated scientists, engineers and physicians. An electronic device which restores a 
motor or sensorial function is an important research field for bioengineers nowadays. 
Present design and manufacturing of 3D electrodes may be considered as a real choice 
for neuroprosthetic devices intended to the recovery of motor and sensory abilities. 
However, this approach must fulfil several conditions: 

1) Tissue must accept the device (biocompatibility). 
2)   Electrical stimulation of nerve tissue must be induced by means of a charge 

displacement (polarization), which is performed efficiently through current 
stimulation.   

3)   Current injection in neural tissue must be effective and safe. 

Our main goal is to analyse the electrical behaviour of a penetrating microelectrode 
array with a three-dimensional architecture (Utah Electrode Array-UEA). This 
microelectrode array has been used extensively in acute and chronic recording 
experiments, but few information is known about its characteristics regarding working 
frequency, current and voltage spans, etc. 

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 81-88, 2003. 
c Springer-Verlag Berlin Heidelberg 2003



2. Electrode-Saline Interface Modelling. 

The electrode-medium interface has been over the past years extensively studied in 
electrochemistry to characterize electrodes in applications such as batteries, reactors, 
and so on. Geddes and Warburg determined the nature of the impedance model for 
these electrode-electrolyte systems, based on the different chemical processes taking 
place for many different combinations of voltages and frequencies. In this case, the 
classic Randle’s equivalent circuit (Figure 1 ) seems to be appropriated.  
 

Fig. 1. – Randle equivalent circuit. 
 
This equivalent circuit comprises a capacitance CI in parallel with a resistance Rct and 
the Warburg difussion impedance Zw. The Rs resistor represents the resistance of the 
electrolyte solution. When a metal and electrolyte come into contact, a charge region 
is formed in the electrolyte at the interface. Initial theories developed by Helmholtz 
assumed the charge of solvated ions to be confined within a rigid sheet next to the 
metal surface, being this charge equal and opposite to that in the metal. This 
capacitance is determined by: 

OHP

r
H d

C
ξξ0=  

 
Where CH is the capacitance per unit area (F/m2), ξ0 is the free space permitivity 
(8.85·10-12 F/m) , ξr is the relative permitivity of electrolyte and dOHP is the Helmholtz 
plane distance. It is settled that for physiological saline at 25ºC, dOHP average value is 
5Å, and ξr value is in [6,7,8] average range, yielding a worst case capacitance of 0.14 
pF/µm2. Therefore, for an electrode area of 3,1·10-4 cm2, we get a CH value of 4.34 nF. 
 
On the other hand, if a DC potential is applied across the interface, a current may flow 
under certain  conditions. The flow of such current across the interface implies net 
movement of charge in response to the electric field. This net charge transfer is 
modelled by Rct, and represents no-faradaic processes in the metal-electrolyte 
interface. This resistance depends on the current density (J ) across the interface, the 
thermal voltage (Vt ) of charge distribution and ionic valence ( z ) of predominant 
species. This is determined by: 

 Ci

 Cw
 

Rct

 

Rw

 Rs

Warburg Impedance Zw = Z(f)
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The value of Rt when little stimulation voltages are applied (about mV) is well 
modelled by the first term over all the overpotential (η) and frequency range. Taking 
J0 = 7,94·10-4 A/cm2, z = 1, Vt = KT/q, and an electrode area of 3.1·10-4 cm2 , we get 
a Rt of 106,451kΩ. 
 
The Spreading Resistance Rs models the effect of the spreading of current from the 
localized electrode to a distant Ag/AgCl reference electrode  in the solution. Rs is 
given by R (Ω) = ρ·L/A , where ρ is the electrolyte resistivity in Ω·cm ( 72 for 
physiological saline at 25ºC), L is the length (cm) and A is the cross surface (cm2) of 
the solution through which current passes. Several calculations were made over 
several electrode topologies, nevertheless, using the approximation of a circular 
electrode calculated by Newmann (9) R (Ω) = ρ·(π)1/2  / 4(A)1/2  we get values lower 
than 1KΩ. To get an empirical approximation of Rs, we use a potentiostatic method 
(Figure 2) consisting in the application of a square voltage waveform to the electrode 
in ringer solution. In the initial transients, we can appreciate the interface capacitor 
charging as a current spike, afterwards the current comes to nearly zero due to a high 
Rt value. Several measurements were taken on different electrodes with several 
voltage and frequency values. A good average value is 500Ω. 
 
The Warburg impedance Zw shows a frequency dependent behaviour in an inverse 
square root proportional factor: 

2

1

2
2

1

12/1)(

1 −−
−== ωσωσ

ω
j

j
KZ w  

   σ1,σ2  Resistive and capacitive Warburg coefficients 
 

Fig. 2. Empirical determination of Spreading Resistance (RS). 
 
The Warburg impedance models the diffusion effects which play an important role 
when low frequencies and important amplitudes are chosen for voltage stimulation. 
This produces charged ions far from the ionic cloud to arrive to the electrode 
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neighbourhood, participating in interface impedance. After a straightforward algebra 
we get: 
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Where f is frequency (Hz), D is the diffusion coef. (cm2/s) of the predominant ionic 
species and Z is its valence. Therefore, Zw depends on frequency and ion 
concentrations. Its characteristic behaviour is a 45º slope ruling over the Nyquist 
impedance diagram at low frequencies. For an electrode area of 3.1·10-4 cm2 we get a 
value about 22.68 -45º Ω (for f < 1 kHz). 
 
The following figures show the Nyquist plots for low and high impedances from the 
proposed model, it clearly demonstrates that the circular plot is produced by the 
predominant role of RCT, RS and CI at high frequencies, and the linear 45º slope is 
produced by the prevalence of Warburg impedance at low frequencies. 

Fig. 3. Interface Nyquist plot for High and low frequencies. 
 
Regarding the magnitude and phase response in frequency domain, this can be 
calculated from the model equation: 
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For frequency considerations, we can use the superposition principle to separate the 
frequency spectrum into high and low frequencies. At high frequencies Zw ⇒ 0, then 
the Bode plot of ZT shows a transfer function with one zero - one pole. The Zo (low 
frequencies) will be Rs+ (1/ ωPCI ). At low frequencies, ZT⇒ RS + RCT + ZW, and as 
ZW = KW·(jω) -1/2 , The Bode plot is drawn as a –10dB/dec slope. The total Bode plot 
is shown in the next figure (Figure 4).  
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Fig. 4. Interface model Bode plot 

3. Experimental Methods. 

Electrochemical Impedance Spectroscopy (EIS) is a valuable technique widely used 
in different research areas. The method involves the application of a small sinusoidal 
perturbation in the injected signal at different frequencies. The response to this 
perturbation is measured and the magnitude of impedance and phase shift is 
determined.  The equivalent circuits method was used to analyse the impedance 
spectrum. In order to characterize these parameters from a one hundred electrode 
array in saline solution, we built-up the following set-up (Figure 5).  
 
The array was dipped into a ringer bath, with an Ag/AgCl reference electrode closing 
the circuit. A shunt resistance ( Rshunt) of 150 Ω was added to give information about 
the current trespassing the interface. Sinusoidal current waveforms with varying 
frequency and amplitude were injected to study the impedance components, 
measuring phase shifts and amplitude changes between voltage and current. 

Fig. 5 EIS experimental set-up. 

4. Results.  

It is clearly seen from the results obtained that an increase in frequency arises an 
impedance (phase and modulus) decrease (Figure 6). This leads to a reduction in the 
amount of power delivered for a certain current level as higher frequencies are 
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reached. Although an impedance reduction could benefit from a lower charge to 
provide by a neuroprosthetic device, high frequencies could negatively affect nervous 
tissue. Figure 7 shows the Nyquists plots experimentally obtained at low and high 
frequencies combined for two different electrodes. It can be seen the circular structure 
for high frequencies and the linear component for the low ones, produced by the ionic 
diffusion in Warburg impedance models. Both graphics match the theoretical model 
plots shown in Figure 3.  

 

Fig. 6. Impedance modulus and phase vs. frequency. 

 

Fig. 7. Nyquist plots of electrodes N 1,4. 

 
Actively balanced stimulating current waveforms are generally considered for a safe 
stimulation. The most commonly waveform used for stimulation is a Cathodic-First 
(CF) bipolar current pulse. This signal allows the re-polarization of the neural media 
in the second phase, therefore, it is easy to monitor the evoked spikes, minimizing 
stimulus artifacts. Moreover, it is more adequate to stimulate by means of constant 
current stimulus because it is more reliable to control the charge injection through any 
electrode-tissue interface. Because charge injection becomes independent of tissue 
impedances, an increase in safety is achieved. In the following Figure a CF current 
pulse is shown with its associated delivered voltage waveform. A predominant 
capacitive behavior  is observed since voltage linearly decreases with the negative 
phase of the current waveform (A-B segment) and a consequent positive voltage slope 
appears while the positive current phase (C-D segment). The B-C segment evidences 
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the Warbourg resistance where charge transfers take place, forcing  the current source 
to increment the delivered voltage in order to compensate the electronic ionic loss.   

 

Fig. 8. 25 µA Cathodic-First bipolar current pulse (CH3). Voltage delivered waveform (CH2) 
 
Unlike the results presented at Figure 8, for larger amounts of charge (100 µA), 

diffusion components become significant, therefore, a more resistive behaviour is 
expected. In Fig. 9 it can be seen how the voltage waveform follows the current 
waveform, which is telling the observer that there would be a mainly linear 
correlation between voltage and current  obeying Ohms’s Law. As an ideal stimulation 
scenario, the unique process to take place should be the Faradic one, but in this case, 
large surfaces would be needed. In fact, no pure Faradic or No-Faradic works appear, 
but a combination of them. Nevertheless, it is important to avoid irreversible zones. In 
the last case, a net charge transfer will be produced between electrode surface and 
electrolite, by means of no-reversible REDOX process, which liberates H2 and Cl2, 
modifying the pH condition in the interface. This may seriously compromise the 
electrode compatibility.  

 

Fig. 9. 100 µA Cathodic-First bipolar current pulse (CH3). Voltage delivered waveform (CH2) 

A D

B C

A D

B C
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5. Conclusions.  

In this paper we propose a model for characterizing a 3D intracortical electrode using 
Warbourg’s model. It is shown the capacitive behaviour of the electrode denoted by a 
decrease in the impedance as frequency increases, according to the electrical model. 
The proposed model fits the expected behaviour, as can be denoted in the experimental 
Nyquist and Bode plots. Moreover, it is seen that as charge injection increases (100 µA) 
a resistive component appears, implying an irreversible Faradaic process which should 
be avoided in chronic stimulation since recombination of ionic species would appear in 
the surroundings of the electrode-tissue interface. Future work will be addressed to 
collect all the information required to characterize the impedance parameters in culture 
medium where large polar biomolecules effects will be studied.  
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Abstract. This work presents an MLP-like feed-forward network with two-

dimensional layers partially connected and other features, such as configurable 

activation functions and batched backpropagation with different smoothing-

momentum alternatives. We name this model eXtended Multi-Layer Percep-

tron (XMLP) because it extends the connectivity of the MLP. Here we de-

scribe its architecture, the various activation functions that it can use, its learn-

ing algorithm, and the possible use of discretization intended for hardware im-

plementation. We also show a configurable graphic tool developed to train and 

simulate any MLP-like network (totally or partially connected). Finally, we 

present some results on speech recognition in order to compare total and par-

tial connectivity, as well as continuous and discrete operation. 

1   Introduction 

A recent trend in neural network design for large scale problems is to split a task 

into simpler subtasks, each one handled by a separate module. The modules are then 

combined to obtain the final solution. A number of these modular neural networks 

(MNNs) have been proposed and successfully incorporated in different intelligent 

information processing systems [1]. Some of the advantages of the MNNs include 

reduction in the number of parameters (i.e., weights), speedup in training, better 

generalization, suitability for parallel implementation, etc. 

We have formulated and implemented a simple, modular architecture useful for a 

wide range of applications: the eXtended Multi-Layer Perceptron (XMLP). It is a 

general model of feed-forward network that can include a second dimension in each 

layer, which can be considered as a real spatial dimension for image processing 

applications or as the temporal dimension for time related problems. Talking about 

two dimensions has sense only if partial connectivity is assumed. So, our model has 

the possibility of defining neighborhood restricted connections, what can be seen as a 

sort of modularity. With this architecture it is possible to set up networks like the 

Scaly Multi-Layer Perceptron (SMLP) [2] or the Time Delay Neural Network 

(TDNN) [3]. We used preliminary versions of XMLP for recognition of spoken vow-

els [4] and for lung disease diagnostics starting from chest radiographs [5], and re-

cently we have employed it to train speech recognizers implemented in FPGAs, us-

ing discretization to facilitate this implementation. 

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 89-96, 2003. 
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defined as depending of three parameters f′0 (slope at x = 0), fmax (maximum value of 

the function) and fmin (minimum value). The generic expressions for these functions 

and their derivatives —needed in the backpropagation algorithm— are given in 

Table 1. An example for three particular values of the parameters is plotted in Fig. 3. 

 

Fig. 2. The XMLP tool running on a PC with Linux 

Table 1. Activation functions and their derivatives 
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5   Learning 

The XMLP uses backpropagation, with certain improvements like batching and three 

alternative types of smoothing-momentum. The weights are updated by: 
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where wij is the weight of the connection from a neuron j in layer l–1 to a neuron i in 

layer l, zi is the output of that neuron i, δi is the back-propagated error term, α and β 

are respectively the gain and smoothing-momentum terms, t = 1, 2, 3,... represents 

each time step or iteration, and N is the size of batching (number of consecutive 

iterations in which the weights hold unchanged). 

To increase learning performance, the XMLP tool allows choosing between three 

possible types of change in the inputs: 

Option -N mod: Input vectors are normalized to a user-specified module. 

Option -r r′: Inputs change in order to have mean 0 and a new small range r′ around 

0. This improves learning because the weighted sums will lie into a region where the 

derivative of the activation function is relatively high, with a consequent greater 

correction of weights. 

Option -I2F: Inputs are adjusted to have the same range as the activation function 
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Fig. 3. Activation functions and their derivatives for f′0 = 1/2, fmax = 1, fmin = –1 
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[fmin, fmax]. This conversion is useful when the XMLP is going to be used in discrete 

operation. 

6   Discretization 

The XMLP tool incorporates the possibility of working with discrete values. This is 

helpful to evaluate hardware implementations. However, learning is accomplished in 

any case with continuous values. 

Users must delimitate three different ranges of variables corresponding to XMLP 

inputs / activation function output (both with the same number of bits), weights, and 

activation function input. Each of these ranges is specified by the number of bits (n) 

of the discrete variable and the values minimum (xm) and maximum (xM) of the cor-

responding continuous variable. The expressions for the conversion between con-

tinuous (c) and discrete (d) values are: 

( )
( )

12

,max

,max

12
1

1

,round
−

−
−

−
=





=

n

Mm

Mm

n xx

xx

dccd  . 
(2) 

It is possible to compute the range of the activation function input by knowing the 

maximum possible weighted sum in a neuron. Let us assume the following example, 

taken from a real phoneme recognition experiment: maximum absolute continuous 

value of the XMLP inputs and activation function output: 1.0, bits for discretization: 

8; maximum absolute continuous value of the weights: 5.0, bits for discretization: 8; 

maximum number of inputs to a neuron: 176. The maximum absolute value of the 

discrete weighted sum will be 127·127·176 = 2838704. Hence, the minimum number 

of bits necessary to represent all the values is 23. Usually it is not necessary to use all 

the bits of the weighted sum for the index of the lookup table that stores the discrete 

activation function, but only the most significant. In this example, the 14 most sig-

nificant bits of the discrete weighted sum were sufficient to obtain reasonable accu-

racy. With 14 bits for the activation function input and 8 bits for its output, the 

lookup table should have 16383 entries, each one storing a value between –127 and 

127. Fig. 4 illustrates the computation of some entries around 0 for this example. 

The upper plot in Fig. 5 shows a wider range. Note that, because of the sigmoid 

shape of activation functions, the most part of the lookup table is repetitive, and 

could be much reduced. In a hardware implementation, this fact motivates the use of 

a PLA instead of a ROM —or a ROM that only stores the small variable portion—. 

7   Measures of Error and Goodness 

The XMLP tool computes up to six different measures (Table 2). The first three are 

suitable to any type of desired output. The last three have sense only when the XMLP 

is used for classification; in that case, all the desired outputs di will be fmin except the 

corresponding to the desired class (class c), which will be fmax. 
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8 Results in Speech Recognition 

Finally, we present results tlmt coinpare totally and partially coiu~ected topolohies 
(Table 3). The examples consist in the classification of the phonemes present in the 
spoken Spanish digits. and the recohyition of the dihits itself as isolated words. 

Table 4 sl~ows other results on discretiration in the ccase of phoneme recogiution. 



9 Conclusions 

We have presented a feed-forward neural network model —and the corresponding 

simulation tool— with two-dimensional layers partially connected, configurable for a 

wide range of applications. Results in speech recognition show how partially con-

Table 2. Measures of error and goodness for M iterations (NL is the number of outputs, di is 

the desired output, yi is the actual output, and c is the desired class in classification) 
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Table 3. Comparison between fully connected MLP and partially connected XMLP (‘i’, ‘h’, 

‘o’ stand for number of inputs, hidden neurons and output neurons, respectively) 

Problem Preprocessing MLP XMLP 

10 cepstrum, 

energy 

 

(see Fig. 6) 

i:15×11, h:32, o:16 

5792 weights 

66.85% correct 

33.15% error 

i:15(3,2)×11, h:7×5, o:16 

1715 weights 

67.29% correct 

32.71% error 

Phoneme 

Recognition 

(16 

phonemes) 

 

 
16 FFT i:15×16, h: 35, o:16 

8960 weights 

67.46% correct 

32.54% error 

i:15(3,2)×16, h:7×5, o:16 

2240 weights 

65.36% correct 

34.64% error 

10 cepstrum, 

10 ∆cepstrum, 

energy, 

∆energy 

i:10×22, h:24, o:10 

5520 weights 

96.00% correct 

4.00% error 

i:10(4,2)×22, h:4×6, o:10 

2352 weights 

96.83% correct 

3.17% error 

Isolated 

Word 

Recognition 

(Spanish 

digits) 

 
16 FFT i:10×16, h:24, o:10 

4080 weights 

95.67% correct 

4.33% error 

i:10(4,2)×16, h:4×6, o:10 

1776 weights 

94.42% correct 

5.58% error 
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Table 4. Corirparison behveen coirtlnuous arrd discrete MLP 

Phoneme inputs: 11x16. hidden: 32. outputs: 16. 6111 weights 
Classification. 69.33% correct 69.00% correct. 31.00% error 
preprocessing 30.67% error inputs &function output: 8 bits 
16 FFT weights: 8 bits. fiiilctioil illput: I 1  bits 

Fig. 6 .  MLP (left) arid pariially corurected XMLP (right) for plrorrnire recogiition 

ilected inodular architectures can perforin as 1~e l l  as fully connected ones. with a 
draillatic reduction in the iluinber of weights aild also in the leariliilg time. Discrete 
feed-fonvard operation also gives coinparable results to contiiluous one. These facts 
are ver). valuable for high-speed. low-cost hardware iillpleilleiltations. for emnlple in 
FF'GAs. 
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Abstract In this paper, a mixed�signal current�mode chip is imple-
mented using commercial 0.35 �m technology. It performs the prepro-
cessing task done by the �rst neurons layers in ART�based neural net-
works. Post layout simulations show an acceptable linearity error for such
neural systems. The input signal swings from 20 to 50 �A. The circuit
operates at a supply voltage of 3.3 V with 200 kHz bandwidth.

1 Introduction

Since Grossberg and Carpenter introduced ART (Adaptive Resonance Theory
[1]) neural network model, an on�line unsupervised learning neural architecture,
several kinds of neural networks based on this model have been proposed. The
�rst one was ART1 [2], a neural network able to categorise binary patterns.
Then ARTMAP [3], Fuzzy�ART [4], Fuzzy�ARTMAP [5], ART2 [6] and some
other similar neural networks have been described and applied in a wide range
of applications.

Commomly, a software approach has been followed in most of the applica-
tions where neural networks have been applied. This approach always need a
microprocessor system capable enough to compute the neural operations, ac-
cording to the complexity of the system (measured in number of neurons) and
the system response speed. So, one of the most interesting properties of a neural
network is lost: its massive parallelism. As a result of this, the performance of the
implementation is decreased. Increasing the performance and decreasing the cost
are the main reasons why neural networks are been implemented in hardware.
Several proposals have been made for ART�based neural networks as ART1 [7]
and Fuzzy�ART [8], for instance.

The aim of this paper is to go on with the hardware implementation approach,
using current�mode operators which can be used in the hardware description

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 97-104, 2003. 
c Springer-Verlag Berlin Heidelberg 2003



and design of processing layers in analogue ART�based neural architectures as
MART [9]. One of the reasons whay we have chosen MART neural network is
that it is easy to synthesize using current�mode analogue CMOS structures,
besides its human�like knowledge representation.

This paper is structured as follows: section 2 brie�y describes the basic pro-
cessing layers that can be found in multichannel ART�based neural networks as
MART. Then, a brief explanation of the current�mode circuits developed as ba-
sic operators is given in section 3. This is followed by the description at schematic
and layout levels of the �rst preprocessing layer in the main processing signal
block of MART neural network. Simulation results are shown in section 5, while
the conclusion drawn are discussed in section 6

Category

manager

inic

inick�k

d1 dI
Eij

E1j EIj

uk
TIk

F4

act
1k

Eij

actIk

rek

T
1k

Orientative

system

Mono�Mono�

1 I

blockblock

channel channel

Figure 1. Block diagram of MART neural network

2 MART processing layers

A simpli�ed description of MART neural network architecture is needed in or-
der to identify the processing modules to be designed using current�mode tech-
niques. The structure of this neural network is shown is Figure 1. There are four
main processing blocks in this neural network: the orientative system, the cate-
gory manager, the winner�take�all layer (WTA or F4) and several monochannel
blocks. Our design is focused on an inner layer of the monnochannel block that
performs the input data normalization. This is a common operation in ART�
based neural networks. Usually this normalization process is done using L2 norm
(eq. 1) or scaling in range [0,1] (equations 2 to 4).

Ni =
Eivuut IX
i=1

E2

i

8i (1)
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m = min
i=1;:::;I

Ei 8i (2)

M = max
i=1;:::;I

Ei 8i (3)

Ni =
Ei �m

M �m
8i (4)

The second set of equations (2 to 4) has been chosen to implement the nor-
malizing function performed by the �rst preprocessing layer in the monochannel
block of MART network.

3 Design of basic processing modules

In order to develop the IC which performs the operations given by equations
2, 3 and 4, several subcircuits must be developed. These basic subcircuits, or
building blocks, are the following:

� LTA (Losser�Take�All) to compute the minimun input value (eq. 2)
� WTA (Winner�Take�All) to �nd the maximum input value (eq. 3)
� Substraction needed in equation 4
� Divider to perform the normalization (eq. 4)

These circuits have been developed in a current�mode approach for better
performance and easier implementation. Current�mode operators needed for the
synthesis are smaller than their voltage�mode counterparts, as well.

Our design has been divided in several operating parts (or building blocks).
All of them operate in strong inversion. Cascoded current mirrors are employed
to ensure precise current operation. Quadratic�translinear�based [10] circuits are
used to perform more complex operations such as the divition. The remaining
mathematical operators needed are easy to implement thanks to the current�
mode approach used in our design. Addition and substraction can be solved just
applying Kircho�'s current law to the circuit nodes.

3.1 Divider

To develop the current divider circuit, some other operators must be developed
before the divider design: a square�rooter and a squarer/divider. Both circuits
can be designed applying the quadratic�translinear (QTL) principle to a loop
of four nmos transistors. Using the proper conection between those operators,
a divider is easily obtained. Figure 2 shows the simpli�ed schematic design for
a current multiplier�divider. Loop composed by transistors M1 . . .M4 performs
the square�root function while loop composed by transistorsM5 . . .M8 performs
the squarer�divider function.

The aspect ratio for all the transistors in the �rst loop (M1�M4) is W
L

=
30 �m

2 �m
. Applying QTL principle to this loop:
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Figure 2. Multiplier�divider schematic design

p
I1 +
p
I2 =

p
I3 +
p
I4 (5)

Cascoded current mirrors are placed to ensure proper drain currents ratio
(equations 6 to 8) for the loop transistors. Aspect ratio of transistors taking part
of N�type cascoded current mirrors is W

L
=

10 �m

1 �m
, while for P�type cascoded

current mirrors is W
L
=

30 �m

1 �m
.

I1 = Ia (6)

I2 = Ib (7)

I3 = I4 =
Ia

4
+
Ib

4
+
Ix

2
(8)

Finally, the output current Ix is given by equation 9

Ix =
p
IaIb (9)

For the second transistor loop (M5�M8), the aspect ratio is W5

L5

=
W6

L6

and
W7

L7

=
W8

L8

= 4
W5

L5

. Values used are L5=L6=L7=L8=2�m and W5=W6=10�m,
W7=W8=40�m. Once again, if the QTL design equation (eq. 10) is applied and
using the same kind of cascoded current mirrors to ensure proper drain currents
ratio (equations 11 to 13), the output current is given by equation 14.

p
I5 +
p
I6 =

r
I7

4
+

r
I8

4
(10)

I5 = Io (11)

I6 = Ic (12)

I7 = I8 = Ix + Ic + Io (13)

Io =
I2x
4 Ic

(14)

According to the circuit structure shown in Figure 2 and to equations 9 and
14, the output current is ruled by equation 15. The divition can be obtained
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using this circuit with one of the input currents (Ia or Ib) set to a constant
value.

Io =
Ia Ib

4 Ic
(15)

3.2 WTA and LTA circuits

The WTA function using current comparators and current mirrors. In our design
we have taken the proposal from Serrano et al. [11]. With some modi�cations,
this WTA circuit can perform the loser�take�all function (LTA). When every
input current Ei is substracted (eq. 16) to a copy of the maximum input current
M , and the maximum m of the resulting currents Ei is evaluated (eq. 18), the
minimum m current is obtaining by substracting again (eq. 19) the maximum
current obtained in this second stage m to the maximum current in the �rst
stage M . Both circuits, WTA and LTA, can be seen as mixed�signal ones as
inverters and switches are in their structure.

M = max
i=1;:::;I

Ei 8i (16)

Ei =M �Ei (17)

m = max
i=1;:::;I

Ei 8i (18)

m =M �m 8i (19)

According to this algorithm, two WTAs are needed to perform the LTA op-
eration and substractors are necessary, as well. However, as in the IC both,
the WTA and the LTA operators, are needed, a modi�ed�complementary LTA
module has been developed in order to save space and to use less number of
transistors. Layout size can ve reduced that way. The behaviour of this comple-
mentary LTA module is based on equation 19. Reordering that equation it can
be shown that:

m =M �m (20)

so the output of the complementary LTA is the di�erence between the max-
imum and the minimum current in the set of �ve currents entering the circuit.
This di�erence is the divider value in eq. 4. This is another reason that justi-
�es the design of the complementary LTA as it directly o�ers the divider value
needed in the neural layer which is the object of this design.

The complementary LTA circuit is shown in Figure 3

4 Proposed design

The neural network layer development involves using all the basic modules de-
scribed in the previous sections. Furthermore, current mirrors are needed in order
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based neural networks such as MART, a multichannel neural network architec-
ture. Once the basic operators have been explained, schematic and layout level
descriptions have been shown, as well as a comparison between the response of
the chip and its theoretical one.

The chip is able to deal with input current�mode signals up to 200 MHz,
with an input swing from 20 to 50 �A and an output swing from 0 to 10 �A.

Further developments are focused on the design of the whole MART neural
network. Improving the basic analogue operators for better accuracy and a wider
input and output current swing is our object as well.
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Abstract.   Modern data analysis often faces high-dimensional data.  
Nevertheless, most neural network data analysis tools are not adapted to high-
dimensional spaces, because of the use of conventional concepts (as the 
Euclidean distance) that scale poorly with dimension.  This paper shows some 
limitations of such concepts and suggests some research directions as the use of 
alternative distance definitions and of non-linear dimension reduction. 

1. Introduction 

In the last few years, data analysis has become a specific discipline, sometimes far 
from its mathematical and statistical origin, where understanding of the problems and 
limitations coming from the data themselves is often more valuable than developing 
complex algorithms and methods.  The specificity of modern data mining is that huge 
amounts of data are considered.  There are new fields where data mining becomes 
crucial (medical research, financial analysis, etc.); furthermore, collecting huge 
amount of data often becomes easier and cheaper. 

A main concern in that direction is the dimensionality of data.  Think of each 
measurement of data as one observation, each observation being composed of a set of 
variables.  It is very different to analyze 10000 observations of 3 variables each, than 
analyzing 100 observations of 50 variables each!  One way to get some feeling of this 
difficulty is to imagine each observation as a point in a space whose dimension is the 
number of variables.  10000 observations in a 3-dimensional space most probably 
form a structured shape, one or several clouds, from which it is possible to extract 
some relevant information, like principal directions, variances of clouds, etc.  On the 
contrary, at first sight 100 observations in a 50-dimensional space do not represent 
anything specific, because the number of observations is too low.   

Nevertheless, many modern data have this unpleasant characteristic of being high-
dimensional.  And despite the above difficulties, there are ways to analyze the data, 
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and extract information from observations.  If the current data analysis methodologies 
are not adapted to high-dimensional, sparse data, then it is our duty to develop 
adapted methods, even if some well-admitted concepts must be questioned.  In 
particular, artificial neural network methods, now widely and successfully used in 
data analysis, should be faced to high-dimensional data and modified if necessary. 

This paper makes no pretence of presenting generic solutions to this problem; the 
current state-of-the-art is far from that.  However, we will illustrate some surprising 
facts (Section 2) about high-dimensional data in general, and about the use of neural 
networks in this context (Section 3).  In particular, we will show that the use of 
standard notions as the Euclidean distance, the nearest neighbor, and more generally 
similarity search, is not adapted to high-dimensional spaces.  There is thus a need for 
alternative solutions; this paper only gives paths to future developments (Section 4), 
to a new research activity that could influence considerably the field of neural 
networks for data mining in the next few years. 

2. Some weird facts about high-dimensional space 

High dimensional spaces do in fact escape from our mental representations.  What we 
take for granted in dimension one, two or three, because we can figure it out quite 
easily, might not actually hold in higher dimensions. Let’s highlight some weird facts. 

2.1. The empty space phenomenon 

Scott and Thompson [1] first noticed some counter-intuitive facts related to high 
dimensional Euclidean spaces, and described what they called the “empty space 
phenomenon”.   

Fact 1.  The volume of a hyper-sphere of unit radius goes to zero as dimension 
growths. The volume of a sphere of radius r in d dimensions is given by: 

( ) ( )
d

d
r

d
dV

12/

2/

+Γ
= π

. (1) 

Figure 1a shows the volume for r = 1; we see that the volume rapidly decreases 
with d. So, in higher dimension, a unit sphere is nearly empty. 

Fact 2.  The ratio between of the volumes of a sphere and a cube of same radius 
tend towards zero with increasing dimension as illustrated in Figure 1b.  In one 
dimension these volumes are equal, and in two dimensions the ratio is approximately 
0.8, but in higher dimension we can say that the volume of a hyper-cube concentrate 
in its corners.  

Fact 3.  The ratio of volume of a sphere of radius 1 and 1-ε tend towards zero 
given the obvious fact that its value is equal to (1-ε) to the power d. With d as small 
as 20, and e =  0.1, only 10% of the original radius contains 90% of the volume of the 
outer sphere, and so the volume of it concentrates in an outer shell. The same holds 
for hyper-cubes and hyper-ellipsoids as well. 
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Fig. 1. Left (a): volume of the unit sphere; Right (b): ratio between the volumes of the unit 
sphere and the unit cube, with respect to the dimension of the space. 

These observations imply that high-dimensional spaces are mostly empty.  They 
indeed show that local neighborhoods of points are mostly empty, and that even in the 
case of uniform distributions, data is concentrated at the borders of the volume of 
interest. 

2.2. The concentration of measure phenomenon 

We will now have a deeper look at the behavior of the widely used Euclidean distance 
(i.e. the L2-norm of the difference) when applied to high dimensional vectors.  

Fact 1.  The standard deviation of the norm of random vectors converges to a 
constant as dimension increases though the expectation of their norm growths as the 
square root of the dimension. More precisely, it has been proven in [2] that under i.i.d. 
assumption on xi, 

( ) ( )nbanxx 1E Ο+−==µ  (2) 

( ) ( )nbxx 1Var2 Ο+==σ  (3) 

where a and b are constants depending only on the four first momentums of xi.   
Note that the same law applies to the Euclidean distance between any two points, 

since it happens to be a random vector too. 
Fact 2.  The difference between the distances of a randomly-chosen point to its 

furthest and nearest neighbor decreases as dimensionality increases. This can be 
illustrated by the asymptotic behavior of the relative contrast [3] : 

If     ( ) 0Varlim =














∞→ k

k

d xE

x
     then    0

pk

kk

Dmin

DminDmax →−
 (4) 

where Dmin and Dmax are the distance to respectively the nearest and furthest neighbors 
of a particular point. Note that the hypothesis of the theorem is induced by equation 
(3). A more general proof of the theorem can be found in [4]. 
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The conclusion we can draw from these observations is that, in high dimensional 
spaces, all points tend to be equally distant from each others, with respect to the 
Euclidean distance. As dimension increase, the observed distance between any two 
points tends towards a constant. This can be illustrated when computing the 
histograms of distances between random points of increasing dimensionality. It 
appears that (1) the mean of the histogram growths and (2) its variance shrinks. 

2.3. The curse of dimensionality 

Finally let us have a look at a not-so-weird-but-often-ignored fact, which Richard 
Bellman named “The Curse of Dimensionality” [5]. It refers to the huge amount of 
points that are necessary in high dimensions to cover an input space, for example a 
regular grid spanning a certain portion of the space. When filling an hypercube in 5 
dimensions ( [0 1]5) with a 0.1-spaced grid, one needs no less than 100.000 points. 

3. Consequences for neural network learning 

The considerations developed in the previous section have important consequences on 
ANN (Artificial Neural Networks) learning.  The following subsections give 
examples of such consequences in specific contexts. 

3.1. Supervised learning 

When modeling some process producing an output on basis of observed values for 
particular inputs, one has to fit a chosen model to a dataset. The more extensive the 
dataset, the more accurate is the model. Ideally, the dataset should span the whole 
input space of interest, in order to ensure that any predicted value (i.e. output of the 
model) is the result of an interpolation process and that no hazardous extrapolation 
occurs.  

But one has to face the curse of dimensionality. Silverman [6] addressed the 
problem of finding the necessary number of training points (samples) to approximate 
a Gaussian distribution with fixed Gaussian kernels. His results show that the required 
number of samples grows exponentially with the dimension.  Fukunaga [7] obtained 
similar results for the k-NN classifier showing that whereas 44 observations are 
sufficient in 4 dimensions, not less than 3.8e57 are necessary when dimension is 128. 

3.2. Local models 

Local artificial neural networks are often argued to be more sensitive to 
dimensionality than global ones.  By local models, we mean approximators (or 
classifiers, or density estimators) made of a combination of local functions (for 
example Gaussian kernels).  Indeed Gaussian functions also have an unexpected 
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behavior when extended to high-dimensional spaces.  Examples of such 
approximators are RBFN (Radial-Basis Function Networks) and kernel methods. 

When a normal distribution with standard deviation σ is assumed, the probability 
density function to find a point at distance r from the center of the distribution is 
given by [8] : 

( ) ( )2/2

22 2/

12/

1

d

er
rf

r

d

d

Γ
=

−

−

− σ
, (5) 

which is maximum for r/σ = (n-1)0.5.  In one dimension, it is maximum at the center 
of the distribution, as expected, but when dimension growths, it diverges from the 
center (see Figure 2), which become nearly empty, whereas the Gaussian distribution 
is maximal ! This shows that Gaussian kernels are not local any more in higher 
dimensions, and that models that have been seen as sums of local kernels do not 
behave as such in high dimensions. 

 

  

Fig. 2. Probability density of a point from a 
normal distribution to be at distance r of the 
center, for several space dimensions. 

Fig. 3. Example of distance histogram in a 
several-clusters distributions.  

 
This limitation to the use of local models, in particular with Gaussian kernels, 

seems severe.  However, it should be emphasized on the fact that global models, as 
for example MLP (Multi-Layer Perceptrons), probably equally suffer.  Indeed, in 
many cases, sums of sigmoids as in MLP result in functions taking significant values 
in a limited region of the spaces.  While mathematically different, models as MLP and 
RBF thus often behave similarly in practice.  This enforces the conviction that local 
and global models equally suffer from the curse of dimensionality (and related 
effects), while this is probably harder to prove for global models. 

3.3. Similarity search and Euclidean distances 

Most neural network models, as well as clustering techniques, rely on the 
computation of distances between vectors.  For RBFN, it is the distance between a 
data and each kernel center.  For MLP, it is the scalar product between a data and 
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each weight of the input layer.  Both these distance measures may be related to the 
similarity search in clustering techniques, also used in vector quantization, LVQ, 
Kohonen maps, etc.  Similarity search consists in finding in a dataset the closest 
element to a given point. In the context of clustering for example, efficient clustering 
is achieved when data in a cluster are similar (i.e. close with respect to the distance 
function) and data in different clusters are far away from each other. So, when data 
contain clusters, distance histograms should ideally show two peaks (as in Figure 3) : 
one for intra-cluster distances, and the other for extra-cluster distances. But if the 
distance histogram only contains one peak, or if the two peaks are close, distance-
based clustering will be difficult. Unfortunately, the fact is that in high dimensions, 
any distance histogram tends towards a more and more concentrated peak, making the 
clustering task uneasy [9].  This is a direct consequence of the concentration of 
measure phenomenon. 

4. Towards solutions 

Effects of the curse of dimensionality and related limitations on neural network 
learning seem unavoidable in high-dimensional spaces.  There are however at least 
two paths to explore to remedy to this situation. 

4.1. Alternative distance measures 

The use of the Euclidean distance between data is conventional and is rarely 
discussed.  However, it is not obvious that another definition of distance could not be 
more appropriate in some circumstances, and in particular in high-dimensional 
spaces.  In practice, any distance measure between vectors x and y (with components 
xi and yi) of the following form could be considered: 

r
d

i

r
iir

yxyx ∑
=

−=−
1

. (6) 

 
In practice, (4) is applicable for any positive value of r; the asymptotical behavior 

of any distance definition as (6) is the same (i.e. all distances are subject to the 
concentration phenomenon).  But the convergence rate of (4) differs for different 
values of r.   

The intuition tells that using high values of r can mitigate the effects of loss of 
locality for Gaussian-like kernels.  Nevertheless it has been shown [3] that lower 
values of r can keep the relative contrast (4) high (for a particular 
dimension).  Unfortunately there is no known reason  (other than numerical 
computation-related arguments) to find a lower bound for optimal r.  And there is no 
sense in taking r = 0...Therefore it remains to find the proper to set a lower bound for 
r, so that an optimal and most probably dimension-dependant compromise can be 
found. 
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4.2. Non-linear projection as preprocessing 

Another way to limit the effects of high dimensionality is to reduce the dimension of 
the working space.  Data in real problems often lie on or near submanifolds of the 
input space, because of the redundancy between variables.  While redundancy is often 
a consequence of the lack of information about which type of input variable should be 
used, it is also helpful in the case where a large amount of noise is unavoidable on the 
data, coming for example from measures on physical phenomena.  To be convinced of 
this positive remark, let us just imagine that the same physical quantity is measured 
by 100 sensors, each of them adding independent Gaussian noise to the measurement; 
averaging the 100 measures will strongly decrease the influence of noise on the 
measure!  The same concept applies if n sensors measure m quantities (n > m). 

Projection of the data on submanifolds may thus help.  A way to project data is to 
use the standard PCA (Principal Component Analysis).  However PCA is linear; in 
most cases, submanifolds are not linear (think for example to a horseshoe distribution, 
as in [10]) and PCA is not efficient. 

Alternative nonlinear methods exist to project data in a nonlinear way.   Examples 
are Kohonen self-organizing maps (usually to project data onto one- or two-
dimensional spaces), and methods based on distance preservation.  The latter include 
Multi-dimensional scaling [11-12], Sammon’s mapping [13], Curvilinear Component 
Analysis [14] and extensions [15].  All these methods are based on the same principle: 
if we have n data points in a d-dimensional space, they try to place n points in the m-
dimensional projection space, keeping the mutual distances between any pair of 
points unchanged between the input space and the corresponding pair in the 
projection space.  Of course, having this condition strictly fulfilled is impossible in 
the generic case (there are n(n – 1) conditions to satisfy with nm degrees of freedom); 
the methods then weight the conditions so that those on shorter distances must be 
satisfied more strictly than those on large distances.  Weighting aims at conserving a 
local topology (locally, sets of input points will resemble sets of output points).   

An example of successful application of the above approach in the context of 
financial prediction can be found in [16]. 

5. Conclusion 

Theoretical considerations show that using classical concepts in data analysis with 
neural networks to process high-dimensional data may be not appropriate. The reason 
is that some of the underlying hypotheses, though obvious in lower dimension, are not 
verified any more in higher dimensions.  Indeed, in practice, one observes severe 
performance loss with data processing algorithms when data are high dimensional.  
There is thus a need to adapt our models to high dimensionality.  A way one can think 
of is to consider new similarity measures between data, other than the ancestral 
Euclidean distance.  Another way is to reduce the dimension through projection on 
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(non-linear) submanifolds.  In both cases, deep investigation is required in order to 
successfully adapt data processing tools to high dimensional data. 
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Abstract. In this paper we describe the hardware implementation of a spiking 
neuron model, which uses a spike time dependent synaptic (STDS) plasticity 
rule that allows synaptic changes by discrete time steps. For this purpose it is 
used an integrateand-fire neuron with recurrent local connections. The connec- 
tivity of this model has been set to 24-neighbour, so there is a high degree of 
parallelism After obtaining good results with the hardware implementation of 
the model, we proceed to simplify this hardware description, trying to keep the 
same behaviour. Some experiments using dynamic grading patterns have been 
used in order to test the learning capabilities of the model. 

1 Introduction 

Artificial neurons have been modelled in the last years trying to characterise the most 
important features of real neurons and to achieve further aspects of computation like 
pkallelism and leaming. In this way, biologically-inspired neuron models, so-called 
neuromimes, have become an important path to follow up, due to their big potential in 
developing timing features of neural computation [I]. 

A commonly used model for neuromimetic studies is the Integrate-And-Fire model, 
which incorporates the integration of the input signals, until it overcomes a certain 
threshold and then the neuron fires [2][3]. In this model, we use a Spike Time De- 
pendent Plasticity (STDP) rule, which allows to change the weight of the synapses 
depending on the time between spikes [4][5]. 

In the next chapter, we shall present in detail the Integrate-And-Fire model we use 
in our work considering both timing features and its novel leaming rule. In chapter 3, 
its basic hardware implementation is developed, but due to its high complexity, in 
section 4 its optimisation is analysed. Finally, chapter 5 summarizes the conclusion 
and our future work. 

1. Mim (Ed.): IWANN 2003, LNCS 2687, pp. 113~120,2003 
@ SpringerVerlag Berlin Heidelberg 2003 



2 Neuron Model 

This model consists basically in an Integrate-And-Fire scheme, in which synapses can 
change their weights depending on the time difference between spikes. This model has 
been developed within the framework of the POEtic project [6].  The outputs of the 
synapses are added until their result Vi(t) overcomes a certain threshold 8. Then a 
spike is produced, and the membrane value is reset. 

The simplified equation of the membrane value is: 

when Si(t)=l (1) 

I k-*Vi(t) + XJi;(t) when Si(t)=O 

Where k,,=exp(-Aff~~m), Vi(t) is the value of the membrane, Jij is the output of each 
synapse and Si(t) is the variable which represents when there is a spike. 

2.1 Synapse Model 

The goal of the synapse is to convert the spikes received from another neurons in 
proper inputs for the soma. When there is a spike in the pre-synaptic neuron, the ac- 
tual value of the output .Ti, is added to the weight of the synapse multiplied by its acti- 
vation variable. But if there is no pre-synaptic spike then the output .Tij is decremented 
by the factor &.The output J of the synapse i-j is ruled by: 

Jdt+l) = l J,(t) + (wW * APuRl(t)) when S,(t)=l 

I kn*J&) when S,(t)=O 

where j is the projecting neuron and i is the actual neuron R is the type of the neu- 
ron : excitatory or inhibitory, A is the activation variable which controls the strength 
of the synapse, and & is the kinetic reduction factor of the synapse.If the actual neu- 
ron is inhibitory, this synaptic kinetic factor will reset the output of the synapse after a 
time step, but if the actual neuron is excitatory, it will depend on the projecting neu- 
ron If the projecting neuron is excitatory the synaptic time constant will be higher 
than if it is inhibitory. The weight of each synapse also depends on the type of neuron 
it connects. If the synapse connects two inhibitory neurons, the weight will always be 
null, so an inhibitory cell can not influence another inhibitory cell. If a synapse is 
connecting two excitatoty neurons, it is assigned a small weight value. This value is 
higher for synapses counecting an excitatory neuron to an inhibitory one, and it takes 
its maximum value when an inhibitory synapse is connected to an excitatory cell. 

2.2 Learning Model 

In order to strengthen or weaken the excitatoty-excitatory synapses, the variable A 
will change depending on an internal variable called L, which is ruled by: 
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Where k, is the kinetic activity factor, which is the same for all the synapses. 
YD is the learning variable that measures, with its decayment, the time separation 

between a pre-synaptic spike and a post-synaptic spike. When there is a spike, YD 
will have its maximum value in the next time step, but when there is not, its value will 
be decremented by the kinetic factor ki,, whichis the same for all synapses 

When a pre-synaptic spike occurs just before a post-synaptic spike, then the vari- 
able L, increases and the synapse strengthens. This means it reinforces the effect of a 
pre-synaptic spike in the soma. But when a pre-synaptic spike occurs just after a post- 
synaptic spike, the variable Li, decreases, the synapse weakens and the effect of a pre- 
synaptic spike in the soma will descend. 

3 Hardware Implementation 

This section describes the digital hardware implementation of these models. 

3.1 Neuron Block 

First of all, when the input spikes , s, are received h m  another neurons, they are 
processed through a block that comprises two sub-blocks (synapse & learning), which 
are explained in the next snb-sections. 

These inputs are added or subtracted, depending on the nature, called r, of the pre- 
vious neuron (i.e. excitatory or inhibitory), to the decayed value of the membrane. 
When the registered membrane value, K, overcomes a certain threshold, I&, a spike, 
S, is produced. This spike will be delayed in the fmal part with a chain of registers 
which model the rehctory time, twp When fmally the spike goes out fiom the neuron, 
it produces a reset, rst, in the register which stores the valne of the membrane. The 
block diagram of the neuron block is represented in fig. 1. The membrane path has a 
resolution of 12 bits, with a range [-2048, 20471, and the threshold, Vfh, is kept fixed 
to +640.The membrane decay function has a time constant value of -2O.The refrac- 
tory time is set to 1. The decayment block is modelled following the implementation 
presented in [3]. This block depends on two output parameters and the MSB of the 
input, which establish the exponential decay required at the output 

d , v 

+ 
rst 

Si 

Fig. 1. Neuron block diagram 



3.2 Learning Block 

The learning block provides the actual value of the activation variable by measuring 
the time difference between spikes in the synapses between excitatory neurons. 

When a spike is produced in the neuron j, the variable YDj loads its maximum 
value and starts to decay. Then if the actual neuron spikes, the value of YD, is added 
to the decayed value of the L variable. On the other hand, if a spike is produced first 
in neuron i and then in neuron j, the value of YDi is subtracted to the decayed value of 
the L variable. When the L variable oveEomes a certain threshold, Lth, positive or 
negative, the activation variable, & increases or decreases respectively, unless it is 
already at its maximum or minimum value. If A is increased, L is reset to the value L- 
2*h ,  but if it is decreased, then L is reset to L+2*h. The diagram block of the learn- 
ing block is represented in fig. 2. The YD variable has a resolution of 6 bits and the 
learning variable of 8 bits. The activation variable can have four values (0,1,2,3). The 
time constant for the variable YD is ~ 2 0 .  The thresholds for the variable L are Lth= [- 
128,1271 The time constant for L is 4000. 

3.3 Synapse Block 

The goal of the synapse block is to set the value of J (the input value added to the 
membrane). For each synapse a certain weight is set. This weight is multiplied by the 
activation variable. For this purpose, a shift register is used, so when A*, the weight 
becomes 0, when A=l the weight does not change, when A=2 the weight is multiplied 
by 2 and when A=3 it is multiplied by 4. 

This output weight is added to the decayed value of the output J. Its decay cume 
depends on the m e  of the actual and the projecting neurons, ri and rj. The diagram 
block for the synapse block is represented in fig. 3. 

Fig. 2. Learning block 

Fig. 3. Synapse block 
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The internal resolution of the block is 10 bits, but the output resolution is 8 bits, 
since the internal value of J is divided by 4 to keep the correct scaling. 

The weights for an excitatory-excitatory synapse are in the range [0:32], for an ex- 
citatory-inhibitory [256:5 121, for inhibitory-excitatory [5 12: 10241 and for inhibitory- 
inhibitory are null. The time constant .r is 20 for an excitatory-excitatory synapse, and 
3 for an inhibitory-excitatory synapse. For the other two types of synapse, ~ 0 .  

3.4 Neural Network Implementation 

To test this leaming strategy and the neuron structure, a neural network of size 15x15 
has been used with a connectivity pattern of 24 neurons, so every cell receives spikes 
from a neighbowhood of 5x5. 

The 2 W  of cells are inhibitory, and they have a random distribution in the net- 
work. The weight, w, and the initial activation variables, & are chosen randomly. 

3.4.1 Stimuli 
A dynamic gradient stimuli has been applied to the neural network. As it is repre- 
sented in fig.4 , a sequence of vertical bars of gradient value move through the col- 
umns of the newon array, incrementing their tlequency, in forward sense dnring the 
training, and in forward and reverse sense during the test. 

The input applied to each neuron has the next parameters: 
TCLX: 20 ns. Maximum amplitude: 127. 

1. Training period: 20 us. Forward sense 
2. Test period: 10 us. Fomard and Reverse sense 
Gaussian noise is applied to all neurons during all the time: Mean 0, s.d.= 48 

Fig. 4. Input signal applied to the neural network. The arrow to the right means forward sense 
and the anow to the left means reverse sense. 

3.4.2 Simulation Results 
The activity calculated over a "strip" of neurons perpendicular to the direction of the 
movement represents a measure of "local" activity. In this case, the strip is one- 
column wide. In figure 5 the "'local" activity is measured by the count of spikes pm- 
duced as a function of the time steps. We can observe how in the forward sense there 
cxists an activation pattcrn with a tcmporal correlation, but in rcvcrsc scnsc thc nct- 
work output has not this temporal correlation. 
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This result demonstrates that the selected structure of our neural network is able to 
pdorm an implicit rccognition oC dynamic Ccahrcs bascd on simplc STDP rulcs. 

Fig,  5. Local activity in column 1 In a) when t s t  stimuli is applied in forward sense In b) 
whm tcst stimuli is appliod in m c  

4 Hardware Simplification 

Oncc a corrwt bchaviour has bocn obscrvcd for thc nctwork, thc ncxt s t q  consists in 
tryinb. to optimise the resolution used to represent its internal parameters. This analysis 
wd1 try to facilitate thc hnrrlwarc implcmcntatio~l of thc modcL In a fmt trial, thc 
resolution of the parameters has been redwed in 2 bits Therefore, the new membrane 
rmlution is 10 bits and the threshold is et to +160. The rmlution of the output of 
the synapse, J, is 6 bits and the weights for an excitatory-excitatory synapse are in the 
range [0:32], for an excitatory-mhibitory [256:5 121, for mhiiitory-excitatory 
[512:1024] and for inhibitory-inhibitory are null. And the resolution for the YD vari- 
able is 4 bits and for the L variable is 6 bits in thc 1carnin.g blwk implcmcntation Thc 
time constants keep be& the same. 

Thc dwaymcnt block has bccn modlficd to bchavc just as thc algorithm cxphinod 
in [3] but removing the operations with external parameters This is because these 
paiwnctcrs wdl bc diffcrcnt for cach variablc, but constant dumg all thc stimuli pc- 
riod The diagmm block for its implementation is presented in fig. 6. 

Thc q u t  sigml x WLU bc thc q u t  of a shift rcgstcr, whcn thc loud signal bccomcs 
active. This shift register will divide the input by a fmed mlue (i.e. X for the J decay- 
mcnt), which dcpcnds on thc q u t  signal. Thc output of thc shfd rcgistcr will bc thc 
value to be subtracted. The output of a counter will be compmd to a maximum value. 
Whcn thcy arc cqual, thc countcr is rcsct and a rcgistcr loads thc output or thc subtm- 
tion, The output of this register will be the new value for the signal x From a set of 
pssiblc maximum timcs (tl.. @, thc valuc ol'x will chmsc onc to establish whcn thc 
subtraction to be performed. The synapse block will only be used when the actual 
ncuron is excitatory (i.c. 14). Thc output or an inhibitory-inhibitory synapsc is always 
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null. As well as in a ~ 1  excitatory-inhibitory synapse, the values of w and A are con- 
stant, Thcrclbrc sincc thcrc is no mcmory in thc synapsc, thc output will bc w whcn 
there is a spike and 0 when there is not. For the inhibitoryexcitatoq synapse, the 
dccay constant is vcry low so it dccrcascs vcry quickly As conscqucncc, thc synapsc 
Mock can be substituted by a shift register, which divides its value at each time step by 
2. In the YD decayment blwk, the value to subtract &ill be equal to lsince the YD 
resolution has k e n  reduced to 4 bits,. The decayment block of the spiking neuron cam 
be simplilied, since it is possible to avoid the time wntrol in the deayment 01 the 
membrane value. It will always decrease, because it will receive almost continuously a 
loaded input (i.e. noise). 

Fig. 6. Simplification ol'the decayment block 

4+1 Simulation Results 

The stimuli parameters have also been changed, but only their values, not the signal 
ncithcr thc training and tcst timcs. Now thc maximum q l i t u d c  of thc q u t  signal 
will be 32 d the noise will keep its mean to 0, but its s.d will be 12. The neighbour- 
hood is still or 5x5, md the 20% 01 neurons are dso inhibitory. The output or the 
same column is represented in fig. 7. The count of spikes produced in the same time 
step is represented as a I-iunction or the time steps. 

Fig, 7, Local activity in column 1 in a siqlified iqleme~lhuon,, In a) when slirnuli is 
appl id in f o n d  sense+ In b) when lest siimuli is applied in reverse sense. 
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Comparing these results with those of the non-simplified implementation of section 
3.4.2, we can observe how the simulation in forward sense keeps the activity pattern 
with a temporal correlation, but in reverse sense the activity has increased, although it 
has not the temporal correlation observed in forward sense, so there is still learning. 

5 Conclusions 

We have described the digital hardware implementation of a novel STDP rule applied 
to spiking neuron models and we have demonstrated that it can be used to implement 
learning tasks in a neural network of size 15x15. It is still possible to obtain good 
results with a simplified hardware description of the model, although we are on the 
edge of having a learning behaviour in a network of this size. Further hardware 
optimisation of the model is investigated by serialising the dataflow of operations 
corresponding to a neuron. A hardware prototype is being constructed in order to test 
the model using real world applications. 
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Abstract. Margolus neighborhood is the easiest form of designing Cellular 
Automata Rules with leatures such it., invertihility or particle conserving. In 
this paper we introduce a notation to describe completely a lule haxd on this 
neighborhood and imnple~nent it in two ways: The first correspon~ls to a 
classical RAM-based implernentation. while the second. based on concurrent 
cells, is nselnl lor smaller systems in which time is a critical paraneter. This 
knple~nentation has the f e a i u ~  that the e~~olution of all the cells in the design is 
perlonned in the sane clock cycle. 

1 Introduction 

Cellular Automata (CA) model massively parallel computation and physical 
fenomena [I]. They consist of a lattice of discrete identical sites called cells, each one 
taking a value from a finite set, usually a binary set. The value of the cells evolve in 
discrete time steps according to detemGnistic rules that specify the value of each site 
in terms of the values of the n e i g l l h o ~ g  sites. This is a parallel, synchronous, local 
and uniform process [I, 2,5, 10, 141. 

CA are used as computing and modeling tools in biological organization, self- 
reproduction, image processing and chen~ical reactions. Also, CA have proved 
themselves to be useful tools for nlodeling physical systems such as gases, fluid 
dynamics, excitable media, magnetic domains and diffusion limited aggregation [13, 
3 ,4 ,  5,8, 121. CA havc bccn also applicd in VLSI dcsign in arcas such as gcncralion 
of pseudorandom sequences and their use in built-in self test (BIST), error-correcting 
codes, private-key cryptosystem, design of associative memory and testing the finite 
state machine [9, 10, 111. 

1.1 Iuvertible Cellular Automata 

A CA is invertible when its global function is a bijection, i.e., if every confi:uration - 
which, by definition, lus  exactly one successor - also has exactly one predecessor [6]. 

1. Mim (Ed.): IWANN 2003, LNCS 2687, pp. 121~128,2003 
@ SpringerVerlag Berlin Heidelberg 2003 
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Invertibility ir such a desiderable property, because in the context of dyna~nical 
systcms coincides with nlicroscopic rcvcrsibility. Onc of thc most common ways of 
constrnciig invertible cellular automata is by using a partitioning schema [6]. 

Partitioning Cellular Automata (PCA) are bared on a different k i d  of local map 
that takes as input the contents of a region and produces as output the new state of the 
whole region (rather than of a single cell). This way, the state space is completely 
divided into non-overlapping regions. Clearly, infornution cannot cross a partition 
boundary in a single time step. In order to exchange information between regions, 
partitions must change at the next step. 

The partitioning format is specially good for many applications hecause it makes 
very easy to construct invertible rules. If the local map is invertible then the 
corresponding global map is also invertible. Moreover, it is possible to construct rnles 
wich conserve "particles", "monlentunl" and other desired quantities by only impose 
some constraints to the local map. 

1.2 Margolus Neighborhood 

The most important partitioning schenle is the Margolus Neighborhood, introduced in 
[3]. In this neighborhood each partition is 2x2 cells as shown in figure 1. We alternate 
between even partitions (solid lines) and odd partitions (dotted l i e )  in order to couple 
them all. Periodic boundary conditions are assunled. 

Fig. 1. hlnrgolus Neighborhood: even (solid lir1~3.s) and odd ( ~ l o l l ~ ~ l  Iln?~) partition5 ol n two- 
dimensional may into 2x2 hlocks. One block in each partition is shaded 

Several rules bared on Margolus neighborhood have heen introduced in different 
areas. Among them we can mention BBMCA (see figure 2) introduced by Margolus 
itself and capable of universal conlputation [3], rules TM and HPP for modelling 
gases [8] and the rule DIAG-then-DOWN for simulating particles that fall down and 
pile up [7]. 

We can introduce a convenient notation to assign a 'rule number" to the great 
quantity of nlles that can he generated based on Margdlls neighborhood. This 
notation is similar to that established by Wolfram for 1D binary CA for which the 
neighborhood has radius L [l, 2, 141. F is t  of all, let's assign a name to each cell in 
the block, as done in figure 2. Next, we can codify each transition for the rule 
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assigning a 0 to a white square and a 1 to a black square. The values of cells obtained 
from cach of thc 16 possiblc four-cclls block configurations arc combincd to form 
four binary numbers that can be expressed as decimal integers. This procedure is 
illustrated in figure 3, that codifies the rule for BBMCA [S]. 

Fig. 2. BBMCA mle (lej?): this is an example of conservative mle that is invertible. The hlock 
on the right introduces anotation to refer to the cells into the partition 

It's easy to see, from the tables presented in figure 3, that Margolus neighborhood 
allows R total number of (2I6j4 rules. From this incredibly large possibilities. only Jri! 
of them are invertible, and less are particle conserving. BBMCA rule is one of these. 

RULE R U L W E R  

Fig. 3. Assignment of mlc numbcrs to ccllular automata b u d  on Margolus nc~ghborhood. Thc 
exmnple shown is for the BBMCA rule 

2 Sequential Implementation of Margolus neighborhood 

A classical architecture for i~nple~netlti~lg Margolus ~leighbourhood at VLSI is 
presented in figure 4. In this approach, the lattice of cells is stored in a RAM menlory 
disposed as a 2D array of single bits. The control path has to generate the proper 
sigimls to read the four positions that form a block and present them to the process 
unit. The process unit applies the transformation codified by the local map and after it 
is finished, the control generates the signals to store the result back in the memory. 
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It is necessary for the control unit to have an input from a parity generator that 
cnsurcs thc corrcct altcrnancy bctwccn cvcn and odd evolutions, so thc dircctions in 
the menlory to be accesed are different in each case. 

MEMORY 

Pa~ity 
Genetztor CONTROL 

Fig. 4. Sequential implementation ol Margolus neighhorhood. The value ol the cells is stored 
in a RAM m y  

The proposed architecture was implemented on an ALTERA FLEXlOK FPGA. 
The logic synthesis was performed using LeonardoSpectnun Version 2002b.21 from 
Exemplar Logic. For the description of the circuit we used VHDL for all the 
components to be completely generic except for memory, that was implemented 
directly instantiating one LPM. The inlplenlentation and sinlulation was performed 
with ALTERA MAXcPLUSII. 

The results of the synthesis were the following: the design needed about 80 Logic 
CellsL to be implemented in a FLEXIOK device. The maxinlu~n size of the matrix of 
cells depends on the total amount of RAM embedded on the chip. Choosing a device 
from the fanlily, concretely the EPFlOK70RC240, we find that te total anlount of 
memory available in Embedded Array Blocks (EABs) is 18,432 bits, that gives 
support to easily inlplenlerlt arrays of 128x128 cells2. After iirlpleirlerltatiorl the 
maximum operation frequency was 27.85MHz. 

The main drawhack of the design is the fact that the time required to perfom1 an 
evolution increases liuearly with the total size of the array. The control uuit needa 4 
clock cycles to read a 2x2 block from memory and 4 cycles to store them back Also, 
the process unit needs one cycle to perform the evolution of the partition, so 9 clock 
cycles are necessary to evolve each 2x2 block from memory. All this information is 
summarized in table I. 

' In fact, it pments a little variation (from 70 to 90 LCs) depending on the total size of the 
11lritrix ol cells. 

' Actually the total dimension, i l  we could use all the memory available, should be a little 
more, but the design has been thought to have size of2k2". 
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Table 1. Thing charxteristics ol the sequential implementation ol Margolus Neighhorhood. 
Numnhers were obtained hy using a 25MHz clock frequency 

Size Total Memory Cycles to evolve Evolutions per second 
8x8 64 bits 144 1.7.1OS 
16x16 256bits 576 4,3. lo4 
32x32 1024 bits 2304 l,l.104 
64x64 4096 hits 9216 2,7. lo3 
128x128 16384 bits 36864 6,8. lo? 

Most of this drawbacks can be overt'lken by relying on more powerful families, 
using the special features given by the n~anufacturers. For intance, if we choose to use 
an ALALTERA APEX 20K FPGA we can get advance of the ernbedded dual-port RAM 
that allows the user to perform sinlultaneous read-and-write operations. This can 
reduce the number of cycles needed to perform a block evolution from 9 to 5, almost 
doubling the number of evolutions per second that the system can achieve. 

3. Concurrent Implementation 

In some applications, evolution rates l i e  those presented in the previous paragraph 
are non acceptable. The main advance of a Celular Automata Structure is precisely its 
high paralclisation dcgrcc, and thc inlplcmcntation propscd convcrts it into a scrial 
scheme to perform the matrix actualiiation. If we want to obtain a real concurrent 
Cellular Automata, new strategies need to he explored. 

Fig. 5. Classes of cells in Margolus neighbourhood. Each class of cells behaves as one t y p  of 
cell ol those introduced in ligure nurnher 2 dillerent lor each evedodd evolution 

3.1 Proposed Architecture 

If we carefully study the connection schema of a Margolus Neigborhood Cellular 
Automata, easily we can distinguish between four classes of cells, depending on its 
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position into the global nlatrix. In figure 5 these four classes are shown. Class I Cells 
arc updatcd in odd cyclcs as Typc D cclls (rcfcrrcd to thc notation introduccd in 
figure 2) from a dotted line block, and are updated in even cycles as Type A Cells 
from a solid line block. The same way, class 2 Cells are updated in odd cycles as 
Type C cells from a dotted line block, and are updated in even cycles as Type B cells 
fro111 a solid line block The rest of classes and their connectivities are easily inferred 
from the figure. 

This connection structure leads us to reduce d l  classes of Cells to a common 
structure that is depicted on b u r e  6. For each cell in the ~natrix we need to define 
two different functions: the even one and the odd one. A ~nultiplexer selects between 
results on even or odd branches depending on the present cycle. Also, to easily supply 
initial data to the circuit, we have included a second nlultiplexer for data sinchronous 
load. Finally, an Enable t em~nal  has been added to hold and start the evolution. 

If we fix the proposed architecture for all the classes of cells in the matrix, the only 
difference between classes is the way the neighbor cells are connected to the inputs of 
the eveuhdd functions. Table 2 summarizes these connections for each class of cells. 

Fig. 6. Common structure ol a cell. Each one supports two dillerent [unctions: the even one 
and the odd one 

Table 2. Connecti\rities lor all lour classes or cells in Margolus neighborhood. Nanes ol inputs 
are r e r e d  to the terminology stated in ligure 6 

Cell ae be ce de ao bo co do 
Class 
1 itself right down down- up- up left itself 

right left 
2 left itself down- down up up- itself right 

left right 
3 up up- itcelf right right itself down- down 

right right 
4 up- up left itself itself right down down- 
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3.2 Implemenlaiion and ResulLs 

This concurrent architecture was implemented on an ALTERA FLEXlOK FPGA. The 
logic syi~thesis was perfoi~ned usii~g LeonardoSpectiuin Versioi~ 2002b.21 from 
Exemplar Logic. Due to the fact that no memory was needed for implementing this 
design, VHDL could be used for the complete description, giving a complete device 
independence and allowing us to sinthesize on different fanilies, such as some from 
XILINX. The implementation and simulation was performed with ALTERA 
MAX+PLUSII. 

FLEXlOK Logic Cell contains a four-input look-up-table that is specially indicated 
for implementing one of the evenlodd functions. So, the co~nplete Cell showed in 
figure 6 needs 4 logic cells to be implemented: two for the two functions and two for 
the multiplexers and register. Only 9 additional LCs are needed to generate the 
control signals for the main design. 

Results of the inlplementations for a 8x8 matrix are the folowing: Circuit needs a 
total of 265 LC to be inlple~nented on a EPFlOK70RC240. This means only a 7% of 
the total LCs included in the device. In fact, the device containt 3744 LCs, that are 
enough to support matrix of size 30x303. The maxinlum frequency is 63.69MHz, that 
is clearly greater than that obtained in the sequential imnplenlentation. But the main 
advantage accomnplisl~ed is the way the circuit evolves: it updates the whole matrix in 
the same clock cycle, independently of the size. So, for any size of the array, the rate 
of evolutions per second is constant and equal to one clock period. 

It ia iirlportarlt to reinark that different FPGA structures car1 be evaluated for giving 
support to the presented implementation, some more appropriated to the structure 
shown. If we choose a XC4000 FPGA from XILINX we see that a CLB incorporates 
2 LUTs, reducing the number of CLB per cell to 2. However, it is known that an 
XC4000 CLB is 2,375 times greater than a FLEXlOK LC, so we selected a FLEXlOK 
device for our implementations. 

3.3 Comparison between implementations 

The two main differences between both strategies are evident from the given results: 
sequential implementation permits large matrix sizes, thus having the drawback of 
that the time per evolution increases linearly with the size of the matrix. On the other 
hand, concurrent inlplenlentauon is more adequated when time is a critical parameter, 
even though the sizes obtained are small. This could be indicated in some VLSI 
applications such as random number generation or BIST. 

In this caqe, design is not limited to sires ol Yx2. With this inplelnentation the only 
limitation, characteristical ol Margolus neighhorhood, is that size Innst be the quare ol an 
even nurnbcr. 
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4. Conclusions 

We have studied Margolus neighborhood Cellular Automata hoth its theoretical 
fountations and its applications. We have proposed a notation to give a number to 
specify completely a rule. This rule is easy to be constructed invertible or particle 
conserving. 

We propose two implementations for Margolus neighborhood Cellular Automata. 
one RAM based that allows large sizes but offers poor tinling characteristics as 
processing times increases linearly with memory size. Other imnplenlentation, that we 
call concurrent, gives support to much small systems in which time is a critical factor. 
performing a co~nplete evolution in only one clock cycle. 
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Abstract. In this paper we present a review and comparison of five
different algorithms for training a RBF network. The algorithms are
compared using nine databases. Our results show that the simplest
algorithm, k-means clustering, may be the best alternative. The results
of RBF are also compared with the results of Multilayer Feedforward
with Backpropagation, the performance of a RBF network trained with
k-means clustering is slightly better and the computational cost
considerably lower. So we think that RBF may be a better alternative.

1 Introduction

Perhaps, Multilayer Feedforward and Radial Basis Functions are the two most
employed neural networks in applications.

Comparing both neural networks, Radial Basis Functions (RBF) has the advantage
of fast training. Other aspect like the relative generalization capability and other
properties are not yet clear in the bibliography.

A RBF has two layer of networks (without considering the input units). The first
layer is composed of neurons with a Gaussian transfer function and the second layer
(the output units) has neurons with a linear transfer function. The output of a RBF
network can be calculated with equation 1.
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Where Cq,n
k are the components of the center of the Gaussian functions, σq

k control the
width of the Gaussian functions and wq

k are the weights among the Gaussian units and
the output units.
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As the equation 1 shows, there are three elements to design in the neural network,
the center and widths of the Gaussian units and the weights among the Gaussian units
and output units.

There are two different procedures to design the network. One is to train
simultaneously the centers, widths and weights in a full supervised fashion [1,2],
similar to the algorithm Backpropagation for Multilayer Feedforward. This procedure
has the same drawbacks of Backpropagation, long training time and high
computational cost.

The second is to train the networks in two steps. First we find the centers and
widths by using same unsupervised clustering algorithm and after that we train the
weights among hidden units and output units by a supervised algorithm. This process
is usually fast, and the most important step is the training of centers and widths
because for the weights the relation is linear and simple procedures like LMS can be
used.

Therefore, in this paper we will focus on this last type of unsupervised-supervised
algorithms.

In the bibliography there are many of these algorithms [3-7] and it is not clear their
relative performance because of a lack of comparison.

So in this paper we present a comparison of five of these algorithms.
The organization of the paper is as follows. In section two we briefly review the

training algorithms which are compared. In section three we present the experimental
results and we finally conclude in section four.

2 Theory

In this section, we briefly review the training algorithms which are compared.

2.1 Algorithm 1

This training algorithm is the simplest one. It was proposed in [3]. It uses adaptative
k-means clustering to find the centers of the Gaussian units. We successively present
an input pattern and after each presentation, we find the closest center and adapt the
center towards the input pattern, according to equation 2.

))(·()()1( ncxncnc −+=+ η (2)

Where x is the input pattern, c the closest center and η the adaptation step.
After finding the centers, we should calculate the widths of the Gaussian units. For

that, it is used a simple heuristic, we calculate the mean distance between one center
and one of the closets neighbors, P, for example, the first (P=1), second (P=2), third
(P=3) or fourth (P=4) closest neighbor.

We need a trial and error procedure to design the network because the number of
centers should be fixed a priori. In our experiments we have tried 10, 20, 30, 40 ,50,
60, 70 , 80, 90, 100 and 110 centers and for the widths we have used P=1, 2, 3 and 4.
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2.2 Algorithm 2

It was proposed in reference [4]. The clustering algorithm is the following:

1. Initially assign each training point to a unique cluster (K=1, �, C)
2. Select the first cluster.
3. Find any clusters of the same class.
4. Merge the two clusters and compute the new mean.
5. Compute the distance, dopp, from the new mean to the mean of the nearest

cluster of the opposite class.
6. Compute the distance from the new mean to the furthest point in its new

cluster, which we shall define as being the radius, R, of the cluster.
7. If dopp>α·R (α is a constant), then accept the merge in 4, and start again from

step 3, associating the current value of K with the newly created cluster, and
setting C=C-1. If this condition is not satisfied, reject the merge and recover
the two original clusters, then restart from step 3, but K and C remains
unchanged. Repeat steps 3 through 7 until all clusters are considered and then
change K=K+1.

8. Repeat steps 3 through 7, until K is finally equal to C.

After finding the centers by the algorithm, the widths are calculated. But in this
case, it is used a matrix Σ instead a single value for the widths. The equation of the
neural network for this case is in equation 3.
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The procedure for calculating these matrices is complex and should be looked for
in the reference.

2.3 Algorithm 3

This algorithm is proposed in reference [5]. However, we have slightly modified the
algorithm, in the original reference it is used a truncation for the Gaussian units and
non-RBF functions in the hidden layer. We have applied the algorithm without
truncation in the Gaussian units and with only RBF unit in the hidden layer.

Basically the algorithm is the following. The Gaussian units are generated
incrementally, in stages, by random clustering. Let k (=1,2,3, �) denote a stage of this
process. A stage is characterized by a parameter δ that specifies the maximum radius
for the hypersphere that includes the random cluster of points that is to define the
Gaussian unit, this parameter is successively reduced in every stage k (δk=α·δk-1, with
α in the range 0.5-0.8). The Gaussian units at any stage k are randomly selected in the
following way. Randomly select an input vector xi from the training set and search for
all other training vectors within the δk neighborhood of xi. The training vector are used
to define the Gaussian unit (the mean is the center, and the standard deviation the
width) and then removed from the training set. To define the next Gaussian unit
another input vector xi is randomly selected and the process repeated. This process of
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randomly picking an input vector xi is repeated until the remaining training set is
empty. Furthermore, when the number of points in the cluster is less than a certain
parameter β no Gaussian unit is created.  The stages are repeated until the cross-
validation error increases.

The algorithm is complex and the full description can be found in the reference.

2.4 Algorithm 4

It is proposed in reference [6].They use a one pass algorithm called APC-III,
clustering the patterns class by class instead of the entire patterns at the same time.
The APC-III algorithm uses a constant radius to create the clusters, in the reference
this radius is calculated as the mean minimum distance between training pattern
multiplied by a constant α, see equation 4.
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The algorithm is basically the following:

1. Select on input pattern and construct the first cluster with center equal to this
pattern

2. Repeat steps 3 to 5 for each pattern
3. Repeat step 4 for each cluster
4. If the distance between the pattern and the clusters is less than R0 include the

pattern in the cluster and recalculate the new center of the cluster. Exit the
loop 3.

5. If the pattern is not included in any cluster then create a new cluster with
center in this pattern.

The widths are calculated with the following heuristic: find the distance of the
center to the nearest cluster which belongs to a different class and assign this value
multiplied by β to the width.

2.5 Algorithm 5

This algorithm is proposed in reference [7]. However, we have slightly modified the
algorithm, in the original reference it is used a truncation for the Gaussian units and a
hard limiting function for the output layer. We have applied the algorithm without
these modifications of the normal RBF network.

The description of the algorithm is as follows. The Gaussian units are generated
class by class, so the process is repeated for each class. In a similar way to algorithm 3
the Gaussian units are generated in stages. A stage is characterized by its majority
criterion, a majority criterion of 60% implies that the cluster of the Gaussian unit must
have at least 60% of the patterns belonging to its class. The method will have a
maximum of six stages, we begin with a majority criterion of 50% and end with 100%,
by increasing 10% in each stage. The Gaussian units for a given class k at any stage h
are randomly selected in the following way. Randomly pick a pattern vector xi of class
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k from the training set and expand the radius of the cluster until the percentage of
patterns belonging to the class falls below the majority criterion, then the patterns of
class k are used to define the Gaussian unit (the mean is the center and the standard
deviation is the width) and are removed from the training set. When the number of
pattern in the cluster is below than a parameter, β, no Gaussian unit is created. To
define the next Gaussian unit another pattern xi of class k is randomly picked from the
remaining training set and the process repeated. The successive stage process is
repeated until the cross-validation error increases.

3 Experimental Results

We have applied the five training algorithms to nine different classification problems.
They are from the UCI repository of machine learning databases. Their names are
Balance Scale (BALANCE), Cylinders Bands (BANDS), Liver Disorders (BUPA),
Credit Approval (CREDIT), Glass Identification (GLASS), Heart Disease (HEART),
the Monk�s Problems (MONK�1, MONK�2) and Voting Records (VOTE). The
complete data and a full description can be found in the UCI repository
(http://www.ics.uci.edu/~mlearn/MLRepository.html).

The first step was to determine the appropriate parameters of the algorithms by trial
and error. For the algorithm 1 we have to fix the number of Gaussian units, N,  and the
parameter P. We have tried all combinations of P=1, 2, 3, 4 and N=10, 20, 30, �,
110. For the algorithm 2 we have to choose the value of parameter α, we have tested
the values 1, 1.25, 1.5, 1.75, 2, 2.25, 2.5, 2.75 and 3. In the algorithm 3 we have tested
all the combination of parameter β=3, 5, 8 and parameter α=0.5, 0.65, 0.8. For the
algorithm 4 we have used all the combinations of parameters β=5, 6, 7, 8 and
parameter α=1.1, 1.2, 1.3, 1.4, 1.5, 1.6, 1.7. In the algorithm 5 we have to choose the
parameter β, we have tested the values 3, 5, 8. The final selected values of the
parameters obtained by cross-validation for each database are in table 1.

As we can see from the results of the parameters, algorithm 3, 4 and 5 are rather
insensitive to the parameters.

After that, with the final parameters we trained ten networks with different partition
of the data in training, cross-validation and test, also with different random
parameters. With this procedure we can obtain a mean performance in the database
(the mean of the ten networks) and an error in the performance calculated by standard
error theory.

These results are in Table 2. We have for each database the mean Percentage in the
test and the mean number of clusters, i. e., the number of Gaussian units in the
network.
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Table 1. Selected values of the parameters

Balance Band Bupa Credit Glass Heart Monk1 Monk2 Vote
Clusters 30 60 10 20 100 100 90 90 40Alg. 1

P 4 2 3 2 1 1 2 2 4
Alg. 2 α 2.25 1.25 1 2 2 1 2.25 2 1

β 5 3 5 3 5 3 3 8 3Alg. 3
α 0.8 0.65 0.8 0.8 0.8 0.8 0.8 0.8 0.65
β 5 7 5 6 5 5 5 5 5Alg. 4
α 1.7 1.3 1.3 1.7 1.2 1.7 1.7 1.4 1.7

Alg. 5 β 5 3 3 3 3 3 3 3 5

Table 2. Performance of the different algorithms, Radial Basis Functions.

TRAINING ALGORITHM
Alg. 1 Alg. 2 Alg. 3 Alg. 4

DATABASE Perc. Cluster Perc. Cluster Perc. Cluster Perc. Cluster
Balance 88.5±0.8 30±0 68±6 395±0 87.6±0.9 88.5±1.6 88.0±0.9 94.7±0.5
Band 74.0±1.5 60±0 61±3 49±3 67±2 18.7±1.0 67±4 97.2±0.3
Bupa 59.1±1.7 10±0 54.3±1.9 17.8±0.3 57.6±1.9 10.3±1.5 60±4 106.2±0.3
Credit 87.3±0.7 20±0 83.7±0.8 418±0 87.5±0.6 95±14 87.9±0.6 161.10±0.17
Glass 89.6±1.9 100±0 78.2±1.2 111.5±1.3 79±2 30±2 82.8±1.5 59.9±0.7
Heart 80.8±1.5 100±0 63±3 12.6±0.7 80.2±1.5 26±4 72±4 71.8±0.6
Monk1 76.9±1.3 90±0 67±4 282±0 72±2 93±8 68±3 97.4±0.6
Monk2 71.0±1.5 90±0 73±2 282±0 66.4±1.7 26±4 66.5±0.8 143±0
Vote 95.1±0.6 40±0 61±5 11.9±0.7 93.6±0.9 53±5 94.1±0.8 120.30±0.15

Table 2. Continuation

TRA. ALG.
Alg. 5

DATABASE Perc. Cluster
Balance 87.4±0.9 45±7
Band 65.8±1.4 4.5±1.3
Bupa 47±3 11±5
Credit 86.4±0.9 32±4
Glass 81.2±1.8 22±2
Heart 78±3 10±2
Monk1 64±2 23±6
Monk2 71.6±1.5 20±2
Vote 76±5 5.0±1.1

The results of Table 2 show that the best training algorithm is the simplest, number
1. But it has the drawback of a great number of trials for the selection of parameters,
we should probe all the combinations of P and number of clusters and select the
appropriate combination by trial and error.

It is curious that the simplest algorithm provides the best generalization. Specially
in the case that algorithms 2, 3, 4 and 5 were proposed after algorithm 1. The
explanation is in the following paragraphs.
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The performance of algorithm 2 is rather low compared with algorithm 1. In the
original reference it was tested in only two classification problems. One artificial two
dimensional problem of two Gaussian distributions with overlapping and one artificial
eight-dimensional problem also of Gaussian distributions. The algorithm was
compared with what they call a standard RBF, but they build the RBF with a number
of Gaussian units equal to the number of training patterns. The expected
generalization of this procedure should be low.

In the results of algorithm 3 in the original reference. The test set was used at the
same time as cross-validation set. This is a non-standard procedure that can falsify the
results, in fact, in our experiments the cross-validation results are clearly better than
the test results. Furthermore, the algorithm was not compared with anyone.

The algorithm 4, was tested in only one character recognition problem and it was
compared with the k-means clustering in the original reference. But they do not
optimize the number of clusters of k-means clustering by trial an error. They just used
the same value obtained by APC-III (15 clusters per class) and this procedure is not
optimal for k-means clustering.

Finally, algorithm 5 was tested in the original reference in four artificial problems
of Gaussian distributions and four real problems, one of them heart. For comparison
we reproduced the results of the database heart. The k-means clustering got a
percentage of 63.64% clearly our results (80.8±1.5) is better, it seems we have tuned
the parameters better. The algorithm 5 got a percentage of 81.82% which nearly
similar to our results (78±3, taking in consideration the error).

In order to perform a further comparison, we include the results of Multilayer
Feedforward with Backpropagaion in Table 3.

Table 3. Performance of Multilayer Feedforward with Backpropagation

DATABASE Number of Hidden Percentage
BALANCE 20 87.6±0.6
BANDS 23 72.4±1.0
BUPA 11 58.3±0.6
CREDIT 15 85.6±0.5
GLASS 3 78.5±0.9
HEART 2 82.0±0.9
MONK�1 6 74.3±1.1
MONK�2 20 65.9±0.5
VOTING 1 95.0±0.4

We can see that the results of RBF with k-means clustering are slightly better. This
is the case in databases Balance, Bands, Bupa, Credit Glass, Monk1, Monk2 and
Voting. The only exception is database Heart where the result of Multilayer
Feedforward is slightly better. The most important difference is in database Glass,
where RBF obtains 89.6±1.9 and Multilayer Feedforward 78.5±0.9. Furthermore, the
computational cost is considerably lower. According to our results, RBF is a better
alternative than Multilayer Feedforward with Backpropagation.
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4 Conclusions

In this paper we have presented a review of five training algorithms for Radial Basis
Functions. The algorithms are compared using nine databases. Our results show that
the simplest algorithm, k-means clustering, may be the best alternative. The results of
RBF are also compared with the results of Multilayer Feedforward with
Backpropagation, the performance of a RBF network trained with k-means clustering
is slightly better and the computational cost considerably lower. So we think it is a
better alternative.
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Abstract. Training an ensemble of networks is an interesting way to
improve the performance with respect to a single network. However
there are several methods to construct the ensemble and there are no
complete results showing which one could be the most appropriate. In
this paper we present a comparison of eleven different methods. We
have trained ensembles of a reduced number of networks (3 and 9) be-
cause in this case the computational cost is not high and the method is
suitable for applications. The results show that the improvement in per-
formance from three to nine networks is marginal. Also, the best method
is called �Decorrelated� and uses a penalty term in the usual Back-
propagation function to decorrelate the network outputs in the ensemble.

1 Introduction

Perhaps, the most important property of a neural network is the generalization capa-
bility. The ability to correctly respond to inputs which were not used in the training
set.

One technique to increase the generalization capability with respect to a single neu-
ral network consist on training an ensemble of neural network, i.e., to train a set of
neural networks with different weight initialization or properties and combine the
outputs of the different networks in a suitable manner to give a single output.

It is clear form the bibliography that this procedure increases the generalization ca-
pability. The error of a neural network can be decomposed into a bias and a variance
[1,2]. The use of an ensemble usually keeps the bias constant and reduce the variance
if the errors of the different networks are uncorrelated or negatively correlated. There-
fore, it increases the generalization performance. The two key factors to design an
ensemble are how to train the individual networks to get uncorrelated errors and how
to combine the different outputs of the networks to give a single output.

Among the methods of combining the outputs, the two most popular are voting and
output averaging [3]. In this paper we will normally use output averaging because it
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has no problems of ties. Furthermore, in a previous comparative study it is shown that
averaging provides a reasonable performance [4].

In the other aspect, nowadays, there are several different methods in the bibliogra-
phy to train the individual networks and construct the ensemble [1-3], [5-10].

However, there is a lack of comparison among the different methods and it is not
clear which one can provide better results. We have only found a comparison in the
bibliography for the case of neural networks as classifiers [11]. This comparison is
performed on a large quantity of problems (23) but only four ensemble methods are
compared: simple ensemble, bagging, adaboost and arcing.

In contrast, in this paper, we present a comparison among eleven different methods
of constructing the ensemble in nine different databases.

The organization of the paper is the following. In section two we briefly describe
the different methods, in section three, we present the experimental results of the
comparison and finally we conclude in section four.

2 Theory

In this section we briefly review the different ensemble methods, a full description can
be found in the references.

2.1 Simple Ensemble

A simple ensemble can be constructed by training different networks with the same
training set but with different random initialization in the weights. In this ensemble
technique, we expect that the networks will converge to different local minimum and
the errors will be uncorrelated.

2.2 Bagging

This ensemble method is described in [5]. The ensemble method consists on generat-
ing different datasets drawn at random with replacement from the original training set.
After that, we train the different networks in the ensemble with these different datasets
(one network per dataset). We have used datasets which have a number of training
points equal to twice the number of points of the original training set, as it is recom-
mended in the reference [1].

2.3 Bagging with Noise (Bagnoise)

It was proposed in [2]. It is a modification of Bagging, we use in this case datasets of
size 10·N (number of training points) generated in the same way of Bagging, where N
is the number of training points of the initial training set. And we introduce a random
noise in every selected training point drawn from a normal distribution with a small
variance.
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2.4 Boosting

This ensemble method is reviewed in [3]. It is conceived for a ensemble of only three
networks. It trains the three network of the ensemble with different training sets. The
first network is trained with the whole training set, N input patterns. After this train-
ing, we pass all N patterns through the first network, using a subset of them, such that
the new training set has 50% of patterns incorrectly classified by the first network and
50% classified correctly. With this new training set we train the second network. After
the second machine is trained, the N original patterns are presented to both networks.
If the two networks disagree in the classification, we add the training pattern to the
third training set. Otherwise we discard the pattern. With this third training set we
train the third network.

In the original theoretical derivation of the algorithm, evaluation of the test per-
formance was as follows: present a test pattern to the three networks. If the first two
networks aggre, use this label, otherwise use the label assigned by the third network.
In addition to this voting scheme, we have use simple averaging of the outputs in our
experiments.

2.5 CVC

It is reviewed in [1]. In k-fold cross-validation, the training set is divided into k sub-
sets. Then, k-1 subsets are used to train the network and results are tested on the sub-
set that was left out. Similarly, by changing the subset that is left out of the training
process, one can construct k classifiers, which are trained on a slightly different train-
ing set. This is the technique used in this method.

2.6 Adaboost

We have implemented the algorithm denominated �Adaboost.M1� in the reference
[6]. In the algorithm the successive networks are trained with a training set selected at
random from the original training set, but the probability of selecting a pattern
changes depending on the correct classification of the pattern and on the performance
of the last trained network. The algorithm is complex and the full description should
be looked for in the reference. The method of combining the outputs of the networks
is also particular to this algorithm. We have use this method and the usual output av-
eraging in our experiments.

2.7 Decorrelated (Deco)

This ensemble method was proposed in [7]. It consists on introducing a penalty term
added to the usual Backpropagation error function. The penalty term for network
number j in the ensemble is in equation 1.

))·()(,(· ji fyfyjidPenalty −−= λ (1)
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Where λ determines the strength of the penalty term and should be found by trial
and error, y is the target of the training pattern and fi and fj are the outputs of networks
number i and j in the ensemble. The term d(i,j) is in equation 2.
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2.8 Decorrelated2 (Deco2)

It was proposed also in reference [7]. It is basically the same method but with a differ-
ent term d(i,j) in the penalty. In this case the expression of d(i,j) is in equation 3.
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2.9 Evol

This ensemble method was proposed in [8]. In each iteration (presentation of a train-
ing pattern), it is calculated the output of the ensemble for the input pattern by voting.
If the output is correctly classified we continue with the next iteration and pattern.
Otherwise, the network with an erroneous output and lower MSE (Mean Squared
Error) is trained in this pattern until the output of the network is correct. This proce-
dure is repeated for several networks until the vote of the ensemble correctly classifies
the pattern. For a full description of the method see the reference.

2.10 Cels

It was proposed in [9]. This method also uses a penalty term added to the usual Back-
propagation error function to decorrelate the output of the networks in the ensemble.
In this case the penalty term for network number i is in equation 4.

∑
≠

−−=
ij

ji yfyfPenalty )()··(λ (4)

Where y is the target of the input pattern and fi and fj the outputs of networks num-
ber i an j for this pattern.

The authors propose in the paper the winner-take-all procedure to combine the out-
puts of the individual networks, i. e. the highest output is the output of the ensemble.
We have used this procedure and the usual output averaging.

2.11 Ola

This ensemble method was proposed in [10]. In this method, first, several datasets are
generated by using bagging, with a number of training patterns in each dataset equal to
the original number of the training set. Every network is trained in one of this datasets
and in what it is called virtual data. The virtual data for network i is generated by
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selecting randomly samples for the original training set and perturbing the sample with
a random noise drawn from a normal distribution with small variance. The target for
this new virtual sample is calculated by the output of the ensemble for this sample
without network number i. For a full description of the procedure see the reference.

3 Experimental Results

We have applied the eleven ensemble methods to nine different classification prob-
lems. They are from the UCI repository of machine learning databases. Their names
are Balance Scale (BALANCE), Cylinders Bands (BANDS), Liver Disorders
(BUPA), Credit Approval (CREDIT), Glass Identification (GLASS), Heart Disease
(HEART), the Monk�s Problems (MONK�1, MONK�2) and Voting Records (VOTE).
The complete data and a full description can be found in the UCI repository
(http://www.ics.uci.edu/~mlearn/MLRepository.html).

We have constructed ensembles of a low number of networks, in particular 3 and 9
networks. We think that the ensemble methodology can be useful for an application if
the number of networks in the ensemble is low. Otherwise the computational cost (of
an ensemble with a high number of networks) would be high an the method impracti-
cal.

The first step was to determine the right parameters for each database, in the case
of methods Cels (parameter lambda of the penalty), Ola (standard deviation of the
noise), Deco and Deco2 (parameter lambda of the penalty) and BagNoise (standard
deviation of the noise). The value of the final parameters obtained by trial and error is
in Table 1.

With these parameters we trained the ensembles of three and nine networks. We re-
peated this process of training an ensemble ten times for different partitions of data in
training, cross-validation and test sets. In order to obtain a mean performance of the
ensemble for each database (the mean of the ten ensembles) and an error in the per-
formance calculated by standard error theory. The results of the performance are in
table 2 for the case of ensembles of three networks and in table 3 for the case of nine.

Table 1. Parameters for different ensemble methods

Cels Ola
Networks in
Ensemble

Networks in
Ensemble

3 9 3 9

Deco Deco2 Bag
Noise

Balance 0.1 0.1 0.5 0.5 1 0.6 0.1
Band 0.5 0.25 0.5 0.5 1 0.6 0.2
Bupa 0.75 0.1 0.5 0.6 0.8 0.2 0.1
Credit 0.1 0.75 0.6 0.6 0.2 0.2 0.7
Glass 0.25 0.1 0.3 0.2 0.6 0.6 0.2
Hear 0.5 0.25 0.3 0.4 0.6 0.6 0.4

Monk1 0.25 0.1 0.2 0.2 0.6 0.6 0.1
Monk2 0.1 0.1 0.6 0.6 0.4 0.8 0.1

Vote 0.5 0.75 0.3 0.3 0.4 0.6 0.1
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Table 2. Performances of the different methods for an ensemble with three networks

DATABASE
METHODBalance Band Bupa Credit Glass Hear Monk1 Monk2 Vote
Single
Network 87.6±0.6 72.4±1.0 58.3±0.6 85.6±0.5 78.5±0.1 82.0±0.9 74.3±1.1 65.9±0.5 95.0±0.4

Adaboost 95.9±0.5 73.1±1.4 72.4±1.7 85.8±1.0 92.8±1.6 81±2 70±7 79.0±1.8 95.6±0.7
Bagging 94.6±0.9 72.9±1.3 72.6±1.6 87.2±0.5 93.8±1.1 84.2±1.1 98.3±1.0 87±1.6 96.1±0.7
Bag Noise 90.6±0.7 76.2±1.0 64.4±1.5 86.7±0.6 81.0±1.2 82.9±1.2 98.6±0.9 89.1±1.7 96.6±0.5
Boosting 94.8±0.7 73.6±1.3 70.7±1.2 86.5±0.5 92.8±1.1 81.7±1.4 98.5±1.4 87±2 94.9±0.6
Cels 96.0±0.5 73.3±1.0 69.3±1.4 86.8±0.7 94.4±0.8 83.2±1.3 100±0 100±0 95.5±0.6
CVC 94.5±0.6 72.5±1.0 72.7±1.5 87.0±0.6 92.4±1.0 84.6±1.0 97.0±1.5 82.1±1.2 96.3±0.6
Deco. 96.6±0.3 86.6±0.7 72.5±1.4 86.6±0.7 94.6±0.8 82.9±1.3 98.9±1.1 90.0±1.6 95.9±0.6
Deco2 95.8±0.4 72.7±1.6 72.7±1.6 86.4±0.7 95.4±0.8 82.9±1.5 99.1±0.6 89.8±1.1 95.5±0.6
Evol 57±6 59±4 42.0±1.9 53.8±1.8 44±7 58±2 51.4±1.1 57±5 62±4
Ola 90.2±1.0 68±2 69±2 84.4±0.9 77±2 79.2±1.9 99.87±0.12 71.5±1.9 87.9±1.5
Simple.
Ensemble 95.8±0.7 73.5±1.2 71.9±1.4 86.3±0.8 93.6±0.6 82.9±1.3 98.6±0.9 90.5±1.1 95.6±0.5

Table 3. Performances of the different methods for an ensemble with nine networks

DATABASE
METHOD Balance Band Bupa Credit Glass Hear Monk1 Monk2 Vote
Adaboost 96.0±0.5 72.0±1.9 72.1±1.8 85.1±1.0 94±4 80.5±1.5 -- 82±2 95.4±0.6
Bagging 95.2±0.6 74.2±1.4 73.0±1.2 87.2±0.6 95.8±0.9 83.7±1.1 99.3±0.8 88.4±1.3 96.5±0.6
Bag Noise 90.9±0.8 74.4±1.6 65±2 87.1±0.5 81.8±1.2 82.9±1.1 98.6±0.9 91.5±1.4 96.5±0.6
Cels 95.7±0.6 72.2±1.4 72.3±1.2 86.4±0.6 95.8±0.8 82.9±1.4 100±0 100±0 95.9±0.7
CVC 95.5±0.6 74.5±1.4 72.3±1.1 86.8±0.8 93.6±0.8 83.2±1.3 99.3±0.8 89.8±1.2 96.1±0.7
Deco. 96.9±0.4 73.1±1.2 71.1±1.2 86.5±0.7 95.4±1.0 83.2±1.4 99.3±0.8 92.1±1.0 95.5±0.7
Deco.2 96.2±0.5 73.8±1.2 72.0±1.2 86.3±0.7 94.6±0.8 83.6±1.5 99.1±0.6 91.4±1.0 95.5±0.6
Evol 46±6 58±4 55±3 54±4 51±8 63±5 55±2 62±4 66±7
Ola 89.2±1.0 68.5±1.7 69.3±1.4 84.9±0.9 60±4 66.6±1.5 94±3 70.6±1.3 60.6±0.9
Simple
Ensemble 95.4±0.7 73.6±1.2 71.9±1.2 86.6±0.7 94.8±0.7 83.1±1.5 99.4±0.6 91.1±1.1 95.6±0.5

We also include in table 2 the performance of a single network for comparison.
As commented before, for ensembles Adaboost, Cels, and Boosting, there is a par-

ticular method to combine the outputs of the network and we have also used output
averaging. In tables 2 and 3 we have included the best results of these two methods of
combining the outputs, which are output averaging for Boosting and Adaboost. Also it
is output averaging for Cels except for the case of databases Monk1 and Monk2 in the
ensemble of 3 networks.

By comparing the results of table 2 with the results of a single network we can see
that there is a clear improvement by the use of the ensemble methods. The improve-
ment in performance of the simple ensemble ranges from 0.6% in database Vote to
24.6% in Monk2, so it is problem dependent.
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There is, however, one exception in the method Evol. This method did not work
well in our experiments. In the original reference the method was tested in only one
database, the database Heart. The results for a single network were 60%, for a simple
ensemble 61.42% and for Evol 67.14%. Comparing with our results, the results of
Evol are similar, but our results for a single network and a simple ensemble are clearly
better.

Comparing the results of the other ensemble methods with the results of a single
ensemble, we can see that the differences in performance are low.

Now, we can compare the results of tables 2 and 3 for an ensemble of 3 and 9 net-
works. We can see that the results are similar and the improvement of training 9 net-
works is marginal. Taking into account the computational cost, we can say that the
best alternative for an application is an ensemble of three networks.

We have also calculated the percentage of error reduction of the ensemble with re-
spect to a single network. We have used equation 5 for this calculation.

networkgle

ensemblenetworkgle
reduction PerError

PerErrorPerError
PerError

sin

sin·100
−

= (5)

The value ranges from 0%, where there is no improvement by the use of a particu-
lar ensemble method with respect to a single network, to 100% where the error of the
ensemble is 0%. There can also be negative values, which means that the performance
of the ensemble is worse than the performance of the single network.

This new measurement is relative and can be used to compare more clearly the dif-
ferent methods. In table 4 we have the results for each database and method.

We have also calculated the mean of the percentage of error reduction across all the
databases, which is in the last column. This value can be seen as a global mean per-
formance of the method across all databases. According to this mean percentage the
best method is �Decorrelated� and the second �Cels�. Also, there are only four meth-
ods which perform better that the simple ensemble.

Table 4. Percentage of error reduction with respect to the single network for ensemble of 3
networks

DATABASE
METHOD BalanceBandBupa Credito Glas Hear Mok1 Mok2 Vote Mean
Adaboost 66.9 2.5 33.8 1.4 66.5 -5.6 -16.7 38.4 12 22.1
Bagging 56.5 1.8 34.3 11.1 71.2 12.2 93.4 61.9 22 40.5
Bag Noise 24.2 13.8 14.6 7.6 11.6 5 94.6 68.0 32 30.2
Boosting 58.1 4.3 29.7 6.3 66.5 -1.7 94.2 61.9 -2 35.3
Cels 67.7 3.3 26.4 8.3 74.0 6.7 100 100 10 44.0
CVC 55.6 0.4 34.5 9.7 64.7 14.4 88.3 47.5 26 37.9
Decorrelated 72.6 51.4 34.1 6.9 74.9 5 95.7 70.7 18 47.7
Decorrelated2 66.1 1.1 34.5 5.6 78.6 5 96.5 70.1 10 40.8
Evol -246.8 -48.6 -39.1 -220.8 -160.5 -133.3 -89.1 -26.1 -660 -180.5
Ola 21.0 -15.9 25.7 -8.3 -7.0 -15.6 99.5 16.4 -142 -2.9
Simple
Ensemble 66.1 4.0 32.6 4.9 70.2 5 94.6 72.1 12 40.2
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Finally, we think that, perhaps, the differences among the different methods will
become more important for ensembles of higher number of networks. For example, in
reference [2] the ensembles were of 40 networks. As we pointed out before, we think
that such ensembles are impractical for applications due to the computational cost.
Anyway, a future research will go in this direction.

4 Conclusions

In this paper we have presented a comparison of eleven different methods to construct
an ensemble of networks, using nine different databases. We trained ensembles of a
reduced number of networks, in particular three and nine networks, because in this
case the computational cost is not high and the method is suitable for applications.
The results showed that there is a clear improvement by the use of the ensemble meth-
ods. Also the improvement in performance from three networks in the ensemble to
nine networks is marginal. Taking into account the computational cost, an ensemble of
three networks is the best alternative. Finally, we have obtained the percentage of
error reduction with respect to the performance of a single network and the mean
value of this quantity over all databases. According to the results of this measurement
the best methods are �Decorrelated� and �Cels� and there are only four methods
which perform better than the simple ensemble.
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Abstract. This work presents a flexihle reconfigtmble approach to a hio- 
inspired spiking neuron. The mnain objective of this contribtrtion is to evaluate 
h e  silicon cosl of the implementation of time-dependent conduaances in 
spiking neumns. The design presented here has heen defined using a high 
level Hardware Descriplion Language (HDL). This facilitales Lhe extraction 
of simnulation resulls, and h e  easy change of Lhe circuil. The paper discusses 
how different aspects of timne-dependent condtrctances can be particularized 
i i~  the circuit, and their hardware requupments. 

1 Introduction 

This work has been developed in the framework of SpikeFORCE [I]. This consor- 
tinm is composed by researchers with expertise in the fields of neurophysiology, 
computational neuroscience and hardware implementation. One of the goals of the 
consortium is to develop hio-inrpired comp~ttational primitives based on biological 
systems for motor control. In particular, one of the addressed topics is to study dif- 
ferent aspects of hiological neurons that can be implemented thro~tgh specific hard- 
ware and used for robot control. Different feahwes of biological synapses codd he 
taken into account: synaptic plasticity (learning rule), time-dependent post-synaptic 
conductivities, connectiodpropagation time latencies, etc. In this paper we focus on 
evaluating the hardware cost of implementing the titne-dependent post-synaptic 
conductivities through shifting registers. 

Spiking neurons are difficult to simulate efficiently through conventional cornpu- 
tational architectures (single processor platfonns) [2]; it is very time consuming and 
inefficient. Several spiking neurons hardware platfonns have k e n  developed in the 
last years [3, 41. Besides the interest of spiking neurons in the context of biologi- 
cally plausible simulations of neural processing schemes, their potential capabilities 
are also being shtdied in different application fields [S, 6, 7, 8, 9, 10, 111. 

In this paper we propose a hardware urlplern~entation or  a spiking neuron rnodel. 
We use Event Queue Matrices (EQM) for emulating the gadual injec- 
tiodsl~btraction of charge due to the time-dependent post-synaptic condllctance. We 
present a study of the cost of this feature in tenns of number of gates and computa- 
tion time. 

1. Mim (Ed.): IWANN 2003, LNCS 2687, pp. 145~152,2003 
@ SpringerVerlag Berlin Heidelberg 2003 



Biological synapscs injcct or subtract chargc during a timc intcrval following a 
time-dependent function modulated by the ion channels activated by specific neuro- 
transmitters. It is not clear yet if this timne-dependent feature represents a computa- 
tional useful resource or it can be just neglected, because it only shows a biology 
limitation in the speed that the ~ne~nbnne  potential can be modified by neurotnns- 
mitten. There are other hardware approaches that also include some variations of 
this feature [3, 12, 131. 

Section 2 introduces the neuron   nod el description and illustrates how EQM's of 
different accuracy lead to distinct output spiking tune signatures. Section 3 de- 
scribes the hardware implementation of the neuron, and finally, section 4 sunnna- 
rizes the conclusions. 

2 Neuron Description 

The neuron model schematic is shown in Fig. I 

d 
- 

Fig.1. Neuron schemalic. In each synaplic block is symbolized the Lime-dependenl conduc- 
tance filnction (F,) 

The neuron model is composed by the following blocks: 

a. Synap~ic cottlribuliott 
Each time that a spike reaches an excitatory (or inhibitory) synapse, the neuron 

membrane potential (V,) is affected by a charge injection (or subtraction) process, 
modulatcd by thc synapsc charactcristic function (F,,,,). This charactcristic function 
applies for the biological neumtnns~nitter driven ion channel apertures that are 
responsible of the Excitatory or Inhibitory post-synaptic conductances. 
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The rewill irlpul Iisloiy of il~e i~euroi~ is sioreed in order lo be able lo cornpule h e  
gradual d ~ , e  injectic>nlsubtrrctic>n process. This is done tlmugh an Event Queue 
Mvlatrix (EQM), irl which e x h  row litcm5 the last spikes arrived to each sjrtlapse. 
Therefore we need a TxK matrix, where T is the number of time steps considered 
for the synaptic characteristic function (F,,,,,), i.e. the gmdMl charge injec- 
tion/subtraction process. K is the number of synnpes of the neuron This matrix 
stomges only 0's (no spike =wived} and 1's (a spike arrived) and is shifted in each 
titw step. 

The membrane pterltial cc>tnputation (V,) is affected by the recent synaptic 
spikes follow~ing the expression (1 1. 

Each lilnc lllal a ncw spikc anivcs Lo a synapc, n 11cw CVCIIL ( I )  is addcd 011 thc 
Icl't p s i  tion of this particular synapse row4 This cwnt qucuc matrix is shiltcd right 
in cach timc stcp Thcrcrorc, thc synaptic contribution is trdnsrcmcd during soinc 
lime sleps, 3s h e  even1 evolves alorg h e  EQM For our lr~~l~leinen~a tion (Seclioi~ 3 j 
wc havc chosci~ an approxhnalcd f~mclion 10 1l1c OIIC prolwscd in [I41 (~prcscntcd 
in Fig. 2 ), 

Fig. 3. Rep14c<t:i~iatioi~ o l  P,, mmg dilrereni ~ L U ; U :  y lor 1lie iimndependei~i coi~dl~c~iu~ce. 
wid1 4 step (a), 8 steps (b) and 16 steps (cb. The cofltinuo~is lii~e follows the expression 
1 1 .;I), while Lhie bloch rep14est:n1 ille coi~di~cicu~ce\ a1 ihie dilTereni iiine-\le1>\ 01 th CQkI. 
Th?s? can he cnlcolat~d with the expreqrinn (2.13) 

W11ci-c F,,,, is tlc inaxirrmnl ol' tlc synaptic cfiiicicncy during thc injection 

/s~~btractioi~ process. L is die length (in time steps) ol the EQM and n tile tune steps 



clapscd since the spike arrived to the synapse. To concrete this synaptic function 
characteristic into a biological mnodel, we can take the example of a Deep Cerebellar 
Nuclei (DCN) [14] where the characteristic parameters of an inhibitow synapse for 

the cotnparative appromtnation are (F,,, =40 nS, -5 mr), being the rynaptic con- 

ductance expressed in nS. It tnust be noted out that expression (2.b) only approaches 
the form of eq. (2.a) when we take from the maximum of the synaptic efficiency to 
the 10% of it. Furthermore, expression (22) gives the synaptic conductance in terms 
of time steps, not time. Considering tune windows of the order of milliseconds as it 
is the case of the DCN, would require too many shifting and multiplying resources 
(depending on the clock rate of the circuit). 

b. Re.rtingpotentia1 
In the absence of external stimnli the tnembrane potential (V,) tends toward the 

resting potential (V,,,) due to the passive decay term expressed in eq. (3) 

c. Axon Hilloch: oulpul spihrs grneralion 
Whenever the membrane voltage (V,) reaches the firing threshold (V,,,) the Axon 

Hillock fires an output spike, Si(t) (eq. (4)), at the same time as V, is depleted to a 
post-spike potential n ~ i n i n ~ n n ~  valne (V,,,,). We do not introduce any explicit 
mechanism for the post-spike refractow period. 

Where t," are the time instants in which the f i n g  threshold is reached as ex- 
pressed in [14]. 

It can be seen in Fig. 3 how different input rates lead to exponential curves to- 
ward Esy, The titne constant of this evolution depends on the weight and the input 
rate. It can also be observed how the neuron evolves to the resting potential in the 
absence of input spikes. Fig. 4 further illustrates the neuron dynamics. 

The sitnl~lations shown in Fig. 4.b illustrate how neuron models taking into ac- 
count different EQM accuracies lead to different output spiking titnes Si(t). 
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Time steps 

Fig.3. Memhme potential evol~rtion @QM of 8 synapses and I6  time steps) of a neuron 
receiving different excitatory input rates until time step 800. The input spikes are randomly 
generated with a fixed prohahility. The neuron does not receive any input spike atla. the time 
step 800. only the passive decay term remains 

- - , < -- .- * . - - , -- - , = -- . < - - , , 1b 
~ . - ,  ~ - -  ~ - -  .-- 

, , 
i i 

('3) (b) 

Fig. 4. Neuron dynamics. (a) A neuron receives excitatory spikes (plots at the top). These 
inputs drive the memhrane potential (middle plot) to the f i n g  threshold three times hefore 
TI producil~g output rpiker (hottorn plot). Between TI and T2 the 11euron rtill receiver 
excilatory bpikes, but not enough Lo reach the firing Lhreshold. After T2, the passive decay 
term lads  V, to h e  reuing porential. (b) The plots correspond to the neuron membrane 
potential evolution using a 16 long EQM of 4 values (upper plot, approach illustrated in fig. 
2.a). 8 valires (middle plot, approach in Fig. 2.b) and 16 values (bouom plot, apprwach in 
Fig. 2.c) 



3 Hardware Implementation 

A complete neuron needs of different storage resonrces: 
0 Event Queue Matrix (EQM). It stores the recent story of the neuron (the re- 

cently received spikes). It can be implemented with a set of shifting registers. A 
single register for each synapse, the length of the registen depend the nu~nher of 
time steps that lasts F,,,,. This register set implements the matrix of expression 
(I). In each clock cycle the whole event matrix is shifted right. Each of its rows 
(events corresponding to a particular synapse) is mnltiplied by the charge contri- 
bution vector (that characterizes F,,,) and, finally, multiplied by the synaptic 
weight. 

0 Weight vector. The weight of each synaptic connection. These will be only 
modified by the learning rule. If learning is done off-line they can be considered 
constant. 

0 Membrane potential. The membrane potential of each neuron. 
0 Output value. This is just a bit that is driven to 1 each time that the firing thresh- 

old is reached, and zero during the rest of the tune. 

In the design presented here we can chose a hnction F,,, of different forms. for 
instance the one expressed in eq. (2) [I41 (represented in Fig. 2). Bnt other kinds of 
F,, could easily be implemented hecause we are using characterising LUTs for 
defining the time-dependent conductance form. 

The neuron model computations are: 
I. The whole EQM is shifted right and the new events are incorporated in the left 

position of EQM. This can he done through a set of shifting registers in parallel. 
2. Each row of the synaptic tnatrix tnnst be mnltiplied by the synaptic characteristic 

function (F,,,). All the events contributions are summed and the result is multi- 
plied by the weight. These operations can be done sequentially for each synapse 
in the neuron, or in parallel, implementing a specific circuitry for each synaptic 
contribution in each neuron. 

3. The resting contribution mnst also be computed. 
4. Finally, in order to compute the whole neural structure, each neuron can be com- 

puted sequentially, or in parallel replicating the circuit. 

In the chose approach, all the computations required to evaluate the state of a 
single neuron are done with some parallelism. These computations are: EQM shift- 
ing, new events charging, synaptic contribution computation for all the synapses 
(sequentially for each value of the Event row in the EQM). All the neurons are 
computed in parallel. Therefore, the size of the circuit grows up with the number of 
neural elements. 

In the following tables we present the unplementation characteristics. Each de- 
sign is evaluated with the lollowing parameters 

. Number of gates. 

. Number of slices (in a Xilinx device). 

. Computation tune. 

. Consumed ROM hits. 
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All thcsc panmctcrs havc bccn cxtmctcd using Handcl-C [15] as dcscription lan- 
guage and the DK1.l development environment. We use a RClOOO pmtotyping 
board [15] of Celoxica to evaluate and test the designs. This prototyping board in- 
corporates a Virtex-E 2000 Xilinx device [16] in which the different designs have 
been programmed. 

We have tested different neural structures. The design has been done in a very 
modnlar way, and therefore it is easy to change the ne~tral configuntion to be pro- 
grammed. In the examples in the tables below are presented some neunl structures. 

The designs described in Tables 1 and 2 allow a maximum global clock n t e  of 
15.5 MHz. As the EQM length is increased it is shown (Table 1) how the number of 
required gates per neuron grows up. The computation time also increases because 
the system compntes the synaptic contrihntion sequentially for each valne of the 
Event row in the EQM. We see how as the number of neurons grows the number of 
required gates grow (Table 2). The computing time of neural structures of more 
elements would be the same, provided that all the neunl elements are computed in 
parallel. 

Table 1. Imple~nentation cost and computing time of 2 neurons with different EQM lengths 

EQM Number of Number Computing ROM memory resources 
length gates Slices time 

(microseconds) 
4 117.704 7331 2.19 4 bloclis of 16x1 
8 118.951 7410 2.97 8 blocks of 16x1 
16 120.932 7564 4.52 8 blocks of 16x1 

Table 2. Imple~nentation cost with different nunher of neural elements (EQM length: 16 
posilions) 

Number of Neurons Number of gates Number Slices ROM memory resources 
2 120.868 7563 6 blocks of 16x1 
4 130.805 8477 6 blocks of 16x1 
8 163.825 11449 6 blocks of 16x1 

4 Conclusion 

We have presented a reconfigurahle itnplementation of a spiking neuron that 
incorporates pnst-synaptic time-dependent conductances. We illustrate the 

- 

behaviour of the model and how different synaptic chancteristic functions ( F ,  ; 
affect the nenron firing times. We estimate the silicon cost of this feahtre presenting 
different neuron implementation with different EQM lengths to evaluate the 
coinputatioi~al time aid the resources reqniiements. The synaptic time-dependent 
conductances are normally simplified in most spiking models because its simnlation 
is very time consnrning. In this contrihntion we evaluate the hardware reqnirernents 
of this feature using a shifting registers approach. The Spike Response Model [I41 
that inclndes this synaptic characteristic is of special interest for synchronization 



this synaptic chanctcristic is of spccial intcrcst for synchronization proccsscs [14, 
171. The presented appmach does not use event-driven sunulation schemes [IS], 
therefore it is only of interest for very active neuron structures or  for real-time con- 
troVpmcessing. 
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Abstract. Based on the utilitarian navigation concept, the paper intro-
duces a recurrent neural network for the search of sensory sources by a
mobile robot. First, a utility function for sensory-based search is de�ned
and a dynamic optimization process is obtained. Next, a bio-inspired
neural model of sensory-motor coordination is proposed. The paper ana-
lyzes the proposed motor neural circuit in more detail, using a dynamic
model of the respective motor neurons. Experimental results con�rm the
viability of the recurrent neural model for implementing sensory-based
search by a mobile robot.

1 Introduction

The perception-planning-action cycle, or PPA for short, is a consolidated para-
digm for the design and implementation of autonomous robotic systems [1]. In
fact, the PPA cycle is a basic principle of the symbolic approach to arti�cial in-
telligence (AI), so that the \brain" of the robotic system designed according to
this principle can be viewed as a symbol crunching processor [2]. Under the PPA
umbrella, the interaction between the robot and the environment is characterized
by a double transformation: (1) from perception of sensory data coming from the
environment to symbols in the robot memory and processors and (2) from pro-
cessed symbols within the robot to physical actions in the environment, closing
the PPA cycle again.

Over the last few decades, the symbolic approach to AI has received severe
criticism from di�erent perspectives; mainly, from connectionism and from the
so-called dynamic approach to cognitive processes [3{5]. The roots of these crit-
icisms are philosophical, as they are based on the claim that animal and, in
particular, human intelligence is not based on symbolic processing. However,
most of the connectionist neural models can be considered as being not too far
removed from symbolic computation [6]. An exception are the biologically ori-
ented neural models, in which the sensory signals entering the neural network

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 153-160, 2003. 
c Springer-Verlag Berlin Heidelberg 2003



are not transformed into symbols, and the e�erent signals are directly converted
into physical actions (usually, physical movements). The dynamical systems ap-
proach to AI, which can be considered very akin to what is known as arti�cial life
(AL), is non-symbolic computation, as the acting variables representing physical
entities dynamically evolve according to speci�c mathematical equations. These
variables are not symbols of real entities, but the numerical representations of
those entities. De facto, the non-symbolic connectionist models can be inter-
preted as dynamic systems based on direct, non-symbolic, representations of the
external world.

In our opinion, another essential drawback of the symbolic approach to
robotics is that it is intrinsically static. A robot interacting with a physical en-
vironment is eminently a dynamic system and, therefore, the above-mentioned
double transformation of signals-symbols-signals and the strictly dicrete-time
computation of the symbols are virtually insurmountable obstacles for real-life
robotic applications.

In this paper, we present a method for sensory source search by an au-
tonomous robot. The method is based on the utilitarian navigation concept. We
also introduce a bio-inspired recurrent neural network for the implementation of
sensory search.

2 Utility Functions Optimization and Sensory Search

In [7] and [8], we introduced the concept of utilitarian navigation, a novel tech-
nique aimed at solving the low-level or local navigation problem in the sensory-
motor coordination of autonomous robots. Utilitarian navigation formalizes the
navigation of a mobile robot as a functional optimization problem, which makes
it possible to unify two basic skills of any physical autonomous agent like a mo-
bile robot: obstacle avoidance and sensory source search and evasion. From this
utilitarian perspective, the basic navigation activities of collision avoidance and
sensory search or evasion are performed as a consequence of the optimization of
some utility or performance indices. Brie
y, at the local level, the robot's basic
movements are driven by the maximization or minimization of utility functions
computed by the robot sensors.

We also demonstrated that the well-known arti�cial potential �eld (APF)
method can be derived from our utilitarian concept and, furthermore, we devel-
oped a much simpler mechanism for dynamic obstacle avoidance. A very intuitive
and direct way to illustrate the idea of utilitarian navigation is the sensory source
search problem, in which the purpose of the robot is to reach the sensory source
as eÆciently as possible. Now, let us suppose that our robot is equipped with two
symmetrically placed sensors as shown in Fig 4. An optimal kinematics should
allow the robot to almost instantaneously turn around its vertical axis |centered
at coordinates (x; y)| in such a way that its dynamic equations should be

_x = v cos � ; _y = v sin � ; _� = _�
xk+1 = xk + TS v cos �k ; yk+1 = yk + TS v sin �k

(1)
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where TS is the sampling period. Trajectory execution is extremely simple for
this holonomic robot, as the steering angle can almost instantaneously be made
equal to the desired orientation. Of course, the problem is trajectory generation;
i.e., the computation of the desired orientation at each instant. In the sequel, we
tackle this problem from the utilitarian approach.

3 A Bio-Inspired Model for Sensory Search

Using the same concept of utilitarian navigation, let us introduce an utility
function based on the di�erence between the two sensor readings

J(x; y; t) =
1

2
[Il(x; y; t)� Ir(x; y; t)]

2 = J(�; t) (2)

where Il and Ir are the left and right sensor readings, respectively.
Due to the symmetrical structure of the sensors, it is straightforward to

deduce that the optimal robot orientation, as regards the search of the sensory
source, is the performance index minimum. Therefore, the optimal dynamics of
the robot's control variable �(t) is

_� = ��
@J

@�
(3)

which leads, in the discrete-time domain, to the well-known di�erence equation
of gradient-based minimum search

�k+1 = �k � �
@J

@�

����
(xk;yk)

(4)

where � is a very tricky scaling factor that modules both the speed and the relia-
bility of the control trajectory towards the optimum equilibriumpoint J(x; y; t) =
0, which, theoretically, represents the situation in which the robot orientation
coincides with the sensory source; i.e., Il(x; y; t) = Ir(x; y; t).

The conceptual block-diagram of our utilitarian robot in search of sensory
sources is depicted in Fig. 1. Basically, the robot action is modelled as the rate
of change of its heading position or steering angle, �(t), which is, in turn, driven
by the minimization of a sensory-based utility function J , as determined by
expression (3).

It can be straightforwardly demonstrated |see Fig. 1b| that this utilitarian
strategy coincides with a pure proportional control law for the case in which the
performance or utility function is quadratic and a priori known:

J(�) =
1

2
(�� �opt)

2
�

1

2
(�� �d)

2
(5)

As, in this case, we get

_� = ��
@J

@�
= ��(�� �opt) (6)
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Fig. 1. Block-diagram of the utilitarian robot searching sensory sources. The equivalent
conventional feedback loop is shown in (b)

which produces stable robot dynamics towards the optimum steering angle �opt.

Additionally, as _� = _�, it means that the robot orientation coincides with the
optimum steering angle.

For real-life situations, however, a priori known performance indices are out
of question. In fact, the robot must discover the existing sensory sources by itself
with the aid of its sensors alone. In summary, the function J(�) is, by its very
nature, dynamic and unknown, and the robot searches the optimum orientations
guided by the instantaneous gradient of the utility function, which, in turn, is
based on the sensory information emitted by the source.

Having established the basic algorithm for the sensory search task, let us now
introduce a recurrent neural network to materialize the sensory search.

4 A Recurrent Neural Network Implementing the

Sensory Search

Fig. 2 reproduces the schematic neural model that we propose to implement the
sensory search based on utilitarian navigation.

In our model, the sensory neural groups SNGl and SNGr provide the sensory
data collected at the physical sensors Sl and Sr, respectively. This information
is processed in the motor cortex as, basically, an estimation of the di�erence
or the gradient of both sensor measurements, giving rise to the signals sent
towards the spinal cord, in which we have considered a neural circuit based on
two motor neurons MNl and MNr that codify the two control actions _�l and
_�r, respectively. We have added two interneurons to guarantee the activation
of a single motor neuron at each instant. Needless to say, we are using these
neurophysiological terms in a metaphorical sense. It is interesting to note that,
in our model, the motor neuron output codi�es the control action or movement
speeds, rather than absolute positions. This is a very important feature to be
discussed further on.

In this paper, we shall focus our interest on the motor neuron dynamics,
so that we shall consider the sensory neural groups and the sensory cortex as
functional black boxes that provide the input information needed by the motor
neural circuit to control the robot navigation towards the sensory source.
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Fig. 2. Block-diagram of an arti�cial neural model to embody the utilitarian sensory
search

We are going to use the simplest realistic formal model for a single motor
neuron, [9] and [10], based on the �ring rate of the axon, y(t), as a continuously
time-varying function of the neuron activity given by its membrane potential,
v(t). More exactly, the �ring rate will be approximated by a sigmoid function,
y(t) = �[v(t); vh], where vh is the threshold level. The dynamics of a single motor
neuron is, then, given by the linear di�erential equation

_v(t) = �
1



v(t) + v0 +

X
i

!ixi(t) (7)

where v0 is the equilibrium state or resting level of the membrane potential; xi(t)
are the �ring rates of the synapsis entering the neuron and !i their respective
synaptic weights. The parameter 
 is the time constant controling the neuron's
trajectory towards its resting potential. Fig. 3 reproduces our proposed motor
neural circuit.

For simplicity's sake, Fig. 3 only shows the part of the motor neural circuit
for the left motor neuron, the other one being very similar. In this circuit, we
have considered a single synapsis entering the motor neuron, so that the dynamic
equations of each motor neuron are

_vi(t) = �
1



vi(t)� vi0 � �i

@J

@�i
; i = l; r (8)

The activation function �(:) is assumed to be a continuous, di�erentiable
function. A frequently used activation function, as mentioned above, is the lo-
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Fig. 3. Part of the proposed motor neural model and its connection with the environ-
ment

gistic or sigmoid function

yi(t) = �(vi + vih) =
1

1 + e�(vi+vh)
; i = l; r (9)

where, again, vh is the threshold potential. As previously mentioned, the robot's
�nal movement is codi�ed by the �ring rate y(t):

_�i(t) = kyi(t) = k� [vi(t) + vih] ; i = l; r (10)

Then, we can rewrite equation (8) as

_vi(t) = �
1



vi(t) + vi0 � �0i

_J(t)

vi(t)
; i = l; r (11)

In the simplest case of a linear activation function, y(t) = kv(t), we get the
following nonlinear equation for each motor neuron:

_v(t) = �
1



v(t) + v0 � �0

_J(t)

v(t)
(12)

which can be straightforwardly analyzed. So, for _J = 0 the membrane potential
v(t) tends towards its resting level, at which value the motor neuron will stop
�ring and, therefore, _� = 0 holds. For _J > 0 |i.e., the steering angle is moving
away from the optimum direction| the negative term ��0 _J=v will decrease v(t)
in such a way that the steering angle will turn towards the optimum orientation
again. Inversely, for _J < 0, which is also equivalent to moving away from the
optimum orientation but in the other direction, the positive term ��0 _J=v will
now increase the membrane potential and, consequently, the steering angle will
start to change its orientation towards the optimum.

If we consider the dynamics of the robot-environment couple from the con-
trol variable standpoint, after some computation, we �nally get the following
equation:

��+
1



_� = k0v0 � �0

@J

@�
(13)
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which, obviously, includes the motor neuron dynamics. Note that the neural
circuit has transformed the pure utilitarian �rst-order equation (3) into a second-
order equation in the control variable �(t).

The autonomous solution given by the characteristic equation is

�(t) =
h
�(0) + 
 _�(0)

i
� 
 _�(0) e�t=
 (14)

which guarantees the stability of the unforced dynamics. The forced solution is
composed of a constant term proportional to the resting potential |i.e., the term
that makes the robot stop at _� = 0| and an environment-dependent term given
by��0 @J@� . As discussed earlier, the latter term drives the control variable towards
the optimum orientation, which corresponds to the utility function minimum.

In conclusion, the proposed recurrent neural network behaves in such a way
which guarantees that the control variable of interest, �(t), converges to the opti-
mum orientation, given by the minimum value of the sensory-based performance
index (2). In Fig. 4, we present di�erent trajectories, in which the robot always
�nds the optimum orientation. We have considered di�erent sensory functions
and di�erent initial robot orientations towards the sensory source.

Fig. 4. Experimental sensory search results with the robot using the neural model for
sensory-motor coordination. Note the two symmetrically placed sensors

5 Concluding Remarks

We have introduced a recurrent neural network for implementing the sensory
search task of a mobile robot. We have used the idea of utilitarian naviga-
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tion, in which the robot is under a continuous drive to optimize performance
or utility functions. To this aim, we have de�ned a utility function to evaluate
the robot's orientation towards the sensory sources. The implementation of the
robot search is based on a recurrent neural network that performs the appropi-
ate sensory-motor coordination. Finally, we have presented experimental results
demonstrating the viability of the neural model to materialize the sensory search.
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Abstract. Given that a robot is no more than a Knowledge-Based-
System taking control of the interaction with the environment of a phys-
ical platform with sensors and e�ectors, it seems natural to integrate
the tasks and methods used in Autonomous Robotic (AR) in the broad
�eld of Knowledge Engineering (KE). This is the global objective of this
paper. We illustrate the approach from a situated perspective. That is,
for a speci�c class of robots in a speci�c class of environments. The usual
methodology in KE is applied to model, operationalize and implement
the inferential schemes corresponding to the endogenous modeling of the
environment and the navigation tasks. The paper ends with the contri-
butions to a robotic ontology, emerged in the modeling phase.

1 Introduction and Problem Statement

The genesis of this work cames from the detection of the apparent disparity
between the methodological developments of the Knowledge Engineering (KE)
and the proposals presented in parallel within the �eld of the Autonomous
Robotics (RA). While in KE we talk about generic tasks, problem-solving meth-
ods (PSM's) and inferential schemes, in AR the equivalent terms are robotic
architectures, sensory and motor functions, modeling of the external environ-
ment, planning and control. Both �elds use symbolic, connectionist and hybrid
PSM's to decompose (solve) those previously mentioned tasks, to end both using
also the same libraries of formal tools to operationalize the di�erent primitive
inferences, by means of which we have decomposed the tasks. It seems then log-
ical to integrate both �elds (KE & AR) by creating a common ontology and
describing how the present methodological developments in KE can be used to
model, operationalize and program AR applications.

Since the introduction in 1981 of the knowledge level (KL) by Newell [11], and
the equivalent �theory of calculus� by Marr [9], it is generally accepted that the
main task in KE is �rst modeling knowledge of tasks and PSM's at the KL, and
in the domain of the observer external to the computation, and then to rewrite
formally the computable part of these models. Underlying all this methodological
trend is the distinction between two types of knowledge: (I) Knowledge of tasks,
PSM's and control structures, that can be reusable in di�erent applications. (II)
Domain speci�c knowledge, characteristic of each application domain. Again, a
part of this domain knowledge can be reusable by means of ontologies.
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This methodological tendency started with the proposals of Clancey [3] and
Chandrasekaran [2] and is represented in CommonKADS [1] and Protégé in its
functional orientation and in the object oriented perspective by languages such
as UML, reinforced recently by the success of standardized languages in web, as
HTML and XML. Special mention deserves the attempt to develop ontologies
description languages such as DAML+OIL [5,7,4], which has evolved up to the
OWL language [10]. This enables us to reach a certain consensus on ontologies
and, also, on the basic components of reasoning while reducing at the same
time the development period and increasing the explanatory capacity and the
knowledge acquisition ability. There have been some attempts to build speci�c
ontologies for robotics but their results are still very general and, consequently,
scarcely reusable.

If we look now at the AR, we observe that an important part of its com-
putational developments are linked to unique implementations (at physical and
symbol levels), in an attempt to develop di�erent languages for robot program-
ming. Because of this uniqueness, a great part of these results cannot be used
again when we change the task and/or the robot platform and/or the environ-
ment. Thus it is not easy to repeat experiments, reuse architectures and, at
the end, to have available proper computational tools for the validation and
evaluation of knowledge models and its implementation.

We therefore believe that AR should look at the KE to contribute in the
building-up and use of a common methodology, a library of PSM's and a do-
main ontology. We must keep in mind that, at the end, a robot is no more than a
Knowledge Based System (KBS) on top of a physical platform with sensors and
e�ectors. Consequently, we can also make the distinction between two types of
knowledge in RA: (I) Knowledge on generic robots performing tasks of Percep-
tion (P), Decision (D), and Navigation (N) in generic environments of a certain
family, and (II) knowledge on speci�c robots performing (P, D, N) tasks in a
speci�c environment. A summary of both types of knowledge is included in an
ontology for AR.

The rest on the work reported in this paper is organized as follows. In sec-
tion 2 we describe a generic wheeled robot. Section 3 summarizes the task of
endogenous modeling of the external environment and includes the inferential
scheme of a simpli�ed version of the �zone characterization subtask�. Then, we
describe the navigation task and the set of recurrent abstractions, that enable
us to rewrite a substantial part of the behavior planning tasks in terms of a
common set of graph-search subtasks. We conclude with some comments on the
implementation.

2 Ontological elements of a wheeled robot

Analyzing the di�erent groups of sensors and e�ectors most frequently used in
AR, we can observe that practically all sensors include motors as components
for the sensor orientation task, and also the motors include sensors as compo-
nents for the robot proprioception task. This duality enables us to abstract an
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Knowledge Engineering (KE) Architectures for Robots (AR)
(Knowledge-Based Systems, KBS) (Robotic Systems = KBS+Platform)

Generic Tasks (analysis, modi�cation, Generic Robots (wheeled class ... )
synthesis), PSM's, Primitive Inferences, Generic Environments (2D)

Input and Output Roles Perception & Navigation Tasks,
PSM's, Inferences ...

Domain Ontology Robotic Ontology
(Hierarchies of entities and relations)

Table 1. Correspondence between KE and robotic architectures (RA)

ontological element, the �sensory-motor group�, which can be used to describe
groups of sensors with self movement as well as groups of motors with sensory
proprioception. In a recursive manner, this generic element can de�ne all the
hardware of a wheeled robot.

A �sensory-motor-group� is de�ned by its composition (sensors, e�ectors and
groups) and by the state of movement, which includes the values of position,
velocity and acceleration of the group in relation with the father group in the
hierarchy. From this point of view, the motors in charge of providing the move-
ment of a group does not belong to this group as e�ectors but as attributes.
Associated to these groups there are functions of con�guration, initialization,
data request and ordering of movements. From the description of these sensory-
motor groups in DAML+OIL [5,7,4] we have extracted the following entities for
the ontology:

Classes: robot components, sensory-motor groups, sensors, e�ectors.
Properties: horizontal-�eld, vertical-�eld, is-composed-by, initialization, reading,

magnitude, movement, position, type, maximum-value, minimum-

value.

Figure 1 shows the hierarchy of classes in the ontology and the edition in OilEd
(DAM+OIL) of the �sensory-motor group� class.

3 The external environment endogenous modeling task

This task can be considered as the incremental design of an adaptive graph. The
nodes of this graph will store �regions of the space� and the arcs represent the
�state of the connectivity� between these nodes [8,6]. To represent these regions
we use polygonal curves centered on the robot position, which we have called
�open space polygons�. Regions described in this endogenous way are essentially
di�erent as described by an external observer and a correspondence has to be
established between these two descriptions (internal and external) to model and
program speci�c navigation tasks. Given that the number of vertex of these poly-
gons is not limited, the endogenous approach enables us to model and program
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a) b)

Fig. 1. a) Hierarchy of classes in the ontology. b) Edition in OilEd of the �sensory-
motor group� class.

a virtual expansion of the receptive �eld, updating more vertex than real sen-
sors has the robot. Thus, sensory resolution can be improved and some lesion
tolerance is intrinsic.

In addition to the position of each one of the polygon vertex, the frame node
also stores information concerning the �center of areas� (invariant under small
translations and local rotations), and the �zones of the polygon� that satisfy
certain characteristics. These characteristics are used to recognize the possibility
of access to other contiguous areas of open space. These zones are de�ned by
means of concavity measures (wideness and depth of zone)

The contributions to the ontology of this topological and metrical approach
to the build up of an endogenous model of the environment are:

Classes: Graph, node, arc, polygon, obstacle, vertex, center-of-area, zone.

Properties: Wideness-of-zone, depth-of-zone, concavity, visited-zone-status.

These entities of the domain knowledge play di�erent input and output roles in
the inferences by means of which the environment-modeling task can be decom-
posed. A more formal description of this task is the �construction and up-dating
of a graph� and the following subtasks are considered: Sensory data adaptation,

vertex extraction, polygon modi�cation, zone characterization, nodes connection

and comparison, and map-composition. To illustrate the decomposition process
we show in �gure 2 the inferential scheme corresponding to the subtask �zone
characterization�. The inferences �evaluate� and �compose� are primitives [1]
and, consequently, we only need knowledge of each speci�c domain to make
them operational.
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a)

EVALUATE wide of
zone

Expression

EVALUATE deep of
zone

Expression

COMPOSE zonezone
position

zone
label

b)

Inference Static role type Dynamic role Ontology elem.

evaluate wide In zone label name

of zone In zone position position

calculus Out wide of zone number

evaluate Deep In zone label name

of zone In zone position position

calculus Out deep of zone number

compose In wide of zone number

In deep of zone number

In zone position position

Out zone zone

Fig. 2. (a) Inferential scheme of the �zone characterization� subtask. (b) Summary of
static and dynamic roles and their relationship with ontology's elements

4 Navigation task

To describe the navigation task we have to consider the restrictions imposed
by the speci�c robot class (wheeled, in this case) and the speci�c model of the
environment. This model imposes the following conditions:

� Each task starts with an empty map (a graph with only one node in which
the robot is situated). From this node we have available all the zones of
passage to non-visited nodes, which will constitute the arcs of the graph, if
con�rmed.

� From this initial node, the robot builds-up a topological map, adding new
nodes or modifying or deleting old ones, when moving.

� The robot movement is in charge of a low level control, performing simple
trajectories from the actual position to the center of area of the region and
vice-versa, according to the selected �mode of movement�.

� A supervision subtask sends to the low level control the information needed
to select, calculate and correct these simple trajectories. This supervision
subtask uses the status of the topological map as input information to eval-
uate the command that, in the current node, has to be sent to the low level
control.
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The status of the map-graph in each time interval consists of the set of visited
nodes, along with the arcs that connect these nodes each to other or with other
potential nodes still not visited. Thus, the endogenous model (the graph) is
adaptive, and always un�nished, to embody structural changes consequent with
the changes introduced in the external environment. Metric information is used
to con�rm or reject the potential equality (or di�erence) between two nodes,
which topologically appears as di�erent (or equal), �gure 3.
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Fig. 3. Graph update. The robot enters zone 4 coming from zone 3. Then, after �con-
sidering� the topological properties of zone 4 �decide� to continue with the pathway
(case a) or to prune and rebuild the rest of the graph (case b).

With these requirements ful�lled, any navigation task can always be reduced
to search strategies in a graph (mainly �depth-�rst-search�). These strategies are
used to select subgraphs (pathways) that correspond to the robot navigation
trajectories in the real environment. Later, these pathways are decomposed in
terms of low level commands. Target navigation, surveillance tasks and auto-
matic sweep of large surfaces are, among others, some of the global tasks of nav-
igation, which can be reformulated in terms of search algorithms. Consequently,
we can identify a set of common subtasks at an intermediate level between the
main behavior planning task and the low level control systems. Some of these
subtasks are also reused in others, as shown in the dependency diagram of Fig.
4. We will give here a brief informal description of them. The decomposition in
other subtasks and inferences is very easy and clear due to the mainly algorithmic
nature of these subtasks.

� {ST0} �Adjacent node path� : This subtask is used to go from current
node to an adjacent node (known or supposed). The supervisor sends the
low level set-point or preferred heading that is just the angle toward the
adjacent node.
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{ST0}
Adjacent
node path

{ST1}
Route

{ST2}
Exploration

{ST3}
in-node move

{ST4}
node sweep

Generic
Navigation

Task

Fig. 4. Set of recurrent subtasks included in the generic navigation task.

� {ST1} �Route� : To go from the current node to another arbitrary known
node in the graph following a known path, just go to the �rst node in the
path next to the current node using {ST0}. Once completed the �rst step,
just repeat the same procedure but with a path reduced in one node. This
will lead to the last node in the path.

� {ST2} �Exploration� : An exhaustive exploration of the known graph until
all accessible nodes are visited (similar to escape from mazes strategies)
uses the following procedure: If the current node already have "exits" not
visited, then select one of them and use its direction as set-point {ST0}.
The e�ciency of the walk depends on the criteria used in the selection of
the exit: �rst on the right (labyrinths strategy), the nearest to one preferred
direction (deep advance strategy), the nearest toward a speci�c point or
metric coordinates (approximation strategy). If the current node does not
have pending "exits", then search in the graph the known node with pending
exits nearest to the current one, and then compute the path (arc sequence)
optimum to reach it {ST1}. Once in the new node, apply again the same
procedure. There may be other algorithms to explore a graph minimizing
the number of passes over the same node, but they are complex (require
extra memory and a stack, etc.) and they cannot guarantee success if the
map changes during the exploration.

� {ST3} �In-node move� : To go to an speci�c point inside the current node
(not the center of area), the supervisor gives the direction and the distance
of the that point as the set-point for the low level control.

� {ST4} �Node sweep� : To do a full sweep of the current node, the su-
pervisor gives consecutively the points {ST3} to build a trail that coves
(depending the size of the robot) all the accessible space in the node.

5 Implementation

The implementation has been done as a natural consequence of the ontology and
the operationalization of the inferences. The data structures were de�ned with
C++ classes following directly the ontology obtained in the previous stages of
design. The Standard Template Library was used to implement all the container
type data structures found in the entities grouping (sensor set, sensory-motor

group, polygon, etc.). Remarkably, the recursive nature of the �sensory-motor
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group� has a direct projection onto the class de�nition, which implements this
entity. It includes a STL multi-map container member for the components of the
�sensory-motor group�. Also, the Graph Template Library was used to implement
the graph data structures and their algorithms.

All the functions, for management and processing related with the objects
de�ned in the ontology, are included as part of the classes which implement these
objects. The objects directly related with each speci�c robot are implemented
as adapter functions, which provide the control interface with the robot.

The control structures needed for the organization of the di�erent tasks run-
ning, require a parallel execution system that is not always available for systems
on-board the robots and that usually have more complex programming. Hence,
the execution time sharing for the parallel processes in a mono-processor sys-
tem was implemented with the GNU-Pth (GNU Portable Thread Library). The
GNU-Pth provides no-preemptive threads in the user space (out of the kernel)
with time shared based on priority and the communication between the running
threads is done through shared memory structures in the same program. The
threads used in the implementation correspond to simultaneous tasks in the low
level control, high level and supervision.
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Abstract. In this oaoer we consider one of the bie challenees when . . 
:on;lrualn@ rnodu:lr bc.n:~\lor :~rch~~:aurcs ior inc. conlrol oir::,l s).slctrl;. t h : ~ ~  
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3clu3ton In order lo ~mplc.mc.nt I I I C  br\hilv~or th: robot musI pcrhrm a h t n  
:onironled \ \ ~ l h  3 pcr::p11131 %1tu3t1nn. Thc prnblctn IS 3ddrcwo.I irotn the 
nc.rst>calvc. oi cornb~n:~l~ons oi ,\KUs. c:1:11 ~rn.>lc!ncnl~ni. :I bc.h:~v~or. I ~ I I  . . - 
intern1 through the ~nodulalion of lheir outputs. This approach is de~nonslrated 
using a three way predator-prey-food problem where the behavior of the 
individual should change depending on its energetic situation. The behavior 
archileclure is incremenlally evolved. 

1. Introduction 

According to Harvey [ll]  when designing a behavior based architecture in a bottom 
up fashion [4][2] several problems have to be considered On one hand, the 
decomposition of a robot control system into subparts is not always evident 
Furthermore, the interactions between modules are more complex than direct links. 
Some of them occur through the environment and, as the complexity of the system 
grows, the interactions between modules grow exponentially. Thus, as the desired 
complexity increases, it is more difficult to design the systems. 

To address the problem of designing complex behavioral systems different 
options are possible, from a single module that includes all the necessary mappings 
between the sensors and actuators, that is, a monolithic approach, to all kinds of multi 
module architectures. For obvious reasons, a monolithic approach is not practical in 
systems that must grow in time and where one would like to have reusable 
components. Consequently, in our work we must look towards multi-module 
architectures, that is, the global behavior is decomposed into a set of simpler ones, 
cach implcmcntcd in its own controllcr, and a mcthod gcncratcd to intcrconncct thcm 
in such a way that a fmal behavior is presented to the actuators. 

There are many approaches to the implementation of multi-module architectures: 
hierarchical, distributed, hybrid, but the main problem is how to regulate which 
modules have access to the actuators and in what proportion. Even more important, 
how can we obtain this global actuation in such a way that the results occurring in 
situations that have not been previously seen are meaningful? 

In hierarchical modular architectures, the global behavior is decomposed, as 
necessary, into lower level behaviors that will be implemented in particular 
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controllers. The higher-level controllers can take information fiom the sensors or 
fiom low-level controllers, and depending on the architecture, act over the actuators 
or select a lower level controller for activation. The advantage of these methods is that 
the behaviors can be obtained individually and then the interconnection between them 
can be established. Also, it is possible to reuse the behaviors obtained when 
implementing higher-level behaviors. The problem that arises is that the 
decomposition is not clear in every case, as it implies a specific knowledge of what 
sub-behaviors must he employed This, in general, implies a greater participation of 
the designer in the process of obtaining a global controller. Examples are the 
subsumption architecture of Brooks [4] and the use of different hierarchical 
architectures of Colombetti, Dorigo and Borghi [S], where the individual modules are 
classifier systems. 

The second possibility is that of distributed architectures, where there are no 
hierarchies and a11 the controllers compete at the same level for control of the 
actuators each instant of time, leading to less participation of the designer. They also 
preselve the level of behavior reuse. However, as a drawback, they induce a higher 
level of difficulty when obtaining complex behaviors. Distributed architectures are 
exemplified by the motor schema theory of Arbib [I] and Arkin [2], that explain the 
behavior in terms of the concurrent control of many activities, where there is no 
arbitration and each behavior contributes in varying degrees to the robot's overall 
response. As an example of distributed architectures obtained through evolution, in 
[13] the authors use an incremental distributed architecture, starting from a group of 
pre-established behavior modules or with learning capacity, to encode, in the 
genotype of incremental length, the "activation network" between the modules. The 
architecture is incremental in the sense that, if new modules are added, the current 
activation network is preserved so that genetic operations over that network are not 
allowed. This greatly restricts the solutions that could be obtained. 

An alternative classification of control architectures, introduced by Pfeifer and 
Scheier [12], when obtaining an emergent behavior fiom a set of modules or basic 
processes is to differentiate between competitive and cooperative coordination. In the 
former only one process writes its output to the actuators each moment of time; the 
others are inhibited or not used Examples are the subsumption architecture [4], 
scqucncing, in which proccss outputs arc scnt to thc actuators in a tcmporal scqucncc; 
or the winner-take-all strategy, in which processes compete against others to win the 
control of the actuators (Urzelai e t  a1 [13]). In cooperative coordination, the outputs 
of two of more processes that control the same actuators are combined into a single 
output to be sent to the actuators, usually through summation with different degrees, 
as the previously commented case of motor schemas [1][2]. 

One way to bridge the gap between hierarchical architectures, usually 
competitive due to the enabling-disabling nature of the top level controllers and the 
abilily lo have differenl behaviors conlribuling lo Lhe same oulpul in a given instant of 
time as presented in cooperative architectures, usually distributed, is to make use of 
the concept of modulation which would allow behaviors to interact without 
constraints and thus obtain a greater coherence degree and continuity in the global 
operation of the multi-behavior architecture. In that line, we are going to consider the 
application of output modulation as a way to increase the power of hierarchical 
structures (and generalizing them), to realize a graceful and continuous transition 



Multimodule Artificial Neural Network Architectures 171 

between behaviors and as a powerful tool to be able to include within the architecture 
controllers that were obtained for other problems, robots or operational conditions and 
which through the adaptation of their outputs can be put to good use. 

In our work we have started fiom the procedure for incrementally obtaining 
multi-ANN based behavior architectures developed in [3], and contemplated the 
possihility of obtaining complex modulated behaviors by allowing the higher level 
modules to make use of the lower level ones through modulation in addition to the 
possihility we had already contemplated of using activationlinhibition. In the 
following sections we provide a brief overview of the modulation possibilities, 
particularized iu the multi-behavior neural control, the procedure for obtaiuing multi 
module architectures developed by our group and how modulation was introduced. In 
the results section we present some examples in the predator-prey-food game and 
finally, in section 5 we provide some conclusions. 

2. Modulation 

This concept has not been employed often in the literature on autonomous robot 
behavior controllers, and mostly at the individual ANN level. Among the authors that 
have done some work in this line, we can cite Husbands and col. [7], who use their 
"gas network", in which the nodes in a spatially distributed network can emit "gases" 
that modulate intrinsic properties of nodes and connections in a concentrate dependent 
fashion. This procedure imitates the diffusing of nitric oxide, which acts as a 
neurotransmitter, participating in the biological world in different modulation 
processes. The authors apply this neural controller to a discriminate behavior between 
two different objects, needing fewer generations in the evolution, typically an order of 
magnitude less, to obtain similar results than those obtained with binary nodes in the 
neural controller. Ishiguro and col. [8] present a similar approach in which the 
network nodes emit neuromodulators (their effect spreads slower and lasts longer 
respect to neurotransmitters), but now specific receptors are used to locate their effect 
in a synapse or in a node. The authors use the modulating structure for a walk 
behavior with a simulated organism in a 2dimensional world. 

The previous examples use modulation within a single ANN. From the point of 
view of multi-module architectures, some work has been camed out by Meyer and 
col. [lo], who considers modulation examples in the control of a Khepera robot. The 
authors fmt evolve a neural module to move avoiding obstacles with medium-light 
conditions, and afterwards evolve a second module that, depending on the ambient 
light intensity, modulates the fmt one through connections to its new1  nodes, to 
continue with the correct hehavior. The authors present similar examples of ohstacle- 
avoidance and locomotion for a hexapod simulated robot, in which a fmt module 
generates a straight line locomotion hehavior, and an additional controller, obtained in 
a second stage, modulates the leg movements secured by the frst controller and make 
it possible for the robot to turn in the presence of an obstacle and to avoid i t  

In the same line, there is a paper by Duro et al. [6] which establishes a base for a 
direct modulator-modulated structure in which a network or networks modulate the 
behavior of other ANNs -modulated networks-, influencing their connection weights, 
in particular, directly establishing their values. Their networks were applied to 2-D 
pattern recognition under different rotations, or to the gradual modification of 



functional forms. This approach applied to the modulation of behaviors permits a 
gradual transition of behaviors, determining, throughout the modulation, the fmal 
function the modulated network is canying out. 

Taking into account that the concept of modulating the operation of an ANN 
implies adapting the values that result from it through some external action, from a 
systematic point of view, modulating structures can he classified into three primitive 
groups: structures that act on the input, structures that act on the network nodes or 
synapses and structures that act on the outputs of the network. Most of the work 
presented above can be framed on the first two classes, that is, structures that act on 
the iuput to the modulated network and which we will call sensory modulation and 
structures that act on the nodes and synapses which may he referred to as functional 
modulation. Functional modulation is the most powerful of the three a s  it permits 
actually modifying the function the network is implementing. However, it presents 
many implementation problems, especially due to exponential growth of the 
modulating networks as the modulated networks grow. In addition, the modulated 
networks or, in general, behavior modules have to contemplate their modulation by 
others, which precludes the use of legacy controllers. On the other hand, sensorial or 
output modulation take the modulated controller as a black box and the modulator just 
acts over its inputs or outputs in order to force the desired behavior or its adaptation. 

3. Generation of hierarchical multi-module architectures with 
modulation 

The objective of the procedure is to combine, in a practical way, the advantages of a 
monolithic approach and a hierarchical modular structure so that complex behaviors 
can he generated automatically but taking into account the experience accumulated 
through the implementation of previous behaviors. 

In particular, using this method (figure 1) a designer provides the system with 
whatever behaviors he has or decides that may be useful. This initial set doesn't need 
to he complete and may include many unnecessary behaviors. When obtaining the 
higher level controller, the evolution process will select those lower level behaviors 
h m  the initial set that are useful in order to perform the task assigned and will ignore 
the rest. Also, if some part of the global behavior cannot be obtained through the 
interconnection of the available modules, a new monolithic module that handles this 
part will he co-evolved with the global controller 

In a fnst step, a designer must identify sub-bebaviors that may be useful to 
generate the global behavior required. The designer doesn't need to be exhaustive or 
concise, i.e. there is no problem if useless behaviors are included in this preliminary 
set. The selection and interconnection of these behaviors are carried out by means of 
an additional higher-level ANN that is evolved, which differs from the lower level 
ones in that its output does not always act over the actuators; it mostly selects the 
adequate lower level behavior. There is nothing in this architecture to limit the 
number of levels to two. 

Using this structure, the controllers may be used in multiple composite behaviors 
without duplicities. As new behaviors are evolved, this evolution becomes faster and 
simpler due to the fact that a lot of experience in the form of previously evolved 
behaviors is available. To prevent the problem of the designers having to be 
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exhaustive in their determination of all the 
necessary lower level behaviors, we have 
included the possibility of cooperatively 
coevolving lower and higher-level behaviors. 
That is, a higher-level behavior may be evolved 
by itself using previously evolved lower level 
behaviors, or it  h a y  be coevolved with part of 
the lower level behaviors and use the previously 
evolved ones. This way, when the designer is 

* 
faced with a problem where he is only able to 
identify part of the behaviors that may be 
involved, the unidentified ones will be evolved at 
the same time as the higher-level controller, 
which makes the evolution of complex behaviors 
a lot easier for the designer. 

One aspect of this architecture that must be 
considered is how higher level controllers 
interact with the lower level ones. Traditionally, 
this has been done through activation / inhibition Figure 1. ~ ~ h ~ m a t i c  of the 
connections, where one high level controller can operation of the automatic 
only activate one lower level controller. behaviorarchitectureevolver. 
Consequently, in the end, a single lower level 
module had control over a given actuator. Here we have extended this architecture to 
encompass a more general kind of arbitration by means of modulation. Now all of the 
lower level controllers sum their outputs to each actuator and the higher level one is in 
charge of modulating to what extent each controller influences the global behavior. 
Consequently, more formally, the controller is made up of a series of nodes/modules 
(ANNs) organized as a directed graph without cycles so that the controller logia flows 
from a root node to the leaf nodes, although an equivalent structure can be achieved 
where all the nodes may be simultaneously executed by layers. 

Thus, given a node X of the controller: it is an ancestor of a module Y if there is a 
path from X to Y. It is a descendant of Y if there is a path from Y to X. It is a direct 
descendant if there is a path of length 1 fi-om Y to X. It will be called a Root node 
(denoted as R) if it has no ancestors. It is an actuator node (A) if its outputs establish 
values for the actuators. It is a selector node (S) if its output selects one of its 
descendents as the branch to follow, shortcircuiting the other branches. We will say 
that it is a modulating node ( M )  if its outputs modify (through a product) the outputs 
of its descendent nodes of type A. The modulations propagate through the controller 
hierarchy until they reach the actuator nodes in such a way that if between R and A 
there is more than one M that modulates one output of A, the resulting modulating 
value will be the product of the individual modulations in the path. Assuming that M 
wishes to modulate the values of n actuators, its number of outputs must necessarily 
be n*nurnber of direct descendents, as the modulation propagated to each descendent 
is usually different. When more than one node A provides values for the same 
actuator, the actuator receives the sum of these values. It must be emphasized that M 
does not necessarily modulate all the actuators over which the set of nodes acts, just 
any subset of them. 



This approach presents some advantages in terms of being able to establish a 
continuous range of behaviors for the transitions between those determined by the 
individual controllers. That is, the range of behaviors the robot may present is not 
only those that can be implemented with the lower level modules, but also their 
combinations. Doing this implies a set of new problems to consider which have to do 
wth how to obtam meanmgful resultmg behav~ors from the modulat~on of the outputs 
of several modules. 

4. Some experiments 

We have tested our examples using SEVEN 
[3], an environment that integrates the as, 
simulation of different robot platforms with 
the evolution processes, using the simulation as2 

module of a Pioneer 2-DX. 
In the behavior we have considered the 

robot must reach an energy source radiating 
positive energy (prey) while avoiding a source 
that radiates negative energy (predator). At the 
same time, each step of the robot in the world 0d7' 

o a 4 o e o % " l m  
has an associated energetic cost. Depending on *nerdon 

the relat~onsh~p be&n these thr& energet~c Figure 2. Best and average 
factors, the optmal strategy for the robot d l  fitness. 
be different We have provided an energetic 
model for the environment where the initial energy of the robot is 0, and at the 
beginning of each evaluation a random energy cost per step is chosen. Depending on 
the distance of the robot to the positive energy source it gains a level of energy each 
step. Depending on the distance from the robot to the predator the robot loses five 
times more than it gains at the same distance fiom the prey. 

Initially, we have made use of two existing behavior modules, one that causes the 
robot to escape from the predator and a different one that causes it to go towards the 
prey. We have run SEVEN in order to obtain a modulating neural module (with three 
inputs that correspond to virtual sensors of distance to prey and predator, and one to 
an internal energy level; and four outputs that modulate the linear and angular 
velocity of the two low level controllers). The evolutionary part of seven consisted of 
a macroevolutionary algorithm [9] for 100 generations of 100 individuals and 300 life 
steps for each evaluation of an individual. The evolution was carried out in three 
different worlds to obtain a robust behavior. Each individual is initially evaluated 6 
times per fitness determination, but the evolutionary algorithm includes a mechanism 
that makes the number of evaluations increase if the value is not consistent (it 
oscillates too much from evaluation to evaluation). In fact, in figure 2 we display a 
graph of the fitness of the best individual during evolution and in the f ~ s t  generations, 
due to the low number of runs per fitness evaluation we can see bow this fitness 
oscillates (lack of information) and the mechanism automatically increases this 
number of evaluations (6*12*18*24) until stability in the fitness is obtained. 

In this example we can see how h m  two opposite low level modules we obtain a 
series of gradual behaviors that allow the robot to easily adapt its behavior to the 
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Figure 3. Trajectories of the robot with different energetic cost per step, from left 
to right: 20, 100,200,300, and 400. 

circumstances, Thus, for instance, if the energy expenditure for each movement of the 
robot is so high that it makes irrelevant the influence of the negative energy source, 
the robot will move straight towards the prey. On the other hand, if this expendi& is 
low, it will tend to go towards the prey taking a roundabout mute to avoid the 
predator. Summarizing, in this environment, the more energy starved the robot is, the 
more risk it will take to get to the food source. 

For example, in figure 3, we have considered only two extreme cases in the 
evolution, those corresponding to 20 and 400 consumption, The figure shows the 
trajectories the robot follows, beginning in the bottom part, avoiding the predator in 
the center and reaching the food at the top, for that two extreme cases and for several 
values of the parameter among the two extremes. In fact, for intermediate values of 
the energy expenditure per step taken in the 
world of 100, 200 and 300 the behavior 
obtained is intermediate between the extremes, 
We can see in figure 4 how the modulation of 
angular velocities is carried out in both low 
level modules for the left case in picture 3 
(evolution always leads to the maximum value 
for linear velocity). Angular velocity 
modulation for "go to prey" is always the 
maximum value and the controller only plays 
with angular velocity modulation for "escape 
finm predator" to achieve the result. It is 
interesting to note that through the addition of 
intermediate evaluations a designer can 
conform how the transition between the 
extremes should look like. 

;:;L - 
0,s G o  to prey angular vel. 
06 rrochlation 

0,4 - Escape f ran predator 
02 angular vvel n-cdktion 

0 
0 50 100 1 5 0  

Figure 4. Modulation values 
provided by the M module for 
the two behaviom for one of the 
runs of fig 3 (cost per step 20). 

5. Conclusions 

The addition of modulation capabilities to a multi-module hierarchical behavior 
architecture greatly enhances the capabilities of this types of architectures to obtain 
behaviors and behavior transitions. It basically allows the architecture to obtain new 
ranges of behaviors using the same modules, even modules that were obtained for the 
same or different robots without considering modulation. In addition, the networks 
obtained are capable of interpolating behaviors for cases that are not present during 



the evolution phase following some sensorial or internal state criterion. Furthermore, 
this formal structure with M and S modules permits obtaining any behavior in an 
incremental manner, and easily adapting them to new circumstances or modifications 
of the robots without having to start from scratch. 
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Abstract. In this paper a method for solving the inverse kinematics of
an humanoid robot based on arti�cial neural networks is presented. The
input of the network is the desired positions and orientations of one foot
with respect to the other foot. The output is the joint coordinates that
make it possible to reach the goal con�guration of the robot leg. To get a
good set of sample data to train the neural network the direct kinematics
of the robot needs to be developed, so to formulate the relationship
between the joint variables and the position and orientation of the robot.
Once this goal has been achieved, we need to establish the criteria we
are going to use to choose from the range of possible joint con�gurations
that �t with a particular foot position of the robot. These criteria will
be used to �lter all the possible con�gurations and retain the ones that
make the robot con�gurations more stable in the training set.

1 Introduction

Legged robots have been one of the main topics in advanced robotic research.
Projects addressing legged robots usually study the stability and mobility of
these mechanisms in a range of environmental conditions for applications where
wheeled robots are unsuitable. The biological inspiration of this kind of robots
is also an important topic.

Recent advances in mechanical and electronic robot components and the
challenge of creating an anthropomorphic model of the human body have made it
possible to develop humanoid robots. This work has materialized into successful
projects, such as the Honda humanoids, the Waseda humanoid robots and the
MIT Leg Lab robots.

Lately the main interest has focused on getting the robot to remain stable as
it walks in a straight line. Two methods are usually used for this purpose. The
�rst and most widely used method aims to maintain the projection of the center
of masses (COM) of the robot inside the area inscribed by the feet that are in
contact with the ground. The COM represents the unique point in an object or
system which can be used to describe the system's response to external forces

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 177-184, 2003. 
c Springer-Verlag Berlin Heidelberg 2003



and torques. The concept of COM is an average of the masses factored by the
distances from a reference point. This is known as static balance.

The second method, also referred to as dynamic balance, uses the zero mo-
ment point (ZMP), which is de�ned as the point on the ground around which
the sum of all the moments of the active forces equal zero [1]. If the ZMP is
within the convex hull of all contact points between the feet and the ground, the
biped robot is stable and will not fall over [2, 3].

Nevertheless, linear walking is not the only type of movement the biped robot
will need in order to explore the real world. It also needs to turn around, lift one
foot, move sideways, step backwards, etc., and the problems involved in these
movements could be quite di�erent from those of linear walking.

In this paper, we propose a method for obtaining the relative positions and
orientations of a robot's foot to achieve the above-mentioned movements. The
method can be extended to other walking schemes.

To achieve this kind of one-step movement, the new foot coordinates must
be supplied to the control system, which will be able to determine the way the
leg should move in order to place the foot in the new position and orientation.
For this purpose, it will be necessary to compute the inverse kinematics of the
legged robot.

The proposed method for solving the inverse kinematics considers the use
of an arti�cial neural network. This has several advantages. For example, the
proposed method makes the development of an analytical solution, practically
unapproachable due to the high degree of joint con�gurations redundancy un-
necesary [4]. Furthermore, the solutions obtained are adaptive and could be
implemented in hardware using the appropriate electronic device [5].

A lot of research has been done on training neural networks to resolve the
inverse kinematics of a robot arm. Self-organizing maps have been widely used
for encoding the sample data on a network of nodes to preserve neighborhoods.
Martinetz et al. [6] propose a method to be applied to manipulators with no
redundant degrees of freedom or with a redundancy resolved at training time,
where a single solution along a single branch is available at run time. Jordan and
Rumelhart [7] suggest �rst training a network to model the forward kinematics
and then prepending another network to learn the identity, where the weights of
the forward model are unchanged. The prepended network is able to learn the
inverse. Other alternatives, like recurrent neural networks [8], are also used to
learn the inverse kinematics of redundant manipulators.

Kurematsu et al. [9] use a Hop�eld-type neural network to solve the inverse
kinematics of a simpli�ed biped robot. The joint positions are obtained from the
position of the center of gravity and the position of the toes is calculated from
the equation of an inverted pendulum.

The remainder of the paper is organized as follows. First, the model of the
humanoid robot and the geometric space con�guration are considered. Then,
the stability criteria and constraints for reaching stable robot postures in the
training set are examined. Next, we discuss the topology, algorithms and results
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obtained with the arti�cial neural nerwork. Finally, the conclusions and further
work are presented.

2 Humanoid Robot Model

The model of the robot we are going to consider is based on the PINO humanoid
robot [10]. The basic con�guration is made up of two legs and the hip. Each leg
is composed of six degrees of freedom, which are distributed as follows: two for
the ankle |one rotational on the pitch axis and the other one rotational on the
roll axis|, one for the knee |rotational on the pitch| and three for the hip
|each of them rotational on each of the axes|.

The total height of the robot is 280 mm. The links dimensions considered
are 113, 65 and 102 mm for the links between the ground and the ankle, the
ankle and the knee, and the knee and the hip respectively. The hip length is
200 mm [11]. A diagram of the robot legs with the dimensions of each segment
is shown in Fig. 1.

Fig. 1.Model of the humanoid robot with the position and orientation of the rotational
joints; the global coordinate frame considered is also represented

The direct kinematics of the robot as regards what the relative position and
orientation of one foot from the other is can be solved easily considering our
model as a robotic chain of links interconnected to one another by joints. The
�rst link, the base coordinate frame, is the right foot of the robot. We assume it
to be �xed to the ground for a given �nal position or movement, where the robot
global coordinate frame will be placed. The last link is the left foot, which will
be free to move. The assignment of the coordinate frames to the robot joints is
ilustrated in Fig. 2.

Obviously, to consider the positions or movements in the inverse case, that
is, when the left foot is �xed to the ground and the right foot is able to move,
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Fig. 2. Coordinate frames associated to the robot joints

the coordinate frames must be assigned similarly. This does not lead to any im-
portant conclusions concerning the proposed method and will not be developed
at this stage of the research.

The position and orientation of the left with respect to the right foot will be
denoted by the homogeneous coordinate transformation matrix:

RITLF =

�
RIRLF

RI
pLF

0 1

�
= RITR0

�
R0TR1

(�R1
)� : : :� R6TL6

(�L6
)�

L6TL5
(�L5

)� : : :� L1TL0
(�L0

)� L0TLF (1)

where RIRLF denotes the rotation matrix of the left foot with respect to the right
foot coordinate frame, RI

pLF denotes the position matrix of the left foot with
respect to the right foot coordinate frame and each iTj denotes the homogeneous
coordinate transformation matrix from link i to link j.

3 Stability Criteria and Constraints

As mentioned above, the redundancy of the degrees of freedom will mean that
di�erent joint con�gurations can produce the same feet position. Therefore, the
criteria we will use to choose which con�gurations will be used as training data
for the neural network need to be established. Ideally, we want the network to
learn the most stable position from the range of all the possible solutions. As we
are considering only the �nal posture of the robot, we are working with static
balance: the robot would be more stable the closes the vertical projection of the
COM is to the center of the support polygon formed by the feet. The height
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of the COM will also a�ect system stability, as the system will more stable the
lower the COM. However, we are not interested in postures that place the hip
too low, as we want the postures of the robot to be as natural as possible.

For our simulation we are considering the distribution of the mass to be
uniform for every link. We also consider that every link has a symmetrical shape.
The COM of each link will then be placed at the geometric center of the link. As
this applies to each robot link, we can determine the global COM of the model
using:

xcm =
1

M

NX
i=1

mixi

ycm =
1

M

NX
i=1

miyi (2)

zcm =
1

M

NX
i=1

mizi

Based on the model and direct kinematics described above, a set of angle
and position pairs has been generated to be used as training data for the neural
network. These positions are uniformly distributed across the coordinate range
in question. The range of angle positions for each joint is shown in Table 1, and
Fig. 3 shows the �nal positions of the free foot.

Table 1. Range of angle positions for each joint

�i Min Max �i Min Max

�1 �30
o 0 �7 �45o 0

�2 �30
o 30o �8 0 30o

�3 0 90o �9 �45o 30o

�4 �30
o 30o �10 0 90o

�5 0 30o �11 �45
o 30o

�6 �45
o 0 �12 �45

o 0

At this �rst stage of the research, the generated postures of the robot are
subject to some restrictions. The �rst constraint is that the two feet will always
be in full contact with 
at ground. The second constraint is that the knees will
not be bent and the angles of the roll axis rotational joint at the hips are �xed.
The arti�cial neural network will then learn robot postures along the roll and
pitch axes, as it takes steps.

4 Arti�cial Neural Network

The �rst step is to decide which type of neural network is more suitable for this
problem, then try out di�erent parameter values like: number of neurons in each
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Fig. 3. Final positions of the free foot in the training set

layer, transfer functions, size of the set of data to train the network, training
algorithm to be used, and so on.

After testing di�erent kinds of arti�cial neural network architectures, the
one we considered best suited is a two-layer backpropagation network. Properly
trained backpropagation networks tend to give reasonable responses when pre-
sented with inputs that they have never seen. Characteristically, a new input will
lead to an output similar to the correct output for input vectors used in training
that are similar to the new input being presented. This generalization property
makes it possible to train a network on a representative set of input-target pairs
and get good results without training the network on all possible input-output
pairs.

The generated training set provides the required representative data. In fact,
we have trained the network with very di�erent sized sets of input-target pairs
and the di�erence in the error obtained with 1000 pairs and 8000 pairs is negli-
gible, whereas the time it takes to train the network with the bigger set of pairs
increases considerably.

The network architecture that is most commonly used with the backpropa-
gation algorithm is the multilayer feedforward network. In this case, two layers
are needed.

Fig. 4 shows the network architecture. a1, the output of the hidden layer,
is the logsig transfer function applied to the result of the product IW1;1 (input
weight matrix) by p1 (input array of 10 elements: (x; y; z) coordinates and the
lengths of the 7 segments of the robot) added to b1 (biases array for the hidden
layer). a2, the output of the output layer, is the purelin transfer function applied
to the result of the product LW2;1 (layer weight matrix) by a1 added to b2 (biases
array for the output layer).

After trying out several con�gurations, the hidden layer contains 35 neurons.
Fewer neurons will lead to a larger number of algorithm executions to get the
same error rate. If the number of neurons is over 75, the number of execution
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Fig. 4. Neural network architecture

epochs increases and execution execution increases as well. The output layer has
12 neurons, one for each angle or degree of freedom of the humanoid robot.

The transfer function for the output layer has to be a purelin function, be-
cause the outputs can take any value. After trying out the purelin, tansig and
logsig functions, the logsig function was chosen because it achieves a lower error
rate. For the purelin function, the error goal 0.001 cannot even be reached. For
the tansig and logsig functions, the error goal 0.001 is reached.

After testing the network with several training algorithms appropriate for
backpropagation |variable learning rate, resilient backpropagation, conjugate
gradient, quasi-Newton, and Levenberg-Marquardt (LM for short)| LM was
selected.

LM is the fastest training algorithm for networks of moderate size. In fact,
32 epochs are needed to reach the error goal 0.001. By comparison, the epochs
needed to reach an error goal of 0.01, ten times greater than the above, using
the variable learning rate algorithm, is six orders of magnitude.

Setting the sum-squared error goal to 0.001 and moving a training set of 1000
pairs of input-targets, the errors obtained simulating the network with a set of
75 pairs of input-targets, di�erent from the ones used during the training stage,
are as follows:

Joint coordinates (degrees)

Average error 0:0193
Max error 0:3094

Obviously, errors in joint coordinates do not represent the real error in the
�nal position of the free foot. The next table gives a summary of the average
and maximum error for each axis. Note that, the average error is less than and
the maximum error is close 1 millimeter.

Roll (mm) Pitch (mm) Yaw (mm)

Average error 0.1005 0.1799 0.0833
Max error 0.7150 1.1030 0.6160
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5 Conclusions and Further Work

A method for solving the inverse kinematics of a humanoid robot has been
presented. The method is based on an arti�cial neural network and makes it
unnecessary to develop an analytical solution for the inverse problem, which
is practically unapproachable because of the redundancy in the robot joints.
The proposed neural architecture for solving the inverse kinematics is able to
approximate, at a low error rate, the learning samples and to generalise this
knowledge to new robot postures. The error in the roll, pitch and yaw axes are
close to 1 millimeter, less than the 1% considering the leg height.

The next stage of our work will be to generalise the robot leg postures to
maintain positions and orientations of the free foot o� of the ground. These new
postures will enable the robot to reach zones at di�erent levels using both feet or
even stand in stable postures on one foot. Also, the possible impact of changing
the �xed foot will be considered.
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Abstract. In this paper a control scheme is proposal for mticipaoq and dis- 
crete event sensory mtor driven. The control syslem elaborilles a sensory- 
motor program based on its internal data and a high level objective. The global 
system inlple~nents sevenl biological models in each one of its suhsyste~ns. 
One of the novelties of this work is the structure of the sensory-motor algo- 
rithms which are based on cell distributions of the sensorial spaces. Indeed, the 
correspondence between cells and the sensorial spaces is distributed hy Koho- 
nen mnaps. This control scheme has heen tested on a robotic platform consti- 
tuted by an industrial robot and a stereohead. More relevant results are pre- 
scntcd and alalyzcd in this papcr. 

1 Introduction 

Today, a lot of work has been nude to achieve the performance of movement, and 
skills of the hununs in reaching: grasping and nmipulation task<. It is important to 
rniphasize the niodela of the control system in hunms developed by Groaabrrg [I], 
Bullock [2], Greve [3] and Guenther [4]. These nlodelr were adapted by Guerrero- 
GonzWez, Pedrefio-Molma and Lopez-Coronado [5]. for robotics platfornls formed by 
a robotic hand, arm and a stereohead. Flexibility, adaptability, real time response and 
learning capabilities were deinonstrated with that platform Initially, thrrr authors 
implemented the DIRECT model for spatial positioning. This model is characterized 
for scvcral control loops, bascd on visual information and propioccptivc infornlation. 
One of the difficulties in this work was the necessity to have a totally well-inapped 
spatial-nlotor and motor-spatial information, also the close-loops produce slow re- 
sponses in the positioning tasks. So the proposed model uses previous learned infor- 
ination for anticipatory planning an action propan. In this way, the actions are pro- 
duced quickly without a close-loop: and after the ilmveinent: an assessinem of the task 
is made which pernuts to update the learning information of the neural controllers. 

1. Mim (Ed.): IWANN 2003, LNCS 2687, pp. 185~192,2003 
@ SpringerVerlag Berlin Heidelberg 2003 
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2 Characteristics and Benefits of the Proposed Control Scheme 

The proposed controller implement several neuro-biological nlodels proposed in the 
CNS research group of the Boston University: which are the base of the real tinle 
control systenl proposed. This controller, also inlplenlents Kohonen maps for autono- 
mous organization of the neural structures of the neurocontroller. This control archi- 
tecture for reaching carries out the cinenmtic control of a redundant robot am1 guided 
by thc visual information givcn by acquisition syslcm of thc LINCE' slcrcohcad. Thc 
most important characteristic is that the neurocontroller does not need the robotic 
nlodel of the experimental platform, and therefore, does not need to calibrate the sys- 
ten1 All the necessary knowledge of the robotic platform is learned by means of ac- 
tion - reaction cyclea froin visual-n~otor triala. This neural architecture has been de- 
veloped integrating a set of neural network< of some discovered biological functionr 
carried out by the animal neural system This architecture is characterized by: 

" 

Intefr~rution cf~nultiple u%orithms. This architecture integrates different algorithm 
which execute concrete tasks. The consistency of the conununication between these 
algorithn~~ warrants the global robustness of the architecture. 

" 

Parallel. The architecture is able to execute nlultiple algorithm, and sinlultane- 
ously each algorithm is executed in parallel. 

" 

Relocation of resources, dynamically. With the purpose of facilitating the inmge 
processing, the systenl is able to lead the visual sensors in order to fiid a better 
point of view which alleviates the visual processing load. 

" 

A c t i ~ ~ .  The global system has active perception capability. 
" 

Rmctivc?. It means the capahiity to be data-driven by environment changes. 
Predictive behavio~ir. The fmal position is reached in one anticipatory movenlent. 

In the structure of neurocontroller: several real-time concurrent processes are de- 
veloped for the petiornmce of the different taskr intervening in the final reaching 
operation This architecture contains three nmin inodules, shown in f i ~ i r e  1, which 
correspond with the interconnected processes: spatial internal representation module, 
stereohead controller and robot arnl controller. 

3 Sensory-Motor Coordination Neural Structure 

The structure of the proposed model is based on two interconnected neural models 
which in a sequential way, project the 3D final position (sensorial information) of the 
objcct to bc graspcd ovcr thc joint positions (spatial infornlation) of thc robot arm 
end-effector. This task is made in a predictive way. The base of the control scheme is 
to discretize with random positions the 3D workrpace of the robot arnl in snmll cells 
in whose centre the precise position of the robot joints are well known, by means of 
the propioceptive information and a previous learning phase. Then. the non- 

' LINCE Stereohead ha? heen entirely developed hy NEUROCOR Research Group, Spain 
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supervised neural nlodel based on Kohonen maps starts a con~petitive algorithm to 
select the winner cell and so to obtain, in this first step, the nearest position of the arnl 
in which the reaching error is minim~im That is the centre of the winner cell, 

Fig. 2. The schenle of the ~~euroco~~troller (left) is forrlled by two interconnected neural rnodels 
for mapping the 3D workspace (non-supervised model) arid for conlpensating the spatial error 
between the current and desired final spatial position (supervised AVITE model). In the 
scheme of neurocontroller learning phase (right) a multi-dimension neuron weights matrix is 
generated by means of the contribution of the sensory-motor associative maps generated in 
each cell of the Kohonen map. 

By nieans of a second learning phase, one neural weight nmp is obtained for each 
cell. It'll pernzit a fast projection of the difference vector (DV) in visual coordinates 
between the current and desired position of the end-effector over the increnlental 
angular positions of the robot arm. Once the centre of the cell has been reached, a 
supervised neural model based on AVITE (Adapti~~e Vector bztegratiorz To Erzd Poirzt) 
architechire is executed in order to reduce the 3D visual distance inside that cell with 



188 Juan L. Pedreiio-Molina e t  al. 

high precision and fast operation. The general performance of the proposed neural 
model and block scheme of the learning nlodule are represented in figure 2. 

In this neural model, the vision system of the stereohead detects the position of the 
object to be grasped. The internal representation of that position will be the input to 
the cell selector nlodule. By means of a competitive algorithm, this nlodule calculates 
the cell in whose workqpace, the target is located. The projection of the visual position 
of the centre of the cell, over the am1 joint positions is achieved with the centre of cell 
visual projection nlodule. Once the non-supervised model has been executed, the 
dif erence between the centre of the cell and the desired position, in visual coordinates 
(DV), is estinuted by ineans of the di.sta~zrc? c?.sti~nutor mndulc?. Then: the distance 
reduction by means of robot arm movements is made by the DV conipensation mod- 
ule. Finally, the produced error is used to update the neuron weights of the AVITE 
nlodel. It'll permits to detect if an unexpected situation happens or if a block in some 
joint of the robot arm is produced. 

In a fmt learning level, an ERG (Enclogeno~is Rancloni Generator) module carries 
out nloveinents of the robot arin along the 3D workspace. The non-supervised neural 
model creates non-uniform cells by means of the displacenlent of initial positions of 
centroids toward final positions in which the possibility distribution of robot amlposi- 
tion is higher. Then, the final neuron weights are obtained from each cell bay nleans of 
a new ERG phase but, in this case: it is only carried out inside the workspace of each 
cell. Each cell generates a neuron weights matrix with a dinlension equal to the size of 
sensorial coordinates (x, y, z) by the sue  of spatial coordinates (number of degrees of 
freedom of the robot arm). So, the dimension of W matrix will be Nx3xD. being N, 
the number of the Kohonen nlap cells and D, the robot ann d.0.f. 

f 
3.1 Non-supervise Generation of Cells 

The non-supervised neural nlodel iinpleinented in the proposed architecture is based 
on Kohonen maps and it is oriented to workqpace discretization. Each 3D region will 
be different and will be characterized by the position of its centroid and the Voronoi 
frontiers. For learning sequence initially, N centroids w,, are placed in random posi- 
tions.Then, the robot arm nlovements from the ERG nlodule gives, by means of the 
visual detection algorithm the 3D position of the end-effector in each nlovenlent. It'll 
be represented by 6v  vector. Taking D the nurnher of d.o.f. of the rohot, each position 
will he represented by the vector (01, 0>, .... 0d. In each trial, the winner centroid 
I.VY$* is selected. It'll correspond to the nearest to endeffector position. Then, the 
value of each weight associated to that centroids, will be updated by means of next 
expression: 

The process will be repeated T times until the convergence of the neuron weights of 
the Kohonen nup was reached. The accuracy inverse cinematic of the rohot in the 
centre of the cells is calculated by and adjusting algorithm It moves the calculated 
ncuron wcights toward thc ncarcst position of thc training phasc in which thc joint 
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position is hiown. FinjlJly, t l l-  3D Voronoi frontierhs are genemted o w  the tlmy. Jil 

the operation p h ~ e ,  when it target position is detected. the algoiithnl calculates by 
coillp~iling hc: nlinin~l disiancc, h c  ccll in which i~ i.; placcd. Tlxn il'll projcc~ h i i t  

scmorial pusition ovcr tl~c spatial position of thc robot =in. by Incalls of tllc propio- 
ce-ptive it~orr~mtion lexned by the ERG r~lodule. The riext stt-p =,%-dl be to conqxnsslte 
the DV lx twen the cdculi~ted cwent  position of the sc'rlwt XIII and the- desired pod- 
tion is sensorial cmfinntes, 

3.2 Neural Associative Maps for SensovMotor Transformation 

The fecond i~elual n~odel if dedicated to lmke th.7 t eimr cornpenfation L7ch cell has 
an independent bzhaxic~~ir of the others, that is, if one cell is excited the others are 
inhibi~s. Each ccll implcmcnis ~ h c  spa~iul -  owlio ion ilnnsronnation. Tn ordcr io conirol 
the robot XIIL tlie ~leuuoconu-oller 111ust obtain the propioceptive data froin the joints 
,mcl visud infomution dm accord~q to the AL7IE learning moclel from whlch I? 

inqyired. Figlu-t 3 <11how< tlz wl1etne of learning sptern, 

Center of the cell 
fi-m the cell 

Fig. 3. Learning cell algoiiihm. The elemei~is of (he cell Iei~rning algo~iihm are: VVs (desired 
positinii of the mnj, PPVc (spadd position nf the cell centre). PPVm (angular pn~irion 

of r&t ~ ~ 1 1  jointrj. DVc (Cliffcrc~~~c bctwcc11 TPVr 'nd PPVs', iuld DVm (rtrult of tlic trans- 
formalion b a ~ w l  spatial ant1 rovaiion inci-e~n~n(s). The cen(1-t of (he cell stores ihe spaiinl 
cooldi~les  luld the rriolor co~~~lillllle:: in ha~poit11. 

Whcn a ccll is cxcitcd, tl~c ccntrc of thc ccll applics its contc~~t illto PPVln and 
PPVs vector. The DVs vector calculates the- diift-e-nce between the- centre of the oe-11 
itnd the desired positior~. The- DV5 is umft'rrn1ed into the DVtn through a set of neu- 
rons. The res~iltiq increilients are integrated into the PPVi11 The lemling phme is 
bascd in ihc huivlcdgc accluircd in uciion-rcac tbn  cycles, During ihs  ph~sc, ri~acio~n 
incrcmcnts arc inwoduccd in ihc DVn1 vcclor, ihc system produccs lhcsc movcmcnis 
,mcl its spatial e-ffect is taken over the DVs vector, updating thc ne-won u7eigllts by: 
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The expression for error position compensation produced by the DV will be: 

where A0 vector conlputes the incremental values to be added to the current posi- 
tion of the robot arnl in spatial coordinates, and AS stores the DV in visual coordi- 
nates. The final reaching operation is separated in two movenlents. The gross process 
is carried out by means of mapping of three-dimensional spatial positions of prefixed 
points (centres of cells) and the end-effector position of the arm. The,fine approxinza- 
tion is carried out by means of implemented AVITE model for learning the mapping 
between increments of arm joints and difference of position between present position 
(end-effector position) and desired position (target visual position). 

4 Robotic Installation and Experimental Results 

The inlplementation of the proposed system has been carried out in both simulation 
and real robotic installation, forn~ed by the LINCE stereohead and a conm~ercial ABB 
robot arm. In order to verify the capabilities of the proposed neural algorithm, the 
results have been analyzed. 

Fig. 4. This picture shows the iteration number of the non-supervised algorithm when 
the 3D centroid weight reach the convergence of final value of a random cell for 500 
trials of learning position of the robot arm and 40 for the iterations of the non- 
supervised algorithm. Star symbols at the end of the training indicate the corrected 
pocition of the weight in order to give the nearest position in which the inverse cine- 
matic is known. 

The first set of trials has been focused to the generation of the 3D cells with different 
learning parameters. Figure 4 shows the evolution of the neuron weights of one ran- 
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dom cell and figure 5 shows the 3D Voronoi regions projected over XY and XZ 
planes. 

Fig. 5. Results of the implemented algorithm for 3D Voronoi regions generation, represented 
by 2D projections: XY for right picture and XZ for the left one. The selected parameters have 
been N=20 and 500 learning positions of the robot arm. The number of cells is greater in spa- 
tial coordinates where the robot arm has a higher possibility of being configured. 

The implemented neural model for cells generation starts from an initial parameter 
N indicating the final number of cells in which the workspace will be segmented. This 
parameter in no critical for the accuracy of a reaching operation. However, a high 
value for N implies a greater time for the computing of the Kohonen map, but the 
number of cells which will have the same value for some neuron weights will be 
higher. To test the performance of the AVITE supervised algorithm for compensating 
the DV in visual coordinates by means of calculating the incremental position for the 
motor commands, a learning phase in each cell is carried out. The result will be a 3x5 
matrix of neuron weights Z for each cell. In the real experiments, a 5 d.0.f configura- 
tion for the robot arm has been selected. 

Fig. 6. On the left, the final position distribution of the centroids of the Kohonen map 
is represented. On the right the results for the AVITE learning phase is shown. 

Figure 6 shows the final position of the centre of the cells and the end-effector spa- 
tial points resulting from the learning phase. Finally, results obtained from real plat- 
form have show errors about 2% in visual coordinates in cells near the normal work- 
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space of the robot ann The final position for the robot arm is obtained in two steps 
but executed in only one. For each cell. random movements of the robot arm joint 
positions are generated inside the Voronoi region of the cell. The weights nmtrix is 
obtained from the between the incremental spatial position$ and the pro- 
duced incremental visual positions. 

4 Conclusions 

In this paper a neural architecture based on hunmn biological behaviour has been 
presented and the obtained results have been analyzed for robotic reaching applica- 
tions with a head-am1 system. Open-loop behaviour for reaching operations allows to 
carry out precise and fast reaching operations and the possibility of remote execution, 
due to it needn't visual feedback during the reaching nlovenlent. The 3D spatial seg- 
mentation of the robot arm workspace is solved by means of a non-supervised neural 
algorithm based on Kohonen imps. In the same process of cells generation the 
propioceptive information is learned. The produced error in the reaching operation 
using the position of the cells is compensated by means of an AVITE (V~?rtorAssoriu- 
tive Map) adaptive architecture which projects the difference vector of visual position 
into incremental joint positions of the robot arm The obtained results have demon- 
strated that r i a l  error in reaching applications can he very low, taking into account 
the robustness and fast operation of the model. 
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Abstract. This paper addresses the problem of characterizing robot
grasps for unmodeled objects. We propose a set of intrinsic object fea-
tures that are computed from the object image and the geometry of
the robot hand. These features are validated by feeding them to neural
networks which are trained with experimental data obtained with a hu-
manoid robot. The results suggest that our features are actually suitable
for predicting the reliability of a grip.

1 Introduction

For a humanoid robot to be truly autonomous in every-day environments, it
must be capable of performing a set of basic fundamental tasks such as vision-
based grasping of unknown objects. Our emphasis has been on exploiting the
use of on-line visual sensing, in contrast to previous approaches which typically
assume that a parameterized model of the entire object is known before grasp
planning begins. When such a model exists, there is a well-founded corpus of
analytical methods for grasp analysis and synthesis that are computationally
expensive but could be applied o�-line [2]. A critical point in our approach is
the selection of the intrinsic features that can be extracted from an object image
and that would ideally be necessary and suÆcient to completely characterize a
particular grip.

In this paper we propose such a set of features and use them as inputs for
an arti�cial neural network. The net is trained by using real data measuring the
success of a grasp execution which were gathered from experiments conducted on
a humanoid three-�nger robot hand. The results suggest that our feature space
is good enough to characterize a grasp con�guration and predict its reliability.
An important additional contribution is the fact that we use both features that
depend on the object image and also on the particular kinematic con�guration
of the hand, whereas previous work described in the literature ignores the hand
geometry by focusing only on the object shape. Our experiments show that the
features dependent on the hand are critical for a better prediction.

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 193-200, 2003. 
c Springer-Verlag Berlin Heidelberg 2003



Fig. 1: Barrett Hand kinematics. The hand has a thumb and two opposing �ngers that
spread symmetrically along the axis de�ned by the thumb.

2 Background

In the case of planar three-�nger grasps, current approaches will typically yield
a large set of triplets of contact points on the object contour. Out of the in�nite
geometric possibilities, this set is obtained by �ltering out those triplets not
meeting certain criteria [5, 6]. However, only one grip can be �nally executed
and an adequate characterization of the grips is called for in order to be able
to predict their success chances and adjust the hand accelerations accordingly
during the execution of the grasp and subsequent movements.

2.1 Feature space

In a previous work [3, 4], a set of criteria that assess di�erent aspects of grip
quality were de�ned and merged, in order to produce a global quality value used
to choose the grip to execute. Six of these criteria depend on the kinematics of
a three-�ngered Barrett Hand [1] (Fig 1). We claim that these criteria can be
used to de�ne a feature space with the purpose of characterizing robot grasps
according to their reliability.

All features were designed to have similar ranges. More precisely, they are
implemented so as the best grips correspond with the lower values, with an
ideal theoretical best value of 0. Also, a preprocessing stage has been performed
based on physical and numerical considerations. This consists in a normalization
dependent on the distributions and ranges of each feature, so that a middle
quality grip for a certain feature is expected to have a quality value of 1.

2.2 Feature description

In the following description of the features, the mathematical formulas and the
physical aspects which drove the implementation are omitted. The interested
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reader is referred to the description of the original quality criteria [3].

Features independent from the hand geometry

Point arrangement. It Assesses the equilibrium of the grip comparing the
grasping triangle (given by the contact points of the �ngers on the object
contour) to an equilateral one.

Triangle size. It considers the area of the grasping triangle. The larger the
area, the more stable the grip is.

Contact curvature. A concave surface is a better place to put a �nger for
grasping purposes than a convex one. This feature takes into account both
the curvature of the three grasping zones and the expected positioning error
for the �ngers on the object.

Force equilibrium. An equilibrated grip should have its three forces roughly
equally separated by 120o angles. Sub-optimal situations are penalized.

Focus centering. This feature aims to minimize the e�ect of gravitational
and inertial forces endorsing grasps with low distance between the force focus
and the centre of mass of the object.

Features dependent on the hand geometry

Force line. Assess the deviations of the real forces from the ideal condition of
being perpendicular to the contour at the grasping points, in order to reduce
the risk of �nger sliding along the side of the object.

Real focus deviation. According to this feature, the quality of a grasp
depends on the distance between the ideal focus (intersection point of the
ideal normal forces) and the real focus of the grip (intersection point of
the real forces). This evaluates the risk of compromising the force-closure
condition of the grip.

Finger extension. This feature evaluates the di�erences in the �nger exten-
sions when grasping the object, as �ngers with the same extensions minimize
the risk of unwanted torques, as observed in our experiments.

Finger limit. When trying to grip large objects, there is an extension range
for which the �ngers can still perform the grip, but less safely. This feature
evaluate the grips comparing the extension of the �ngers to this critical
range.

Real force equilibrium. Implementation of the force equilibrium feature
described above for the real situation, in which the directions of the real
forces are used instead of the ideal ones.

Real focus centering. Implementation of the focus centering feature for
the real situation, in which the real force focus is used instead of the ideal
one.

As an example, we describe here with more detail the implementation of one
of the features, the real focus deviation. The theoretical starting point is
that the further the real focus is from the ideal one, the higher the risk is that
it lies outside the closure zone of the grasp, thus a�ecting the overall stability
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of the grip. The distance D between the two points is shown in Fig. 2. The
implementation of the feature is: Q = D

���=2

The denominator of the fraction is the normalization value. The optimum
value for this criterion is 0, which is obtained when the real focus coincides with
the theoretical one, whilst the maximum depends on the �nger extensions and
the deviation of their forces from the normal to the contour. The normalization
value is thus the maximum �nger extension � multiplied by the friction threshold
� (theoretical maximum deviation of the real forces), all divided by 2.

Fig. 2: real focus deviation

3 Methodology

In this section we describe the system setup, and the protocol followed to gather
the experimental data.

3.1 Experimental Setup: the UMass Torso

Our experiments have been implemented using the UMass Torso. This humanoid
robot (Fig. 3) consists of two Whole Arm Manipulators from Barrett Technolo-
gies, two Barrett Hands with tactile sensors and a BiSight stereo head.

The stereo vision system estimates the two-dimensional location of the tar-
get object on the table, and provides a monocular image for surface curvature
analysis (see [5] for more details). Once a grip is selected (consisting of contact
locations and a hand posture), the hand is preshaped and positioned above the
object. It moves down, closes the �ngers so that the object is grasped, lifted and
transported to a designated location.
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Fig. 3: The UMass Torso. A humanoid robotic system at the Laboratory for Perceptual
Robotics in the University of Massachusetts.

3.2 Experimental protocol

A set of real objects has been built for this experiment. Their main features are
that they are planar objects with a constant height made of an homogeneous
material. Moreover, the colors of the object have been selected to simplify the
image processing. An important feature is that their shape is unknown for the
system. The only programmed assumptions about the objects is that they are
planar. The rest of the information, in particular the shape and location, is
obtained from the images.

In order to perform the experiments, a single object is placed on a table
within the robot workspace. Using the stereo-visual information the robot lo-
cates the object and computes a set of feasible grasp con�gurations. One of the
con�gurations is selected, either manually by a human operator, or automatically
by the robot, and executed.

If the robot has been able to lift the object safely, a set of stability tests
are applied in sequence. These are aimed at measuring how stable is the current
hold of the object. They consist of three consecutive shaking movements of the
hand which are executed with an increasing acceleration. After each movement
the tactile sensors are used to check whether the object has been drop o�.

This protocol provides us with a qualitative measure of the success of a grasp.
Thus, an experiment may result in �ve di�erent reliability classes: E indicates
that the system was not even able of lifting the object at all; D, C, B indicate
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Fig. 4: The four objects used in the experiments.

that the object was dropped, respectively, during the �rst, second, or third series
of shaking movements; �nally A means the object did not fall and was returned
successfully to its initial position on the table.

A particular execution of a grasp con�guration can be in
uenced by many
unpredictable factors. Consequently, each con�guration was executed a suÆ-
ciently large number of times, by varying the location and orientation in the
presentation of the object. In this way, statistically signi�cant conclusions can
be reached.

The number of feasible grips that are computed for a single object is usually
large, varying from several dozens to more than one hundred. For each object a
set of con�gurations has been selected. This selection has been done trying to
choose a sample of all the possible con�gurations of an object.

The data used in the research we report here correspond to four objects,
depicted in Fig. 4. All objects are made of the same material, so that they
have similar weight and the same friction coeÆcient in their contact with the
hand. Each con�guration has been executed 12 times, 4 times for three di�erent
orientations of the object.

4 ANN implementation

Two two-layer feedforward backpropagation networks have been designed in or-
der to assign a new grip to one of the 5 reliability classes. The inputs of the
networks are the features described above. The �rst network (which is called No-
Hand) has 5 inputs, all corresponding to features independent from the hand.
The second network (Hand) has 9 inputs, that are the �rst 3 features of the �rst
group and the 6 features related to the hand geometry and kinematics.

After the procedure of setting the network parameters, a cross-validation test
has been performed on both networks. The 416 available data have been divided
in 6 subsets maintaining the proportion between the classes. This allowed to
obtain a statistically signi�cant result despite the high noise which a�ected the
data. The networks were trained with the Rprop (resilient backpropagation)
algorithm [7].
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Table 1: Performance comparison.

Error distance Random No-Hand Hand

0 (correct) 29.1 46.9 + - 55.8 + -

1 34.6 29.5 13.8 15.7 31.6 15.5 16.1

2 17.4 13.0 5.6 7.4 8.1 3.3 4.8

3 12.1 7.0 3.2 3.8 3.3 1.4 1.9

4 6.8 3.6 1.4 2.2 1.2 0.2 1.0

In the above table results are classi�ed according to the distance between the pre-
dicted and the real class. The distance between two consecutive classes is de�ned as
1, that between A and C as 2, etc. The error percentages are shown for the theoret-
ical probability (Random), and the classi�cation obtained with the two di�erent nets
(considering and not considering hand features). Percentages of false positive and false
negative are distinguished.

5 Results

The most signi�cant results can be seen in Table 1. It can be veri�ed that the
No-Hand net does learn to classify new grips. The improvement in the percentage
of correct classi�cations, with respect to the random case, is of 18 points (61% of
growth). Nevertheless, the Hand net clearly improve this performance, carrying
the number of correct classi�cations up to nearly 56%, with a further 19% growth
with respect to the No-Hand case. This shows that the additional features, those
related to the hand, are consistent with the grip reliability.

From a practical point of view, when performing a strongly stochastic action
like grasping a real object with a robotic hand, an error between two neighbour
classes (distance 1) can be considered acceptable. In fact, it means that the
reliability of the grasp is only slightly di�erent from the predicted one. Thus,
we can distinguish between acceptable (distance 1) and heavy errors (distance
2, 3 and 4). Summing the number of heavy errors we obtain 36.3% for the
random case, 23.6% for the No-Hand case, and only 12.6% for the Hand case,
correspondent to the 87.4% of nearly correct predictions.

Another interesting aspect is the di�erence between false positive and false
negative classi�cations. In our case, false positive classi�cations are more critical,
as in these cases we assign a grip a higher reliability than the real ones. In Table
1 false positive and false negative errors are compared, and it can be seen that
the false positive classi�cations, which we want to avoid, are less frequent than
false negative ones, both for the No-Hand and the Hand net.

It must be noted that the above results have been obtained even though the
available data were far from optimal. First they were too few. Second, they were
very noisy due to uncontrollable errors in sensing, image processing and motor
control. Finally, the data were very unequally distributed across the classes. More
precisely, the low-quality classes D and E strongly prevail on the others. For this
reason it was more diÆcult to train the net to classify an input as belonging to
classes A, B and C.
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6 Conclusions

We have presented a contribution to a methodology for computing and execut-
ing reliable grasps for unmodeled objects using only visual sensing as input. We
have proposed a set of intrinsic features that adequately characterize a grip.
To verify the goodness of this characterization two neural networks have been
implemented. They accepted as inputs the features, and give as outputs the reli-
ability class of the grips. Training data were obtained from practical experiments
with a humanoid robot. We used both features that depend on the object image
and also on the particular kinematic con�guration of the hand. Our experiments
showed that the latter are critical for a better prediction, since the results were
signi�cantly better for the net in which the features involving the hand geometry
were used.
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Abstract. The paper proposes a method lor visual based sell-localisation o l  a 
mobile agent in indoor environment. The images acquired by the camera 
constitute an implicit topological representation of the environment. The 
environment is a priori unknown and so the implemented architecture is entirely 
unsupen~ised. To compare the performance of some self-organising neural 
networks, a similar neural network architecture of both Self-organizing Map 
(SOM) and Growing Neural G~LS (GNG) has been realized. Extensive 
simulations are provided to characterise the effectiveness of the GNG model in 
recognition sped,  classification tasks and in particular topology preserving as 
compared to the SOM model. This behaviour depends on the Sollowing Sxt: a 
network (GNG) that adds nodes into mnap space c'm approximate the input 
space more accurately than a network with a predefined structure and size 
(SOM). The work shows that the GNG network is able to correctly reconstruct 
the environment topological mnap. 

1 Introduction 

The preservation of neighbourhood relations, better known as topology preservation, 
is a very useful property of self-organizing networks and has attracted a great deal of 
interest [5], [S], [I 11. A m~pping preserves neighbourllood relations if nearby points 
in input space rennin close in the map space. In general, a network can only performs 
a perfectly topology preserving nnpping if the dinlensionality of the nlap space 
reflects the dimensionality of the input space [7]. 
Tlien, the self-organising networks are usually considered as topology preserving 
models, since it is a consequence of the competitive learning: similar patterns are 
mapped into adjacent neurons and neighbouring neurons activate or code similar 
patterns (topology preserving feature maps) [2]. However it is not true in a great 
number of cases. Martinetz and Schulten [9] have formally defined what are 
Topology Representing Networks and its relationship with computational geometry 
structures as the Voronoi Diagram and the Delaunay triangulation. Then, several 
models are not preserving topolog~ networks, for instance, Self-organizing Map 
(SOM) of Kohonen [6], wit11 a fixed dimensionality. 
Then the self-organising network that better preserve topology is the Growing Neural 
Gas (GNG) of Fritzke [3], with variable dinlension. In this case, the topology is not 
previously defined but it is adapted during the learning phase. 

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 201-208,2003 
@ Springer-Verlag Berlin Heidelberg 2003 
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In this paper we describe our application on robot self-localisation using images froni 
a digital camera. So, to verify the perfonnances in robotic field of sonle self- 
organising network models, we realise a similar architecture by using: in a f i s t  case 
the SOM of Kohonen; in a second case the GNG of Fritzke. Particularly, we compare 
the results considering the two different models, making a point of the preserving 
topology property that characterises the networks wit11 variable dinlensionality. The 
result is that the GNG network is better than the SOM network for representing the 
environment topological map. Then, similar input patterns from an input space are 
projected into nodes that are close to each otlier in the output map, and conversely, 
nodes that are adjacent in the output map decode similar input patterns [lo]. 
We use the im~ges as an implicit representation of the environment. The topological 
map consists in a set of images connected by links on a graph. Consequently the 
enviro~~nient is characterised by a topological nnp that is used to qualitatively detect 
the position of the robot. The learning algorithm of proposed architecture detects the 
occurrence of unknown data and autonntically adapts the structure of the network to 
the learning of these new data. 

2 Introduction to the neural networks used 

Self-organizing networks are norillally considered as Topology preserving of an input 
space and this is viewed as a consequence of the conlpetitive learning. However, by 
following recent definition of topology preservation, we can say that not every self- 
organising model has tlzis quality [9]. 

2.1 The Self-Organising Map (SOM) 

The self-organising imp of Kohonen [6] is one of the best-known and niost popular 
neural networks in the literature. The SOM consists of a set of competitive units that 
fonn a lattice with a topological neighbourhood function. The algorithm itself, which 
is inspired by sensory mappings found in the brain, is relatively simple. Tlie lattice of 
map nodes are each connected via adaptable weight vectors to each elenlent of the 
input vector. The SOM algorithm performs competitive learning, but instead of just 
the winning node being adapted, nodes that are close to the winner in the map space 
(neiglibours) are also adapted, although to a lesser extent. 
This means that nodes that are close togetlier in the lattice respond to similar inputs, 
so that the set of local neighbourhoods self-organises to produce a global ordering. 
The dimension of the nnp space and the number of nodes in the network are chosen 
in advance, and typically the map have one- or two-dimensions. In the one- 
dimensional case the lnap is organised to forin a continuous ring of neurons. In the 
two-dimensional case the imp is been bent to form a inatrix of neurons. 
For a given input, the distance between the input and each of nodes in the imp field is 
calculated usually as Euclidean distance. The node with tlie minimum distance is 
selected as the winner and the weight for that node and its neighbours in the map field 
are updated. In the SOM the network structure and dimensionality must be decided 
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before the learning (fixed din~ensionality). This constraints the resulting nuppings 
and the accuracy of the output. 
So, the SOM have only partially the topolo~y preserving property: a neighbour 
neurons corresponds to neighbour input vectors, but no vice versa. A real topology 
preserving, nlay be obtained by models with variable dimension. 

2.2 The Growing Neural Gas (GNG) 

The GNG is an incren~ental neural network. The incremental character of this model, 
avoids the necessity to previously specify the network size [2]. It can be described as 
a graph consisting of nodes, each of which has an associated weight vector (reference 
vector), and by defining the node's position in the data space and a set of edges 
between the nodes and its neighbours. During the learning phase, new nodes are 
introduced into the network till a maxinul number of nodes is achieved. The GNG 
starts with two nodes, randomly localized in the data space, connected by an edge. A 
new node is introduced into a network after a predefined number of iterations, h 
(adaptation steps), defined by the user. The new node has to be slowly introduced into 
the network structure, in order to lieve enough time for redidtributing the nodes over 
the data space. For each data object the winner (the closest node) and the closest node 
of the winner, are determined. These two nodes are connected by an edge and with 
each edge an age variable is associated. At each learning step, the age of all edge 
etnanating from the winner are increased by one. When the edge is created its age is 
set to zero. Edges exceeding a nlaxinlal age and any nodes having no enunating edge 
are removed. In this way the topology of the network is modified. The neighbourhood 
of the winner is limited to its topological neighbours, in other words, nodes connected 
by edge with a winner. In GNG all topological neighbours are updated in the sane 
way, and the squared distance to the input data is accumulated for the winner [I]. 
This network is able to learn high dimensional input spaces, and to satisfy in every 
situation topology preserving property. This is because its topolo~y is not previously 
defined, but they adapt it during the learning [2]. 

3 The implemented architecture 

Tlie realised system simulates the beliaviour of a mobile robot, that is able to know 
and to classify the imiges acquired from a visual sensor, fixed on robot body. Our 
system uses a single sensor, that is an omni-directional digital camera that provides 
the description of the environment. This camera acquires the images with colour 
depth of 24 bits. 
The choice of the environment to test the realised architecture is very important to 
verify the system effective ability. Then the choice environ~nent is without chronutic 
characteristics and with not bright colours, a priori unknown, and in particular it 
consists in a typical indoor environment: two different corridors, where the system 
has to recognise the right zone of a specific corridor. 



204 Paola Baldassarri et al. 

In the first tinie, we extract the frame from the videos relative to the two corridors. 
After we reduce the dimensions of the images through bilinear mean of the colours. 
The images are reduced in a bitrnap format of 32x24 pixels and then every pixel of 
the inlages is separated into RGB (Red Green Blue) components. The components 
have a value between 0 and 255. 
To verify the perfornlances in robotic field of two self-organising network nlodels, the 
following architecture has been realized using both the SOM and the GNG network 
with the same structure. In all tlie exanlples, tlie output map of tlie SOM is a one- 
dimensional chain. 

- The first layer consists of three neural networks, one for each component RGB, and 
it has to identify the space of the possible vectors, classifying the images according 
to levels of Red, Green or Blue about the individual pixels. 

- The second layer consists of a single neural network. It receives in input tlie weight 
vectors of three winner units; one for each network relative to the first layer. Then, 
the layer sinlultaneously processes three colours levels. The output of the second 
layer is the winner unit and so the reply of the system. 

In the second layer the nodes number is equal to the nuniber of parts in which we 
divided the corridor. During the training phase, each node correspond to a determined 
part, depending on tlie resenlblance to the training set data. The network also 
establislies the length of tlie corridor parts associated to tlie same node. 
Then the network receives again in input the same training set and now the system 
determines the images group that has the same output, including uncertain zones with 
heuristic methods. In this way the system discriminates the images belonging to a 
specific part of the corridor and then it explicates the correspondence nodes-parts. 
The training set used for the learning consists of the 80% of the inlages about the 
different locations that the system had to identify. To verify the real perfornlance of 
the recognition algorithmn, we uses the other 20% of images for the test. 
During the test, the system associated each input inlage to an appropriate winner unit. 
In other word, the system correctly replies if the output of the system is the node that 
identifies the corridor part fro111 which the itluge is previously acquired. 

4 Experimental results 

The behaviour of the inlplemented model is checked with some simulation's. In order 
to study the image recognition capability and the topology preservation capability, we 
have chosen networks with different characteristic, according to the number of units 
during the learning process and to the characteristics of the input. We have tested our 
method on real data images obtained from a digital camera, mounted on the top of tlie 
mobile platform. The environment consisted in two corridors, everyone with different 
characteristics. For the two corridors we have performed the learning of different 
input manifold, according to the inlages dinlension and to the nodes number. The 
following presentation considers the best case for each corridor. 
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4.1 First corridor 

The length of the first corridor is approximately 36 meters. During the run 1000 video 
sequences are taken, corresponding to 1000 different poce. The training set consicts of 
800 images, whereas the test set consists of 200 images. The images are rather similar 
and they do not show particular bright colours. 
To evaluate the performances of the two self-organising networks we have chosen the 
same number of nodes in tlie network of tlie second layer. The nuniber of nodes is 18. 
This choice depends by the length of the corridor and so the subdivision of the 
corridor in 18 parts there is. The time necessary to recognition each image is 0.065 
secondc, using the SOM. The time is considerably reduced if we consider the same 
corridor using tlie GNG network. In fact, the time to test the architecture using GNG 
network is 0.037 seconds for each image. 
The figure 1 comliparec the percentage of acknowledgenient of the test imlxgec for each 
part of the corridor. We can cee that the percentage of recognition has high value in 
either case, co both models are able to identify the images in a given dictribution. The 
GNG model, however, in each zone has the best percentage. 
So, the percentage of the acknowledgement of the all data set, during the test is 93,5% 
for the recognition using tlie SOM. While using the GNG, the percentage is 99,5%. In 
a global point of view, the GNG model acknowledges all the test images better tlian 
the SOM, althougli either value are rather Izigh. 

CORRIDOR 1 1 

A B C D E F G H I J K L M N O P Q R  ~ 
Fig. 1. Comnp'aison of the percentage of r e c o _ ~ t i o n  in each p'xt between SOM and GNG 

Another iniportant aspect that concerns the topology preserving property is 
considered. So as final result, we want to obtain tliat the edges between the nodes in 
the last layer matches tlie topological nlap of tlie corridor. In this way, we can 
reconstruct the topology of the environment through the reply of the network, cince 
each node identifies a particular zone of the corridor. 
The following figure 2 compares tlie grapli in output and its connections in two 
architectures (one with SOM networks and the other with GNG networks). The 
corridor is effectively and correctly reconstructed if the letters in the figure are linked 
in alphabetical order. 
The triangles identify the connections between the nodes of the adapted SOM 
network. In this case the topology of the corridor in the last part of the corridor is only 
respected. In fact, in the initial part the nodes connect zones not nearby. 
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The squares identify the topological representation of the corridor, considering the 
GNG networks. We can see that the system now is able to connect correctly the 
neighbouring parts of the corridor, and then the preserving topology property is rather 
well respected. The stars identify some nlistake, when the arcs of the graph also 
connect not neighbour parts of the corridor. 

CORRIDOR 1 

=,~ 
GNG (emor) 

A B C D E F G H I J K L M N O P Q R  1 
Fig. 2. Cornparison on the topology preservation between SOM and GNG 

4.2 Second corridor 

The length of the second corridor is approximately 15 meters. During the run 900 
video sequences are taken corresponding to 900 different pose. The training set is 
created from 750 images while the system testing is carried out on 150 different 
images. 
The images of the last environment are more coloured and clearer than the others. 
Since this corridor is the most short, in the network of the second layer of the 
architecture, for either self-organising networks, we have considered 10 nodes. So the 
corridor is divided in 10 parts, in each zone the images are rather similar. 
The time necessary to acknowledge each image is 0.048 seconds, using the SOM. 
While the time to test the identical arcllitecture using GNG network is 0.035 seconds 
for each imige. 

CORRIDOR 2 1 

WSOM OGNG n 

Fig. 3. Comparison of the percentage of recoLgnition in each part between SOM and GNG 



Self-organizing Maps versus Growing Neural Gas in a Robotic Application 207 

In the figure 3 we conipare the percentage of recognition of the test images in each 
part of the corridor. We can see that the percentage of acknowledgement is 100% in 
each part, when in the architecture we consider the GNG networks. And so in this 
case we have a global recognition of 100%. Loosely speaking all the images are 
perfectly clustered and recognized. If we use SOM networks we have a smallest 
percentage to correctly classifj the inuges. The total percentage is 90.6%. The GNG 
network has the best percentage, whether locally or globally. 

CORRIDOR 2 

I 1 

F~ ~ 
GNG (error) 

Fig. 4. Comparison on the topology preservation between SOM and GNG 

By observing the figure 4, we can see that the connections between the nodes of the 
second layer network, respect rather well the topology of the second corridor, when 
the architecture consists of GNG network (squares). In this case the system 
acknowledges all the test images, and it is able to respect neighbourhood relationships 
in the zones of the corridor (figure 4). Then, the corridor is completely reconstructed 
and the topology is preserved. The arcs connect correctly neighbouring parts in tlie 
topological map of the corridor. The stars identify some erroneous connections for 
this particular situation. 
Tlie triangles represent tlie output nodes of the system when we consider the SOM 
model. As we can see the parts of the corridor are not very well connected, the letters 
in alphabetic order are not linked. In this experiment, it is not possible to recognize 
the topological map of the analysed environment. The links between the nodes do not 
reflect the connections between the adjacent parts of corridor. 

5 Conclusion 

The aim of this paper was to present an application of the topology preserving 
capabilities of two different self-organising networks. We have shown that the 
network with a variable topology (GNG) adapts better to any one of the inputs 
nunifolds than network with a predeternlined topology (SOM). We have presented a 
prelinlinary work on the use of artificial vision in a self-localisation schema for a 
mobile robot. The proposed approach, well suited for an office like environments, 
used an inexpensive camera with standard hardware. To compare the effectiveness of 
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the two niodels, an unsupervised architecture has been realized using both the SOM 
and the GNG, which have the sanle structure. 
Experinlental results are presented to show a good classification accuracy of the 
proposed architecture, in either case. In fact, both the SOM and GNG have been 
particularly successful in data recognition tasks, although the GNG network assures 
the best results and in a few time. 
The simulations show that the pre-defined output map structure of SOM loose the 
topology preserving property; in fact the connections between the nodes of tlie 
adapted network does not reflect tlie sequence of different zones in wl.licli the corridor 
is divided. While, tlie GNG algorithm adjusts to tlie topological structure of a given 
input manifold and fornls, always a perfectly topology preserving mapping. In fact, in 
this case the system not only optimally recognizes the images in each corridor, but it 
is able to reconstruct the topological map of each environnient. In other words, the 
nodes and their connections reconstruct the corridor, since there is a correspondence 
"nodes-pieces". This property is very important for the blind navigation. When a 
nlobile agent navigates in a unknown environnlent, the proposed architecture allows 
to automatic represent the topological nlap of the environment and so to support the 
moving agent. So, while the agent navigates in the blind environment it can perform 
an assessment of his localisation. 
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Abstract. This paper presents a neural design which is able to pro-
vide the necessary reactive navigation and attention skills for 3D em-
bodied agents (virtual humanoids or characters). Based on Grossberg’s
neural model of conditioning [6], as recently implemented by Chang
and Gaudiando [7], and according to the Adaptative Resonance The-
ory (ART) and the neuroscientific concepts associated, the neural design
introduced has been divided in two main phases. Firstly, an environment-
categorization phase, where an on-line pattern recognition and catego-
rization of the current agent sensory input data is carried out by a self
organizing neural network, which will finally provide the agent’s short
term memory layer(STM). Secondly, and based on the classical condi-
tioning paradigm, the model will associate the interesting STM states,
from the navigation or attention points of view, to finally simulate these
necessary skills for 3D characters or humanoids. Finally, we will show
some experimental navigational results, through the integration of the
model presented in 3D virtual environments.

1 Introduction

Intelligent Robotics and Intelligent Virtual Environments(IVE) share the lack of
designing agents capable of finding paths free of obstacles in order to satisfy their
high level goals. Furthermore, one of the main tasks of any mobil agent, including
humans, is navigation. In the majority of applications where 3D embodied agents
are required, such as games or real time graphic simulations, this navigation
problem is normally solved using any plausible global search technique, which is
normally applied under classical static environmental assumptions [9]. A more
reduced set of contributions in this field considers navigation as a local agent
� partially supported by the GVA-project CTIDIB-2002-182 (Spain).
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problem, simulating a realistic information flow from the environment to the
agent, and easily computed through the classical sense/think/act agent cycle.

From robotics, Latombe et al. have combined 2D path-planning techniques
with a rule-based system for modelling memory and synthetic vision/perception
in virtual human simulations[4].

Tu and Terzopoulos implemented a realistic simulation of autonomous arti-
ficial fish combining a raycasting vision system with physical-based locomotion
[5]. This system has been also applied to 3D virtual humans [12].

Noser et al. presented a synthetic vision system that uses object-false color-
ing and dynamic octrees to represent the visual memory of the character who
navigates combining global and local techniques[2].

As nowadays, the increasing graphic realism of 3D characters has generated
corresponding expectations in terms of character’s behaviour (including the low-
level ones), our main research interest is to provide for the adequated AI for-
malisms in order to reproduce and display the neccesary intelligence related to
the skills cited.

In 3D environments, agents can perfectly access to the complete visual data
base, so local sensorization is not really a requirement. However, local meth-
ods are clearly more appropriate for managing the necessary information flow
to simulate reactive behaviours, such as navigation in dynamic environments or
visual attention. For instance, the process of filtering visual sensory information
and selecting the most interest objects from the environment to attend, that
is, visual attention would be a globally untractable problem for complex envi-
ronments. Furthermore, global navigation techniques for 3D intelligent virtual
agents (IVAs) present the following problems:

– Reactivity: During navigation, the agent’s target could change, for instance
it could detect a virtual friend, or escape from a new enemy. Dynamic virtual
environment simulations, where obstacles or agents could appear anytime,
suggest the avoidance of global path calculations.

– Uncertainty: The agents could not have global information about their en-
vironment. This must be a requirement in virtual humans, which must only
remember the places previously visited, in order to perform realistic simula-
tions, such as in supermarkets, etc.

– Realism: Depending on the environment discretization (2D-grid, quadtrees,
octrees) the global path obtained will contain the set of cell-centroids, which
the agent must visit to finally achieve its position goal. The visualization of
this path will have a low realism degree and normally an extra path-smooth
phase will be also required.

Bearing this in mind, and although low-level navigation and attention be-
haviours for 3D characters depend on the specific application, we can identify
these essential requirements:

– Reachability: For any goal position, the agent must be able to reach it au-
tonomously.
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– Collision Avoidance: Agents must reach their goal positions without colliding
with any obstacle or agent.

– Replanning: Goal position can change during navigation so flexible naviga-
tion will be also required.

– Lifelike paths: Optimization criteria considered typically in global naviga-
tion algorithms, (minimum distance/energy), must be blended with local
information in order to achieve lifelike paths instead of minimum ones.

– Lifelike attention: In every simulation cycle the agent must attend to in-
teresting objects/agents, according to their properties (ej.: type, size, color,
speed, direction, ...) .

The rest of this paper is organized as follows, firstly we will present the
sensory agent system and the feedforward scheme introduced as the basis of the
neural design proposed. Then we will explain this design focussing mainly on, the
on-line environment categorization performed by a FuzzyArt Neural Network,
and the conditioning machanisms introduced later. Finally we will also show the
experimental navigation results obtained during simulation time, which have
demonstrated a good potential for scaling the neural model up.

2 The sensory agent system

Intelligent robots or virtual characters with a set of sensors and memory skills
must be able to explore unknown environments, and incrementally build their
own internal model of the world. In this way, the main information channel
between the environment and the agent, should be provided by the sensory agent
system.Furthermore, 3D humanoids must take this into account, simulating a
realistic information flow from the environment to the agent, instead of creating
omniscient agents.

As we know, synthetic vision differs from vision computations for real robots,
since we can skip all of the problems of distance detection, pattern recognition,
and noisy images [4]. This allow us to implement a reasonable model of visual
information flow that operates in real time systems. We are considering virtual
vision sensors as a simple pyramidical culling volume from the agent point of
view. According to this, in each agent’s simulation cycle, every object or agent
accepted by its vision cull-test, that is, the visible objects and agents, will shape
an observation vector within semantic information relating to the object/agent
(direction, distance, size, color, ...). In order to introduce high level information
to be used by the planner system [11], we have also included relevant information
about its state, for instance door(open/closed)(Figure 1). This semantic-vector
approach is similar to Latombe’s perception-based navigation system, where
visual observations are simulated using an output vector provided by the vision
module as well [4]. As Figure 1 shows, each observation corresponds to a couple
of vectors, that is, the rays that cover completely the obstacle from the agent’s
point of view. This information will be useful for navigation tasks in two ways,
firstly as the necessary patterns to represent and categorize the environment,
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in order to perceive and detect them in the future, and secondly to inform the
navigation system about the directions that will drive the agent to a collision
situation.

Virtual
Environment

Synthetic
Vision

Neural Model

Update &
Rendering

observation vectors

angular velocity vectors
(vnavigation , vattention )

o
1
(table, dir_x, dir_y, dir_z, dst, ..., feature n)

o
2
(table, dir_x, dir_y, dir_z, dst, ..., feature n)

o3(divider, dir_x, dir_y, dir_z, dst, ..., feature n)
o4(divider, dir_x, dir_y, dir_z, dst, ..., feature n)
...
o

k
(obj_id, dir_x, dir_y, dir_z, dst, ..., feature n)

o
k+1

(obj_id, dir_x, dir_y, dir_z, dst, ..., feature n)

o1

o2

o3

o4

vnavigation

vattention

Fig. 1. Basic agent loop

In the next section we will review the neural model we are using to categorize
the environment, as a generic machanism for the agent’s perception and situation
detection.

3 The Neural Design

The neural design proposed is based on a simple 3-layer feedforward model
presented in [10]. The first layer (goal following) will compute the alignment of
each neuron, as a vector of an angular map, to the goal. Then, in the correction
layer, and according to the sensory information provided, we can reprimand
the neurons which would locate the agent on a collision course. Finally both
contributions are taken into account in the motor layer, which will search for
the neuron with the maximum activation value. As we will see in the results
section, this reactive scheme can be adequate for 3D virtual humans, and let us
consider the possibility of parametrizing several important factors, such as, the
security distance to objects. However, it could fail in some situations (Figure 4),
local minima, etc, so we have complete the correction layer with the following
model.
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3.1 Synthetic Perception and Short Term Memory

Human vision is a complex process where input data is taken from saccadic
eye movements and then processed in different areas of visual and prefrontal
cortex. During this process a high level classification occurs resulting in a number
of categories which will represent the state of the agent’s environment, from
its point of view. The Adaptative Resonance Theory (ART) has been used for
this task as a well known human cognitive information processing model and
according to this model, each agent will have a Fuzzy ART Neural Network for
managing this categorization, which will give the agent the possibility of learning
new categories, or situations to consider, without forgetting familiar ones [6].

Fig. 2. Neural design for agent attentive navigation

As Carpenter&Grossberg pointed out, the Fuzzy-ART system tries to allo-
cate the current sensory input sample in one of the familiar categories previously
learned. When agreeing with the vigilance parameter, typically included in ART
systems, this sample cannot be committed to any of the current categories, the
model will create a new one. In this first learning step, the observation vectors
(Figure 2) will be sent to the agent which will take a look at its environment for
ascertaining its variability. As a self organizing neural network, this learning step
can be carried out on-line, that is, in real time. Bearing this in mind, the agent
will learn the variability of objects from its environment to finally manage a
finite number of self developed categories which will represent several situations
that the agent is interested in controlling, such us, a new interesting objects/
agents to attend, or a plausible collision situation.

Typically, in ART systems a single input pattern is able to activate only
one category, however, a complete reasoning cycle for 3D IVA’s must imply
the sequential activation of different categories. According to this, the active
categories will be stored in a new layer (STM) which will finally represent the
agent’s short term memory in real time (Figure 2).
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The next problem will consist in finding the right associations between spe-
cific STM states and the 3D agent motor layers, considered as normal angular
velocity vector maps. To achieve this, the model must learn when and how to
map its current STM state into the navigation and attention motor layers. This
process will be based on the classical conditioning paradigm and it will also be
neccesary to consider specific conditioning learning signals in both associations:
STM - navigation layer (CSn) and STM - attention layer(CSa) [7](Figure 2).

In a first mapping (STM-navigation association), the model will help the
correction layer of the basic feedforward scheme to finally control the angular
velocity vector of the agent’s body, so that, the training will be oriented to detect
and associate collision situations with the navigation output vector.

In parallel (currently under construction), a second mapping will simulate
visual human attention. Again, associating the right stimuli, the velocity vector
map considered for the attention layer will control the final character’s head ori-
entation in real time. For a further explanation about the neural model presented
see [10].

4 Experimental Results

The model described has been implmented in C++ and has been integrated with
two kinds of 3D environments, such as, SGI-IrisPerformer API and the Unreal
Tournament 3D virtual environment graphic engine. The first results presented
in [10] was concerned with the basic feedforward model, and no learning was
carried out. This system has been upgraded and tested in several situations, as
Figure 3 shows, where through classical parametrization, this basic model let’s
us consider the possibility to include internal agent variables, such as stress, or
a security factor, in order to help in avoiding any obstacle (Figure 3).

Fig. 3. Paths obtained in several test situations

Figure 4 in its first loop, shows the behaviour founded without considering
the security factor mentioned, in this situation, when the agent is to close to the
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bounding box of the object represented and no categories has been learned, it
can loose its sensory information and go forward its goal, unfortunately, passing
over the obstacle. As the categorization performed in the STM layer is sensitive
to conflict situations, this let’s us implement the associative learning already
explained, in order to control them properly. This is shown in the second loop
of its 7-step plan when a similar collision situation is faced the second time,
the agent can now recognize it and correct it, avoiding the collision situation
previously learned.

Fig. 4. Learning on-line from past situations

In order to visualize the resultant character’s behaviours, the system has been
also integrated in the Unreal Tournament 3D graphics engine, where basically the
neural model should send via UDP sockets the current position and orientation to
the game engine. These data are managed by several UnrealScripts, the engine’s
scripting lenguage, to finally locate the 3D character in the virtual environment
(Figure 4).

Fig. 5. Paths follwed by the 3D agent in a UT based 3D virtual environment
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5 Conclusions

Neural approaches have been previously introduced in 3D intelligent creatures,
mainly on solving dynamical systems for computer animations [5]. However, the
majority of 3D agent architectures are focused on low cost global techniques to
solve navigation problems and approaches from neuroscience are less frequent in
3D virtual worlds. A new neuromodel approach has been presented for covering
visual attention and navigation for 3D intelligent virtual agents, such us 3D
virtual humans but it could be also adapted to robotics.

According to the results obtained, we expect to undertake new experiments
focussing on navigation reactions, for example avoiding dynamic obstacles or
agents, and finally including the necessary machanisms for visual attention in
3D humanoids.
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Abstract. Neural networks have proven to be very powerful techniques
for solving a wide range of tasks. However, the learned concepts are un-
readable for humans. Some works try to obtain symbolic models from
the networks, once these networks have been trained, allowing to under-
stand the model by means of decision trees or rules that are closer to
human understanding. The main problem of this approach is that neural
networks output a continuous range of values, so even though a symbolic
technique could be used to work with continuous classes, this output
would still be hard to understand for humans. In this work, we present a
system that is able to model a neural network behaviour by discretizing
its outputs with a vector quantization approach, allowing to apply the
symbolic method.

1 Introduction

Neural networks (NN) are very useful to solve a wide range of tasks, such as
classi�cation, prediction, optimization, etc. In this work, we begin with a NN that
is able to control a robot. There are many ways to learn such a NN, from typical
algorithms, like backpropagation [1], to reinforcement learning approaches [2]
or evolutionary computation [3]. However, it is very diÆcult to interpret the
results in order to extract general conclusions on the correctness of the learned
knowledge, its possible drawbacks, or to improve it.

The ability to transform a procedural description of the reasoning process of,
for instance, a given control skill into a declarative representation allows to more
easily share knowledge, or to reason about other control behaviors. Speci�cally,
one of our goals is the study of automatic ways of extracting knowledge (models)
from non-symbolic representations, such as NN's. This has been already studied
by some authors by analyzing the internal structure of the NN [4]. We propose
an alternative that consists on modeling their behavior by observing how they
\solve problems": what output they generate in response to some inputs. So,
the modelling task is mapped to a symbolic classi�cation task, where a classi�er
must learn to assign the right action (output of the neural network) to any state
(input of the network) [5].

Nevertheless, NN output is continuous, while symbolic supervised learning
algorithms, like C4.5 [6], typically work with discrete classes. Thus, a mapping
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from the initial set of continuous values to a �nite (and preferable small) set is
required. In this work, we apply a vector quantization technique, the Generalized
Lloyd Algorithm (gla) [7], to do this map and to automatize this process, that
in other case would have to be done by hand.

In this paper, Section 2 presents our learning approach to symbolic modeling.
Section 3 describes the gla algorithm. Section 4 describes the way in which
experiments were de�ned, and presents the obtained results. Finally, Section 5
discusses the main conclusions achieved and further research.

2 Automatic acquisition of models

The behaviour of a reactive robot can be characterized by its response, (out-
puts), to the sensorial information that it receives, (inputs). So this behaviour
can be considered as a relationship between inputs and outputs. In terms of a
classi�cation task, this allows to de�ne a class for every possible output. Then,
the task of modeling (generating a declarative representation of a robot behav-
ior) can be translated into a classi�cation task using symbolic methods, where
the relationship between the inputs and the outputs must be learnt. In a previ-
ous work we presented results for discrete tasks in which the outputs belonged
to a �nite set of values[5]. However, the assumption of having a �nite set of ac-
tions is false in many domains. Thus, the work above was extended to apply two
di�erent approaches. First, to discretize the output by hand and to use a typical
symbolic classi�er (like c4.5 [8]). And second, to use a symbolic algorithm that
is able to deal with continuous outputs (like regression trees [9,10]). Both ap-
proaches obtain very good results, preseted in [11]. However, the �rst approach
has as main problem of the discretization step, that must be done by hand. The
problem of the second approach is, given that the output of the regression tree
is continuous, it is harder to interpret it, so the goal of the work, to model and
to understand the behaviour, may not be achieved. In this work we follow the
�rst approach, but we look for an automatical way to discretize the output. This
approach is based on vector quantization methods [12], particulary the gla.

In this work, we use a NN that controls a robot, and a technique that gener-
ates rules, such as c4.5, to model the network, i.e. to model the robot behaviour.
The general framework is described in Figure 1 which shows the interrelation be-
tween the robot r1, the modeler r2 that tries to learn and reason about a model
of r1, the classi�cation technique c used for modeling its behavior, and the ob-
tained classi�er m (model of r1). This classi�er m should model the behavior of
robot r1, in such a way that if one presents the same set of input patterns (sen-
sory data) to both r1 and m the error between the output provided by r1 and m
should be minimal. Furthermore, a vector quantization (VQ) step is introduced
to discretize the r1 outputs. Next section describes brie
y this technique.

3 Generalized Lloyd Algorithm (gla)

The Generalized Lloyd Algorithm [7] is a clustering technique that consists of a
number of iterations, each one recomputing the set of more appropriate partitions
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of the input states (vectors), and their centroids. The algorithm is shown in
Figure 2. It takes as input a set T of M input states, and generates as output
the set C of N new states (quantization levels).

There are two design decisions to be made when using such a technique. The
�rst one is how to choose the initial set of clusters, given that the solution is
highly dependent on it. The second one is what to do with empty cells obtained

Generalized Lloyd Algorithm (T;N)

1. Begin with an initial codebook C1.
2. Repeat:

(a) Given a codebook (set of clusters de�ned by their centroids) Cm = fyi; i =
1; : : : ; Ng, redistribute each vector (state) x 2 T into one of the clusters in
Cm by selecting the one whose centroid is closer to x (nearest neighbour
rule).

(b) Recompute the centroids for each cluster just created, R, to obtain the new
codebook Cm+1, using equation (1):

cent(R)[i] =
1

kRk

kRkX

j=1

xj [i] (1)

where xj 2 R, xj [i] is the value of component (attribute) i of vector xj , and
kRk is the cardinality of R.

(c) If an empty cell (cluster) was generated in the previous step, an alternative
code vector assignment is made (instead of the centroid computation).

(d) Compute the average distortion for Cm+1, Dm+1.
Until the distortion has only changed by a small enough amount since last itera-
tion.

Fig. 2. The Generalized Lloyd Algorithm.

219From Continuous Behaviour to Discrete Knowledge      



in step 2(c), given that empty cells are useless. Both topics are solved by using
only one cell initial prototype, and increasing this value in di�erent iterations.
Empty cells are eliminated and replaced by other ones that result from splitting
non-empty ones. All these mechanisms are explained in depth in [13].

4 Experimental Setup and Results

This section describes the experimental sequence needed to obtain a symbolic
model m from an agent r1 (which is considered as a black box) that can be used
by an agent r2. To do so, we have carried out three phases: a robot training
phase for r1, a training phase for obtaining a model m of r1, to be used by r2
and the test of model m in a robot simulator.

4.1 Robot Trainning

During robot training (r1), Uniform Coevolution was used to obtain a NN that
controls the movement of the robot based on a Braitenberg scheme [14]. The
robot moves in a bi-dimensional world, where there are obstacles with di�erent
shapes. Its goal is to move to a goal position in an eÆcient way, as shown in
Figure 4.1(a). The robot has �ve sensors shown in �gure 4.1(b). Three of them
(the proximity sensors) inform the robot how close obstacles are. The next two
measure how far the target location is, and what the angle to that location is.
The robot has two wheels that can move at di�erent speeds v1 and v2, so the
robot can turn. However, for experimental purpose, the speed of wheel v1 is �xed,
therefore the NN can only control the wheel v2. The aim of the neural network
learned by Uniform Coevolution is to control r1, that is, to map its sensors into
v2 speed. We refer the reader to [3] for details about Uniform Coevolution.

(a)Environment View (b) Robot Architecture

Fig. 3. Robot and Environment
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4.2 The Modelling Task

Once the controller for r1 has been learned, the knowledge that tries to model the
behaviour of r1 is obtained by a rule modeler after applying the Lloyd algorithm
to discretize the outputs. The detailed steps for training r2 are as follows:

1. The robot r1, being controlled by the (co)evolved neural network is run
several times. At every instant, the readings of the �ve sensors (inputs) r(ti)
and the wheel velocities (outputs), c(ti) are logged to produce a trace of
the reactive behaviour of the robot. From this trace it is straightforward to
obtain a set of examples T so that r2 can learn and model r1.

2. Each instance ti of the set T is composed by the input, r(ti), and the output,
c(ti). From the set T , we extract all the c(ti) values, generating the set
Tc of possible outputs. This set is used as input of the generalized Lloyd
algorithm to obtain a reduced set of values T̂c. Last all the c(ti) values in T
are discretized based on T̂c, obtaining T̂ .

3. The Set T̂ is used to train r2, which generates modeling knowledge. This
knowledge will be obtained using C4.5 [15], a decision tree generator, that
will generate a set of rules that models the robot behaviour. That is, r2
knowledge should predict the output of r1, no matter whether it is the right
or the wrong output. Of course, we are also interested in modeling r1's
mistakes, if any.

In this domain, the learning task is the prediction among a range of classes,
based on 5 attributes (sensors data). The number of instances are 976 corre-
sponding to six simulations of r1. The classes have been obtained \ad-hoc" for
the �rst experiment, visualizing the distribution of the data, and selecting 11
di�erent values.

The gla has been also used to obtain the classes using di�erent number of
discretization levels (2, 4, 8, 16, 32 and 64). To determine how closely r2 knowl-
edge models r1 behaviour, we carry out ten-fold cross-validation. The closeness
of the performance of both r1 and r2 is measured as the number of examples in
which the predictions of r2 di�er to the behaviour of r1 for the same sensorial
input, taking into account that, in each case, both outputs are discretized fol-
lowing the \ad-hoc" classes or the ones generated by gla. Classi�cation results
are summarized in table 4.2 for the \ad-hoc" solution, and the seven solutions
obtained by di�erent executions of gla, for di�erent number of discretization
levels or classes.

Approach \ad-hoc" gla 2 gla 4 gla 8 gla 16 gla 32 gla 64

Accuracy 89.9% 98.90% 97.30% 93.30% 88.80% 81.80% 70.50%
Table 1. Classi�cation results

While the number of classes is increasing, the accuracy decreases. This is
because while the number of classes to di�erentiate increases, the classi�cation
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problem is harder to solve. However we will show later that this is not a problem,
and that a high accuracy does not imply a good model.

4.3 Testing the Obtained Models

Last, and once the 7 models mi (the hand made solution, and the 6 models with
di�erent number of outputs generated with gla) have been generated, we tested
them in a robot simulator, SimDAI [16], and we compared the performance of
our model against the robot controlled by the NN in terms of average time
consumed and average distance covered to reach the goal. In total there were
50 trials (robot motion) with r1 and the 7 models mi. Each trial begins from
di�erent places in a bi-dimensional world and consists in reaching the goal in an
eÆcient way.

Figure 4 shows average distance covered by each model (including the original
one) to achieve the goal for the 50 trials, while Figure 5 shows the time spent
in running such a distance. The original model and the model using \ad-hoc"
classes obtain similar results, showing that the last approach is successful.
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Fig. 4. Covered distance.

When we use the models obtained by discretizing the classes with gla, we
observe that with only 2 and 4 di�erent classes, results are worse than previous
solutions, as well as when the number of classes is very high (32 and 64 classes).
In the �rst case, it is because the number of di�erent classes or actions that
the robot can execute is very low, so although the modelling task was very
succesful (as shown in Table 4.2), the learned model is not good. In the second
case, despite the fact that the model with 32 classes displays similar results for
average distance with original model, the average time is much worse. This is due
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to this model sometimes generates trials where the robot is blocked and does not
move, covering a low distance, but without achieving the goal in the maximum
time set (time < 2000). When 8 and 16 classes are used to discretize the network
output, the model obtained behaves very similarly to the ones obtained by the
original model and by the model with classes discretized by hand.

5 Conclusions

Results show that our approach is quite good when modeling simple neural
agents evolved by means of coevolution in a goal-seeking obstacle-avoiding robot
domain. In this paper we have used a machine learning technique, c4.5, to ob-
tain the modeling knowledge after applied the Lloyd algorithm to automatically
obtain a small discretized set of classes.

To discretize the data is needed when using classi�cation techniques that
require a �nite set of classes and when requiring the outputs are easily under-
standable by humnas. In this work, we have used two approaches to do this
quanti�cation. The �rst one is to do it by hand, so the set of classes is obtained
after an extensive analysis of the data, locating the quanti�cation levels in those
places where clusters were visually identi�ed. However, this process can not be
always done by hand. For instance, if we had a NN with several outputs, multi-
dimensional data should have to be quanti�ed, requiring an automatic method.
In this work, we have used a vector quantization method that computes the
quantization levels, allowing to design a model that obtains results very simi-
lar to the results obtained by the original model and the model designed with
classes computed by hand (which is very good because of the extensive analysis
required to generate this approach).

In the future we want to extend our approach with the following ideas. First,
to test our approach with other obstacle con�gurations. Second, to make some
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agents learn models of other agents so that they can cooperate together. Last, in
this experiments, the acquisition of models of other agents is o�-line. However,
it would be very interesting that an agent could learn about other agents by
observing them on-line.
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Abstract. This paper proposes a very fast method for blindly initial-
izing a nonlinear mapping which transforms a sum of random variables.
The method provides a surprisingly good approximation even when the
basic assumption is not fully satis�ed. The method can been used success-
fully for initializing nonlinearity in post-nonlinear mixtures or in Wiener
system inversion, for improving algorithm speed and convergence.

1 Introduction

Blind Separation of independent sources (BSS) is a basic problem in signal pro-
cessing, which has been considered intensively in the last �fteen years, mainly
for linear (instantaneous as well as convolutive) mixtures. More recently, a few
researchers [1{10] addressed the problem of source separation in nonlinear mix-
tures, whose observations are e = f(s). Especially Taleb and Jutten [8] have
studied a special and realistic case of nonlinear mixtures, called post nonlin-
ear (PNL) mixtures which are separable. As shown in Figure 1, this two-stage
system consists of a linear mixing matrix, followed by componentwise nonlinear
distortions. It then provides the mixing observations:

ei(t) = fi(
X
j

aijsj(t)) (1)

where sj(t) are the independent sources, ei(t) is the i-th observation, aij denotes
the entries of the unknown mixing matrix A, and fi is the unknown nonlinear
mapping on the component i.

? This work has been partly funded by the European project BLInd Source Separation
and applications (BLISS, IST 1999-14190), by the Direcci�o General de Recerca de
la Generalitat de Catalunya under a grant for Integrated Actions ACI2001, and by
the Universitat de Vic under the grant R0912
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h f(�)-- -

s(t) x(t) e(t)

Fig. 2. A Wiener system consists of a �lter followed by a distortion

The problem of blind inversion of Wiener systems (Fig. 2) is equivalent to
the source separation problem in PNL mixtures [11]. Its output writes as

e(t) = f(
X
k

h(k)s(t� k)) (2)

where s(t) is the independent and identically distributed (iid) input, e(t) is
the observation, h(k) denotes the entries of the unknown �lter H and f is the
unknown nonlinear mapping, assumed invertible and memoryless.

Blind separation or inversion of the above models requires �rst to estimate
the inverse of the nonlinear mapping, and then to inverse the linear part. This
can be done by minimizing the mutual information of the inversion structure
output. However, it leads to slow and cost consuming algorithms, since the two
parts are in cascade and optimized with the same criterion.

In this paper, we propose a simple, very fast and eÆcient method for roughly
estimating the inverse of the nonlinear mapping. Section 2 explains the prin-
ciples. Section 3 proposes two classes of algorithms and section 4 shows some
experimental results where one use this method for initializing blind inversion
algorithms and improving its speed.

2 Principles

2.1 The basic assumption

In the model (1), consider the signal just before the nonlinear mapping. For
the i-th component in the PNL mixture, The signal xi(t) =

P
j aijsj(t) is a

weighted sum of random variables. According to the Central Limit Theorem, Xi

tends toward a Gaussian random variable. The nonlinear mapping fi changes
the distribution, and consequently we can assume that the random variable
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e(t) z(t) � x(t)

Fig. 3. The inversion system

Ei = fi(Xi) is far from Gaussian. Then, we propose to estimate the inverse of
fi, as the nonlinear mapping gi which enforces the random variable Zi = gi(Ei)
to be Gaussian.

Similarly, in the Wiener systems the �ltered signal x(t) =
P

k h(k)s(t � k),
just before the nonlinearity, is a weighted sum of random variables. According
to the Central Limit Theorem, the random variable X , associated to x(t), tends
to be a Gaussian random variable. Of course, the vicinity to a Gaussian variable
depends on the �lter, but X is closer to a Gaussian distribution than the distri-
bution of the original source S. We then propose to approximate the inverse of
f(�) by the function g(�) such that g(E) is Gaussian.

In the next section, since the two problems are very similar, we cancel the
index i for simplifying the notations.

2.2 Cumulative density function

The simplest approach for computing gi is based on the property of the cumu-
lative density function. Consider the random variable E, and denote FE(u) its
cumulative density function:

FE(u) = Pr(E < u) (3)

where Pr() denotes the probability.
The random variable U = FE(E) is then uniformly distributed in [0; 1].

Denoting �(u) the Gaussian cumulative density function, which transforms a
unit variance Gaussian variable in a uniform random variable in [0; 1], it is clear
that ��1(U) is a unit variance Gaussian random variable.

Then, a simple approximation of the inverse g of the nonlinear mapping f is:

ĝ = ��1 Æ FE (4)

2.3 Maximization of Shannon entropy

Consider now the Shannon entropy of the unit variance random variable Z

H(Z) =

Z
�logpZ(u)pZ(u)du (5)

where pZ(u) denotes the probability density function.
Since, for unit variance random variable, the Shannon entropy H(Z) is max-

imum if Z is Gaussian [12], then g can be estimated so that H(Z) = H(g(E))
is maximum (under the constrain of unit variance).
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Algorithms

Using the previous results, one can propose two simple algorithms for the rough
estimation of the inverse of the nonlinear mapping f . The �rst algorithm (see
Fig. 3) is based on the formula (4) derived in Subsection 2.2. The Matlab code
is very simple and very fast.

A second algorithm, based on the result on Subsection 2.3, consists in ad-
justing a nonlinear mapping g so that the Shannon's entropy of z is maximum
under the constraint Ez2 = 1 (see [10] for a similar work). We can parametrize
the nonlinear function g, for example by means of neural networks (multylayer
perceptron), as showed in Fig. 4.

Fig. 4. Multilayer perceptron

A gradient approach can be easily derived for adjusting vector parameters
[h;b;w], in order to optimize the cost function J = maxh;b;w(H(Z)). Although
the second idea is still quite simple, it leads to an algorithm which is much more
complicated and longer to converge than the previous one.

Hence, in the following, we only give experimental results with the simplest
and more eÆcient algorithm based on (4).

4 Experimental results

4.1 Protocol

In order to test the algorithm, we made experiments, using source signals with
di�erent kurtosis.

Mixing of variables can be done according to either linear mixturesA or linear
�ltering h. For simplicity, we only report results with linear �ltering according
to (2), but similar results are obtained with (1) [13].
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Ten different filters (low-pass, high-pass or band-pass) have been used for 
providing filtered signals with various distributions. Then, we apply the non- 
linearity f .  We check, as expected by theory, that the algorithm is completely 
independent of f since, 'df the function 0 FE 0 f transforms the random 
variable X to  a Gaussian variable 2. If the compensation of the nonlinearity 
was perfect, the function @-I oFE 0 f should be the identity function. Of course, 
it can be rigorously true, only if X is Gaussian. 

For testing the algorithm of PNL source separation, we did some experiments 
for mixtures of two uniformly distributed random sources. The method used is 
the algorithm proposed by Taleb and Jutten [8], denoted TJ .  The mixing system 
is composed of: 

This mixture leads to  the joint distribution showed in Fig. 5, where the 
effect of the nonlinearities is clearly visible (left). In the same figure we can 
see the scatter plot after the initialization of nonlinear functions g (center) and 
the scatter plot of the initialized outputs y, where the signals are decorrelated 
(right). I t  is easy to  see qualitatively the initialization provides an estimation 
y(t) which is a mixture, simpler than e(t) .  

Fig. 5. Scatter plot of the observed signals (left), of the signals after initializing non- 
linear functions g (center) and of the decorrelated output signals (right). 

Despite hard nonlinearities ( 0 . 0 5 ~  + tanh(l0x)) are used in the experiments, 
the results obtained with the T J  method are satisfactory. The initialization pro- 
cess increases the convergence speed of the algorithm, and sometimes gives a 
better result in terms of output SNR (Fig. 6). 

4.2 Results 

The performance index E of the compensation will be simply the mean square 
error4: 

€ = E ~ [ I I ( @ - ~  0 FE 0 f ) ( X )  - x1I2] (8) 

For computing E ,  x(t) and z(t) = (@-I o FE o f ) (x( t ) )  have to be normalized 
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Fig. 6. SNR evolution for TJ algorithm with initialization process(solid line) and with-
out (dashed line).

which measures the divergence between ��1 Æ FE Æ f and the linear function x.
Fig. 7 shows the performance index versus the kurtosis of the �ltered signals

X , obtained with the di�erent sources and �lters. One can remark that the
performance is maximum when the signal kurtosis is close to zero, i.e. X is close
to a Gaussian, and vanishes as the kurtosis moves away from zero.

As a result, the eÆcacy of the method is only related on the distribution of
X , just before the nonlinearity f : closer to the Gaussian the distribution, closer
to zero the error ".

In Fig. 8 and 9 we show an example of good and poor compensation of the
nonlinear function. The good compensation corresponds to 0:0238 kurtosis and
the poor case to �1:2631.

5 Conclusion

In this paper, we propose a very simple and fast method for blindly approxi-
mating nonlinear mapping. The method is based on the assumption that the
input variable of the nonlinear mapping is Gaussian due to mixture or �ltering.
The results show the method is robust enough to the Gaussian assumption. In
the worst case (see Fig. 9), it leads to a rough approximation of the nonlinear
mapping which can be used as initialization value for enhancing BSS or Wiener
algorithms.
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Abstract. Independent Component Analysis (ICA) is a method for finding un-
derlying factors from multidimensional statistical data. ICA differs from other 
similar methods in that it looks for components that are both statistically inde-
pendent and nongaussian. Blind Source Separation  (BSS) consists in recover-
ing unobserved signals from a known set of mixtures. Thus, ICA and BSS are 
equivalent when the mixture is assumed to be linear up to possible permuta-
tions and invertible scalings. However, when the mixing model is nonlinear, 
additional constraints are needed to assure that independent components corre-
spond to the original signals. In this paper, we propose a simple though effec-
tive method based on estimating the probability densities of the outputs for 
solving the BSS problem in linear and nonlinear mixtures making use of ge-
netic algorithms. A post-nonlinear mixture model is assumed so that the solu-
tion space in the nonlinear case is restricted to signals equivalent to the original 
ones. 

1   Introduction 

Independent Component Analysis (ICA) is a method for finding underlying factors or 
components from multidimensional or multivariate statistical data [6].  This technique 
deals with the problem of transforming a set of observation patterns x, whose compo-
nents are not statistically independent from one another, into a set of patterns y = F(x) 
whose components are statistically independent from one another. In linear ICA, 
which is the most extensively studied case, the transformation F is restricted to being 
linear. Nonlinear ICA allows F to be nonlinear. The principle that guides ICA is in-
dependence, i.e. the components yi should be statistically independent, meaning that 
the value of any of the components gives no information on the values of the other 
components.  

The majority of the methods for performing ICA use an objective function, also 
called contrast function [4], which measures the degree of dependence of the compo-
nents of estimated sources.  A contrast function is a mapping ψ  from the set of prob-

ability densities { }, N
xp x to∈! ! satisfying the following requirements: 

i. ( )xpψ does not change if the components of xi are permuted. 

ii. ( )xpψ  is invariant to invertible scaling. 

iii. If x has independent components, then ( ) ( ),Ax xp p Aψ ψ≤ ∀  invertible. 
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Thus, a good measure of dependence must be a function which has an absolute 
minimum which is reached only when the components are independent. When the 
mixture model is assumed to be linear (Linear ICA) the solution space is relatively 
constrained, therefore linear ICA methods do not need to be based on strict depend-
ence measures. For example, some of these methods, which give rather good results 
in appropriate situations, are based only on cumulants up to the fourth order. 

Nonlinear ICA, on the other hand, is rather unconstrained, and normally demands 
a good dependence measure. Various dependence measures have been proposed for 
this problem. Rojas et al [13] proposed a contrast function which approximate the 
mutual information of the estimated components. Mutual information gives a rigorous 
justification for the heuristic principle of nongaussianity and also serves as a unifying 
framework for many estimation principles, in particular maximum likelihood (ML) 
and maximization of nongaussianity. 

Mutual information I between the elements of a multidimensional variable y is de-
fined as: 

1 2 1 2
1

( , ,..., ) ( ) ( , ,..., ) .
n

n i n
i

I y y y H y H y y y
=

= −∑  (1)  

The interpretation of mutual information is easily derived from Equation (1): how 
much information does one random variable tell about another one? Certainly, con-
sidering the case of two variables (y1, y2), the information that y2 tell us about y1 (I(y1, 
y2) is the reduction in uncertainty about y1 due to the knowledge of y2 . In the case that 
all components y1 ….. yn  are independent, the joint entropy is equal to the sum of the 
marginal entropies. Therefore, mutual information will be zero. In the rest of the 
cases (not independent components), the sum of marginal entropies will be higher 
than the joint entropy, leading thus to a positive value of mutual information. 

Mutual information complies with the conditions given above for a contrast func-
tion: it does not change with permutations and scalings and reaches a minimum if and 
only if the components are independent. Unfortunately, to exactly compute entropies 
we need to know the analytical expression of the probability density function (PDF) 
which is generally not available in practical applications of BSS. 

In this paper, we propose a simple approximation of mutual information based on 
estimating the PDF through discretization of the output space by histograms. The 
space of solutions will be explored through the use of a Genetic Algorithm, which it 
is also an important innovation in the field of ICA, due to the tendency of using adap-
tive approaches for this problem. The paper is organized as follows: linear and 
nonlinear mixing models for BSS will be shown in Section 2, together with their 
assumptions and restrictions.  In Section 3, the genetic algorithm approach to BSS 
will be introduced, drawing special attention to the construction of the fitness func-
tion based on density estimation. Section 4 shows some experimental results over 
linear and nonlinear mixtures. Finally, a conclusion and remarks on future work fin-
ish the paper. 

234 F. Rojas  et al.



2   Blind Source Separation Mixing Models 

The simplest BSS model assumes the existence of n independent signals s1,…, sn and 
the observation of x1,…, xn instantaneous linear mixtures (see Fig. 1a). This linear 
model is represented by the following equation: 
 

( ) ( ) .x t A s t= ⋅  (2)  
where A is some unknown n×n matrix of real coefficients.  
 

In the linear case we need to make the following tolerable assumptions, so the 
“blindness” of the method may be questioned [8]: 

i. The sources are statistically independent of one another. This is the main 
assumption of most of the BSS algorithms. 

ii. The matrix A is assumed to be invertible (i.e. non-singular) 
iii. The sources have at most one Gaussian distribution. 
 
Under this assumption we want to obtain a matrix W (separating matrix) whose 

output y(t) would be an estimate of the sources s(t): 
 

( ) ( ) .y t W x t= ⋅  (3)  
 
Unfortunately, in many real world situations the linear assumption is an approxi-

mation of nonlinear phenomena [9]. For several situations, the linear assumption may 
lead to incorrect solutions. Hence, researchers in BSS have started addressing the 
nonlinear mixing models ([12], [14], [15]). A fundamental difficulty in nonlinear ICA 
is that is highly non-unique without some extra constraints, therefore finding inde-
pendent components does not lead us necessarily to the original sources [7]. 

Source separation in the nonlinear case is, in general, impossible. Consequently, in 
this work, we assumed the so called post-nonlinear model [14] (see Fig.1b). The 
sources are first mixed linearly and, after that, a set of nonlinear distortions (f) is 
applied in each channel to get the final observations (x): 
 

( ) ( ( )) .x t f A s t= ⋅  
     ( ) ( ( )).y t W g x t= ⋅  

(4)  

 
For this model, the indeterminacies are the same as for the basic linear instantane-

ous mixing model: invertible scaling and permutation. The post-nonlinearity  assump-
tion is reasonable in many signal processing applications where the nonlinearities are 
introduced by sensors and preamplifiers. 

 
 
 

 

 

 

Fig.  1 Linear (1.a) and post-nonlinear (1.b) mixing and demixing models. 
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3   Genetic Algorithm to Approximate Mutual Information. 

3.1 Entropy Approximation. 

From Equation 1, we observed that minimizing mutual information was equivalent to 
obtaining estimations as independent as possible. The main difficulty was that in 
practical applications the probability density functions of the sources nor the estima-
tions will be available. Thus, we propose to approximate densities through the discre-
tization of the estimated signals building histograms and then calculating their joint 
and marginal entropies. In this way, we define a number of bins m that cover the 
selected estimation space and then we calculate how many points of the signal fall in 
each of the bins ( 1,...,iB i m= ). Finally, we easily approximate marginal entropies 

using the following formula: 
 

2 2
1 1

# ( ) # ( )
( ) ( ) log ( ) log .

n m
j j

i i
i j

B y B y
H y p y p y

n n= =

= − ≈ −∑ ∑  (5)  

 
where #S denotes cardinality of set S, n is the number of points of estimation y, and Bj 

is the set of points which fall in the jth bin.  
 
The same method can be applied for computing the joint entropies of all the esti-

mated signals: 
 

1 2 1 2

1 2

... ...
1 1 1 2

1 1 1 1

# ( ) # ( )
( ,..., ) ( ,..., ) ... log .p p

n

p m m m i i i i i i
p i i

i i i i

B y B y
H y y H y y y

n n−
= = = =

= ≈ −∑ ∑∑ ∑
 

(6)  

 
where p is the number of components which need to be approximated. 

 
Therefore, substituting entropies in Equation 1 by approximations of Equations 5 

and 6, we obtain a contrast function which will reach its minimum value when the 
estimations are independent. The final step will be designing an algorithm that mini-
mizes this contrast function, escaping from local minima. To this end, a well known 
paradigm is described in next section: genetic algorithms. 

3.2 Genetic Algorithm. 

Genetic Algorithms (GAs) are nowadays one of the most popular stochastic optimiza-
tion techniques. They are inspired by the natural genetics and biological evolutionary 
process. The GA evaluates a population and generates a new one iteratively, with 
each successive population referred to as a generation. Given the current generation at 
iteration t, G(t), the GA generates a new generation, G(t+1), based on the previous 
generation, applying a set of genetic operations. The GA uses three basic operators to 
manipulate the genetic composition of a population: reproduction, crossover and 
mutation [5].  
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A genetic algorithm is characterized by the following features:  
! A scheme for encoding solutions to a problem in the form of a chromosome 

(chromosomal representation). 
! An initialization procedure for the population of chromosomes. 
! A fitness or evaluation function which indicates the fitness or aptitude of each 

chromosome relative to the others in the current set of chromosomes (referred 
to as population). 

! Genetic operators which are used to manipulate the composition of the popula-
tion. 

! A set of parameters that provide the initial settings for the algorithm: the popu-
lation size and probabilities employed by the genetic operators. 

 
Encoding Scheme.   
i. Linear mixture: the genes of the chromosome will correspond to the coeffi-

cients of the separating matrix W (see Equation  3) 
ii. PNL mixture: the genes will represent the coefficients of the odd polynomi-

als which approximate the family of nonlinearities g (see Equation 4). The 
linear part of this model will be approximated by a well-known method such 
as JADE [3]. 

Initialization Procedure.  Both polynomial and matrix coefficients which form part 
of the chromosome are randomly initialized. 
Fitness Function. The key point in the performance of a GA is the definition of the 
fitness function. In this case, the fitness function that we want maximize will be pre-
cisely the inverse of the approximation of  mutual information given in Equations 5 
and 6: 
 

1 2
1

1 1( )
( ) ( ) ( , ,..., )

p

i p
i

Fitness y
I y H y H y y y

=

= =
−∑

 
(7)  

 
This fitness function will not change from the linear to the post-nonlinear case due 

to the fact that in both circumstances, the objective of finding independent compo-
nents as equivalent to the desired sources does not change. 
Genetic Operators. Typical crossover and mutation operators will be used for the 
manipulation of the current population in each iteration of the GA.  The crossover 
operator is “Simple One-point Crossover”. The mutation operator is “Non-Uniform 
Mutation” [10]. This operator presents the advantage, when compared to the classical 
uniform mutation operator, of performing less significant changes to the genes of the 
chromosome as the number of generations grows. This property makes the explora-
tion-exploitation trade-off be more favorable to exploration in the early stages of the 
algorithm, while exploitation takes more importance when the solution given by the 
GA is closer to the optimal solution. 
Parameter Set. Population size, number of generations, probability of mutation and 
crossover and other parameters relative to the genetic algorithm operation were cho-
sen depending on the characteristics of the mixing problem.   
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4   Experimental Results. 

To provide an experimental demonstration of the validity of the genetic algorithm to 
the BSS problem, we show here two simulations: one with a linear mixture and a 
second after a post-nonlinear mixture in a system of two sources. As measures of the 
accuracy of the methods, we applied the Normalized Root Mean Squared of Errors 
(relative to the standard deviation) and the Crosstalk (in decibels). 

4.1 Linear mixture. 

Two independent sources corresponding to a voice saying “Adiós” (“goodbye” in 
Spanish) and a telephone ring (10.000 samples) were mixed according to the follow-
ing matrix: 
 

0.9 0.2
0.3 0.8

A
 

=  − 
 (8)  

 
In Fig 2.(a), sources, mixtures and estimations are plotted. As can be seen, estima-

tions are almost equivalent to the sources, up to scalings. The experiment was re-
peated in order to validate the stability of the algorithm, which is not deterministic. 
The results were, in general, of the same order as those shown here. In Fig. 2(b), the 
convergence of the algorithm is graphically showed, as the best individual in each 
generation does not improve considerably former ones from around iteration 30. 

 
 

 

 

 

 

 

 
 

 

Fig.  2 (a) Plot of sources (top), mixtures (middle) and estimations (bottom)        
(b) Evolution of the best solution in each iteration 

Crosstalk(y1, s1)  (dB) =  -27.78 dB, NormSQRMS(y1, s1) = 0.4083×10-3 
Crosstalk(y2, s2)  (dB) =  -75.09 dB,  NormSQRMS(y2, s2) = 0.0018×10-3 

 
In this practical application, the population size was populationsize= 30 and the 

number of generations was generationnumber = 100. Regarding genetic operators pa-
rameters, crossover probability per chromosome was pc= 0.8 and mutation probabil-
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ity per gene was pm= 0.015. These values were selected because of their better per-
formance when compared with other combinations that were evaluated as well.  

4.2 Post-nonlinear mixture. 

For the PNL case, we used two uniform random signals as the sources (10.000 sam-
ples). Subsequently, we applied the following mixing matrix and nonlinearities in 
order to obtain the mixtures: 
 

1 2

1 0.5
, ( ) tanh( ), ( ) tanh( ) .

0.5 1 2
xA f f x x f x

   = = = =   −   
  (9)  

 
Fig. 3 shows the joint distributions of the sources, post-nonlinear mixtures and es-

timations. The scatter plot of the mixtures (x) is not a result of only a linear deforma-
tion, but also a nonlinear transform. Estimations (y) recover in great part the original 
squared shape of the sources. The results of the error indexes were: 

 
Crosstalk(y1, s1)  (dB) =  -23.90 dB, NormSQRMS(y1, s1) = 0.6385×10-3 
Crosstalk(y2, s2)  (dB) =  -23.13 dB,  NormSQRMS(y2, s2) = 0.6971×10-3 

Fig.  3 Scatter plots (joint distributions) of sources, pnl-mixtures and estimations. 

 
The parameters of the genetic algorithm in this experiment were the same as in 

Sec. 4.1., except for the population size that was increased to 40 (populationsize= 40). 

5   Conclusion 

This article presents a satisfactory and simple application of genetic algorithms to the 
complex problem of the blind separation of sources in linear and post-nonlinear mix-
tures through approximation of mutual information. It is widely believed that the 
specific potential of genetic or evolutionary algorithms originates from their parallel 
search by means of entire populations. In particular, the ability of escaping from local 
optima is an ability very unlikely to be observed in steepest-descent methods. Al-
though to date, and to the best of the authors' knowledge, there is not much attention 
in the literature of this synergy between GAs and BSS in linear and nonlinear mix-
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tures, the article shows how GAs provide a tool that is perfectly valid as an approach 
to this problem. 
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Abstract. In this paper, we propose an approach for separating linear-
quadratic mixtures of independent real sources. The method is based on
parametric identi�cation of a recurrent separating structure by means
of an adaptive algorithm which uses the higher-order statistics of the
outputs of this structure. We study the local stability of the recurrent
structure and show experimentally that when it is stable at the separat-
ing point, it succeeds in separating the sources.

1 Introduction

Linear blind source separation (BSS) has been widely studied in the recent years
and applied successfully in various domains (see for example [1] or [2] for review
and more references). Recently, a new line of research has emerged that focuses
on nonlinear mixtures [3]-[7]. It is well known that [3], [4], in the general case,
the independence hypothesis is not suÆcient for separating nonlinear mixtures
because of the very large indeterminacies which make the nonlinear BSS prob-
lem ill-posed. A natural idea for reducing the indeterminacies is to constrain the
structures of mixing and separating models [8].

In this paper, we study a simple linear-quadratic mixture model which may
be considered as the simplest (nonlinear) version of a general polynomial model.
The developed ideas can be however generalized to more complicated polynomial
models which represent a Taylor series approximation of the general nonlinear
models.

2 Problem statement

Suppose u1 and u2 are two independent random variables. Given the following
nonlinear instantaneous mixture model

x1 = a11u1 + a12u2 + b1u1u2

x2 = a21u1 + a22u2 + b2u1u2

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 241-248, 2003. 
c Springer-Verlag Berlin Heidelberg 2003



we would like to estimate u1 and u2 up to a permutation and a scaling factor
(and possibly an additive constant). For simplicity, let's denote s1 = a11u1 and
s2 = a22u2. The above equations can be rewritten as

x1 = s1 � l1s2 � q1s1s2

x2 = s2 � l2s1 � q2s1s2 (1)

in which l1 = �a12=a22 and l2 = �a21=a11 represent the linear contributions of
the sources in the mixture, and q1 = �b1=(a11a22) and q2 = �b2=(a11a22) repre-
sent the quadratic contributions. The negative signs are chosen for simplifying
the notations of the separating structure in the following sections. Note that if
q1 = q2 = 0, the model is reduced to the widely studied linear model.

A more general form of the model (1), containing the additional terms s21 and
s22, has been studied by a few authors [9], [10]. The main speci�cation of these
works is that they consider only a special class of sources i.e. circular complex
sources. This restriction allows them to consider s3 = s1s2, s4 = s21 and s5 = s22
as three additional sources. These separating methods are based on a property
of circular sources, according to which all the cross-moments of the �ve sources
s1; s2; s3; s4, s5 are zero. Using at least 5 linear mixtures of these 5 sources, they
can be separated by means, for example, of a joint diagonalization procedure,
like that used in linear BSS. In the current work, however, we suppose that: 1)
the sources are arbitrary real signals, and 2) only two mixtures are available.

3 Invertibility and separating structure

The �rst step of our investigation consists in analyzing the invertibility of the
considered class of mixtures, i.e. in determining whether the source values s1 and
s2 may be derived from the observed mixtures x1 and x2 for known coeÆcients
l1, l2, q1 and q2. Multiplying the �rst equation of (1) by �q2 and the second
equation by q1, then adding the results, yields

s2 = [q1x2 � q2x1 + (q1l2 + q2)s1]=(q2l1 + q1)

substituting s2 in the second equation of (1), leads to following second-order
equation for s1

(q1l2 + q2)s
2
1 + (q1x2 � q2x1 + l1l2 � 1)s1 + (x1 + l1x2) = 0

Similarly, the corresponding equation with respect to s2 is

(q2l1 + q1)s
2
2 + (q2x1 � q1x2 + l1l2 � 1)s2 + (x2 + l2x1) = 0

It is clear that each of these equations may have zero or two (possibly equal)
real solutions. Solving the above equations, we obtain

s1 =
�(q1x2 � q2x1 + l1l2 � 1)� (�1)

1=2

2(q1l2 + q2)

s2 =
�(q2x1 � q1x2 + l1l2 � 1)� (�2)

1=2

2(q2l1 + q1)
(2)
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with �1 = (q1x2 � q2x1 + l1l2 � 1)2 � 4(q1l2 + q2)(x1 + l1x2) and �2 = (q2x1 �
q1x2 + l1l2 � 1)2 � 4(q2l1 + q1)(x2 + l2x1).

The above equations de�ne the roots s1 and s2 with respect to the available
mixed variables x1 and x2. Let us now derive the relationship between each of
these roots and the sources s1 and s2. Inserting (1) in �1 and �2 above yields

�1 = [l1l2 � 1 + s1(q2 + q1l2) + s2(q1 + q2l1)]
2

�2 = [l1l2 � 1 + s2(q1 + q2l1) + s1(q2 + q1l2)]
2

so that the roots of (2) are real. It can be easily veri�ed that the positive signs
before the square roots in (2) lead to the solution (s1; s2) = (s1; s2) and the nega-
tive signs give the solution (s1; s2) = (� q1+l1q2

q2+l2q1
s2�

l1l2�1
q2+l2q1

;� q2+l2q1
q1+l1q2

s1�
l1l2�1
q1+l1q2

).

Thus, the mixture structure (1) maps the two above source pairs to a unique
observation point (x1; x2). Note that the two pairs are equal up to a permuta-
tion, a scaling factor, and an additive constant.

If the coeÆcients l1, l2, q1 and q2 are known, the relation (2) (with positive
signs before the square roots) can be used to form a direct separating structure
which restores the sources s1 and s2 from the mixtures x1 and x2. Although this
direct structure could be derived for our special model, as soon as a more com-
plicated polynomial model is considered, the solutions s1 and s2 can no longer
be determined. Thus, the generalization of this method to arbitrary polynomial
models seems impossible.

To avoid this limitation, we propose a recurrent structure. Such structures
have been considered since the early work of H�erault and Jutten [11] and then in
more complex con�gurations [12] - [14]. We here extend them to linear-quadratic
mixtures by introducing the structure shown in Figure 1. Note that, for q1 =
q2 = 0, this structure is reduced to the basic H�erault-Jutten network. It may be
checked easily that, for �xed observations de�ned by (1), y1 = s1 and y2 = s2
corresponds to a steady state for the structure in Figure 1.
The use of this recurrent structure is more promising because it can be easily
generalized to arbitrary polynomial models and its identi�cation seems more
straightforward. However, the main problem with this model is its stability. In
fact, even if the model coeÆcients are exactly known, the computation of the
structure outputs requires the realization of the following recurrent iterative
model

y1(n+ 1) = x1 + l1y2(n) + q1y1(n)y2(n)

y2(n+ 1) = x2 + l2y1(n) + q2y1(n)y2(n) (3)

where a loop on n is performed for each couple of observations (x1; x2) until
convergence is achieved. Suppose we begin this loop with the initial conditions
y1(0) = y2(0) = 0 and the observations x1 and x2 are obtained from the model
(1). Nothing guarantees that the recurrent model (3) converges to the separating
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Fig. 1. Recurrent separating structure.

point (s1, s2). In fact, the convergence behaviour of the model depends on the
coeÆcient values and may be chaotic [15]. The convergence analysis is very
diÆcult in the general case. In the following, we study only the necessary and
suÆcient conditions for local stability which can be considered as necessary
conditions for global stability.

4 Local stability of the recurrent model

To study the local stability of the model (3) at the �xed point (s1, s2), we
linearize the model at this point. Let's rewrite equation (3) in vector form y(n+
1) = f(y(n)) where y = [y1; y2]

T and f is the two-dimensional function de�ned
by (3). Linearizing this equation at the �xed point s = [s1; s2]

T yields:

y(n+ 1) ' f(s) + J:(y(n) � s) (4)

where J is the Jacobian matrix of f de�ned as J = @f(y(n))
@y(n) , and evaluated at s.

From (1) and (3), it is clear that f(s) = s. De�ning the new centered variable
z = y � s, equation (4) rewrites

z(n+ 1) ' J:z(n) (5)

y(n) locally converges to s, when n ! 1, if and only if z(n) converges to
zero, and therefore, if and only if the Jacobian matrix is a convergent matrix:
limn!1 Jn = 0. A necessary and suÆcient condition is that the absolute values
of the two eigenvalues of J be smaller than one. Considering (3), the Jacobian
matrix at s is

J =

�
q1s2 l1 + q1s1

l2 + q2s2 q2s1

�
and its eigenvalues are

� =
1

2
(q1s2 + q2s1 � [(q1s2 + q2s1)

2 + 4(l1l2 + l1q2s2 + l2q1s1)]
1=2)

Two di�erent cases may be considered:
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{ The eigenvalues are complex, i.e. (q1s2+q2s1)
2+4(l1l2+l1q2s2+l2q1s1) < 0.

In this case, the recurrence (3) is locally stable if and only if

(q1s2 + q2s1)
2 + j(q1s2 + q2s1)

2 + 4(l1l2 + l1q2s2 + l2q1s1)j < 4

{ The eigenvalues are real, i.e. (q1s2 + q2s1)
2 + 4(l1l2 + l1q2s2 + l2q1s1) � 0.

In this case, the local stability is achieved if and only if

jq1s2 + q2s1 �
p
(q1s2 + q2s1)2 + 4(l1l2 + l1q2s2 + l2q1s1)j < 2

Our experiments show that the local stability is very often suÆcient to ensure
the global stability with the initial condition y(0) = 0. An example is shown in
Figure 2 with s1 = s2 = 1, q1 = 0:5, q2 = �0:5, l1 = 0:6 and l2 = �0:6. The two
eigenvalues are complex and their absolute values are equal to 0:9798. Figure 2.a
represents the convergence trajectory with the initial conditions y1(0) = y2(0) =
1:001. In Figure 2.b, the initial conditions are y1(0) = y2(0) = 0. As can be seen,
even for this extreme case where the absolute values of the eigenvalues are very
close to 1, convergence is achieved.
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Fig. 2. Convergence trajectory (a) with initial conditions in the neighborhood of the
actual sources. (b) with zero conditions.

5 Source separation algorithm

At this stage, we suppose that the sources and the mixture coeÆcients have
numerical values ensuring the convergence of the recurrent model (3) toward the
�xed point (s1; s2) i.e. to the actual sources. We suppose now the coeÆcients l1,
l2, q1 and q2 in the recurrent separating structure of Figure 1 are unknown and
we would like to identify them using only the independence of the sources.
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The adaptive rule that we propose to this end is also inspired by the original
work of Herault and Jutten on linear mixtures and our extensions. In their algo-
rithm, the two parameters l1 and l2 are identi�ed using two nonlinear decorrela-
tion equations E[f(y1)g(y2)] = 0 and E[f(y2)g(y1)] = 0. In our work, having to
identify 4 parameters, we need 4 nonlinear decorrelation equations. An optimal
choice of the functions f and g in these equations, based on information theory,
on a maximum likelihood approach, or on the method applied by Charkani and
Deville to a convolutive recurrent structure [13], may be the subject of future
works. In this elementary paper, we report the results obtained for a special
choice of these functions i.e. we adapt the linear parameters l1 and l2 to achieve
respectively E[y31ey2] = 0 and E[y32ey1] = 0, and the quadratic parameters q1
and q2 to obtain respectively E[y21ey2] = 0 and E[y22ey1] = 0, where ey1 and ey2
represent the centered versions of the outputs. For this purpose, we used the
following batch algorithm, where x1 and x2 are the vectors containing the ob-
servation samples, y1 and y2 are the vectors of estimated sources, � is a positive
adaptation gain, and dot products and powers are computed component-wise.

y1 = y2 = 0

Initialize l1, l2, q1 and q2 to small random values.

Repeat

Repeat

ynew1 = x1 + l1y2 + q1y1:y2
ynew2 = x2 + l2y1 + q2y1:y2
y1 = ynew1

y2 = ynew2

Until convergence of the recurrent structure

l1 = l1 + �(y31)
T (y2 �mean(y2))

l2 = l2 + �(y32)
T (y1 �mean(y1))

q1 = q1 + �(y21)
T (y2 �mean(y2))

q2 = q2 + �(y22)
T (y1 �mean(y1))

Until convergence of the separating coeÆcients

6 Simulation results

The simulations are done using 1000 samples of two random sources uniformly
distributed on [�0:5; 0:5]. In all the experiments, the four mixing parameters are
chosen to ensure the convergence of the recurrent model (3). The distribution
of the mixtures x1 and x2 for a sample experiment with l1 = �0:2, l2 = 0:2,
q1 = �0:8 and q2 = 0:8 is shown in Figure 3.a. The highly nonlinear nature
of the mixture is obvious. Figure 3.b shows the distribution of the estimated
sources y1 and y2 applying the proposed algorithm, which indicates clearly that
the independent components are retrieved.

This experiment was repeated 100 times, corresponding to 100 di�erent seed
values of random source generator. For each experiment, the Signal-to-Noise
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Fig. 3. (a) distribution of the two mixtures, (b) distribution of the two estimated
sources.

Ratio Improvement (SNRI) of each source (in dB) is computed by

SNRIi = 10 log10
E[(xi � si)

2]

E[(yi � si)2]
i = 1; 2

and the total SNRI is de�ned as the average of the two SNRIi. The mean and
the standard variation of SNRI on the 100 experiments was 23.02 dB and 4.03
dB respectively. The result con�rms the good performance of the separating al-
gorithm.

Repeating the experiment with other coeÆcient values almost led to the
same results. However, the main problem is that the adaptation procedure may
sometimes bring the coeÆcients in the region where the recurrent network is
not stable. A constrained optimization approach seems necessary to avoid these
situations. More experiments with other source statistics are also necessary to
con�rm these elementary results.

7 Conclusion

This paper presented a �rst approach for separating linear-quadratic mixtures
of independent real sources using a recurrent separating network. The main ad-
vantage of such a network is that it can be generalized to more complicated
polynomial models. Unfortunately, the stability analysis of such networks is dif-
�cult even for the simple case studied in the paper. The reported local stability
analysis allows us to determine locally necessary and suÆcient conditions which
impose some constraints on the mixture coeÆcients.

The �rst experimental results are promising and show that the network suc-
ceeds in separating the sources with a good performance, if its stability is guar-
anteed. We are currently working to complete the work reported in this paper.
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Some of our objectives are: a more precise analysis of the stability of the re-
current network, determination of optimal nonlinear decorrelation functions and
convergence study of parameter adaptation algorithm using an ODE analysis as
in our previous investigations for similar linear approaches [13], [16], more ex-
periments with di�erent source statistics and di�erent mixture coeÆcients, and
generalization of the method to more complicated polynomial models and more
sources.
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Abstract. This chapter is dedicated to scope of the application of Im-
portance Sampling Techniques to the design phase of Neyman-Pearson
Neural Detectors. This phase usually requires the application of Monte-
Carlo trials in order to estimate some performance parameters. The clas-
sical Monte-Carlo method is suitable to estimate high event probabili-
ties but not suitable to estimate very low event probabilities (say, 10−4

or less). For estimations of very low false-alarm probabilities (or error
probabilities), a modified Monte-Carlo technique, so-called Importance
Sampling (IS) technique, is then considered.

1 Introduction

Neyman-Pearson Neural Detectors (NP-NDs) are the neural alternative to bi-
nary detectors optimized in the Neyman-Pearson sense [1]. These detectors
present a configurable low probability of classifying binary symbol 1 when sym-
bol 0 is the correct decision. This kind of error, referred in the scientific literature
as false-positive or false alarm probability has a high cost in many real appli-
cations as medical Computer Aided Diagnosis [2] or Radar and Sonar Target
detection [3], and the possibility of controlling its maximum value is crucial.
More specifically, we are dealing with Monte-Carlo simulations needed to esti-
mate meaningful parameters by repetition of trials in the computer. The pa-
rameters to be estimated are: detection and false-alarm probabilities (or error
probability). The IS technique presented has been previously introduced in other
publications about general MLP [3] and Neural detectors, and now it is detailed
for the NP-NDs, where the technique is successfully arising in several design
aspects.
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This paper is organized basically into two sections. Section one describes the
NP-ND parameters relevant to the application of the Importance Sampling (IS)
technique and section two describes the IS technique itself.

1.1 Neyman-Pearson Neural Network Detector

The advanced IS technique that is going to be described is useful to estimate low
probabilities in the Neural detector. The NP-ND inputs are samples of the com-
plex envelope in a sequence of M complex samples. The two detection hypotheses
are described as follows

H0 : x̃(k) = ñ(k)
H1 : x̃(k) = S · ejϕ(k) + ñ(k)

(1)

where k varies from 1 toM , x̃(k) = xc(k)+jxs(k) is the input complex enve-
lope, S is the signal amplitude (constant), ϕ(k) is the phase, and ñ(k) represents
an uncorrelated zero-mean Gaussian complex sequence of noise with variance σ2

in each component. Each complex input is separated in its real xc and imagi-
nary xs parts, yielding two real inputs to the NN; so, the number of input nodes
must be 2M .

The Signal-to-Noise Ratio (SNR) is defined in dB as

SNR = 20 log
(
S

σ

)
(2)

Because ñ(k) is uncorrelated (white) and Gaussian, the input pdf under the
null hypothesis H0 (target absent) is given by

fX̄(x̄|H0) = (2π)−M exp

(
−1/2

M∑
i=1

(x2
ci + x

2
si)

)
(3)

where x̄ = (xc1, xs1, xc2, xs2, . . . , xcM , xsM ) and M is the number of input com-
plex samples (or number of pulses per antenna beamwidth). Also, unit noise
variance (σ2 = 1) was supposed without loss of generality.

The input pdf under the alternative hypothesis H1 (target present), defined
in (1) and supposed Marcum’s model for the target [1], is given by

fX̄(x̄|H1) =
∫ 2π

0

fX̄(x̄|H1, ϕ)f(ϕ)dϕ (4)

where

fX̄(x̄|H1, ϕ) = (2π)−M exp

(
−1
2

M∑
i=1

{
(xci − S cosϕ)2 + (xsi − S sinϕ)2

})

(5)
and f(ϕ) is the uniform distribution in [0, 2π], i.e. f(ϕ) = 1/2π, if 0 < ϕ < 2π,
and f(ϕ) = 0, otherwise.
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2 Importance Sampling (IS) Technique

Let us consider a nonlinear system with a system function g(·), an input vector
x̄ ∈ R

n, where R
n is the n-dimensional space, i.e. x̄ = (x1, x2, · · · , xn) with xi ∈

R, i = 1, 2, · · · , n, and a scalar output y ∈ R; the system maps x̄ into y by
means of g(·). Now, if you consider the random variable X̄ = (X1, X2, · · · , Xn)
with probability density function (pdf) fX̄(x̄) = (x1, x2, ..., xn), the system g(·)
induces a random variable Y = g(X̄) with probability density function fY (y).

Define the input pdf under a hypothesis Hi by fX̄(x̄|Hi), and the output pdf
by fY (y|Hi), i = 0, 1. Now, suppose that the output of the system is thresholded
in order to perform a binary detection; then z = u(y − T0), where T0 is the
threshold and u(·) is the unit-step function, i.e. u(t) = 1 if t ≥ 0, u(t) = 0 if
t < 0. The decision rule is: if z = 1, it is supposed that hypothesis H1 is true
(target present); if z = 0, the decision is H0 (target absent).

The detection probability Pd � P1 and false-alarm probability Pfa � P0 are
defined [4] by

Pi = Pr{Z = 1|Hi} =
∫ ∞

T0

fY (y|Hi)dy, i = 0, 1 (6)

This definitions of Pd and Pfa are important in the context of radar or sonar
detection. In the context of communications, the error probability Pe is the
fundamental parameter, and if the two hypotheses (symbols) are equally likely
i.e. Pr{H1} = Pr{H0} = 1/2, then Pe = (1−P1)/2+P0/2. Very often formulas
(6) are difficult to compute because output pdf fY (·) under each hypothesis does
not have a well known analytical expression. On the other hand, formulas 6 can
be expressed by means of input pdf fX̄(·), as follows:

Pi = E{u(g(X̄)− T0)|Hi} =
∫

Rn

u(g(x̄)− T0)fX̄(x̄|Hi)dx̄, i = 0, 1 (7)

where E{u(g(X̄)) − T0)|Hi} = E{Z|Hi} means mathematical expectation
of the random variable Z conditioned by hypothesis Hi. Remember that the
false-alarm probability Pfa = P0, and the detection probability Pd = P1.

Formulas (7) are equivalent to formulas (6), however in (7) the pdf’s corre-
spond to the input X̄ = (X1, X2, · · · , Xn), and it is supposed that these pdf’s
are well known. On the other hand, u(g(x̄)−T0) = 1 defines the decision region
g(x̄) ≥ T0 in the R

n-space that corresponds to the acceptance of hypothesis H1

or the rejection of H0; but, in general, the boundary surface g(x̄) = T0 is too
complex, where it is suppose the threshold T0 is known. Consequently, formulas 7
are not computable in most cases, so that we have to use statistical techniques
to estimate Pi, (i = 0, 1), being an approach as follows.

It is well known that a good Pi-estimator is given by [5, 6, 7, 8]:

P̂i =
1
N

N∑
k=1

u(g(x̄(i)
k )− T0), i = 0, 1 (8)
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where x̄(i)
k = (x(i)

1k , x
(i)
2k , · · · , x(i)

nk), k = 1, 2, · · · , N , are independent sample vec-
tors of the input random vector X̄ = (X1, X2, · · · , Xn) having fX̄(x̄|Hi) as pdf,
i = 0, 1.

The relative error εP̂i
of the estimator P̂i is defined by [5]

εP̂i
=
σP̂i

µP̂i

=
√

1− Pi

N · Pi
, i = 0, 1 (9)

where σP̂i
is the standard deviation of the estimator, and µP̂i

is the mean
value. Formula (9) is fundamental in Monte-Carlo trials, because we can estimate
the number of samples required for the simulation. For example, if εP̂i

= 0.1 (i.e.
10%) and Pi = 0.5, then N = 100; if εP̂i

= 0.01 (1%) and Pi = 0.5, then N = 104

samples. Similar results for theN -values can be obtained from confidence interval
theory.

Finally, if Pfa � 1, from 9 we have N 	 (εP̂fa
)−2/Pfa, i.e. the number

of samples required in the simulation increases as the false-alarm probability
decreases, e.g. if εP̂fa

= 10%, Pfa = 10−6, then N 	 108 samples. Classical
Monte-Carlo techniques fail in the estimation of very low false-alarm probabil-
ities because of the large time required in the computer simulations. Conse-
quently, a modified Monte-Carlo technique called ”Importance Sampling” (IS)
is considered for solving this computational problem.

Consider a new probability density function (pdf) f∗
X
(x) ,such that for any

x0 ∈ {x : g(x) ≥ T0} if fX(x0|H0) 
= 0, thenf∗
X
(x0) 
= 0. Now, from (7) we can

write

Pfa =
∫

Rn

u(g(x̄)− T0)
fX(x0|H0)
f∗

X
(x)

f∗
X
(x)dx̄ = E∗{w(X̄) · u(g(X̄)− T0)} (10)

where E∗{·} means expectation with respect to f∗
X
(x), and w(x̄) is the weighting

function, defined as follows

w(x̄) =
fX̄(x̄|H0)
f ∗̄

X
(x̄)

(11)

The sample mean of w(X̄) · u(g(X̄) − T0) under pdf f ∗̄X(x̄) is an estimator
of Pfa, i.e.

P ∗
fa =

1
N

N∑
k=1

w(x̄∗k) · u(g(x̄∗k)− T0) (12)

where x̄∗k, k = 1, 2, · · · , N , are independent sample vectors from the input ran-
dom vector X̂ whose pdf is f ∗̄

X
(x̄) (also referred as IS pdf). If w(x̂) = 1, i.e.

f ∗̄
X
(x̄) = fX̄(x̄|H0), then (12) is identical to (8) under H0, which is the classical

Monte-Carlo method. Also, under some mild conditions, the distribution of P ∗
fa

is asymptotically normal (Gaussian).
Now, we can calculate the mean µP∗

fa
and the variance σ2

P∗
fa

of the estima-
tor P ∗

fa. From (12) and (11), we have [6, 7, 8]

µP∗
fa

= E∗{P ∗
fa} = Pfa (13)
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σ2
P∗

fa
= E∗{(P ∗

fa − Pfa)2} = 1
N

· (E∗{w2(X̄) · u(g(X̄)− T0)} − P 2
fa

)
(14)

Because the variance is not a negative number, from (14) we have

E∗{w2(X̄) · u(g(X̄)− T0)} ≥ P 2
fa (15)

The equality case in (15) is satisfied if

f ∗̄X(x̄) =
u(g(x̄)− T0)

Pfa
· fX̄(x̄|H0) (16)

that can be proved by taking (16) into (15); then, the estimator variance in (14)
is zero. Expression (16) is the unconstrained optimal solution for f ∗̄

X
(x̄), and it

will be the reference for other suboptimal solutions.
Finally, the relative error εP∗

fa
of the estimation of Pfa is defined by

εP∗
fa

=
σP∗

fa

µP∗
fa

=

√√√√ 1
N

·
(
E∗{w2(X̄) · u(g(X̄)− T0)}

P 2
fa

− 1

)
(17)

If w(x̄) = 1, then (17) is identical to (9) under H0.
The fact that (16) is satisfied, i.e. f ∗̄

X
(x̄) = fX̄(x̄|H0)/Pfa for g(x̄) ≥ T0,

and f ∗̄
X
(x̄) = 0 for g(x̄) < T0, means that the variance of P ∗

fa given in (14) is
zero, i.e. the pdf of the estimator P ∗

fa is the Dirac delta function δ(P ∗
fa − Pfa);

also, from (17), εP∗
fa

= 0 and the number of samples required in the estimator P ∗
fa

is only one (N = 1).
On the other hand, the unconstrained optimal solution for f ∗̄

X
(x̄) given by

(16) is not realistic, because Pfa is not known ”a priori” (it has to be estimated
by (12); furthermore, if you set a fixed Pfa, then the threshold T0 is unknown.
Suboptimal solutions for f ∗̄

X
(x̄) which partially minimize (14) are given in the

literature, by scaling input signals [5], by shifting them [6, 7], or by other strate-
gies [8, 9, 10].

2.1 Suboptimal IS Density Function

From (13) and (14), P ∗
fa → Pfa as N → ∞ (i.e. P ∗

fa is a consistent estimator
of Pfa). However, the unbiasedness of P ∗

fa shown in (13) requires the condi-
tion: f ∗̄

X
(x̄) 
= 0 wheneverf ∗̄

X
(x̄|H0) 
= 0 in the regiong(x̄) ≥ T0; if this con-

dition is not satisfied, the estimator is biased (i.e. E∗{P ∗
fa} 
=Pfa) and, more

exactly, P ∗
fa is an underestimator of Pfa (i.e. E∗{P ∗

fa} < Pfa); consequently,
P ∗

fa → E∗{P ∗
fa} < Pfa as N → ∞. This important fact is not well clarified in

the literature, and it is fundamental in applications.
In the case of optimum detection, the system function g(x̄) of Figure 1, is

the likelihood ratio statistic [4], i.e.

g(x̄) =
fX̄(x̄|H1)
fX̄(x̄|H0)

(18)
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or any monotonic increasing function of (18); moreover, some researchers [9,
10] propose fX̄(x̄|H1) as IS density function. As in the decision region of H1

(g(x̄) ≥ T0) it is fulfilled that fX̄(x̄|H1) > T0 · fX̄(x̄|H0) whenever T0 > 0,
we conclude that the unbiasedness condition for P ∗

fa (i.e. E∗{P ∗
fa} = Pfa) is

satisfied if f ∗̄
X
(x̄) = fX̄(x̄|H1).

Furthermore, for a practical detector (not necessarily optimum, e.g. neu-
ral detector) with realistic Pfa and Pd values (Pfa � Pd) it is verified
that fX̄(x̄|H0) � fX̄(x̄|H1) for almost all x̄-values in the region g(x̄) ≥ T0.
Consequently, if we choosef ∗̄

X
(x̄) = fX̄(x̄|H1), then from (11) we have w(x̄) � 1

in g(x̄) ≥ T0, and this IS technique is much more efficient than the classical
Monte-Carlo one (w(x̄) = 1).

Frequently H1 is a composite hypothesis [4] (i.e. fX̄(x̄|H1; θ) is a parametric
family with parameter θ), so we choose a fX̄(x̄|H1; θ∗) in H1 as IS density
function in such a way that (14) or (17) is minimized. Now, the question is: How
can we find this optimal fX̄(x̄|H1; θ∗)? Theoretically, in complex detectors (e.g.
neural detectors) it is very difficult, if not impossible; experimentally, it is very
easy by considering an estimator of (17), as follows.

An error estimator ε̂P∗
fa

of (17) can be expressed as

ε̂P∗
fa

=

√
1
N

· (∆2 − 1) (19)

where the statistic ∆2 is an estimator of E∗{w2(X̄) ·u(g(X̄)−T0)}/P 2
fa, and

it is given by

∆2 =

{ 1
N

∑N
k=1 w2(x̄∗

k)·u(g(x̄∗
k)−T0)

(P∗
fa)2 if P ∗

fa 
= 0

N if P ∗
fa = 0

(20)

with P ∗
fa given in (12). Also, it can be proved from the Schwartz inequality that

1 ≤ ∆2 ≤ N .
The statistic ε̂P∗

fa
of (19) is the key for the optimization of our Importance

Sampling Technique, and controls the error of the Pfa-estimator. There are other
equivalent statistics [11] to optimize IS parameters, but we suggest ε̂P∗

fa
as one

very easy to compute and directly related to the number of samples N required
for a specific estimation error.

The statistic ∆2 of (20) is close to the unit if the probability density func-
tion f ∗̄

X
(x̄) for the Importance Sampling is close to the unconstrained optimum

given in (16). In order to find the best f ∗̄
X
(x̄) in the f ∗̄

X
(x̄|H1; θ) family, we

compute ∆2 according to (20) for a simulation run (an algorithm execution
on the computer) with a specific θ-value. After some simulation runs (com-
putations of estimator formulas) for different θ-values, the minimum (∆2)min

can be found for the IS density f ∗̄
X
(x̄|H1; θ∗), and from (19), we compute the

minimum error (ε̂P∗
fa
)min; e.g. if 5 < (∆2)min < 50 for N = 104 samples,

then 2% < (ε̂P∗
fa
)min < 7%. Note that f ∗̄

X
(x̄|H1; θ∗) is dependent on the value

of Pfa to be estimated, i.e. for each Pfa there is a different f ∗̄
X
(x̄|H1; θ∗) in
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the f ∗̄
X
(x̄|H1; θ) family; then, it is very important to optimize the algorithm

required for implementing the Importance Sampling.
From (5) and (4) after some manipulations, we have

fX̄(x̄|H1) =

= (2π)−M · exp
(
−1/2

M∑
i=1

(x2
ci + x

2
si + S

2)

)
·

·I0

S ·

{
(

M∑
i=1

xci)2 + (
M∑
i=1

xsi)2
}1/2




where I0(·) is the modified Bessel function of first kind and order zero, S is the
parameter of the pdf family, and (4) becomes (3) if S = 0. Also, S is the SNR
defined in 2 because σ = 1.

The threshold T0 has to be estimated for a fixed false-alarm probability Pfa,
using Importance Sampling Technique for the cases of Pfa < 10−3. Taking into
account the alternative hypothesis H1 defined in (1), the IS probability density
function f ∗̄

X
(x̄) = f ∗̄

X
(x̄|H1) is given by (21). Now, taking (3) and (4) into (11)

we obtain w(x̄)

w(x̄) =
exp(−S2M/2)

I0

(
S ·
{
(
∑M

i=1 xci)2 + (
∑M

i=1 xsi)2
}1/2

) (21)

where x̄ = (xc1, xs1, xc2, xs2, . . . , xcM , xsM ), M is the number of integrated
pulses and S is the IS-parameter.

3 Conclusions

An efficient IS algorithm has been proposed to be applied in Neyman-Pearson
Neural Detector simulations.

Note that IS techniques improve MC simulations for the following reasons:
(a) IS techniques save time in the computer simulations. (b) IS techniques avoid
the generation of random variables in the distribution tails, which cannot be
properly simulated in the computers. (c) IS techniques provide an alternative to
estimate parameters of one distribution by means of random variables of another
distribution.

Finally, in order to accelerate the convergence of training, it is very inter-
esting to apply Importance Sampling techniques in the training phase, taking
into account the appropriate modifications on criteria and objective functions.
This subject is now producing promising results in combination with Genetic
Algorithms [12]. Its integration in MLP general training is also producing the
expected results in the sense of training acceleration of Backpropagation algo-
rithm, results that are on research and hopefully will be published in our next
contribution.
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Abstract. In this paper we propose a new strategy to separate convolu-
tive mixtures of temporally-white signals. The basic idea is to transform
the convolutive mixture in several instantaneous mixtures by using the
discrete Fourier transform. Subsequently, each instantaneous mixture is
separated using a neural network whose coeÆcients are adapted by min-
imizing the mean squared error between its outputs and a desired signal
previously obtained using an unsupervised algorithm (like JADE). This
new strategy does not su�er from the amplitude/permutation indeter-
minacies that appear in other frequency-domain approaches.
Keywords: Blind source separation, convolutive mixtures, blind decon-
volution, multiuser communication.

1 Introduction

Blind Source Separation (BSS) consists in recovering statistically independent
signals (sources) from the observations taken by several sensors without knowing
the sources nor the mixing system. This problem has been widely studied in
the context of neural networks because BSS algorithms can be interpreted as
unsupervised learning rules [6].

Most BSS algorithms have been developed assuming that each observation
is a sum of weighted versions of the sources [3]. Unfortunately, the hypothe-
sis of instantaneous mixture is unrealistic in practical applications where the
sources arrive through multiple paths and it is more adequate to model the ob-
servations as convolutive mixtures. This more general problem can be solved in
the time domain by using IIR (In�nite Impulse Response) �lters [7, 9] or in the
frequency domain by interpreting the convolutive mixtures as several instanta-
neous mixtures (one at each frequency bin) [4, 5, 8, 10, 11]. The main advantage
of frequency-domain BSS (FD-BSS) approaches is that many well-studied BSS
algorithms can be used to recover the frequency-domain sources (FD-sources).
Unfortunately, they need additional stages to guarantee that the FD-sources be
extracted in the same order and with the same amplitude in all the frequency
bins [1, 4, 5, 8].
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In this paper, we will propose a new FD-BSS system that does not su�er
from the permutation/amplitude indeterminacies. First, we will show that in
communication applications where temporally-white signals are transmitted in
bursts, there exists a statistical dependence between the FD-sources in di�erent
frequency bins. As a consequence, in order to recover all the FD-sources in
the same order and with the same amplitude, the FD-sources extracted in one

frequency bin can be used as reference for the other frequency bins.
This paper is structured as follows. In Section 2, we describe the problem

of separating convolutive mixtures in the frequency domain. Section 3 presents
the new FD-BSS system. Section 4 shows some simulation results and Section 5
contains the conclusions.

2 Problem Statement

We will consider the signal model corresponding to a multiuser communica-
tions systems. Let s(n) = [s1(n); :::; sN (n)]

T be the vector of N sources whose
exact probability density functions are unknown. We assume that the sources
are complex-valued, zero-mean, unit power, stationary, temporally-white, non-
Gaussian distributed and statistically independent. The sources arrive at an
array of M sensors whose output, denoted by x(n) = [x1(n); :::; xM (n)]T , is a
convolutive combination of the N sources

x(n) =

1X

k=�1

A(k)s(n� k) (1)

where A(k) is an unknown M � N matrix representing the mixing system.
Applying to both sides of (1) the L-points DFT, we obtain

x[!k] = A[!k]s[!k] (2)

where !k = 2�k=L; k = 0; :::; L� 1 denotes the frequency bin, x[!k], A[!k] and
s[!k] are the FD-observations, the FD-mixing system and the FD-sources at
frequency !k, respectively. It is important to remark that the transformation of
a convolutive mixture in several instantaneous mixtures is only true if we append
zeros to the sources. For instance, in digital communications where transmissions
typically occur in bursts and there exists a guard time between frames of data.
In particular, we will assume burst of K symbols, channels modeled as a FIR
(Finite Impulse Response) �lters of P symbol periods and DFT of L = P+K�1
points.

Since a convolutive mixture can be interpreted as several instantaneous mix-
tures (2), we can recover the sources at each frequency bin using a single layer
neural network with output

y[!k] =WH [!k]x[!k] (3)

where W[!k] is the M �N coeÆcients matrix. Combining (2) and (3), we can
express the outputs as follows y[!k] = G[!k]s[!k] where

G[!k] =WH [!k]A[!k] (4)
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Fig. 1. Scheme of the proposed FD-BSS system.

is the overall mixing/separating matrix. Note that the sources at the frequency
!k are optimally recovered when each output extracts a single and di�erent
source, i.e., the optimum matrix G[!k] has the form

G[!k] =�[!k]P[!k] (5)

where �[!k] is a diagonal matrix and P[!k] is a permutation matrix.
In previous FD-BSS systems, the separating matricesW[!k]; k = 0; :::; L�1

are obtained independently by using a BSS algorithm. It is well known that
these algorithms su�er from the amplitude/permutation indeterminacies and,
therefore, the matrix G[!k] may be di�erent in some frequency bins. To solve
these ambiguities is a crucial task in FD-BSS systems because the time-domain
sources are obtained by combining all the FD-sources and, for this reason, pre-
vious FD-BSS systems include additional stages [4, 5, 8]. In the next section, we
will propose a novel strategy to solve the permutation/amplitude indetermina-
cies when the FD-sources are separated without including other stages.

3 Proposed FD-BSS system

The objective in FD-BSS is to recover the time-domain sources assuming that
the mixing system is unknown. Towards this aim, we propose to use the FD-
BSS system shown in Figure 1 whose �rst stage consists of applying the L-points
DFT over non-overlapped windows of observations

xj [!k] =

L�1X

m=0

xj(m)e�j!km k = 0; :::; L� 1 (6)

where !k = 2�k=L denotes the frequency bin. In the next step we separate
the instantaneous mixture at one frequency bin, denoted by !r. For this end, we
have selected the JADE algorithm proposed in [2] because of its good convergence
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properties. This algorithm converges to a stationary point where each FD-output
corresponds to a single and di�erent FD-source, i.e., yi[!r] = gij [!r]sj [!r]; i =
0; :::; N � 1 where gij [!r] represents the gain introduced by the algorithm.

Subsequently, we adapt the coeÆcients matrix in the other frequency bins,
W[!k]; k 6= r, by minimizing the mean squared error between the outputs
y[!k] =WH [!k]x[!k] and y[!r], i.e.,

arg min
W[!k]

J(W[!k]) = E[jy[!k ]� �k y[!r]j
2] (7)

where �k is a complex-valued constant. A simple way to obtain the coeÆcient
matrix W[!k] is to use a gradient algorithm

Wn+1[!k] =Wn[!k]� � rW[!k]J(Wn[!k])

=Wn[!k]� � E[x[!k](W
H [!k]x[!k]� �k y[!r ])

H ] (8)

In the simulations, the statistical moments are computed using S samples. Note
that the recursion (8) has the same form like the well-known Least Mean Square
(LMS) algorithm [6].

3.1 Convergence Analysis

Using the convergence theory of the LMS algorithm [6], it is straightforward to
�nd that the recursion (8) converges to the point

W[!k] = ��k Rx
�1[!k]Rxy[!k; !r] (9)

where

Rx[!k] = E[x[!k]x
H [!k]]

Rxy[!k; !r] = E[x[!k]y
H [!r]] (10)

Now we will show that this point corresponds to the perfect separation of FD-
sources. First, we substitute (9) and (10) in (4)

G[!k] =WH [!k]A[!k]

= �k (Rx
�1[!k]Rxy[!k; !r])

HA[!k]

= �k Rxy
H [!k; !r]Rx

�H [!k]A[!k] (11)

Using x[!k] = A[!k]s[!k] and y[!r] = G[!r]s[!r], the matrix Rxy[!k; !r] can
be written as

Rxy[!k; !r] = A[!k]Rs[!k; !r]G
H [!r] (12)

where Rs[!k; !r] = E[s[!k]s
H [!r]] is a diagonal matrix as we will show next.

Assuming that L � K+P�1, the FD-sources si[!r] can be written in a compact
form as follows

si[!r] = f̂Tr ŝi (13)
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where ŝi = [si(n); si(n+1); � � � ; si(n+K�1); 0; � � � ; 0]
T is a L�1 vector containing

the K samples of the i-th source transmitted in the same burst and L�K zeros,
and f̂r = [1; e�j2�r=L; � � � ; e�j2�r(L�1)=L]T represents the Fourier vector. Since
si contains only K samples di�erent to zero, we can rewrite (13) as

si[!r] = fTr si (14)

where si = [si(n); si(n + 1); � � � ; si(n + K � 1)]T is a K � 1 vector and fr =
[1; e�j2�r=L; � � � ; e�j2�r(K�1)=L]T . From (14) we deduce that when the sources
are temporally-white and stationary, the cross-correlation between si[!r] and
the FD-source in other frequency bin, si[!k], is given by

E[si[!k]s
�

i [!r]] = E[jsi(n)j
2]fTk f

�

r = E[jsi(n)j
2]fHr fk (15)

As a consequence, the elements into the diagonal ofRs[!k; !r] areE[si[!k]s
�

i [!r]] =
E[jsi(n)j

2]fHr fk = fHr fk (assuming, for simplicity reasons, E[jsi(n)j
2] = 1). In

addition, the hypothesis of statistic independence of the sources implies that
E[si[!k]s

�

j [!r]] = 0 when i 6= j. Therefore, Rs[!k; !r] is a diagonal matrix whose

elements are equal to fHr fk.
By a similar reasoning, the other term in (11) can be written as follows

Rx[!k] = A[!k]Rs[!k]A
H [!k] (16)

where Rs[!k] = E[s[!k]s
H [!k]]. From (15), it is straightforward to obtain that

Rs[!k] is a diagonal matrix whose entries are E[jsi[!k]j
2] = fHk fkE[jsi(n)j

2] =
K E[jsi(n)j

2] = K.
Finally, substituting (12) and (16) in (11), the gain matrix takes the form

G[!k] = �kG[!r]Rs
H [!k; !r]Rs

�H [!k]

= �kG[!r]Rss[!k] (17)

whereRss[!k] = Rs
H [!k; !r]Rs

�H [!k] is a diagonal matrix with elements fHk fr=K.
Note also that selecting �k = K=(fHk fr) we guarantee that G[!k] = G[!r]. This
means that the FD-sources are extracted in the same order and with the same
amplitude in all the frequency bins. It is important to remark that it is crucial
to select the reference frequency bin in order to guarantee that the truncated
Fourier vectors are not orthogonal, i.e., fHk fr 6= 0;8k.

4 Experiment Results

In this section we present several simulation results to validate the proposed FD-
BSS system. We have generated 70,000 samples of two 4-QAM signals which have
been partitioned blocks of size K = 7. The sources have been passed through a
mixing system of P = 4 taps whose coeÆcients have been randomly generated.
In particular, the values used in this simulation have been

h11 = [1;�0:8630;�0:8620;�0:2404];

h12 = [�0:0193; 0:2635; 1; 0:5874];

h21 = [�1; 0:3983; 0:4635; 0:3635];

h22 = [1; 0:2497;�0:5137;�0:1140]
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In the separating system we have computed the DFT of L = K + P � 1 = 10
points and we have considered the frequency bin r = 0 as reference but similar
results have been obtained using other frequencies. Note that for this parameters,
fHk fr 6= 0 for all the frequency bins. The FD-sources in this frequency bin have
been recovered using the JADE algorithm. In the other frequency bins, we have
using the gradient algorithm (8) with step-size parameter � = 0:01 and using
S = 3; 000 samples of the FD-observations to obtain the estimations.

Figure 2 plots the gains introduced by the separating system for all the
frequency bins. Note that there exists only a signi�cant value di�erent to zero
for each FD-output. In this simulation the �rst FD-output extract the second
FD-source in all frequency bins, g12[!k] 6= 0; g11[!k] � 0; k = 0; :::; L � 1, and
the second output extract the �rst FD-sources in all frequency bins, g21[!k] 6=
0; g22[!k] � 0; k = 0; :::; L� 1. We can also see that the gains are very similar
to the gain in the reference frequency bin. For this experiment, Figure 3 plots
the observations (part (a)) and the recovered sources (part (b)). It is apparent
that a good separation have been obtained.

5 Conclusions

In this paper we have presented a novel strategy to separate convolutive mixtures
of sources. The proposed system is oriented to digital communication applica-
tions where temporally-white sources are transmitted in bursts with guard times.
In this case, the observations in the frequency domain correspond to instanta-
neous mixtures of the sources in the frequency domain. In order to recover all the
frequency-domain sources we have proposed to adapt the coeÆcients of a neural
network by minimizing the mean squared error between the frequency-domain
outputs and a reference signal which is also obtained using an unsupervised al-
gorithm. Unlike previous frequency-domain approaches, this new strategy does
not su�er from the permutation/amplitude indeterminacies.
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(a) Final gains for the output y1[!k]
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(b) Final gains for the output y2[!k]
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Fig. 2. Gains obtained in the last iteration of the iterative algorithm
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Abstract. In this paper, we generalize the eÆcient geometric ICA algo-
rithm FastGeo to overcomplete settings with more sources than sensors.
The solution to this underdetermined problem will be presented in a two
step approach. With geometric ICA we get an eÆcient method for the
step | matrix-recovery | while the second step | source-recovery |
uses a maximum-likelihood approach.

1 Introduction

Geometric ICA algorithms (geoICA), �rst proposed by Puntonet [7], consider
the statistical properties of the space of sensor signals to solve the blind source
separation (BSS) problem. A thorough theoretical treatment of geometric ICA
has been given by Theis et al. [8] where an eÆcient histogram based geometric
ICA algorithm has been provided as well. In [10] geoICA has been extended to
overcomplete, also called underdetermined situations given more source signals
than observed sensor signals.

Often, it is favorable to analyze overcomplete blind source separation (BSS)
in a two-step framework, as proposed by Bo�ll and Zibulevsky [2]. We generalize
this approach in [9], to which we refer for a more complete introduction to
overcomplete BSS. The idea of the so called blind mixing model recovery
(BMMR) step is �rst to learn the mixing model, i.e. in the linear case the
mixing matrix, and then to recover the sources in the blind source recovery
(BSR) step. For BSR we use the standard maximum likelihood approach. In this
article we generalize a symmetric case geometric ICA algorithm called FastGeo
[8] to the overcomplete, hence underdetermined case.

For m;n 2 N let Mat(m� n) be the R�vectorspace of real m� n matrices,
and Gl(n) := fW 2 Mat(n � n) j det(W ) 6= 0g be the general linear group of
R
n .
In the general case of linear blind source separation (BSS), a random vec-

tor X : 
 ! R
m called mixed vector, which in practice often represents a

measured sensor signal is given; it originates from an independent random vec-
tor S : 
 ! R

n , which will be denoted as source vector, by mixing with a
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mixing matrix A = (a1; :::; an)
T 2 Mat(m� n), i.e. X = AS. Here 
 denotes

a �xed probability space. Only the mixed vector is known, and the task is to
recover both the mixing matrix A and the source signals S. Let ai := Aei de-
note the columns of A, where ei are the unit vectors. We will assume that the
mixing matrix A has full rank and any two di�erent columns ai; aj are linearly
independent, i 6= j.

Note that for the symmetric case (m = n) this simply means that A is in-
vertible ie. A 2 Gl(n). In this case we can easily recover S from A by S = A�1X .
The separation problem we are mainly interested here is the overcomplete case
where less mixtures than sources are given (m < n). The problem stated like
this is ill-posed, hence further restrictions will have to be made.

For the symmetric case, many di�erent algorithms have been proposed with
the Infomax algorithm by Bell-Sejnowski [1] and the FastICA algorithm by Hyv�a-
rinen and Oja [4] seemingly being the most popular. Only few algorithms have
also been extended to overcomplete situations [6] [5]. In this paper we consider
an extension of the geometric ICA approach to underdetermined BSS problems.

2 Geometric BMMR

The goal of linear BMMR is given only the mixtures X , to �nd a matrix A0 2
Mat(m�n) with full rank and pairwise linearly independent columns such that
there exists an independent random vector S0 with X = A0S0. If we assume that
at most one component of S and S0 is Gaussian, then for m = n it is known [3]
that A0 is equivalent to A; here we consider two matrices B;C 2 Mat(m � n)
equivalent if C can be written as C = BPL with an invertible diagonal scaling
matrix L 2 Gl(n) and an invertible permutation matrix with unit vectors in each
row P 2 Gl(n). In the overcomplete case, however, no such uniqueness theorem
is known, and without further restrictions will not hold true anyway.

Since we are in the linear case, we often call linear BMMR:matrix-recovery.
For geometric matrix-recovery, we use a generalization of the geometric ICA al-
gorithm [8]. For illustrative purposes mainly later on we will restrict ourselves to
the case of two-dimensional mixture spaces; but for now let m > 1 be arbitrary.

Let S : 
 �! R
n be an independent n-dimensional Lebesgue-continuous

random vector describing the source pattern distribution; its density function is
denoted by � : Rn �! R. As S is independent, � factorizes in the following way
�(x1; : : : ; xn) = �1(x1) : : : �n(xn); into the marginal source density functions
�i : R �! R. After a trivial translation we can assume that S is centered,
E(S) = 0.

Let X denote the mixed vector and A the real m � n mixing matrix such
that X = AS. A is assumed to be of full rank and to have pairwise linearly
independent columns. We assume that the columns ai in A = (a1j : : : jan) have
norm 1. The geometric learning algorithm in its simplest form then goes as
follows:

Pick 2n starting elements w1; w
0
1; : : : ; wn; w

0
n on the unit sphere Sm�1 � R

m

such that wi and w
0
i are opposite each other, i.e. wi = �w0

i for i = 1; : : : ; n, and
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such that the wi are pairwise linearly independent vectors in Rm . If m = 2, one
usually takes the unit roots wi = exp(n�1

n
�i). Furthermore �x a learning rate

� : N �! R
+ with

P
n2N �(n)

2 < 1. Then iterate the following step until an
appropriate abort condition has been met:

Choose a sample x(t) 2 Rm according to the distribution of X . Project x(t)

onto the unit sphere and get y(t) := x(t)
jx(t)j . Let i be in f1; : : : ; ng such that wi or

w0
i is the neuron closest to y with respect to the Euclidean metric. Then set

wi(t+ 1) := �(wi(t) + �(t)
y(t)� wi(t)

jy(t) � wi(t)j
);

where � : Rm n f0g �! S(m�1) denotes the projection onto the (m � 1)-
dimensional unit sphere S(m�1) in Rm, and

w0
i(t+ 1) := �wi(t+ 1):

All other neurons are not moved in this iteration.
This algorithm can be formalized [10]; we shortly summarize those results

for the two-dimensional mixture (m = 2) case: De�ne a combined projection
mapping via

' : R2 n f0g �! [0; �)

x 7�! arg(x) mod �:

So '(x) returns the angle modulo � of x in polar coordinates. Note that this is
the same as taking the angle of x after projection onto the circle S1 and rotation
of x with negative component x2 by �, which is exactly what happens with the
samples of X in the geometric algorithm. Hence, if we de�ne Y := ' Æ X , we
get a random variable on [0; �) which due to the symmetry of S captures the
density of X on the circle S1. Denote �Y the density of Y .

De�nition 1 (receptive �eld). For l := (l1; : : : ; ln) 2 [0; �)n denote

F (lj) := F (lj ; l) := f� 2 [0; �) j
'(jei� � eilj j) � '(jei� � eilk j) for all k 6= jg

the receptive �eld of li with respect to l.

We will now formulate a convergence condition for the geometric algorithms
considered and prove that the �xed points of the geometric BMMR step satisfy
this convergence condition and that the solutions of the BMMR algorithm are
among them:

De�nition 2 (overcomplete Geometric Convergence Condition). The

angles l1; : : : ; ln 2 [0; �) satisfy the overcomplete Geometric Convergence
Condition (GCC) if they are the medians of Y restricted to their receptive

�elds i.e. if li is the median of �Y jF (li).
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Theorem 1. Assume the geometric algorithm converges to a constant random

vector W (1) � (w1(1); : : : ; wn(1)). Then W (1) is a �xed point of geometric

ICA in the expectation if and only if the wi(1) satisfy the GCC.

Theorem 2. The transformed angles �i = '(Aei) satisfy GCC.

Putting these two theorems together we have the basis of the overcomplete
geoICA algorithm [10]:

Theorem 3. Let � be the set of �xed points of geometric ICA in the expectation.

Then there exists (ŵ1; : : : ; ŵn) 2 � such that (ŵ1j : : : jŵn) solves the overcomplete

matrix-recovery problem.

3 FastGeo in the symmetric case

So far in geometric ICA, mostly 'neural' algorithms have been applied [7]. In this
section, we will recall a histogram-based algorithm called FastGeo [8] which
solves geometric ICA in the symmetric (m = n) case. Setting m = n, we have
shown above that geometric algorithms search for points satisfying the GCC.

Let the dimension m = n = 2 and let

A :=

�
cos(�1) cos(�2)
sin(�1) sin(�2)

�
: (1)

Theorem 2 shows that the vectors (cos(�i); sin(�i))
> satisfy the GCC. Therefore,

the vectors wi will converge to the medians in their receptive �elds. This enables
us to compute these positions directly using a search on the histogram of Y ,
which reduces the computation time by a factor of about 100 or more. In the
FastGeo-algorithmwe scan through all di�erent receptive �elds and test GCC.
In practice this means discretizing the distribution fY of Y using a given bin-size
� > 0 and then testing the �=� di�erent receptive �elds. The algorithm will be
formulated more precisely in the following:

For simplicity let us assume that the cumulative distribution FY of Y is
invertible { this means that FY is nowhere constant. De�ne a function

� : [0; �) �! R

' 7�!
l1(') + l2(')

2
� ('+

�

2
)

(2)

where

li(') := F�1
Y

�
FY ('+ i�2 ) + FY ('+ (i� 1)�2 )

2

�
(3)

is the median of Y j['+ (i� 1)�2 ; '+ i�2 ] in ['+ (i� 1)�2 ; '+ i�2 ] for i = 1; 2.

Lemma 1. Let ' be a zero of � in [0; �). Then the li(') satisfy the GCC.

Proof. [8].
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Algorithm (FastGeo): Find the zeros of �.

� always has at least two zeros which represent a stable and un unstable �xed
point of the neural algorithm. In practice for supergaussian sources we extract
the �xed point which then gives the proper demixing matrix A�1 by picking '0
such that fY (l1('0)) + fY (l2('0)) is maximal.

In practice, one sometimes notices that due to the discretization of the distri-
bution, the approximated distribution has a rather noisy shape on small scales.
This results from � having zeros being split up into multiple zeros close together.
Therefore, a useful improvement of convergence can be achieved by smoothing
this distibution with a kernel function with suÆciently small halfwidth. This
smoothing should be performed preferably during the discretization process of
the original distribution.

4 Overcomplete FastGeo

In this section we will generalize the symmetric FastGeo algorithm to overcom-
plete situations with n > m = 2. Again we show how to �nd points satisfying
the GCC, de�nition 2, but now the overcomplete GCC. This results in a quite
robust BMMR-algorithm for the case n > m = 2.

So let

A :=

�
cos(�1) :: cos(�n)
sin(�1) :: sin(�n)

�
: (4)

Then by theorem 2, the vectors (cos(�i); sin(�i))
> satisfy the overcomplete GCC.

In the overcomplete FastGeo-algorithm after discretization of the distribu-
tion of Y we test all di�erent receptive �elds for the overcomplete GCC.

For simplicity let us assume that the cumulative distribution FY of Y is
invertible { this means that FY is nowhere constant. De�ne a function

�(n) : [0; �)n�1 �! R
m�1

� := ('1; : : : ; 'n�1) 7�!

�
l1(�) + l2(�)

2
� '1; : : : ;

ln(�) + l1(�)

2
� 'n

�

(5)
where

li(�) := F�1
Y

�
FY ('i) + FY ('i+1)

2

�
(6)

is the median of Y j['i; 'i+1] in ['i; 'i+1] for i = 1; : : : ; n and

'n :=
1

2
('n�1 + '1 + �);

'n+1 := '1:

Lemma 2. Let � be a zero of �(n) in [0; �)n�1. Then the li(�) satisfy the over-

complete GCC.
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Proof. By de�nition,
�
li�1(�) + li(�)

2
;
li(�) + li+1(�)

2

�
(7)

is the receptive �eld of li(�). Since �
(n)(�) = 0 means that

li(�) + li+1(�)

2
= 'i

so the receptive �eld of li(�) is precisely ['i; 'i+1], and by construction li(�) is
the median of Y restricted to the above interval. This shows the claim.

Algorithm (overcomplete FastGeo): Find the zeros of �(n).

Note that for m = 2 this is precisely the symmetric FastGeo algorithm,
because then '1 is equivalent to the ' above, and '2 = '1 +

�
2 , hence �

(2) � �.

Again �(n) always has at least two zeros which represent the stable and the
unstable �xed point of the neural algorithm, so for supergaussian sources we
extract the �xed point which then gives the proper demixing matrix A�1 by
maximizing

Pn

i=1 fY (li('i)).
Similar to the symmetric case, we see that the discretization of the distri-

bution using a histogram results in a quite 'raggy' shape of the approximated
distribution. Hence, zeros of � are split up into multiple close-by zeros. This can
be improved by smoothing the distibution using a kernel function with suÆ-
ciently small radius. In the limit where the kernel radius goes to zero this again
reduces to the non-kernel case. Too large kernel radia however result in less ac-
curate approximations because the calculation of the median weakly depends of
the kernel radius.

5 Examples

In this section, we will show one example application of the overcomplete Fast-
Geo. For further examples and a performance analysis refer to [11]. We consider
4 speech signals S (see �gure 2 left column) as sources. These were mixed by the
following mixing matrix

A =

�
0:1295 �0:5205 �0:1528 0:5268
0:4467 �0:0203 0:5914 �0:5222

�
;

and the overcomplete FastGeo BMMR algorithm recovered the following esti-
mated mixing matrix

B =

�
0:6018 0:2419 0:7880 0:9998
0:7986 �0:9703 �0:6157 0:0175

�

with the cross-talking error E(A;B) = 0:6839. We then used the standard
maximum-likelihood BSR algorithm [9] in order to recover the sources given
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B and the mixtures X , with E(Cor(S; S2)) = 7:6281. Figure 1 presents the esti-
mated density of Y and �gure 2 gives a plot of the original, mixed and unmixed
signals.

As noted before [9], we can see that the BSR algorithm does not perform very
well when recovering the sources; the BMMR algorithm for the matrix however
yields quite good results.

0 10 20 30 40 50 60 70 80 90 100 110 120 130 140 150 160 170 180
0
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Fig. 1. Approximated probability density function fY of Y with the mixing angles 2,
74, 104 and 135 degree indicated by stars. Again the ragged plot is the approximated
density using a histogram with 180 bins, the smooth plot is the ragged plot after
smoothing with a 5 degree radius polynomial kernel.

6 Conclusion

After recalling theoretical results of overcomplete BMMR, we show how to gen-
eralize the enhanced histogram-based symmetric FastGeo algorithm to over-
complete settings thus providing an performance enhanced geometric BMMR
algorithm. Yet, accuracy of overcomplete algorithm seems to be limited by the
maximum-likelihood BSR step, so future research will have to add additional
information like time structure of the signals in order to improve overall perfor-
mance of overcomplete algorithms in general.
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Abstract. This paper addresses the application of ICA to digital image 
processing. First of all, it is shown that edge detection can be obtained by 
reconstructing an image from its dominant ICA features. Using this re- 
sult, an ICA-based watermarking method is proposed. Simulations show 
that the watermarks are robust against compression and gaussian noise. 

1 Introduction 

Independent Component Analysis (ICA) is an emergent technique for studying 
empirical datasets [3,4,11]. It  involves a mathematical procedure that transforms 
a number of random observed variables X I , .  . . , X N  into a number of statistically 
independent variables s l ,  . . . , s~ called sources. In linear ICA, this transforma- 
tion reads: 

N A .  

si = Chin x,, for all i = I , .  .., N 

where the bin, n = 1, ..., N ,  are real coefficients. It is usually assumed that the 
observed variables XI, .  . . , X N  have zero mean. The main objective of ICA is to 
identify new meaningful underlying variables. Such a representation can then be 
used in such tasks as feature extraction and pattern recognition. The technique is 
different from Principal Component Analysis (PCA), since ICA imposes higher- 
order independence, and not just up to the second order (decorrelation) as in 
PCA. 

ICA has been successfully applied in the context of natural image data [2,9]. 
Given an M x M image patch Ix( i l ,  i2) ,  where i l ,  i2 define the spatial coordinate 
system, Bell and Sejnowski [2] have supposed the following generative model: 

where N = M ~ .  In this model, the an ( i l ,  iz), n = 1 , .  . ., N ,  are referred to 
as basis functions or features and can be regarded as the basic building blocks 
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of an image. The coefficients si are interpreted as the underlying 'causes' of 
the patch and determine how strong each feature is present. For convenience of 
presentation, we can rewrite (2) as follows: 

where xi = I, (il, i2) and ai, = an  (il ,  i2) with 

It has been suggested that linear ICA produces the causes s l ,  . . . , s~ when it is 
applied to  the variables x l ,  . . . , X N ,  if we assume that those causes are statis- 
tically independent and zero-mean1. In this case, the coefficients (bz l ,  . . . , bzN) 
would model the receptive fields of the primary visual cortical neurons. These 
coefficients are also termed as 'independent component filters' [2,11]. 

A typical ICA analysis of image patches shows that the causes s l ,  . . . , s~ are 
mostly sparse distributed (this means that only a few of the features are needed 
to represent any particular image), where the probability of causes having small 
amplitudes is high, but large amplitudes occur as well [9,11]. In addition, the 
features (estimated as the inverse of the receptive fields) are closely related 
to well-localized and oriented Gabor filters. In other words, if we consider the 
an(i l ,  i2) as images, they look like 'edges' [2,9,11]. Figure 1 illustrates this for 
an image patch (center). It is decomposed into a set of features, two of which 
are shown in the figure (center left). Then, we suppose that the application of 
ICA to the image can recover the original features (center right). Figure 2 shows 
typical features, obtained by applying the FastIca algorithm [lo]  to different 8 x 8 
pixels patches. 

Fig. 1. ICA applied to an image. From the left to the right: features, original patch 
and estimated features. 

This means that eqs. (1) and (3) are each other's inverse. 
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Fig. 2. Typical features of an image, obtained by applying ICA to 8 x 8 pixels patchs. 
Localized 'edges' (mostly diagonal) are clearly visible. 

There is a striking resemblance between the ICA results and the state-of- 
the-art models of the visual processing system. Barlow [I] hypothesized that the 
primary visual cortex of mammals uses factorial code (i.e., independent com- 
ponents) to represent the visual environment. Such a code should be sparse in 
order to reduce the redundancy of the sensory signal. This assumption is based 
primarily on the observation that the joint activity of a relatively small num- 
ber of cells, each responsive to a different constituent feature, could be selective 
enough to distinguish individual objects. In addition, the relation between the 
features and the Gabor filters has been justified by Field [B]. 

Although ICA seems to provide a consistent model of the visual system, most 
papers that have been published do not pay specific attention to  the applica- 
tions; to investigate them seems to be a promising line of research. Bell and 
Sejnowski [2] have suggested that ICA can be used to  extract features that are 
localized edge detectors. These detectors, depending on the particular image, 
may be better suited t o  the associated image than the traditional ones. This 
idea will be explored in Section 2. We will show that edges are enhanced when 
the image is reconstructed only from its dominant features. Next, in Section 3, 
ICA will be applied to  the practical problem of digital watermarking. Section 4 
contains the main conclusions. 
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2 Edge Detection by using ICA 

Edge detection is a fundamental problem in image analysis. In natural images, 
edges characterize object boundaries and are therefore useful for segmentation 
and identification of objects in a scene. There are many ways to  perform edge 
detection. The most detect the edges by looking for the maxima and minima in 
the first derivative of the image [7]. However, an edge is a jump in intensity, not 
a physical entity, just like a shadow. It means that edge detection is actually 
a subjective task. Hence, the properties of the human visual system should be 
incorporated into the algorithms as well. 

W e  propose detecting the edges in the ICA domain. Our idea is to  enhance the 
dominant features of the image. To this end, the image is first decomposed into its 
'causes' by using ICA. Each feature is expected to represent an 'edge', as depicted 
in Figure 2. Then, a feature an( i l ,  i2) is removed if the associated cause s, is 
below a predetermined threshold. This technique follows the lines of wavelet- 
based edge estimation methods [5]. Prior information (i.e., the orientation of the 
associated edges) may be also used to refine the feature selection. The image is 
finally recovered by using (3). Figure 3 shows an example of an image processed 
by this technique. Edges are visually well recovered whereas textures are removed 
by the thresholding. Postprocessing may be used to  'chain' the edges that are 
along the same curve. 

Fig. 3. Left: original image. Right: edge detection by means of ICA. We use 2 x 2 
patches of the image in order to estimate its features. We observe that the edges that 
point in the direction of the dominant features are better estimated. 
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3 Application to Watermarking 

Digital watermarking (also known as digital signature) is a technique that con- 
sists in signing images by introducing invisible information (such as ownership 
and copyright message) to protect the intellectual property right of the content 
owners [8, 121. 

Perceptual invisibility and robustness to intentional or unintentional alter- 
ations of the host data are the main criteria used in evaluating a watermarking 
scheme. Unfortunately, these requirements conflict with each other: we improve 
the robustness of a watermark by increasing its energy, but then, the mark may 
become visible, degrading the image quality. This problem can be nicely solved 
by exploiting the properties of human visual system (HVS). For example, there 
must be a minimum amount of contrast between the areas of the image to be 
perceived as different by the human eye. Another feature is that the HVS is less 
sensitive around edges than in smooth areas of an image. This effect is referred 
to as 'spatial masking' and can be exploited for watermarking by increasing the 
watermark energy locally near the edges. For instance, we may use the following 
watermarking scheme: 

where Iw(il ,  i2) is the watermarked image, I,(il, i2) is the original image to 
be protected, W(i l ,  i2) represents a two-dimensional pattern that contains the 
copyright information, p denotes a fixed gain factor and M( i l ,  i2) is the masking 
image. The values of M( i l ,  i2) give a measure of the insensitivity to distortion 
of the corresponding pixels of the original image I, (il ,  i2).  

Fig. 4. Watermarking using masking image based on ICA. Left: Masking image (am- 
plified). Right: Watermarked image. 
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It is clear that the masking image M(i l ,  i2) can be generated by an ICA 
edge detector. In Figure 4, a mask is shown for the 'cameraman' image [Figure 3 
(left)]. The corresponding watermarked image is also represented. 

To investigate the effect on the robustness of the watermark, we perform the 
following two experiments. First, we add a watermark to  the 'cameraman' image 
with the method described above. Next, we compress the watermarked image 
with the JPEG algorithm, where the quality factor of the compression algorithm 
is made variable. Finally, the watermark is extracted from the decompressed im- 
age and compared with the original one. We repeat this process for 100 different 
watermarks. The averaged results are shown in Figure 5, which represents the 
probability of watermark detection as a function of the JPEG quality factor. The 
watermark is detected with high probability even for a very low quality factor 
of compression. 

In a second experiment we added Gaussian noise t o  the watermarked image. 
Figure 6 depicts the probability of watermark detection as a function of the vari- 
ance of the noise, averaged over 100 independent experiments. It is noteworthy 
that the image cannot be recognized when the variance of the noise is roughly 
greater than 0.02. Both experiments show the robustness of the proposed ICA- 
based watermarking technique. 
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Fig. 6. Influence of the noise variance on the robustness of the watermark. The curve 
is the average of 100 independent experiments. 

4 Conclusions 

We have addressed the application of ICA to digital image processing. The key 
property is that ICA basis provide a good approximation to the characteristics 
of the receptive fields of the primary visual cortical neurons. We have shown that 
edge detection can be obtained when the image is reconstructed by using only 
its dominant features. Finally, we have proposed an ICA-based method to wa- 
termark an image. It exploits the properties of the human visual system. Exper- 
iments show that the watermarks are robust against compression and gaussian 
noise. 
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Abstract. This work explains a new method for blind separation of a linear 
mixture of sources, based on geometrical considerations concerning the 
observation space. This new7 method is applied to a mixture of several sources 
and it obtains the estima~ed coefficien~s of the unknown mixlure matrix A and 
separates the unknown sources. In this work, the l3rinciples of the new method 
and a description of the algorithm are shown. 

1 Introduction 

The separation of independent source signals from mixed observed data is a 
fundamental and challenging signal processing problem. In many practical situations, 
one or more desired signals need to be recovered blindly knowing only the observed 
sensor signals. When different source signals propagating through a real medium 
have to be captured by sensors, these sensors are sensitive to all sources sj(t) and 
thus the signal xk ( t )  , observed at the output of sensor k, is a mixture of source signals. 
With a linear and stationary mixing medium the sensor signals can be described by: 

r r 
~ ( t )  = A s ( t )  (1) 

r 
where s(t) = (xL (9, ..., sn (t))T is an experimentally observable (11 x l )  -sensor signal 
vector s(t), with s ( t )  = (s,(t), ..., s,, (t))T is a ( p x l )  - unknown source signal vector 
having stochastic independent and zero-mean non-Gaussian elements sz (t) , and A is a 
(n x  p) unknown full-rank and non-singular mixing matrix. The solution of the blind 
signal separation (BSS) problem consists of retrieving the unknown sources sz(t) 
from just the observations. To achieve this it is necessary So apply the hypotheses that 
the sources S, (f) and the mixture matrix A = (a,, ..., a,,)T are unknown, that the 
number a of sensors is at least equal to the number p of sources, i.e. n 2 p , and that 
the components of the source vector are statistically independent yielding: 

In order to solve the BSS problem a separating matrix W is computed whose 
output is an estimate of the vector .\(I) of the source signals such that: 
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Any BSS algorithm can only obtain W subject to: 

with a diagonal scaling matrix D modified by a permutation matrix P. Recently, BSS 
and ICA (Independent Component Analysis) have received much attention because of 
its potential applications in signal processing. A great diversity of estimation methods 
have been proposed based on some kind of statistical analysis, neural networks [7], 
the entropy concept [3], the geometric structure of the signal spaces [I], [6], the 
fixed-point algorithm FastICA [5], the maximum likelihood stochastic gradient 
algorithm [2], the Jade algorithm [4], among others. Several geometric procedures 
have been used to separate either nlultivalued or analog signals, by analyzing the 
observed sensor signals in the resulting p-dim space of observations. In the following 
we will present a new geometric ICA algorithm which is based on rough density 
estimation. 

2 Principles of the new method 

For = 2 and with bounded values in a u n i f o ~  distribution, the observed signals 
(xl (f), ,x2 (t)) form a parallelogram in the (kl, x2) space, as shown in Figure 1. We 
have demonstrated [8] that, through a matrix transformation, the coefficients of the 
matrix coincide with the slopes of the parallelogram. It can be seen that for ra dom r P  
uniform sources, the parallelogram representing the space of observations (xL, ,x2) is 
geometrically bounded within the segments between the points P, to P, . The slopes 
of these segments give the coefficients of the estimated mixture matrix W . In order 
to obtain these segments, it is necessary to estimate the coordinates of those points P,, 
i = 1, 2, 3. 4. Assuming non-uniformly distributed signal as the sources, for example 
speech signals with an underlying super-Gaussian distribution; the form of the sensor 
signal distribution in the space of observations is highly non-uniform too, as can be 
seen in Figure 2. In this case it is not sufficient to estimate the borders of the bounded 
space of observations. Rather, it is necessary to detect the directions of high density 
in the space of observations. These directions are called ICA axes (ICA-1 ; ICA-2). 

2.1 Description of the algorithm 

First of all, the algorithm computes the k~wtosis of each component of the sensor 
signals and also the correlation coefficients between all observations. This is to detect 
whether the underlying source signal distributions correspond to sub- or super- 
Gaussian distributions. According to the Central Limit Theorem, nlixtures will tend to 
be closer to Gaussian than the original ones. Consequently, k~u-toses of the mixtures 
will be closer to zero (Gaussian distribution) than the sources: 



A New Geometrical ICA-based Method for Blind Separation of Speech Signals 283 

Fig. 1. Space of obsen~ations: Representative points and straight lines. 

In any case, for mixtures of two signals, they will tend to preserve the sub- or 
super-Gaussian nature of the original signals, asstuning that both sources have the 
same sign in the kurtosis. If the kwtoses of all observations are positive, the 
algorithm searches for high density regions of the sensor signal distribution. With 
sub-Gaussian signals, the algorithm estimates the bounding box of the parallelogranl 
representing the space of observations. The algorithnl subdivides the space of 
observations (l,,.;,) into a regular lattice of cells with N-rows and M-col~unns as 
shown in Figure 2. Then, the algorithm conlputes the number of cells in the lattice in 
which the number of points inside it is greater than a given threshold TH. The 
distribution of sensor signals within each of these cells then is replaced by a prototype 
sensor signal vector. The prototype vector nlostly does not point towards the centre of 
the cell because its position is weighted by the density of points ( . ~ , ~ , . l c , ~ )  in this cell. 
The next step of the algorithm finds those points which either forn~ the border of the 
hyperparallelepiped or mark the high density regions of the sensor signal distribution 
in the space, by looking for cells that have an empty neighborhood (such cells have 
fewer points than the threshold TH). Then these cells without a conlplete 
neighborhood fornl the border of the distribution enconlpassing NR data points in the 
space of observations. The algorithm then computes the coordinates of 
4 = (p , ,  , p,, ) and 4 = ( p 2 , ,  pz ) . The space of observations has been reduced to NR 
data points which, in two dimensions, represent pairs of coordinates (.xli, l ~ ? ~ )  . In this 
reduced set of NR data points, there exist dab  points P, and P, with largest Euclidean 
distance between them in the space of observations : 

Once points P, and P, have been identified, the algorithm calculates the equation of 
the straight line R, which passes through these points P, and P, - : 

being 
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Next, the algorithm estimates the coordinates of the points P, = (p,,,p,,) and 
5 =r(p,,,p,2) as follows: the straight line R, divides the space of observations 
(x,, x,) into two subspaces, being R, the border between them. Data points which lie 
within one of these subspaces yield a nonzero result in Eq. (7). For example, data 
points lying above the straight line R, yield a negative result in Eq. (7). There is then 
one data point 4 = ((p,,, y,) which provides the most negative value of all possible 
outcomes of Eq. (7), hence which also represents the point with the greatest 
Euclidean distance from the straight line R1 in the subspace above R1. In the same 
way, points in the other subspace, below the straight line R1, yield a positive result in 
Eq. (7). Again, there is one point P, = (p,, , P ,~)  that provides the most positive value 
of all possible results from Eq. (7), and which is also the point with greatest 
Euclidean distance from the straight line R1 in the subspace below R1- 

Fig. 2. Linear mixture of two real words and lattice of the space of observations and ICA axes. 

moo , , , , , , , 

Y :  . . .  . . . . .  

. . . . . .  
. . . .  

. a # \ " ,  

Once the characteristical points of the parallelogram have been obtained, the 
algorithm computes either the slopes of the segments ( and or, equivalently 
PZ and PZ ) in case of sub-Gaussian densities or the slopes of the diagonals 
( P,P, and P,P, ) in case of super-Gaussian densities in order to obtain the slopes of 
the ICA axes and the coefficients of the matrix W as in Eq. (9) (see Figure 2): 

-moo 

Using the coefficients of matrix 1V, the algorithm computes the inverse matrix W' 
and reconstructs the unknown source signals k(t) (see Eq. (3)). 

2.2 Further enhancements 

It . ' 
' .t I_ - 

The computational order of the algorithm is polynonlial: 

Comnpul- Ordc>r = (~ulu~oinrs '  . XCc)lurnns. YRo~vs) 

. . . . . . . . . . . .  -: 

.* ; . . . . . . . . . . . .  
. . . . . . . . . . . . . . .  , . 

-moo " " " '  

As a further improvement, we propose the reduction of the number of points at the 
beginning of the algorithm with a random elimination through all the space of the 

m I . + y . =  a x u *  
-moo -moo 4000 PO00 0 2000 4000 moo moo 
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joint distrib~ution of the mixtures as long as enough data points are kept to correctly 
estimate the sources. A more elaborated proposal is elinlinating those points of the 
joint distribution of the mixtures which lay within a calculated radi~~s  near the center 
of the joint distribution, because they are useless for the algorithm, due to its nature of 
comp~uting contours using points whose Euclidean distances are the highest. From 
experimental results, we have derived equations (I I) and (12) for the calculation of 
the radins based on the kurtosis and correlation of the mixture signals. 

For sub-Gaussian mixtures, the algorithm will try to find the contour of the sensor 
signal distribution. In this case we determine the exclusion radius as follows : 

where a is a constant (experimentally, a valne of a=7.5 was applied), p(x) is the 
correlation of the mixtures and 

For super-Gaussian mixtures (positive kurtosis), the algorithm will search for high 
density regions of the joint distrib~ution of the mixtures. Thus, the exclusion radius 
was calculated as: 

R=1.5.T (13) 

3 Simulations and Results 

The new algorithm, named as "LatticeICA", has been tested on various ensembles of 
artificial sensor signals with an arbitrary number of samples drawn at random from 
sub- and super-Gaussian distributions like uniform, Gamma, Laplacian and Delta 
distributions, as well as with real world speech signals. To q~~antify the performance 
achieved we calculate both a crosstalking error of the original and recovered source 
signals as proposed by Amari et al. [2] as well as a component wise crosstalk: 

where P=(pij)= W-'.A. The parameter MSE (Mean Square Error) nleasures the 
similarity of the signals ,ri(t) and yi(l). 

3.1 Speech signals. 

In this sitnulation the algorithm separate two super-Gaussian speech voice signals 
with 10000 sanlples each. The lattice was a~~tomatically conlputed to be 11 rows and 
11 columns, using TH = 10. The original and estimated matrices were: 
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The joint distribution of the mixtures points out the super-Gaussian nature of the 
sources (see Figure 3). The matrix performance index for this simulation 
was E (W,A) = 0.1 13, with Crosstalk1 (E,J = -29 dB and Crosstalk2 (Er2) = -34 dB. In 
Figure 3 it is shown how the algorithm searches for the lines of higher density instead 
of the contour dot. 

Fig. 3. Performance of the LalliceICA algorithm for a ~wo real voice signals mixlure. 

3.2 Comparison with other algorithms. 

In this simulation we started a more systematic exploration of the algorithm and 
compared the results to those obtained with two other algorithms, the FastICA [5] and 
Jade algorithms [4]. We tried random mixture matrixes over uniform and Laplacian 
mixtures of 10000 samples, running 100 simulations each time, with automatic 
parameters. With FastICA the number of bins has been choosen in all cases to be 180. 
The NRMS (normalized root mean squared error) in each case and the corresponding 
average convergence times (Pentium IV 1.5 GHz., 512 MB RAM, under Matlab 
environment) are summarized in Table 1. Although, both FastICA and Jade 
algorithms globally get better results than LatticeICA in most of the simulations, 
LatticeICA shows a great performance especially for super-Gaussian mixtures 
(speech signals) and it outperform previons geometric algorithms. As a particular 
advantage of LatticeICA when compared with FastICA and Jade it remains its easy 
hardware implementation, due to the fact that it only computes simple arithmetic 
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operations. Future enhancements in fine tuning the radius of exclusion and adjusting 
the final separation lines will certainly lead to a better perfomunce. 

Table 1. Comparison of performance of the algorithm (LatticeICA) with FastICA and Jade. 

3.3 Extension to higher dimensionality. 

Sonrcc Type 

Uiuform 

Laplaclan 

Finally, we show how this algorithm can be extended to higher dimensionality 
situations by attempting to separate the projections of p mixed signals from ; " onto 
i 2 .  The signals are shown in figures 4 and 5 (with a Laplacian noise, a music source 

and a speech signal). The original and obtained matrices are: 

In Figure 4 can be seen the 3-dinlensional mixture and the projections in each of 
the planes which will be the inputs to the algorithm. Figure 5 depicts the separated 
signals of the proposed LatticeICA algorithm. 

Proccdurc 

Latticc ICA 
FastICA 
Jack 
Lattice ICA 
FastICA 
Jade 

Fig. 4. Left: a laplacian noise, a music and a speech source signals. Right: three-dimensional 
mixture and projections. 

4 Conclusions 

NRMS 

0.054 
0.021 
0.028 
0.034 
0.087 
0.009 

We have developed a new geometry-based method for blind separation of sources 
which greatly reduces the conlplexity and conlputational load inherent in the standard 

Speed 01 
convergence (ms.) 

808 
50 1 
584 
703 
406 
273 
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Fig. 5 Estimated signals for Simulation 3.3. 

geometric ICA algorithms. This new algorithm is based on a tessellation of the input 
space where in each cell a code book vector is determined to represent the center of 
gravity of the local distrib~ution of sample vectors. Depending on the type of 
distribution, either sub- or super-Gaussian, the slopes of the border lines or the 
diagonals are determined to obtain the coefficients of the estimated nlixing matrix IV. 
The method lends itself for an easy hardware implementation and is also very 
intuitive in terms of computer applications. Furthermore, this method could be used to 
detect the perimeter or outlines in simple two-dimensional figures. In the future we 
will intend to inlplenlent this method for more than two signals without nsing 
projections b d  working in the p-dimensional space. 

Acknowledgement 

This work has been supported by the Spanish CICYT Projects TIC2001-2845 
"PROBIOCOM - Procedures for Biomedical and Communications for BSS" and 
TIC2000-1348 "Hybrid procedures for parallel optimization in clusters". 

References 

hvarez, M. R., PunLonel, C. G., Rojas, 1.: Separation of Sources based on the Partitioning 
of [he Space of Observations. Lecture Noles on Comnputer Science, Vol. 2085. Springer- 
Verlag, Berlin-Heidelberg-New York (2001) 762 - 769. 
Amari, S. I., Cichocki, A., Yang, H. H.: A new learning algorithm for blincl signal 
separation Proceedings of NIPSt96, (1996) 757-763. 
Bell A. J., Sejnowski, T. J.: An information-maximisation approach lo blind separation 
and blind deconvolution, Neural Comnputation, Vol. 7 (1995) 1 129-1 159. 
Cardoso, J. F.: High-order contrasts for independent component analysis. Neural 
Computalion, Vol. 11, no 1 (1999)157-192. 
Hyviirinen, A., Karhunen, J., Oja, E.: Independent Component Analysis. Wiley & Sons, 
New York (2001). 
Jung, A., Theis, F. J., Puntonet, C. G., Lang, E. W.: FASTGEO: A histogram based 
approach lo linear geometric ICA. Proceedings of ICA'O1 (2001) 349-354. 
Jullen, C., Hkraull, J., Coinon, P., Sorouchiq, E.: Blind separation of sources, Par~s I, 11, 
111. Signal Processing, Vol. 24, no 1 (1991) 1-29. 
PunLonel, C. G., Prielo, A.: Neural nel approach for blincl separation of sources based on 
geometric properties. Neurocomputing, Vol. 18 (1998) 141- 164. 



A time-frequency blind source separation method

based on segmented coherence function
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Abstract. In this paper, we introduce a new blind source separation
(BSS) method for linear instantaneous mixtures, which only assumes the
sources to be uncorrelated. It is based on the time-segmented frequency-
dependent real coherence function of the observed signals. This param-
eter makes it possible to detect time-frequency zones where only one
source is active. Such zones are then used to identify the required sepa-
rating coe�cients by means of ratios of power spectral densities of the
observed signals. This BSS method yields very high performance for mix-
tures of speech and/or noise signals, i.e. SNR improvements range from
50 dB to more than 90 dB.

1 Introduction

Blind source separation (BSS) is a fundamental signal processing problem. BSS
methods aim at restoring source signals from observed mixed signals, which
are most often provided by sensors and modelled as linear instantaneous mix-
tures of these source signals [1, 2]. The BSS �eld has been growing rapidly for
a few years, thanks to an increasing interest for its applications in such �elds
as telecommunications, speech enhancement, seismology and even within the
biomedical framework...

Most of the BSS approaches that have been developed are based on Inde-
pendent Component Analysis (ICA), which assumes the sources to be random
stationary statistically independent signals [2]. A few BSS methods based on
time-frequency (TF) analysis instead of ICA have also been reported e.g. in [3]-
[9]. Among them, [3, 4] consist of TF extensions of previously developed classical
BSS methods based on joint-diagonalization. Another class of TF BSS methods
includes approaches based on the ratio of the TF transforms of the observed
signals [6]-[9]. Some of them, [6, 7] require the sources to have no overlap in the
TF domain, whereas others [8, 9] only need slight di�erences in the TF repre-
sentations of the sources.

In this paper, we propose a BSS method which only requires the sources
to be uncorrelated and which exploits the assumed di�erences between these
sources in the TF plane by using another parameter, i.e. the time-segmented
frequency-dependent coherence function of the observations.

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 289-296, 2003. 
c Springer-Verlag Berlin Heidelberg 2003



Fig. 1. Considered con�guration.

2 Proposed method

2.1 2-source to 2-sensor con�guration

In the basic version of the proposed approach, we consider the con�guration
represented in Fig. 1, where the two centered signals, x1(n) and x2(n), are pro-
vided by a set of two sensors. These signals are generated by mixing two real
and random source signals, denoted here s1(n) and s2(n) and assumed to be
centered and uncorrelated. Mixing is modelled in our study by instantaneous
linear combinations. The observed signals may then be expressed as:�

x1(n) = a11:s1(n) + a12:s2(n)
x2(n) = a21:s1(n) + a22:s2(n)

(1)

where aij represents the real mixing coe�cient from source j to sensor i.
The separating system shown in Fig. 1 yields the following output signals:�

y1(n) = s1(n):[a11 � c1:a21] + s2(n):[a12 � c1:a22]
y2(n) = s1(n):[a21 � c2:a11] + s2(n):[a22 � c2:a12]

(2)

2.2 Identi�cation of the separating system

The proposed BSS approach aims at determining a value of the couple of coef-
�cients (c1; c2) such that the output signals y1(n) and y2(n) of the separating
system depend respectively only on each of the source signals, i.e. such that:

y1(n) = �:s1(n) and y2(n) = �:s2(n) (3)

or
y1(n) = �0:s2(n) and y2(n) = �0:s1(n): (4)

According to (2), two values of (c1; c2) meet this condition, i.e:

(c1; c2) =

�
a12

a22
;
a21

a11

�
or (c1; c2) =

�
a11

a21
;
a22

a12

�
: (5)

Note that both couples of values may be expressed as:

(c1; c2) =

�
a1l

a2l
;
a2m

a1m

�
; (6)
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with respectively (l;m) = (2; 1) and (l;m) = (1; 2).
The method proposed in this article to identify one of these couples of values

is based on the power (auto- and cross-) spectral densities of the observed signals
successively estimated on various temporal windows indexed by k. For the signals
de�ned in Subsection 2.1, these densities are expressed according to:�

Sxixi(k; !) = a2i1:Ss1s1(k; !) + a2i2:Ss2s2(k; !) i = 1 or 2
Sxixj (k; !) = aii:aji:Ssisi(k; !) + aij :ajj :Ssjsj (k; !) i 6= j 2 f1; 2g (7)

Assume that in a TF domain (k1; !1) de�ned by the temporal interval k1
and the angular frequency !1, only source sl is "active", i.e: Sslsl(k1; !1) 6= 0
and Ssl0sl0 (k1; !1) = 0 for l 6= l0. Then (7) reduces to:

�
Sxixi(k1; !1) = a2il:Sslsl(k1; !1) i = 1 or 2
Sxixj (k1; !1) = ail:ajl:Sslsl(k1; !1) i 6= j 2 f1; 2g (8)

This yields:
Sx1x2 (k1;!1)

Sx2x2 (k1;!1)
= a1l

a2l
: (9)

Similarly, if in another TF domain (k2; !2) only source sm is "active", then:

Sx2x1 (k2;!2)

Sx1x1 (k2;!2)
= a2m

a1m
: (10)

The couple of values de�ned by (9)-(10) with l 6= m 2 f1; 2g is then identical
to one of the searched couples, de�ned by (6).

The BSS method that we propose in this paper directly results from this
property. It supposes that, for each of the sources s1(n) and s2(n), there exists at
least one TF zone where only this source is "active" (for example, this condition
is easily met by speech signals). Our method then contains the following steps:

� It detects two TF zones (k1; !1) and (k2; !2) where the active source is
respectively sl and sm, with l 6= m. The method used to this end is de�ned
in Subsection 2.3.

� It identi�es the separating coe�cients by using the above-de�ned ratios be-
tween the power spectral densities of the mixed signals, i.e. it sets:

c1 =
Sx1x2 (k1;!1)

Sx2x2 (k1;!1)
and c2 =

Sx2x1 (k2;!2)

Sx1x1 (k2;!2)
: (11)

� It derives the output signals yi(n) using the BSS system shown in Fig. 1.

2.3 Detection of the single-source time-frequency zones

The method that we propose to detect the TF zones where only one source
is active is based on the coherence function of the observations, estimated on
the temporal windows indexed by k introduced above. The so-called "complex"
coherence function is de�ned by:


x1x2(k; !) =
Sx1x2 (k;!)p

Sx1x1 (k;!):Sx2x2 (k;!)
; (12)
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and the associated "real" coherence function reads: �x1x2(k; !) = j
x1x2(k; !)j2.
For the signals de�ned in Subsection 2.1, according to (7) we have:


x1x2(k; !) =
a11:a21:Ss1s1 (k;!)+a12:a22:Ss2s2 (k;!)p

(a2
11
:Ss1s1 (k;!)+a2

12
:Ss2s2 (k;!)):(a221:Ss1s1 (k;!)+a2

22
:Ss2s2 (k;!))

: (13)

The real coherence function of the observations then has the following two
properties, independently in each TF zone (k; !):

Property 1 if only one source is active in this zone, then: �x1x2(k; !) = 1.

Property 2 if the two sources are active in this zone, i.e. if Ss1s1(k; !) 6= 0 and
Ss2s2(k; !) 6= 0 then: �x1x2(k; !) < 1.

Proofs : Let us de�ne the following two vectors:

�!v1 =

�
a11:

p
Ss1s1(k; !)

a12:
p
Ss2s2(k; !)

�
and �!v2 =

�
a21:

p
Ss1s1(k; !)

a22:
p
Ss2s2(k; !)

�
:

The complex coherence function 
(k; !) in (13) is then equal to:


(k; !) =
h�!v1 ;�!v2i

k �!v1 k : k �!v2 k : (14)

where h i represents the inner product. Using Schwarz theorem in (14), we obtain:

0 � � (k; !) = j
(k; !)j2 � 1: (15)

Moreover, � (k; !) = j
(k; !)j2 = 1 if and only if det[�!v1 ;�!v2 ] = 0. The determi-
nant associated to these two vectors is equal to:

det[�!v1 ;�!v2 ] = (a11:a22 � a12:a21)
p
Ss1s1(k; !)Ss2s2(k; !): (16)

Moreover, the mixing is assumed to be invertible, so that (a11:a22�a12:a21) 6= 0.
The only solution to obtain det[�!v1 ;�!v2 ] = 0 is then: Ss1s1(k; !) = 0 or Ss2s2(k; !) =
0. So, � (k; !) is equal to 1 if only one source is active in the considered TF zone.

The single-source TF zones (k1; !1) and (k2; !2), to be detected therefore
correspond to two of the highest values of �x1x2(k; !) obtained in practice. The
method that we eventually propose for determining these zones and the asso-
ciated separating coe�cients operates as follows. We �rst compute the values
of the coherence function for all time-segmented windows of the mixed signals
and all frequencies. We then form an ordered list of these TF zones (k; !), so
that they correspond to decreasing values of � (k; !). The �rst zones in this or-
dered list are thus single-source zones. We consider the �rst zone in this list and
identify the corresponding value of the separating coe�cient c1 by using (11).
We then use the next zones in the above ordered list as follows. We identify the
value of c2 corresponding to the next zone by using (11) and we check if the
di�erence between c2 and the inverse of c1 is above a user-de�ned threshold,
thus indicating that c2 does not correspond to the same "active" source as c1. If
this condition is met, both target coe�cients de�ned in Eq. (6) were identi�ed
and the coe�cient identi�cation procedure ends. Otherwise, the above steps are
repeated for the next TF zone in the ordered list, until the target coe�cient c2
corresponding to the other source is reached.
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3 Experimental results

The �rst experiments described in this section concern the cocktail party prob-
lem (restricted to linear instantaneous mixtures). The considered twelve speech
source signals, selected from the French Multext database, are centered, rescaled
so as to have similar powers and limited to a length of 200000 samples.

The performance of our approach has been tested for the mixing matrix:

A =

�
1 0:8
0:9 1

�
:

We can see that Eq. (11),(12) require estimates of the power (auto- and cross-)
spectral densities Sxixi(k; !) and Sxixj (k; !) of the observations over time win-
dows indexed by k at frequencies !. The method that we used to this end is a
modi�ed version of averaged periodogram [10]. Each 4096-sample time window
k in the observed signals is thus segmented by means of overlapping weighting
sub-windows, which each contain 512 samples. The contributions of the power
spectral and cross-spectral densities of the segmented signals are �rst calculated
over each sub-window, and then averaged over these sub-windows, thus yield-
ing each estimate of Sxixi(k; !) or Sxixj (k; !). More precisely, we use Hamming
weighting windows with a 75% overlap between adjacent sub-windows. The over-
all windows, used for estimating the spectral densities and coherence functions
and then for detecting single-source zones, themselves have a 50 % temporal
overlap.

Each observed signal xi(n) contains contributions from the source signal si(n)
to be extracted in output i and from the interfering or "noise" source sj(n), with
j 6= i. The corresponding signal/noise ratios (SNR) in these observed signals are
denoted SNRin(i) hereafter. Performance is then assessed in terms of: i) the
SNR measured in each output of the BSS system, denoted SNRout(i) below,
and ii) the SNR improvement, achieved by the system on each channel i, i.e:
SNRI(i)=SNRout(i) / SNRin(i). We also compute the averaged SNR improve-
ment over the two channels of the BSS system, i.e: SNRI=

p
SNRI(1):SNRI(2).

We performed experiments with six couples of source signals from the con-
sidered database, i.e. the speech signals with indices (1,2),(3,4),...(11,12). We
present the corresponding results in Table 1. In four of these tests, we identi-
�ed separating coe�cients (c1 = 0:8000 � 0:0001, and c2 = 0:9000 � 0:0001)
which yield non permuted output signals, whereas the separating coe�cients
obtained in the other two tests (c1 = 1:1111� 0:0004, and c2 = 1:25� 0:0003)
result in permuted output signals. The SNRI(i) range about from 50 to 90 dB in
these experiments, with a corresponding average equal to 68.3 dB. Our approach
therefore yields very high performance.

To complete this �rst experimental section, we provide in Fig. 2(a), all sig-
nals (75000 samples) which correspond to one of the cocktail party experiments.
The source signals are shown in the two top plots of Fig. 2(a), while the mixed
signals are represented in the middle plots and the signals extracted by our sep-
arating system are shown in the bottom plots. Note that despite the very low
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Indices of the
speech signals SNRI1 SNRI2 SNRI

1, 2 65.4 63.6 64.5

3, 4 78.4 64.5 71.5

5, 6 51.1 60.2 55.7

7, 8 66.8 72.4 69.6

9, 10 77.9 66.2 72.1

11, 12 66.3 86.7 76.5

Table 1. Cocktail party problem: SNR improvement (dB) for various couples of speech
signals.

di�erence between the two observed signals, our method succeeds in extracting
output signals which are very similar to the source signals. Note also that the
speech source signals considered in this example do not include any long tem-
poral silence phase. The approach proposed in this paper therefore applies to
continuous speech signals with a frequency overlap whereas, for instance, the
method presented in [11] requires signi�cant silence phases.

A TF representation of the coherence function � (k; !) is provided in Fig.
2(b). This shows that this function is very close to 1 in many TF zones, i.e. that
there exist many single-source TF zones (which is the reason why the proposed
method achieves very high performance for such signals). This is con�rmed by
considering the TF representations of the source signals (Fig. 3), which show
that there exist many TF zones where only one source is active. Especially, the
source shown in Fig. 3 (a) corresponds to male speech and has high energy
at low frequencies, i.e. its �rst formant is in the frequency range [100-200Hz],
whereas the female speech shown in Fig. 3 (b) only has energy at higher fre-
quencies. The corresponding single-source TF zones for any time position k and
f 2 [100-200Hz] are clearly re�ected in the representation of � (k; !) in Fig. 2(b).

The second considered set of experiments concerns the speech enhancement
problem. We successively use each of the twelve previous signals as the speech
source signal and an arti�cial noise signal as the other source. All these signals

Index of the SNRI1 Index of the SNRI1

speech signal alpha=1 alpha=2 alpha=3 speech signal alpha=1 alpha=2 alpha=3

1 65.3 71.5 75.0 7 62.4 68.6 72.2

2 69.0 75.2 78.8 8 59.4 66.0 69.6

3 70.5 76.7 80.2 9 52.2 58.7 62.3

4 81.6 88.1 91.7 10 82.1 88.0 91.5

5 83.4 89.7 93.3 11 63.6 69.9 73.5

6 60.2 66.5 70.0 12 71.0 77.3 80.9

Table 2. Speech enhancement: SNRI(1) (dB) for various speech signals and scale
factors.
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Fig. 2. Source, mixed and output signals (a) and time-segmented real coherence func- 
tion of observed signals (b). 

are limited to a length of 100000 samples. Moreover, a scale factor a is applied 
to the second source to investigate the dependence of performance with respect 
to the SNR available before BSS processing. In Table 2, we present S N R I ( l ) ,  
which measures the quality of the extraction of the speech signal on channel 1. 
This shows that the proposed method again yields a major SNR improvement 
(about from 50 to  95 dB), and particularly in the most difficult condition (a = 3) 
where these experiments result in an average SNRI(1)  equal to 78.2 dB. 

4 Conclusion 

In this paper, we presented a new Time-Frequency BSS method for linear instan- 
taneous mixtures. This approach is based on the frequency-dependent real co- 
herence function of time-segmented observations and only assumes the sources 
to be uncorrelated. It was tested on speech and/or noise signals and yields a 
very high SNR improvement, i.e. between about 50 and 95 dB. This method 
is here presented in the 2-channel configuration for the sake of clarity but is 
straightforwardly extended to any number of sources. Our future investigations 
will aim at extending it to  convolutive mixtures. 
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Abstract. This paper addresses the separation of ion activities in ion-selective 
field transistor (ISFETs) arrays. These solid-state electrochemical sensors are 
designed to be sensitive to one kind of ion. However, their response is a non- 
linear function based on a mix of several ion activities found in the solution. 
Hence, blind source separation (BSS) techniques can be applied to recover the 
original main ion activity from the mixed response. Although the non-linear 
recovery problem could be considered difficult at fmt glance, our work shows 
how the use of prior knowledge in BSS based on a local ISFET model allows 
the transformation of the original problem into a linear BSS model through a 
simple pre-calibration step. In this context, the overall processing system is 
capable of recovering not only the original main ion activity but also the 
interfering ion activity, which has classically been treated as noise. Several 
preliminary experiments based on a linear ICA algorithm look promising. This 
work is in progress, as a part of the SEWING EU project (contract IST-2000- 
28084). 

1 Introduction 

In recent years, the use of sensor arrays has aroused a lot of attention. Unlike 
traditional sensor design, sensor arrays are based on the idea of using poor-selective 
sensors combined through a post-processing stage, which performs a kind of 
intelligent signal processing in order to overcome the inherent limitations of the single 
elements of the ensemble. Electronic noses [I] are a notorious example of the 
application of array techniques in chemical sensing. 

In chemical sensing, analytical tasks are performed to obtain qualitative or 
quantitative information about particular chemical components [2]. This kind of 
analysis of a chemical solution can be performed with electrochemical sensors [3], 
which convert chemical information into an electrical signal using a transductor 
capable of recognizing some chemical components. 

Ion-sensitive field-effect transistors (ISFETs) [4] are among the most interesting 
chemical sensors that have appeared in the last decades. They are built on MOSFETs 
[5] and achieve selectivity to a particular ion activity in a chemical solution by 
replacing the metallic gate in a MOSFET with a structure of membranes. Many 
different types of ISFETs have been presented varying the materials and structure of 
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the sensitive membrane, e.g. MEMFETs [6], REFETs [7] and CHEMFETs [a]. 
However all these devices operate with the same basic principles. 

In the case of ISFETS, array processing remains a necessary step not only to allow 
multi-component analysis but also to enhance their selectivity since ISFET response 
depends on the activity of a particular ion and other secondary ions, which are 
considered in principle as interference. Accordingly, some separation of the overall 
response, modeled as a (non-linear) function of a mixture of ion activities found in the 
solution, into single responses must be performed in order to obtain a quantitative 
measure (i.e. ion activities) of separated chemical components. This recovery of the 
original chemical information from a mixed response is denoted hereafter as ISFET 
source separation (ISFETSS) since it can be considered as a special case of blind 
source separation (EiSS) [9]. However, we remove the term '%blind" since we 
incorporate prior knowledge based on ISFET modeling into the ISFETSS model in 
order to characterize how the mixing is produced. 

The rest of the paper is organized as follows: Section 2 presents an overall 
processing architecture based on an ISFET array and discusses how chemical 
information about single components can be recovered. In Section 3, some 
experiments based on artificial data generated fi-om real ISFET measurements are 
introduced to demonstrate the interest of our approach. Finally, Section 4 presents 
some conclusions. 

2. ISFET Source Separation 

2.1. Prior knowledge in ISFETSS based on a local ISFET model 

Since the emergence of the first ISFETs in the seventies, much theoretical work 
concerning ISFET modeling has been classically centered on developing an 
equivalent model formed by two (relatively) uncoupled parts: the electrochemical part 
that models the membrane potential and the electrical one based on a MOSFET model 
(see e.g. [a]). Until the eighties, the chemically-induced membrane which is the 
potential membrane was modeled through the application of the Nernst equation 
derived in electrochemistry (e.g. [lo]). This approach can be extended by replacing 
the Nernst equation with the Nicolsky model [ l l ] ,  obtained for potentiometric glass 
sensors, in which interference ions are taken into account through selectivity 
coefficients. As noted in the eighties, these models are not accurate for describing the 
device globally and second-generation models were proposed (e.g.[12]). However, 
simple ISFET models based on the empirical Nernst and Nicolsky equations can be 
employed for describing their local behavior very accurately, i.e. around an operating 
point. According to the above approach, the steady-state drain current of an ISFET 
can be expressed in the linear range of operation using the typical MOSFET equations 
plus a threshold voltage chemically modified by the Nicolsky model for ion 
interference: 
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Id= ,b V, +E, +O loglo ai + x ~ . a ~ q  -V, - O.5Vds Vds ! i j  1 1 
where V, is the voltage applied to the ISFET reference electrode, Vd, is its drain- 
source voltage, ai is the activity of the main ion, Kij is the selectivity coefficient which 
relates the response to the interfering ions aj, Zi is the valence of the main ion and Zj is 
the valence of the disturbing ion j in the solution and @,E,,O,K~,V,J are physical 

parameters of the model to be determined from measurements. Fig. 1 shows the 
quality of a local ISFET model based on (1) fitted to real measurements extracted 
from a potassium ISFET in which a sodium interference was present [13][14]. As one 
can observe, this local approach to ISFET modeling is simple and accurate enough to 
be incorporated into ISFETSS algorithms to create a model of how the mixing is 
produced. 

3 3 4 2  

3 1 

358 

335 3 7  
to6 10' 10 10" 10" 10' to 10" 

PK PC 

to" 10' lo" ro" r d  l a '  l a '  18 
PK PK 

Fig. 1. Local model based on (1) for a Potassium CHEMFET, fitted for Vr=2 and Vd,=lv while 
it was tested for Vr=2V and Vds=0.8, 0.9 and 1.1~. The estimated parameters of the model are 
P=.0013, E, =.3160, K=1.93e-005, @=.0216, V, =-1.4595. Note: pK=-loglo(ad and aN,=O.l. 

2.2. The ISFETSS Model 

In the simplest ISFETSS model, we observe m discrete-time signals xl[n],. . ., x,[n] 
that correspond to a non-linear mixture of p source signals al[n],. . ., $[n] based on 
(I), i.e. 
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or expressed in a vector form 

x[n]= (xl[n] ... ~ , [ n ] ) ~  = ~(a[nD 

where F is a non-linear mixing function from nP to nm,  T denotes transpose and the 
observed signals {xu, u=l,.. .,m) correspond to the output voltages of m ISFET 
conditioning circuits whose transfer function is a linear function of the drain current 
in the linear range of the ISFET (see e.g. [15]). Observe that any linear function of (1) 
can be arranged in the form of (2). 

Then, the goal of ISFETSS is to create an inverse of F using a set of examples D 
extracted from x[n] in order to recover the latent (or hidden) variables a[n]. To 
compute a feasible solution using small training sets, some probabilistic models of the 
hidden variables a[n] should be assumed, e.g. stationary and uniform within a range 
of measurements. 

According to the ISFETSS model in (4) and given the observable vector x, we 
must compute a pxrn separating function G which allows an estimation of the source 
signals {ai[n], i=l , . . . ,p} using the following reconstruction algorithm, 

where clearly G must tend to F' to obtain a good estimation of a with y. In its general 
form (5) remains a difficult problem. However, as we incorporate prior knowledge 
about how mixing is produced into the ISFETSS model, we can perform a non-linear 
transform of x as follows 

xu [nh , ,  (6) 
zu[n]=10 Cu2 =su[n1 u= l ,  ..., rn 

with {c,) are estimators of {b,) in (2). Additionally, we can write 

y[nI = H(W z[nl) (7) 

where W estimates the inverse of the mixing matrix of ion activities based on the 
selectivity coefficients { &: ) and H is a non-linear function that de-emphasizes the 

term zj/zi over the reconstructed ion activities. 

2.3. An ISFETSS algorithm 

As one can observe from the reconstruction algorithm based on (5)(6)(7), the original 
non-linear recovery problem in the original space remains as a particular form of 
linear BSS in the transformed space Z. If coefficients c, were estimated as a 
previous step then the ISFETSS problem could be solved using standard BSS 
algorithms. In our case, this estimation is possible through a supervised learning 
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process due to selectivity coefficients K being typically lower than lo4 and 
consequently the drain current of an ISFET can be simplified for high main ion 
activities as 

Furthermore, an additional post-calibration step using linear regression is suggested 
for recovering the original amplitudes of ion activities. Accordingly, we propose an 
integration of linear regression into a linear ICA algorithm by applying pre- and post- 
calibration steps as follows: 

1. Pre-calibration step: perform linear regression to compute {c, ) using a 
supervised training set D1={(ai,, xu), u=1, ..., N1} where the main ion 
activities must belong to a range in which inferences does not affect the 
ISFET response. In the ideal case, a two-point pre-calibration is possible, 
i.e. the number of pre-calibration samples N1=2. 

2. Normalization step: remove mean m, and scale with the root squared of 
sample variance ou each pre-calibrated component {z,, v= 1,. . . ,m) using an 
unsupervised training set formed by the observed signals D2={& 
u=1,. . .,N2} extracted from measurements. Since the sample covariance 
matrix covarzz tends to be singular, the separate normalization of each 
component avoids the singularity problem in the whitening process 
performed in several ICA algorithms. 

3. Linear ICA step: compute W with a linear ICA algorithm the normalized 
training set formed with the pre-calibrated and normalized vectors z', 
D2'= {zU, U= 1,. . . ,N2). 

4. Anti-normalization step: add m, and multiply scale by scale factor o, 
performed in step 2. 

5. Post-calibration step: perform linear regression to compute a relation 
between the original ion activities a and the reconstructed activities y using a 
supervised training set D3= {(a,, xu), u= 1,. . . ,N3} where the N3 samples of ion 
activities are distributed across the range of array operations. Clearly, N3>2 
since the linear BSS performed by the ICA algorithm is not perfect. 
Additionally, the independent components could be ordered to detect to 
which component ion activity belongs . Also, an ion activities normalization 
step using H could be necessary if ~ ~ $ 3 .  

One self-evident advantage of such an approach is that the ICA algorithm does a lot 
of the separation work so that the linear regressors can be estimated using a very 
small set of supervised training samples. This feature is very interesting in chemical 
sensing, since multiple-point calibration is a laborious and time-consuming process. 
With our method, only the post-processor stage seems to require several supervised 
points (>2) in order to calibrate the ISFET array completely. 
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3. Experiments 

In this section, we present some simple experiments with a 2-potassium ISFET array 
in which training data has been artificially created fiom real measurements [14]. 
Interferences are reduced only to the most relevant: sodium ions. Using the potassium 
ISFET measurements, we have extracted the ISFET model parameters of (1). Then, 
in order to simulate the differences between the real devices of the array, we have 
generated random parameters uniformly distributed at *lo% around the extracted 
parameters. Potassium and sodium activities were uniformly distributed over 

and [1,10] respectively for simulating a strong interference in the presence of 
slight potassium activity, having in mind that K - ~ w ~ .  An ideal two-point pre- 
calibration process is assumed. 

Fig. 2 shows 100 samples of potassium (main) and sodium (interferent) activities 
and the outputs of the pre-calibration system (step 1) which corresponds to the 
potassium activity plus a noise based on the sodium activity signal. The original ion 
activities can be almost entirely recovered applying a linear ICA algorithm like 
FastICA [16], as the top graphs of Fig. 3 show. However only after applying a post- 
calibration step based on linear regression can we recover their original amplitudes 
(Fig. 3 bottom). On the other hand, as Fig. 3 displays, the main ion activity is 
reconstructed with higher accuracy than the interferent ion activity. 

Fig. 2. Original ion activities and the outputs of the pre-calibration step. 

A set of experiments, which are summarized in Fig. 4, were developed in order to 
analyze the quality of the reconstruction of the main ion activity depending on the 
number of training samples employed for the ICA and post-calibration using linear 
regression. Given a fixed supervised training for post-calibration (N3=10), the relative 
MSE of the reconstructed potassium activity (MSE~K) measured with 1000 test 
samples was in mean: .0052, .0029, .0009, .0007 and .0005 for N2=100, 200,300,400 
and 500 respectively. As expected, MSErK monotonically decreases as the BSS 
performed with FastICA is better which occurs as the number of unsupervised 
training samples increases @I2). It was also observed that MSEr- quickly achieves a 
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minimum which does not improve as N2 increases, which denotes that an optimal 
reconstruction point of the interference could be achieved by the ICA algorithm. 

Fig. 3. Independent components signals and original vs. recovered ion activities. 
For a fixed unsupervised training set (N2=100), the evolution of MSErK and 

MSErN, measured in the training set is not especially affected by the increase of 
supervised training samples for post-calibration. However, the test MSErK achieves a 
minimum for N3=30. This behavior indicates that the performance of the system is 
strongly dependent on the solution achieved by the BSS stage and the increase of N3 
does not improve the reconstructed ion activities once a sufficient number of samples 
are provided. 

In conclusion, experiments show that a faithful reconstruction of ion activities can 
be acheved using a very small post-calibration set (e.g. N3=10) with the help of an 
unsupervised learning process performed by the ICA algorithm. The main ion activity 
is better reconstructed than the interference and an increase of N2 monotonically 
improves this reconstruction. Unlike pre- and post-calibration steps, the ICA 
algorithm can be executed on-line, i.e. while the measurement system is working, so it 
is possible achieving this improvement in practice at no cost. 

s ,a' 

Fig. 4. Test relative MSE of the reconstructed potassium activity in 100 runs for: a) N3=10 and 
N2=100, 200,300,400 and 500 (top) and b) N2=100 and N3=10,20, 30,40 and 50 (bottom). 
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4. Conclusions 

An ISFET source separation (ISFETSS) model for dealing with the recovery of ion 
activities in ISFETs arrays has been presented. The ISFETSSS model incorporates 
prior knowledge extracted from ISFET models, which allows the simplification of the 
original recovery problem into a particular form of linear BSS. As an ISFETSS 
learning algorithm, we have proposed a solution that integrates linear regression into a 
linear ICA algorithm in such a way that a small set of supervised training samples are 
needed in order to calibrate the ISFET array. Experiments with artificial data 
generated from real measurements in a 2-ISFET array demonstrate the interest of our 
proposal. 
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An application of ICA to blind DS-CDMA
detection: a joint optimization criterion
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Abstract. This paper studies the application of the theory and algo-
rithms of blind signal extraction to solve the problem of the detection
of the desired users in a DS-CDMA communications system. Typically,
the uplink in this system is characterized by users that transmit asyn-
chronously and propagation channels that are multipath. We address
inverse filter criterion introduced by Tugnait in [1] and we show that a
prewhitening preprocessing approach together with the joint combina-
tion of several higher order statistics improves the detector performance.

1 Introduction

Direct sequence code division multiple access (DS-CDMA) is a technique widely
extended in mobile communications [3–5, 1]. In these systems users share the
same band of frequencies and the same time slots, but they are separated in
code. Each user transmits with a a different cyclic and quasi-orthogonal code
(or sequence) that multiplies the user’s symbols.

The main sources of errors at the detector are due to the multi-access inter-
ference, the inter-symbol interference, the asynchronism of users and the near-far
problem. The multi-access interference (MAI) is a consequence of the fact that
users transmit at the same time and in the same band of frequencies. The inter-
symbol interference (ISI) is due to the multi-path propagation in the channel
and becomes important in systems with a high bit-rate since in this case the
delays due to multi-path can spread up to the duration of one symbol [1]. The
asynchronism of the users consist in that they start to transmit at a different
time instants, while near-far problem is caused by the difference between the
power transmission for the different users. These two last problems only occur
at the up-link (from the mobile stations to the base stations), because in the
down-link the base station transmits in a synchronous way and with the same
power to all users [3].

Blind multiuser detection can be performed with the only knowledge of the
desired users codes, avoiding the need for training sequences that lower the
spectral efficiency [4].
� This work has been supported by the CICYT project of the Government of Spain
(Grant TIC2001-0751-C04-04).
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In this work we pay special attention to the algorithm derived in [1] from an
inverse filter criterion which maximizes the normalized fourth-order cumulant of
the output. In this paper we show how the incorporation of prewhitening and the
extension of the criterion to consider the joint optimization of several cumulant
orders lead to a considerable improvement in the MSE of the detected user.

The paper is structured as follows. Section 2 presents the signal model while
Sections 3 and 4.1 review the code constrained criterion and extraction algo-
rithm introduced by [1]. In Section 4.2 we present our main contribution, the
incorporation of prewhitening and the extension of the criterion to consider the
joint optimization of several cumulant orders. In Section 5 we corroborate the
theoretical behavior of the algorithms with simulations.

2 System Model

In the Blind Signal Extraction problem one typically considers the existence
of N independent source signals s(k) = [s1(k), . . . , sN (k)]T. These signals are
combined, in presence of additive noise n(k), by a linear memoryless system
characterized by the matrix A, resulting the vector of M observations

x(k) = As(k) + n(k) . (1)

The recovery of the desired sources can be decomposed in two steps. The first
step pre-whitens the observations, whereas the second step extracts the desired
source. The prewhitened observations are

z(k) =Wx(k) (2)

whereW is the matrix which enforces the prewhitening E[z(k)z(k)H] = IM .
To obtain the desired source we multiply z(k) by a separation or extraction

matrix U obtaining the output signal or estimated source

y(k) = Uz(k) = Gs(k) +UWn(k) . (3)

where G := UWA is the global transfer matrix from the sources to the output.
Next we will use the model of [1] to convert the detection of an user in a DS-

CDMA system into a problem of BSE with a linear and instantaneous mixture.
We will study a short-code DS-CDMA system (i.e., the spreading sequence

has exactly one symbol of duration). In future high-capacity systems it will
become more useful than long-code because it allows the multiuser receiver to
know adaptively the MAI (multi-access interference) structure since the MAI in
a symbol has identical statistics that the MAI in the next symbol [5].

We consider a system with Nu users and Nc chips per symbol. The jth user’s
chip sequence is cj = [cj(0) · · · cj(Nc − 1)]T. The symbol sequence transmitted
by the jth user is {bj(k)}. The sequence bj(k) is zero-mean, independently and
identically distributed (i.i.d.). For different js {bj(k)}s are mutually independent.
They are complex because the modulation can be quadrature or binary.
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The signal transmitted by the jth user is therefore

x̂j(n) =
∞∑

k=−∞
bj(k)cj(n− kNc), j = 1, 2, . . . , Nu . (4)

This signal will pass through the corresponding linear and dispersive channel
whose impulse response sampled at the chip interval Tc is (for the jth user)
gj(n), which includes the effects of chip matched filtering at the receiver (see
[5]) but not the transmission delay (mod Nc) of jth user, dj , (0 ≤ dj ≤ Nc − 1).
If we group the effect of the chip sequence and the channel in hj(n) we can write
the contribution due to the jth user at the receiver after to be sampled at Tc as

x̃j(n) =
∞∑

l=−∞
bj(l)hj(n− dj − lNc) (5)

hj(n) :=
Nc−1∑
m=0

cj(m)gj(n−m) . (6)

The total received signal x̃(n) is the superposition of contributions of the Nu

users plus an additive white Gaussian noise w(n).
Now we will define the convolutional MIMO model (multiple inputs multiple

outputs) from which we will build the instantaneous MIMO model to which
apply the algorithms of blind extraction. If we define x̃(k) = [x̃(kNc + Nc −
1) · · · x̃(kNc)]T, hj(l) = [hj(lNc − dj +Nc − 1) · · · hj(lNc − dj)]T and ñ(k) =
[w(kNc +Nc − 1) · · · w(kNc)]T, the convolutional MIMO model is

x̃(k) =
Nu∑
j=1

Lj∑
l=0

hj(l)bj(k − l) + ñ(k) . (7)

If we assume that multipaths delays are at most one symbol duration (gj(l) =
0 for l < 0 and l > Nc) and recalling that 0 ≤ dj < Nc we have hj(l) = 0 for
l < 0 and l ≥ 3. Thus Lj = 2 for j = 1, . . . , Nu.

To convert the convolutional MIMO model in an instantaneous MIMO model
we define x(k) := [x̃(k), . . . , x̃(k − Le + 1)]T and n(k) in the same way, so that

x(k) = As(k) + n(k) (8)

being s(k) = [̃s(k), . . . , s̃(k − Le + 1)]T the independent sources vector and

A =



H(0) H(1) H(2) 0 0 · · · 0
0 H(0) H(1) H(2) 0 · · · 0
...

. . .
...

0 · · · H(0) H(1) H(2)


 (9)

the matrix of linear and instantaneous mixture, beingH(l) = [h1(l), . . . ,hNu(l)]
T

and s̃(k) = [b1(k), . . . , bNu(k)]
T.

The vector x(k) is NcLe × 1, the matrix A is NcLe × Nu(Le + 2), and s is
Nu(Le + 2) × 1. Following the typical notation of BSS and BSE, M = NcLe

(number of observations) and N = Nu(Le+2) (number of independent sources).
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3 Code constrained criterion

We will address the code constrained criterion introduced by [1] to assure the
extraction of the desired user. We will assume the use of the prewhitening process
and will use an equivalent expression to obtain the projection matrix needed.

Let us assume we want to obtain the symbol sequence of the user j0 with a
delay d. Then, after prewhitening the observations given by (8), the extraction
matrix U will be a row vector that in the absence of noise must satisfy

UWAAH = [0 . . . α . . . 0]AH = α
[
hH

j0(d) . . .h
H
j0(0)0 . . . 0

]
. (10)

where α is a complex constant that goes at the position j0 + Nud. Defining
h(d)

j :=
[
hH

j (d) . . .h
H
j (1)h

H
j (0)

]H , and recalling that gj(l) is 0 for l > Nc and for
l < 0, and 0 ≤ dj < Nc, we have

h(d)
j = C(d)

j gj (11)

being

C(d)
j :=




0 0 · · · 0
...

...
. . .

...
cj(Nc − 1) 0 · · · 0
cj(Nc − 2) cj(Nc − 1) · · · 0

...
...

. . .
...

cj(0) cj(1) · · · 0
0 cj(0) · · · 0
...

...
. . .

...
0 0 · · · cj(Nc − 1)
...

...
. . .

...
0 0 · · · cj(0)




(12)

gj := [gj(2Nc − 1− dj) · · · gj(−dj + 1) gj(−dj)]
T
. (13)

C(d)
j is a Toeplitz [(d+ 1)Nc]× [2Nc] matrix.

Now, using (10) and (11) and knowing that AAH = Rxx = E{x(k)xH(k)}
in the absence of noise, we can write

RxxWHUH = αC(d)
j0
gj0 (14)

where

C(d)
j0

=
[
C(d)

j0

0

]
(15)

is a NcLe×2Nc matrix andW is the prewhitening matrix (WRxxWH = INcLe).
Thus

UH = αWC(d)
j0
gj0 = C1(d)

j0
αgj0 (16)
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where C1(d)
j0

:=WC(d)
j0

.

The projection matrix into the subspace of C1(d)
j0

is

Πc = C1(d)
j0

(
C1(d)H

j0
C1(d)

j0

)−1

C1(d)H
j0

. (17)

We have to post-multiply U by Πc in the algorithms of separation or extrac-
tion to ensure that we obtain the desired user.

If we do not use prewhitening (like [1]) then C1(d)
j0

:= R−1
xx C(d)

j0
.

4 Extraction algorithms

In this section we begin presenting the existing implementation of the inverse
filter criterion and we later consider the improvement of this algorithm with the
joint optimization criterion.

4.1 Algorithm derived from the Inverse Filter Criterion

In [1] Tugnait et al. propose to use an inverse filter (equalizer) that apply on
x̃(k) to solve the extraction problem. This equalizer is adapted using a gradient
algorithm that maximizes the criterion

J42(B) =
|cum4 (y (k))|(
E{|y(k)|2}

)2 (18)

which is based on the fourth-order cumulant cum4(y(k)) := E{|y(k)|4}
− 2[E{|y(k)|2}]2 − |E{y(k)2}|2 of the output

y(k) = Bx =
Le−1∑
i=0

B̃(i)x̃(k − i) (19)

where B̃(i) is the equalizer of length Le symbols and N × 1-dimensional.
In absence of noise, the recovery at the output of the desired j0th user up to

a complex constant α 
= 0, and an arbitrary delay 0≤ d ≤ Le − 1 + Lj0

y(k) = αbj0(k − d) (20)

is blindly achieved through the maximization of (18) with respect to the row
vector

B =
[
B̃(0), B̃(1), · · · , B̃(Le − 1)

]
. (21)
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4.2 Joint optimization criterion

Assuming the prewhitening of the observations we have that U and G are row
vectors both of unit 2-norm and the output takes the form y(k) = Uz(k).

We propose to estimate the desired independent component by jointly max-
imizing a weighted square sum of a combination of cumulants of the outputs
with orders r ≥ 2. A contrast function that achieves this objective is given by

ψΩ(y) =
∑
r∈Ω

αr |cumr (y(k))|2 subject to ‖U‖2 = 1. (22)

where αr are positive weighting terms. Let us define q = max{r ∈ Ω}, in our
case, we choose to optimize the set of cumulant orders Ω = {4, 6}.

The problem with this approach is in the difficulty of the optimization of (22),
which is highly non-linear with respect to U. We can circumvent this difficulty
by proposing a similar contrast function to (22) but whose dependence with
respect to each of the extracting system candidates is quadratic, and thus, much
more easy to optimize using algebraic methods.

Theorem 1. Considering a set of q candidates for the extracting system
{U[1], . . . ,U[q]} each of unit 2-norm, and the set of their respective outputs
ȳ = {y[1], . . . , y[q]}, the following multivariate function

ψΩ(ȳ) =
∑
r∈Ω

αr(
q
r

) ∑
σ∈Γ q

r

∣∣∣cum(y[σ1](k), · · · , y[σr ](k))
∣∣∣2 (23)

where αr > 0 and Γ q
r is the set of all the possible combinations (σ1, · · · , σr) of

the indexes {1, . . . , q} taken r by r, is maximized at the extraction of one of the
users, i.e., at this extreme point y[1](k) = · · · = y[q](k) = bj0(k − d).

A sketch for the proof of this theorem is presented in [2]. There is an interpreta-
tion of this theorem in terms of a low rank approximation of a set of cumulant
tensors[6]. The contrast can be easily maximized optimizing ψΩ(ȳ) cyclically
with respect to each one of the elements U[m], m = 1, . . . , q, while keeping fixed
the others. In the following, it will be useful to refer to the variables that take
a given value at the i-th iteration, this sequential notation will be denoted with
the super-index ()(i). Due to the invariant property of ψΩ(ȳ) with respect to per-
mutations in its arguments, the cyclic maximization of the contrast with respect
to U[m] with m = (i mod q) + 1 is equivalent to the sequential maximization of
the function

φΩ(U(i)) =
∑
r∈Ω

αr|cumr(y(i)(k), y(i−1)(k), . . . , y(i−r+1)(k))|2

= U(i)M(i−1)U(i)H (24)

w.r.t. the extraction system U(i) through the iterations. Note that M(i−1) is a
constant matrix (as long as U(i−1), · · · , U(i−q+1) are kept fixed) given by

M(i−1) =
∑
r∈Ω

αrc(i−1)
zy (r)

(
c(i−1)
zy (r)

)H

(25)
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where c(i−1)
zy (r) may be defined as in (b) or as in (a)

c(k−1)
zyi

(r) =
{
a) Cum(z(k), y(i−1)(k), · · · , y(i−q+1)(k))

b) Cum(z(k), y(i−1)(k), · · · , y(i−1)(k))
(26)

depending whether, after each iteration, a projection step onto the symmetric
subspace y[1](k) = · · · = y[q](k) that contains the solutions is performed or not.

At each iteration the maximization φΩ(U(i)) is obtained finding the eigenvec-
tor associated to the dominant eigenvalue ofM(i−1). Starting from the previous
solution, if one considers to use L iterations of the power method to approxi-
mate the dominant eigenvector (in practice L = 1 or 2 works well), the following
extraction algorithm is obtained

U(0) = U(i−1)

FOR l = 1 : L

U(l) =

∑
r∈Ω αrd

(l−1)
y (r)

(
c(i−1)
zy (r)

)H

∥∥∥∥∑
r∈Ω αrd

(l−1)
y (r)

(
c(i−1)
zy (r)

)H
∥∥∥∥

2

(27)

END

U(i) = U(L)

where d(l−1)
y (r) = U(l−1)c(i−1)

zy (r).

5 Simulations

In this section the comparison of the algorithms is done in terms of the mean
square error criterion between the output and the symbol sequence of the desired
user.

We made two different simulations: one in which all users are received with
the same power and one in which the difference between the power of the desired
user and one of the other users is 10dB (near-far situation).

In each simulation we consider an observations time of 200 symbols and three
4-QPSK users with 8 chip/symbol. The channel was formed by four random
multi-paths and the equalizer length was set to Le = 3.

We compared the results of the algorithm of [1] with and without prewhiten-
ing, and the algorithm of combined cumulants with q = 6 and α4 = α6 = 0.5.

In Fig. 1 we show the results of the simulations. We can see that the prewhiten-
ing reduces the MSE between the output and the desired user and that the
reduction is higher if we use the proposed algorithm.

We should note that occasionally, for very low SNR, initialization process
may fail when prewhitening is considered. When this happens the algorithm fail
to obtain the desired user. This could be avoided if the system is conveniently
reinitialized whenever this problem is detected.
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Fig. 1. Figures show the MSE between the output and the desired user over 100 Monte
Carlo runs: ’�’ and dash line denote the algorithm (18) with and without prewhitening,
respectively, whereas ’o’ denotes the proposed algorithm. The MAI was 0dB for the
simulation in left figure and 10dB for that shown in the right figure.

6 Conclusions

In this paper we have addressed the problem of the blind extraction of a de-
sired user in a DS-CDMA communications system. We show how to extend the
inverse filter criteria with code constrained presented in [1] to consider a more
general criterion based on joint optimization of several higher order statistics.
The simulations corroborate how this later criterion improves MSE between the
extracted symbol sequence and that of the desired user.
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Abstract. The efficient performance of elevator group system
controllers becomes a first order necessity when the buildings have a
high utilisation ratio of the elevators, such as in professional buildings.
We present a genetic algorithm that is compared with traditional
controller algorithms in industry applications. An ARENA simulation
scenario is created during heavy lunchpeak traffic conditions. The
results allow us to affirm that our genetic algorithm reaches a better
performance attending to the system waiting times than THV algorithm.

1 Introduction

The installation of synchronized elevator groups in professional use buildings
(offices, hospitals or hotels) is an usual practice. The large utilisation ratio of the
elevators makes necessary the implementation of such systems in order to give quality
to the users-passengers and energetic efficiency to the building managers.

In this situation, it is usual to select the system waiting time as the goal to attain an
efficient system performance. Also, the maximum waiting time has to be had in
account as an additional limitation. The system waiting time includes the waiting time
for the lift in the hall plus the trip time inside the lift.

When dealing with elevator systems is a usual practice to consider the following
assumptions (where most of them are evident assumptions). Each hall call is attended
by only one cabin. The maximum number of passengers being transported in the
cabin is bounded by its capacity. The lifts can stop at a floor only if it exists a hall call
or a cabin call in that floor. The cabin calls are sequentially served in accordance with
the lift trip direction. A lift carrying passengers cannot change the trip direction.

The traditional type of controllers implemented in the industry follows simple
dispatch rules that make use of an IF-ELSE logical commands set. Among these
dispatch rules, the THV is one of the most habitual algorithms. The THV assigns the
hall call to the nearest lift in the adequate trip direction [1].

Recently, advanced methods have been proposed showing better performance.
Examples of them are the Optimal Routing algorithm, the Dynamically Adaptive Call
Allocation (DACA) and the Adaptive Call Allocation (ACA) [2] that are based on
Dynamic Programming. Also Fuzzy Logic has been proved as a valuable alternative
when evaluating a large amount of criteria in a flexible manner. The fuzzy elevator
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group control system [3] and the Fuzzy Elevator Group Controller with Linear
Context Adaptation [4] are some examples. Bio-inspired systems [5] and [6] have
been revealed successful capacities. Here we propose a genetic algorithm based on a
hall call allocation strategy to identify the chromosomes of the population individuals.

The rest of the paper deals with the simulation model in section 2, the genetic
algorithm characteristics in section 3, the main results of the simulations showed in
section 4 and the conclusions in the final section.

2 Simulation Model

We have made use of the ARENA v.5.0 software to simulate the possible event set.
ARENA is a powerful interactive visual modelling system that makes use of the
SIMAN language. The initial model consists of an animation zone and a module
logical zone that can be divided into one controller zone, one passenger zone and two
elevator zone for each of the cabins.

The animation zone is defined by the Arrive and Depart modules, which
regulate the arrivals and departures of the passengers at the system.

In the controller zone, one entity is created by lift to travel around the logical zone.
When the passengers come into the lift, the passengers are joined to the
controller entity shaping one only entity at the same time as holding all the
particular individual entities attributes.

The passenger zone consists of the allocation of the UpDown attribute (1 if the
passenger goes up and 2 otherwise) that is stated as function of the Origin and
Destination attributes. So, the passenger is sent to the waiting queue if it exists.
Otherwise the hall call allocation procedure is done by means of the correspondent
optimisation algorithm (our genetic algorithm by the case).

For each one of the elevator zones, when the lift arrives at a floor the subsequent
actions must be checked and done if necessary: lift waits for calls, passengers leaves
the lift, passengers come into the lift, lift allocation in case of full capacity, cabin call
allocation and call evaluation.

When the lift arrives at a floor, the state of the lift is evaluated. If the lift state
is set to zero, the lift is stopped and will have access to the Waiting_for_Calls
submodule. If the lift is not stopped and it is carrying passengers, it inputs into the
Leaving_the_Lift submodule. If it is not carrying passengers, it inputs into the
Taking_Passengers submodule after a Delay to simulate the opening doors
time (we use the delay variable Time_Doors(2.5 seconds).

When the lift arrives at a floor, the Arrival_Evaluation submodule presents
three options: the lift continues up, the lift continues down or the lifts starts the
deceleration process (preparing to stop). We use the LDX (Transporter ID,
unit number) as an ARENA proprietary variable allowing to know the floor in
which the lift is. We load this data in the variable Level.

After updating Level, if the lift is going up and the lift is in the ground floor, the
lift is sent to the first floor; if the lift is going down and the lift is in the highest floor,
the lift is sent to the last but one floor. Otherwise the simulation model checks if the
lift has stopped in the floor that Level indicates (this data can be checked by means
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of the variable Last_Visited_Floor), in this case the lift is sent up or down
depending on the trip direction. Otherwise the lift stops at the floor if there exists a
cabin call or a hall call and the capacity is not full. If the lift is full capacity and it
does not exist cabin calls, the lift is sent up or down depending on the trip direction.

3 Genetic Algorithm for the Controller

We propose a genetic algorithm that makes use of a hall call allocation strategy to
perform the elevator group controller. For each time, t, the hall calls and the cabin
calls of the system are evaluated, allocating the hall calls to one specific lift. Each
time, t, the set of hall calls are reallocated allowing the subsequent modification if the
system performance improves. Each time the set of decisions is taken managing all
the available information (planning for the long term) but only carrying the immediate
action out for each lift of the group: stop, upwards or downwards displacement.

So, each time, t, the simulation model makes a call to the controller optimisation
module (the genetic algorithm) that returns the overall call allocation. The genetic
algorithm is defined by the following characteristics.

3.1 Individuals and Population

Two arrays of size [2·Number_of_Floors-2] define the individual chromosome.
Each of the arrays defines the system state for each one of the lifts. The array is
divided into two parts; the first refers to the up traffic and the second one to the down
traffic.

The first Number_of_Floors-1 integers correspond to the hall calls in the
upward direction from the ground floor to the highest floor. The second
Number_of_Floors-1 integers correspond to the hall calls in the downward
direction from the highest floor to the ground floor. Figure 1 depicts the chromosome
individuals:

                     UP----------------------------! |<------------------------------DOWN                                                                                   
    F1  F2  F3   F4  F5  F6   F7  F8  F9 F10 F11F12F11F10  F9  F8   F7  F6  F5  F4  F3   F2   

 
 
 
 

0    1    2     3    4    5    6     7    8    9    10   11  12   13  14  15  16   17  18   19  20  21   [1x22] 
                   

state(i est)

                      

Fig. 1. Individual chromosome for a twelve floors case building corresponding to one specific
elevator of the group and its associated physical button box

The array holds the information referring to the hall calls by means of a binary
codification. The bit 0 indicates no hall call at the floor, and the bit 1 indicates an
existing hall call at the floor.

In relation to the population size, our experiments show that increasing the
population size beyond 20, although increasing the computational effort, is not
rewarded by a corresponding increase of performance. So, we have maintained a
population size of 20 individuals for our tests.
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3.2 Fitness

We have used an approximate function (in seconds) to estimate the individual fitness.
The fitness function returns the expected time in which the elevator group would
serve the entire allocated hall calls and cabin calls. Obviously, it will be estimation
because of the incapability of predicting the passenger future behaviour. The
passenger arrival to the floor is random and their destinations are unknown.

The fitness estimation procedure depends on the elevator state (going up, down or
stopped). However in every case it can be calculated by means of four peak values
that we will note as P1, P2, P3 y P4.

Every time, the procedure has in account the overall allocated hall calls stating
each new hall call to be allocated. Figure 2 shows the options depending on the up or
down traffic.

The elevator is stopped or going up

• P1. Current floor.
• P2. Highest floor to take passengers up. In figure 2: displacement a.
• P3. Lowest floor to take passengers down. In figure 2: displacement b.
• P4. The highest floor among the floors lower than P1 to take passengers up,

always P4<P1. In figure 2: displacement c.

Fitness = [(P2-P1)+(P2-P3)+(P4-P3)]×[estimated interfloor trip time] (1)

Fitness (from equation 1) includes the maximum known upward trip plus the
maximum known downward trip plus the subsequent maximum known not-served
upward trip in the first up traffic because P4<P1. We have to note that the
mathematical expression do not include the passenger destination trips because we
unknown it until the passengers come into the cabin.

The elevator is going down

• P1. Current floor
• P2. Lowest floor to take passengers down. In figure 2: displacement a.
• P3. Highest floor to take passengers up. In figure 2: displacement b.
• P4. The lowest floor among the floors higher than P1 to take passengers down,

always P4>P1. In figure 2: displacement c.

Fitness = [(P1-P2)+(P3-P2)+(P3-P4)]×[estimated interfloor trip time] (2)

Fitness (from equation 2) includes the maximum known downward trip plus the
maximum known upward trip plus the subsequent maximum known not-served
downward trip in the first down traffic because of P4>P1.

3.3 Operators

The genetic operators used are crossover and mutation. We have used an uniform
crossover operator that randomly selects two individuals (parents) from the
population and generates the offspring by crossing the individual genes. The offspring
inherits an exact copy of those genes that are equal in the parents� chromosome and,
in other case; it inherits each gene with probability of 50%. Although the parents�
selection is random, the algorithm includes an incest prevention control when parents
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differ in less than a gene pair. The mutation operator replaces a hall call allocation
from the individual chromosome by changing the genes from 01 to 10 or viceverse.
The selection of the individual is random. We used a value of 85% for crossover and
15% for mutation.

Fig. 2. Possible elevator streams to estimate the fitness

3.4 Replacement Rule

We propose the use of a hypergeometric function allowing more probability of
replacement for individuals with worse fitness and less probability of replacement for
individuals with better fitness. So, the individual in ranking position-i, have a
replacement probability equal to q(1-q)i, being q the replacement probability of the
worst individual. We obtained the better performances setting a value for q between
55-65%. The main tests are run with a value of 60%.

Additionally to the replacement rule, we incorporate an individual duplicity control
in the population generation.

4 Simulation Results

We have tested the algorithms in a twelve floors building. There are 30 workers in
each of the building floors excepting the 7th floor (the administration department with
60 workers) and the 12th floor (the manager department with 15 workers). There are
two 20 persons capacity elevators in the hall. The interfloor travel probabilities are
defined within a lunchpeak traffic situation. It is important to note that lunchpeak
traffic is the most critical situation in vertical traffic, because it includes the uppeak
and downpeak traffic effects. So, from the ground floor to the 7th floor 15%, to the
12th floor 4% and to the rest of the floors 9%. And from the rest of the floors to the
ground floor 95%, and to the rest of the floors 5%.



318      P. Cortes et al.

The next figure 3 depicts the arrival rate during lunchpeak traffic. Most of the
workers go out for lunch during the interval [14:00,15:00] hours, returning to the
building during [15:20,16:00] hours.

Fig. 3. Arrival rate to the halls

4.1 Comparison of Algorithms

Our genetic algorithm has been put in competition against the well-known THV
Duplex algorithm. We have simulated 20 replications, table 1 summarises the results.

Table 1. THV and Genetic Algorithm system waiting time statisitical results

The average system waiting time is 195.60 seconds for the THV algorithm. Every
replication holds the minimum waiting time between 20 and 25 seconds. However it
is worthwhile to highlight the maximum waiting time reaching 2899.3 seconds, which
cannot be considered an isolated peak moreover. This is a heavy value and represents
an approximation to the worst-case eventuality for the case: a building with 375
workers and two only lifts during the lunchpeak traffic.

The inadequate THV behaviour is due to several reasons. Firstly the THV takes the
higher floors passengers down, after that the algorithm takes the rest of passengers in
the other floors downwards.  This phenomenon increases the waiting in the lower
floors heavily. Moreover, the lunckpeak traffic refocuses this characteristic. During
the lunchpeak traffic, the lifts saturate their capacity in the upper floors being not
capable of taking additional passengers in lower floors. Afterwards, the lifts would
come back to the top to take new passengers and the same phenomenon is repeated.
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The genetic algorithm reduces the system waiting times in a considerable form.
The average waiting time is reduced from 195.60 seconds to 149.98 seconds. It
corresponds to the 23.32% reduction. In other line, the maximum waiting time is
drastically reduced to 662.75 seconds. See figure 4.
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Fig. 4. Comparison of system waiting times by floors. The graphics depict the waiting times by
floors as well as the average value.   Note how the THV results are distributed between 0 and
1000 seconds, and the genetic algorithm results are distributed between 0 and 700 seconds

The most important peaks appear around the 14:50 (after 3000 seconds). At this
moment a lot of passengers are accumulating due to the lunchpeak effect. Another
peculiar effect is observed after 4800 seconds (15:20), the graphic have a monotonic
increasing tendency with less significant peaks. This change is due to the arrival of
passengers to the ground floor hall after lunching. In every case both of the algorithms
tend to benefit the passengers in the top of the building. The reason is that these
passengers would be capable of using the stairs of the building with less probability
than the passengers in lower floors (see waiting time for floor number 2 and 3). Note
that the stairs effect has not been simulated.

5 Conclusions

We have proposed a genetic algorithm to control the elevator group in a professional
building. The results allow us to affirm that our genetic algorithm reaches a better
performance attending to the system waiting times than THV algorithm (the universal
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controller algorithm in industry applications). The reduction has been almost the 25%.
In this situation the passengers are supposed to experiment a system time reduction
from 3min15sec to 2min30sec. The analysis has been done under heavy lunchpeak
traffic.

The results obtained allow us to affirm that genetic algorithms are valuable tools
with a great potential in the control of elevator systems. However, the implementation
of such type of algorithms in real controllers has to be done carefully in order to
maintain bounded the response time of the algorithm. Genetic algorithms are iterative
and therefore they could take very much time of execution. An alternative for real
cases can be stopping the algorithm previously to reach the next critical event. Of
course all this kind of decisions are very dependent on the computation speed of the
electronic microchips installed by the company.
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Abstract. This work explores di�erent evolutionary approaches to Pro-
tein Structure Prediction (PSP), a highly constrained problem. These
are the utilization of a repair procedure, and the use of evolutionary op-
erators whose functioning is closed in feasible space. Both approaches
rely on hybridizing the evolutionary algorithm (EA) with a backtracking
algorithm. The so-obtained hybrid EAs are described, and empirically
compared to a penalty-based EA. The utilization of the repair procedure
reveals itself as a very appropriate technique for tackling this problem.

1 Introduction

Proteins are biomolecules of paramount importance for life as we know it: they
play an essential role in many biological functions, acting as carriers, catalysts,
regulators, etc. In essence, a protein is a sequence of aminoacids. When left in the
appropriate environmental conditions, this sequence exhibits the extraordinary
property of folding itself, quickly reaching a unique low-energy state. Such state
is termed native state, and it ultimately determines the biological function of
the protein. The extreme importance of being capable of ascertaining the native
conformation of a protein from its amino-acid sequence is thus clear (for example,
it is useful for designing new drugs for a target disease). This is known as the
Protein Structure Prediction (PSP) problem.

It turns out that solving PSP instances to optimality is a very hard prob-
lem, even when simpli�ed models are considered [1]. For this reason, the use
of heuristic techniques such as Evolutionary Algorithms (EAs) is in order. EAs
have been applied to the PSP problem in a number of works, e.g., [4, 5, 8], with
moderate success. One of the diÆculties that such an application has to deal
with is the existence of geometrical constraints in the �nal conformation of the
protein (i.e., self-avoidance in the chain, forbidden torsion-angles, etc.). This dif-
�culty has been usually tackled using a penalty function that measures to which
extent these constraints are violated. Thus, infeasible solutions are allowed, but
they are assigned a lower �tness value due to the existence of a penalizing term
(e.g., see for example [4, 5]).

This work explores alternatives to the penalty approach mentioned above.
More precisely, we consider the utilization of a repair procedure (mapping infea-
sible solutions to feasible conformations), and the use of evolutionary operators

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 321-328, 2003. 
c Springer-Verlag Berlin Heidelberg 2003



whose functioning is closed in feasible space. Both approaches rely on a back-
tracking algorithm, tailored to the PSP problem. The combination of this back-
tracking algorithm with the EA results in a hybrid algorithm. The so-obtained
hybrid EAs will be described, and empirically compared to a penalty-based EA.

The remainder of this paper is organized as follows. First, Section 2 pro-
vides the necessary background on the PSP models considered in this work.
Then, Section 3 describes the application of EAs to the PSP, focusing on the
backtracking algorithm located at the core of the hybrid, as well as on the evo-
lutionary operators based on this algorithm. Subsequently, experimental results
for the di�erent EAs considered are reported in Section 4. Finally, Section 5
presents some conclusions are outlines future work.

2 A Gentle Introduction to Protein Structure Prediction

As mentioned in the previous section, a protein is a sequence of aminoacids.
Each of these aminoacids can be from one out of twenty di�erent types, and
it is connected to its neighbors in the sequence by a peptide bond. While this
bond is relatively rigid, a certain amount of rotation can take place around
other atomic links. Such rotation is responsible for the folding of the protein.
A realistic simulation of the folding process should then take into account the
physical and chemical factors a�ecting such rotations. This is time consuming
and computationally expensive, and hence simpli�ed models are needed.

Fig. 1. Examples of protein conformations in the cubic lattice (left) and in the cube-
octahedral lattice (right) under the HP model. Dark (resp. white) boxes represent
hydrophobic (resp. hydrophilic) aminoacids.

One of the most popular of such models is the Hydrophobic-Hydrophilic model
(HP model) of Dill [2]. In this model, each aminoacid is classi�ed into two classes:
hydrophobic or non-polar (H), and hydrophilic or polar (P), according to their
interaction with water molecules. In addition, the sequence is assumed to be
embedded in a certain lattice. This lattice is used to discretize the space of con-
formations, and can exhibit di�erent topologies. The simplest one is the square
lattice, shown in Fig. 1 (left) for three dimensions. Other typical examples are
tetrahedral [3] and cube-octahedral [9] lattices (shown in Fig. 1{right).
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Any feasible conformation in the HP model is assigned a free energy level.
To be precise, each pair of hydrophobic aminoacids being topological neighbors
in the conformation contributes a contact free energy � < 0, provided that these
two aminoacids are not adjacent in the sequence; any other topological contact
does not contribute anything to the total free energy. Notice that the native state
of a protein is a low-energy conformation (it is actually conjectured to be the
global minimum). Thus, the number of HH contacts is maximized in the native
state.

As shown in [1], �nding this globally optimal conformation under the HP
model is NP -hard. This justi�es the utilization of heuristic techniques such as
EAs for solving this problem. Next section will describe the EA deployment on
the PSP problem.

3 Evolutionary Approaches to the PSP Problem

The application of EAs to the PSP problem involves determining appropriate
representation and operators, as well as de�ning a suitable �tness function. We
will start by brie
y discussing these aspects. This will pave the way for introduc-
ing hybrid operators that try to overcome the limitations of classical evolutionary
approaches.

3.1 Basic Setting

According to the description of the HP model provided in Section 2, a protein
conformation is an embedding of the corresponding sequence in a certain lattice.
Each individual in the EA must thus represent such an embedding. This is
typically done by using internal coordinates, i.e., the folding is expressed as a
sequence of moves specifying the location of each aminoacid with respect to the
previous one (the location of the �rst aminoacid in the sequence is �xed, and
hence n� 1 moves must be given in order to specify a folding for a sequence of
n aminoacids). Obviously this representation depends on the particular lattice
topology considered; for example, each location has 6 neighbors in a cubic lattice,
and 12 neighbors in a cube-octahedral lattice. This raises a second issue, i.e., the
precise representation of each move.

Two major schemes for representing internal moves can be found in the
literature. First of all, we can consider the absolute representation [10]. In this
representation, an absolute reference system is assumed, and moves are speci�ed
with respect to it. As an example, consider the case of the cubic lattice; there
are 6 possible absolute moves from a given location: North, South, East, West,
Up and Down (see Fig. 2{left). Thus, a conformation is expressed as a sequence
s 2 fN, S, E, W, U, Dgn�1, where n is the length of the protein sequence. As
an alternative, relative moves [7] can be considered. In this case, the reference
system is not �xed, but it depends on the last move. This is illustrated in Fig. 2{
right; as it can be seen, �ve moves are allowed: Forward, Turn Up, Turn Down,
Turn Right, and Turn Left. Hence, conformations are expressed as sequences
s 2 fF, TU, TD, TL, TRg

n�1.
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Fig. 2. (Left) Absolute moves in a cubic lattice. The black cube represents the current
location. (Right) Relative moves in a cubic lattice. The black cubes represent the
current location and the previous one.

It is clear that many sequences of moves do not correspond to feasible con-
formations, since the self-avoidance constraint will be violated. This is especially
relevant in EAs due to the fact that standard reproductive operators will likely
produce infeasible o�spring even when the parents were feasible. As previously
anticipated, the classical approach for dealing with this situation is allowing such
infeasible solutions, but penalizing them at the evaluation stage. More precisely,
let D = fdijg be a matrix such that dij is the distance between pi and pj , re-
spectively the ith and the jth aminoacids in the protein1. Then, the objective
function (to be minimized) has the following structure:

f(D) =
n�2X
i=1

2
4O(D; i)

nX
j=i+2

O(D; j)E(pi; pj)Æ(dij ; 1)

3
5+C

n�1X
i=1

nX
j=i+1

Æ(dij ; 0) (1)

where Æ(�; �) is the Kronecker-delta function, O : Nn�n � N ! f0; 1g is

O(D; i) =
Y
j 6=i

[1� Æ(dij ; 0)] ; (2)

i.e., O(D; i) = 0 if, and only if, the move sequence produces an overlap involving
the ith aminoacid, E : fH;Pg2 ! Z is a function capturing the free contact
energy between two certain aminoacids2, and C > 0 is a constant that weights
the penalty infringed to infeasible solutions.

By using the evaluation function shown above, the search space can be
explored as if no constraint existed, i.e., standard operators can be used for
recombination (e.g., single-point crossover) and mutation (e.g., random gene-
substitution). Additionally, ad hoc operators can be de�ned in orden to exploit

1 The distance is measured as the length of the shortest path in the lattice connecting
their locations after applying the folding sequence.

2 In this case, E(H; H) = �1, being zero otherwise.
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some features of the problem. A typical example is specular mutation (see [6] for
example), an operation that 
ips a part of the folded sequence along a certain
symmetry axis, e.g., by changing N by S and vice versa.

3.2 The Backtracking Algorithm

As mentioned in Section 1, the PSP problem is probably intractable, and hence
the use of exact techniques such a Branch-and-Bound (BnB) or Backtracking is
inherently limited by a complexity barrier. Of course, this limitation refers to the
deployment of these exact techniques for �nding the globally optimal solution.
However, the utilization of these techniques for �nding feasible solutions is in
principle perfectly a�ordable.

This section describes a backtracking algorithm aimed at producing feasible
solutions for a certain PSP problem instance. This particular algorithm consti-
tutes a simple yet eÆcient approach for the purposed task. Its pseudocode is
shown in Figure 3. The algorithm receives three parameters. The �rst one is � ,
a table containing the allowed moves for each aminoacid in the protein (for each
one but the �rst, to be precise); thus, �k is a list of allowed moves for the (k+1)-
th aminoacid and �k;r is the rth move. Although � may contain in principle the
full set of moves, in general j�kj will not be the same for every k. This will be
illustrated in the following subsection.

The second parameter is s, a partial conformation involving jsj aminoacids.
As to the third parameter, it is a Boolean 
ag used to �nalize the execution of
the algorithm as soon as a feasible conformation is found. Notice �nally that ::
represents the sequence concatenation operator. Next subsection will be devoted
to describe the hybridization of the EA with this basic backtracking algorithm.

PSP-Backtracking (# � :move[][], #" s:move[], " solutionFound:bool)

if feasible(s) then
if jsj = n� 1 then

solutionFound TRUE

else
solutionFound FALSE

i 1
while :solutionFound ^ (i � j�jsjj) do

s0  s :: h�jsj;ii
PSP-Backtracking (� , s0, solutionFound)
i i + 1

endwhile
if solutionFound then

s s0

endif
else

solutionFound FALSE

endif

Fig. 3. Pseudocode of a Backtracking algorithm for �nding feasible conformations.

325Protein Structure Prediction Using Evolutionary Algorithms      



3.3 Backtracking-based Evolutionary Operators

Besides the penalty approach sketched in Subsection 3.1, the PSP problem can be
dealt using a repairing procedure, or feasible-space operators. Both approaches
can be implemented via the use of the backtracking algorithm presented above.

Let us start by considering the feasible-space approach. This involves the EA
having a population of feasible solutions at all times. First of all, this implies
that the initial population must be composed of such feasible solutions. To do
so, it suÆces to use the backtracking algorithm using a table � such that �k is a
di�erent random permutation of all moves. This will produce a random feasible
conformation each time the backtracking algorithm is invoked.

As to recombination and mutation, they must respect feasibility of the so-
lutions they produce. Focusing �rstly on recombination, let � = h�1; � � � ; �n�1i
and � = h�1; � � � ; �n�1i be two feasible conformations; they can be recombined in
feasible space by using the backtracking algorithm with �k being h�ki if �k = �k,
and a random permutation of h�k; �ki otherwise. This will provide a random
feasible combination of the parental information without introducing exogenous
information (each move in the descendant will be taken from one of the parents).
Finally, mutation is performed by selecting an aminoacid i in the individual �,
and assigning a random move � ( 6= �i) to it. Subsequently, the backtracking al-
gorithm is invoked having �k (k 6= i) being a permutation of all moves such that
�k;1 = �k, and �i = h�i. This will produce a feasible solution with the mutated
move, and that will have the original values in the remaining moves except where
a change be required to avoid a superposition.

Notice �nally that the repair-based approach can be implemented using the
mutation operator described above as the repairing mechanism (it will produce
a feasible solution no matter the feasibility/infeasibility of the solution to be
mutated).

4 Empirical Results

The experiments have been done with an elitist generational EA (popsize = 100,
pc = :9, pm = 0:01) using linear ranking selection (� = 2:0). A maximum number
of 105 evaluations has been enforced. In order to provide a fair comparison, the
internal backtracking steps performed by some operators have been accounted
and deducted from this computational limit.

The problem instances considered are taken from [10], and are labeled as
UMxx, where xx is the number of aminoacids in the sequence. Several lattice
models have been used, including cubic and cube-octahedral topologies. Due to
space limitations we focus here on the results obtained on the three-dimensional
cubic lattice. These are shown in Table 1 for the three EA approaches. The
reproductive operators used have been SPX (P-EA and R-EA), backtracking re-
combination (F-EA), random gene-substitution3 (P-EA), and backtracking mu-
tation (F-EA and R-EA). In all cases, initialization is done using only feasible
solutions.

3 Specular mutation has been tried as well, with worse results.
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Table 1. Results of the di�erent EA approaches (averaged for 50 runs).

Penalty-based Approach (P-EA)
Absolute Encoding Relative Encoding

sequence best mean � � median best mean � � median

UM20 11 10.32 � 0.71 10.5 11 9.02 � 0.95 9
UM24 13 10.84 � 1.01 11 11 8.60 � 1.00 8.5
UM25 9 8.00 � 0.82 8.5 9 6.78 � 1.04 7
UM36 18 14.70 � 1.24 14 15 11.36 � 1.60 12.5
UM48 26 22.10 � 1.73 23 22 16.50 � 2.33 19
UM50 25 20.46 � 1.72 22 21 14.94 � 1.87 15.5
UM60 43 36.64 � 2.71 40 37 29.60 � 3.14 28.5
UM64 41 36.28 � 2.40 34.5 36 26.72 � 3.06 24

Feasible-space Approach (F-EA)
Absolute Encoding Relative Encoding

sequence best mean � � median best mean � � median

UM20 11 10.32 � 0.61 10 11 9.84 � 0.86 10.5
UM24 13 10.90 � 0.98 11 11 10.00 � 0.87 9.5
UM25 9 7.98 � 0.71 8 9 8.64 � 0.69 8
UM36 18 14.38 � 1.26 14.5 18 13.72 � 1.41 15.5
UM48 25 20.80 � 1.61 20 28 18.90 � 2.08 22.5
UM50 23 20.20 � 1.50 21.5 22 19.06 � 1.46 19
UM60 39 34.18 � 2.31 33.5 38 32.28 � 3.09 36.5
UM64 39 33.01 � 2.49 37.5 36 30.84 � 2.55 30

Repair-based Approach (R-EA)
Absolute Encoding Relative Encoding

sequence best mean � � median best mean � � median

UM20 11 10.52 � 0.54 10.5 11 10.26 � 0.69 10.5
UM24 13 11.28 � 0.90 11 13 10.36 � 0.88 10.5
UM25 9 8.54 � 0.64 8.5 9 8.18 � 0.79 8.5
UM36 18 15.76 � 1.05 16 16 14.16 � 1.24 15.5
UM48 28 24.60 � 1.57 26.5 26 21.28 � 1.64 22
UM50 26 23.02 � 1.48 23.5 24 20.06 � 1.47 21.5
UM60 49 41.18 � 2.75 39.5 43 36.92 � 2.45 38
UM64 46 40.40 � 2.50 40 40 35.10 � 2.46 36.5

Notice �rst of all that the results for EAs using the absolute encoding are
better than those of the EAs using relative encondings. The di�erences are in
some cases small, and not very signi�cant, but are appreciable in the larger in-
stances. Notice also that the results of the F-EA are in general worse than those
of the P-EA, thus providing some support to the claims made in [5] regarding
the limitations of the �rst approach for traversing the search space. Neverthe-
less, notice that the R-EA provide the best results; jumping from an infeasible
conformation to a nearby feasible one thus seems to be an appropriate strategy
for exploring the search space in this problem.

5 Conclusions

The application of EAs to the PSP problem has been commonly approached via
penalty functions (P-EA). The motivation is twofold: on one hand, it results in
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simpler algorithms; on the other hand, it has been claimed that handling infea-
sible solutions is necessary in order to eÆciently traverse the search space. This
work has been aimed at studying the performance of two alternative approaches:
a feasible-space EA (F-EA) and a repair-based EA (R-EA). Both EAs rely on
the use of a embedded backtracking algorithm.

Several conclusions can be drawn from the experiments realized. First of all,
the need for handling infeasible solutions has been supported but only to some
extent. Although the F-EA provides comparatively worse results than the P-
EA, the fact that the population is initialized with feasible solutions plays a
major role in the good performance of the latter. Furthermore, the R-EA pro-
vides good results, suggesting the usefulness of exploring feasible conformations
in the neighboring regions of those infeasible solutions generated by the EA.
Additionally, and from an algorithmic point of view, the resulting algorithms
are not much more complex to implement than the P-EA.

Future work will be directed to generalize these results to other folding mod-
els, as well as to investigate the possibilities for adding local improvement oper-
ators that turned the EA into a full-featured memetic algorithm.
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Abstract. We confront scheduling problems by means of a Genetic Algorithm 

that is hybridized with a local search method and specialized for a family of 

problems by seeding with heuristic knowledge. We also report experimental 

results that demonstrate the effect of both strategies on the GA performance. 

1   Introduction 

It is well-known that Genetic Algorithms (GAs) are a powerful search paradigm for 

dealing with complex optimization and combinatorial problems. This is mainly due 

to its very nature that allows at the same time for exploration of the search space and 

for exploitation of promising areas without being trapped by local optima. Even 

though conventional GAs often produce moderate results for a given problem, they 

can be improved by incorporating any heuristic knowledge from the problem domain 

as well as by combining them with other search paradigms like for example local 

search. This way, in many cases the obtained hybrid approach reaches a threshold of 

efficiency so that GAs are quite competitive with the most outstanding paradigms. 

In this paper we start from a conventional GA for scheduling problems (Section 

2), and study two efficient improvements: first a local search method (Section 3) and 

then a heuristic seeding strategy suitable for a family of scheduling problems (Sec-

tion 4). We report results from an experimental study (Section 5) showing that the 

combined strategy improves the GA performance. Finally we give conclusions and 

guidelines for further research (Section 6). 

2   Scheduling with Genetic Algorithms 

In this paper we consider the Job Shop Scheduling problem (JSS). This problem 

requires scheduling a set of N jobs {J0,...,JN-1} on a set of M physical resources or 

machines {R0,...,RM-1}. Each job Ji consists of a set of tasks or operations {θi0,..., θi(M-

1)} to be sequentially scheduled. Each task θil having a single resource requirement, a 
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fixed duration duθil and a start time stθil whose value should be determined. 

The JSS has two binary constraints: precedence constraints and capacity con-

straints. Precedence constraints defined by the sequential routings of the tasks within 

a job translate into linear inequalities of the type: stθil + duθil ≤ stθi(l+1) (i.e. θil before 

θi(l+1)). Capacity constraints that restrict the use of each resource to only one task at a 

time translate into disjunctive constraints of the form: stθil + duθil ≤ stθjk ∨ stθjk + 

duθjk ≤ stil. The most widely used objective is to come up with a feasible schedule 

such that the completion time, i.e. the makespan, is minimized. 

A problem solution may be represented by an acyclic graph showing job routings 

on the machines. Figure 1 shows a feasible solution to a problem with 3 jobs and 3 

machines. Arcs are labeled with the processing time of the operation at the outcom-

ing node. The makespan is the cost of the longest path between the dummy nodes 

start and end. A subset of consecutive operations on this path requiring the same 

machine is a critical block. 

The JSS is a paradigm of constraint satisfaction problems and was confronted by 

many heuristic techniques. In particular Genetic Algorithms [1,2,4] are a promising 

approach due to its ability to be combined with other techniques such as tabu search 

and simulated annealing. Moreover GAs allows for exploiting any kind of heuristic 

knowledge from the problem domain. In doing so, GAs are actually competitive with 

the most efficient methods for JSS problem solving. 

As mentioned above, in this paper we consider a conventional GA for tackling 

JSS and made an experimental study of two improvement methods: a local search 

schema and an initialization model. The selected approach to codify chromosomes is 

the permutation with repetition proposed by C. Bierwirth in [1]: a chromosome is a 

permutation of the set of operations, each one being represented by its job number. 

This way a job number appears within a chromosome as many times as the number 

of job operations. For example the chromosome (1 0 0 2 1 2 0 1 2) actually repre-

sents the permutation of operations (θ10 θ00 θ01 θ20 θ11 θ21 θ02 θ12 θ22). This permuta-

tion should be understood as expressing partial schedules for every set of operations 

requiring the same machine. This codification presents a number of interesting char-

acteristics. For example it tends to represent natural orderings among operations and 

allows for efficient genetic operators producing feasible chromosomes. 

 
θ00 R0 θ01 R1  θ02 R2 

4 3 

θ10 R0 θ11 R2 θ12 R1 
2 

3 

θ20 R1 θ21 R0 θ22 R2 

3 3 

end 

1 

3 

2 

start 

0 

0 

0 

2 

4 

3 

2 

3 

3 

 

Figure 1. A feasible schedule to a problem with 3 jobs and 3 machines. The bold face arcs 

shown a critical path whose length, that is the makespan, is 12. 
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The way these partial schedules are translated to an actual schedule depends on 

the decoding algorithm. Here we consider a variant of the well-known G&T algo-

rithm proposed by Giffler and Thomson in [3]. The G&T algorithm is an active 

schedule builder. A schedule is active if to starting earlier any operation, at least 

another one must be delayed. Active schedules are good in average and what it is 

most important, it can be proved that the space of active schedules contains at least 

an optimal one. For these reasons it is worth to restrict the search to this space. The 

G&T algorithm can be modified in order to reduce even more the search space by 

means of a parameter δ∈[0,1] (see Fig. 2). When δ<1 the search space gets nar-

rowed so that optimal schedules might no longer be included. At the extreme δ=0 

the search is constrained to non-delay schedules: in such a schedule a resource is 

never idle if a requiring operation is available. Experience demonstrates that as long 

as parameter δ decreases, the mean value of solutions within the search space tends 

to improve. 

3   Local Search 

Conventional GAs as the one described in the former section often produce moderate 

results. However meaningful improvements can be obtained by means of hybridiza-

tion with other methods. One of such a technique is local search, in this case the GA 

is called a Memetic Algorithm. Roughly speaking local search is usually imple-

mented by defining a neighborhood of each point in the search space as the set of 

chromosomes reachable by a given transformation rule. Then a chromosome is re-

placed in the population by one of its neighbors, if any of them satisfies the accepta-

Decoding algortithm G&T hybrid
1. Let A = {θj0, 0 ≤ j ≤ n }; /* n is the number of jobs */
2. while A ≠ ∅ do

2.1. ∀θi∈A let stθi be the lowest start time of θi if scheduled at this stage;
2.2. Let θ1∈A such that stθ1+duθ1 ≤ stθ + duθ, ∀θ∈A;
2.3. Let M = MR(θ1); /* MR(θ)is the machine required by operation θ */;
2.4. Let B = {θ∈A: MR(θ)=M, stθ < stθ1+duθ1};
2.5. Let θ2∈B such that stθ2 ≤ stθ, ∀θ∈B;

/* the least start time of every operation in B, if it is selected next, is a
value of the interval [stθ2, stθ1+duθ1) */

2.6. Reduce the set B such that
B = {θ∈B: stθ ≤ stθ2 +δ((stθ1+duθ1) - stθ2), δ∈[0,1]};

/* now the interval is reduced to [stθ2, stθ2 +δ(( stθ1+duθ1) - stθ2] */
2.7. Select θ*∈ B such that is the leftmost operation in the chromosome

and schedule it at time stθ*;
2.8. Let A=A \ {θ*} ∪ {SUC(θ*)};

/* SUC(θ) is the next operation to θ in its job if any exists */
endwhile;

end. 

Figure 2. Chromosome decoding algorithm 
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tion criterion. The local search from a given point completes after a number of itera- 
tions or when no neighbor satisfies the acceptation criterion. 

In this paper we consider the local search strategy termed N3 by D. Matffeld in 
[4]. This strategy considers every critical block as defined in section 2; that is subse- 
quences of operations of the critical path requiring the same machine, and analyzes 
the possibilities of changing the ordering of these critical operations in order to re- 
duce the makespan. More precisely N3 takes into account permutations of at most the 
first 3 and the last 3 operations in these blocks. Then for each one of such permuta- 
tions the chance of improvement is determined without evaluating the whole chro- 
mosome, and finally from the most promising permutation a new chromosome is 
built. This new chromosome replaces the original only if its makespan is better. For 
a more detailed description of the N3 local search strategy we refer the reader to [4]. 

4 Initialization 

As mentioned above, in this paper we exploit another hybridization technique that 
consists on seeding the initial population with chromosomes obtained by means of a 
heuristic method. This is a revision of the methods proposed in [7] and [S]. In prin- 
ciple, we exploit the same heuristic information: the variable and value ordering 
heuristics proposed by N. Sadeh in [5]. The main difference with respect to the for- 
mer strategies is that now we propose a probabilistic algorithm to generate promising 
partial schedules as an alternative to the former deterministic criterion. 

The heuristics are based on a probabilistic model of the search space. A frame- 
work is introduced that accounts for the chance that a given value will be assigned to 
a variable and the chances that values assigned to different variables conflict with 
each other. These chances are evaluated from the profile demands of the tasks for the 
resources. In particular the individual demand and the aggregate demand values are 

Demands 
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Figure 3. Profile demands and survivabilities for the operations requiring resource Rz of 
Fig. 1. It is assumed that the due date is 15. 



considered. The individual demand Dθ(R,τ) of a task θ for a resource R at time inter-

val T≤τ<T+1 is simply computed by adding the probabilities σθ(ρ) of the resource R 

is demanded by the task θ at some time ρ within the interval T-duθ
 

<ρ≤T. Of course, 

in order to calculate individual demands the variable domains must be finite. This is 

achieved by fixing a due date for the jobs. The individual demand is an estimation of 

the reliance of a task on the availability of a resource. 

The aggregate demand for a resource R is obtained by adding the individual de-

mands of all tasks over the time. The aggregate demand is an estimation of the con-

tention of the tasks on a resource over the time. From the aggregate demand of a 

resource a contention peak is identified as the interval with the largest demand (see 

Fig. 3a). Resources with large contention peaks are considered the most critical and 

so special attention is worth to be paid in searching good partial schedules for them. 

From the profile demands, the probability of success of a given reservation is es-

timated as the survivability: given an operation θ that demands the resource R, the 

survivability of a reservation 〈stθ = T〉 is the probability that the reservation will not 

conflict with the resource requirements of other tasks over R, that is, the probability 

that none of the other tasks require the resource during the interval [T,T+duθ-1]. 

Figure 3 shows the profile demands and the survivabilities of the tasks demanding 

resource R2 in the problem depicted in Figure 1. As we can observe the most promis-

ing reservation for operation θ11 is 1 while for operations θ02 and θ22 are 14 and 12 

respectively. Consequently the most promising partial schedule for these operations 

as suggested by the heuristics is (θ11, θ22, θ02). Although it is clear that the partial 

schedule (θ11, θ02, θ22) should be considered as promising too. 

Our proposed strategy consists on define probability distributions from the sur-

vabilities to obtain promising partial schedules, so as for a resource R required by the 

tasks {θ0,..., θm-1} the probability of a partial schedule (θ[0],..., θ[m-1]) is given by 
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Prj(τj) being the probability of selecting stθj = τj. This probability is calculated from 

the following probability distribution 

( ) ( ) ( )∑=
τ

τsurvτsurvτ
jjjjj

Pr , 
(2) 

where survj(τj) is the survivability of reservation 〈stθj = τj〉. In the experiments re-

ported in section 5, survivabilities are scaled before computing the probability distri-

butions by subtracting the 95% of the minimum value over the start time domains. 

The strategy to generate heuristic chromosomes is shown in Fig. 4, as we can ob-

serve the idea is to build up a chromosome from a partial schedule of only one criti-

cal resource at a time and then evaluate and reorganize this chromosome accordingly 

to the schedule laid out by the G&T algorithm. The underlying idea consists on in-

troduce promising building blocks into the chromosomes and then leave the GA to 

combine them in order to obtain good schedules. 
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5   Experimental Study 

For experimental study we have selected a set of problems with a number of critical 

resources. By a critical resource we mean: a) for every job the resource appears at the 

same position in the sequence of visited resources, and b) the average processing 

time of the tasks requiring critical resources is larger than the average processing 

time of the reminder operations. The reason of restrict our experiments to this class 

of problems is that the heuristics we have used to generate heuristic chromosomes 

were designed to cope with the characteristics of these problems: they can detect 

critical resources through the contention peaks, and then they can suggest promising 

partial schedules through the survivabilities. As conventional repositories, like for 

example the OR library, do not include problems of this class (actually the only 

benchmark available is the set of 60 problems proposed in [5], whose size is 5×10 

and the number of critical resources is 1 or 2 in any case, what means that they are 

really very small instances to be solved by a heuristic method such as a GA) in [7] 

we proposed a new set with problem sizes and number of critical resources ranging 

from 10×10 to 40×40 and 2 to 14 respectively. This is the benchmark used in this 

experimental study. 

Figure 5 shows histograms of various sets of chromosomes generated heuristically 

and randomly. As we can observe in any case a normal distribution is obtained. It is 

worth to remark that heuristic generation lays out mean values of makespan lower 

than random generation, whereas deviations are only slightly lower. Furthermore the 

makespan mean value tends to improve as long as parameter δ gets lower, as we can 

observe on the left hand side of Fig. 5. 

Table I shows results from running the GA on the 12 problems of the benchmark. 

In these experiments we studied the effect of local search and heuristic initial 

population. As we can observe, both of the hybridization techniques improve the 

efficiency and stability of the GA, but heuristic seeding overcomes local search so 

Algorithm for heuristic chromosomes generation
for each critical resource R do

Calculate a set of partial schedules SPS for R accordingly to the probability
distribution of expression (1);
for each PS of SPS do

NewChr = ( );
for each operation θ of PS from left to right do

NewChr = NewChr + PredJob(θ) + θ;
for each operation θ of PS from left to right do

NewChr = NewChr + SucJob(θ);
Evaluate and reorganize NewChr with the Decoding algorithm of Fig 2;
Add NewChr to the set S;

return S;
end. 

Figure 4. Algorithm for generating heuristic chromosomes. PredJob(θ) and SucJob(θ) are the 

sets of operations predecessors and successors respectively to operation θ within its job. 
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Random 
chromosomes 

Figure 5. Makespan profiles of 6 populations of 6000 chromosomes each for the problem 
instance 40x40-14R (see Table I). The right hand side histogram corresponds to a random 
population and the reminder were generated with the algorithm of Fig. 4 with values of pa- 
rameter Granging from 0 to l at intervals of 0,25. 

ciency and stability of the GA, but heuristic seeding overcomes local search so that 
when used in conjunction the effect of the second almost vanishes. Here it is impor- 
tant to remark that the set of problem instances have critical resources so as they are 
very much appropriate to the heuristics exploited by the proposed seeding method. 
We have also experimented with general problems from conventional repositories, 
and in these cases local search also improves the GA performance while heuristic 
seeding do not. Hence we can conclude that local search, in particular N3, is a gen- 
eral method for JSS problems, and that heuristic seeding is worth for families of 
problems where the exploited heuristic fits well. 

6 Concluding Remarks 

The reported experiments about the proposed hybridization schema show that GAS 
offers challenging ways of improvement and adaptation to specific problems. For 
example by combining a greedy algorithm with any kind of heuristic knowledge we 
can obtain an efficient initialization method, provided that we obtain a reasonable 
diversity. Otherwise we have the risk of biasing the population towards a particular 
direction so that the GA might converge prematurely to a suboptimal region. In this 
sense our proposed probabilistic initialization method produce a diversity degree 
similar to a random generation as shown in Fig. 5 as long as the quality of chromo- 
somes is better. Furthermore the final results of the GA are much better when start- 
ing from heuristic chromosomes. In our experiments we have not observed prema- 
ture convergence in any case. 

As future work we plan to envisage new heuristic strategies not constrained to 
scheduling problems with critical resources as considered here, and exploit other 
hybridization techniques such as cellular and parallel GAS that provide a suitable 
method for maintaining diversity by means of structured populations in which mat- 



ing is constrained to be only among neighbors. We plan also design similar ap-

proaches to challenging combinatorial and optimization problems other than job 

shop scheduling. 
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probability is 0,7; mutation probability 0,2; scheduling with G&T(δ=1). Problem instance 

identifiers of the form N×M_kR stands for N jobs and M machines, k being critical 

RIP, no LS RIP, LS HIP, no LS HIP, LS Problem 

Instance 
LB 

B
e
s
t 

k
n
o
w
n
 

ME% SD% ME% SD% ME% SD% ME% SD% 

10×10_2R 1926 1926 1,76 0,95 1,09 0,88 0,05 0,07 0,00 0,00 

10×10_3R 1975 2039 7,24 1,57 4,59 1,03 4,11 0,31 3,75 0,17 

10×10_4R 2228 2347 12,57 1,98 9,31 1,88 8,57 0,00 8,57 0,00 

20×20_3R 3935 4057 11,51 1,69 8,36 1,43 6,63 0,14 6,66 0,00 

20×20_5R 4046 4265 17,76 1,97 11,23 1,48 7,96 0,21 7,88 0,26 

20×20_7R 4401 4685 22,03 1,77 14,85 1,55 10,77 0,33 10,92 0,34 

30×30_3R 5570 5822 15,25 1,10 9,86 1,44 8,33 0,41 7,99 0,25 

30×30_6R 6168 6526 21,47 1,35 14,47 1,10 10,37 0,39 10,18 0,50 

30×30_9R 6298 6904 29,09 1,88 20,14 1,17 14,93 0,29 14,69 0,19 

40×40_5R 8009 8302 18,26 1,27 11,59 1,33 6,38 0,51 6,17 0,49 

40×40_10R 8338 9146 32,15 1,51 21,75 1,32 16,44 0,17 16,20 0,32 

40×40_14R 9072 9873 32,55 1,32 21,46 1,09 13,68 0,42 13,47 0,38 
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Abstract. This work presents a genetic algorithm for assembly sequence plan-

ning. This problem is more difficult than other sequencing problems that have 

already been tackled with success using these techniques, such as the classic 

Traveling Salesperson Problem (TSP) or the Job Shop Scheduling Problem 

(JSSP). It not only involves the arranging of tasks, as in those problems, but 

also the selection of them from a set of alternative operations. Two families of 

genetic operators have been used for searching the whole solution space. The 

first includes operators that search for new sequences locally in a predetermined 

assembly plan, that of parent chromosomes. The other family of operators in-

troduces new tasks in the solution, replacing others to maintain the validity of 

chromosomes, and it is intended to search for sequences in other assembly 

plans. Furthermore, some problem-based heuristics have been used for generat-

ing the individuals in the population. 

1 Introduction 

Genetic Algorithms have been used to solve a variety of optimization problems with 

some success. Combinatorial problems are a class of problems particularly difficult to 

solve, sequencing problems included. Many of them have been studied using evolution-

ary techniques, such as TSP and JSSP, well known as NP-complete problems [1] [2].  

This paper presents an application of genetic algorithms to the problem of selecting 

and sequencing assembly operations. This is a more difficult planning problem than 

TSP and JSSP. It involves not only the optimal arrangement of tasks, as in those prob-

lems, but also the selection of them from a set of alternative operations, and taking 

into account the constraints imposed to build a feasible assembly plan. 

Assembly planning is a very important problem in the manufacturing of products. 

It involves the identification, selection and sequencing of assembly operations, speci-

fied by their effects on the parts. The identification of assembly operations has been 

tackled by analysing the product structure, either using interactive expert systems [3] 

[4] or, through planners working automatically from geometric and relational models 

[5] and from CAD models and other non-geometric information [6] [7]. 

The identification of assembly operations usually leads to the set of all feasible as-

sembly plans. The number of them grows exponentially with the number of parts, and 
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depends on other factors, such as how the single parts are interconnected within the 

whole assembly. In fact, this problem has been proved to be NP-complete [8]. 

An optimum assembly plan is now sought, selected from the set of all feasible as-

sembly plans. Most approaches used for choosing an optimal one employ different 

kind of rules in order to eliminate assembly plans including difficult tasks or awkward 

intermediate subassemblies [9] [10].  

The criterion followed in this work is the minimization of the total assembly time 

(makespan) in the execution of the plan. To meet this objective, the algorithm takes 

into account the information about each assembly task (robot and tool needed and es-

timation of assembly time) [11]. This approach allows applying the results to different 

stages of the process planning, from the design of the product and of the manufactur-

ing system, to the final execution of the assembly plan. 

The rest of the paper is organized as follows: Section 2 describes the problem of 

selection and sequencing of assembly tasks. The proposed genetic algorithm is de-

scribed in Section 3, and some of the results obtained are presented in Section 4. 

Some final remarks are made in the concluding section. 

2 Assembly Sequence Planning 

And/or graphs have been used to represent the set of all feasible assembly plans for a 

product [12]. In this representation, the Or nodes correspond to sub-assemblies, the 

top node corresponds to the whole assembly, and the leaf nodes correspond to the in-

dividual parts. Each And node corresponds to the assembly task joining the sub-

assemblies of its two final nodes producing the sub-assembly of its initial node. In the 

And/Or graph representation of assembly plans, an And/Or path whose top node is the 

And/Or graph top node and whose leaf nodes are the And/Or graph leaf nodes is asso-

ciated to an assembly plan, and is referred to as an assembly tree. An important ad-

vantage of this representation, used in this work, is that the And/Or graph shows the 

independence of assembly tasks that can be executed in parallel. Figure 1 shows an 

example of this representation. And nodes are represented as hyperarcs. 

The problem is focused on searching an optimal assembly sequence, an ordering of 

an assembly plan (one of the And/Or trees of the And/Or graph). The evaluation of 

solutions implies a previous estimation for the times and resources (robots, tools, fix-

tures...) needed for each assembly task in the And/Or graph. Another factor consid-

ered here, is the time necessary for changing the tools in the robots, which is of the 

same order as the execution time of the assembly tasks and therefore cannot be disre-

garded as in Parts Manufacturing. ∆cht(M, C, C') will denote the time needed for in-

stalling the tool C in the robot (machine) M if the tool C' was previously installed. 

Notice that any change of configuration in the robots can be modeled in this way. 

Another issue is the transportation of parts and sub-assemblies, that could affect 

the total assembly time. Ideally, it would be supposed a well-dimensioned system, 

with a perfect planning when executing the assembly plan, so that, when a part would 

be required in a robot for executing an assembly operation, it will be present there. 

But the same cannot be guaranteed for an intermediate subassembly, because it could 

be built in a robot and required immediately in another one to form another subas-
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sembly. ∆mov(SA, M, M') will denote the time needed for transporting the subassembly 

SA from robot M to robot M'. 

3 The Genetic Algorithm 

Genetic Algorithms (GAs) have been used to solve a large variety of combinatorial op-

timization problems with some success [1] [2]. The nature of the Assembly Sequence 

Planning problem entails a great difficulty in applying GAs: a sequence of tasks forms a 

correct solution if all of them belong to an assembly plan, i.e. an assembly tree of the 

And/Or graph, and they are ordered according to the precedence constraints imposed by 

the plan. An assembly task is defined by the subassemblies used to form a greater sub-

assembly, and by the resulting assembly. Thus, the presence of a task in a solution is 

strongly conditioned by the presence of tasks related to these subassemblies. There will 

be little chance of constructing a new solution from significant parts of any two solu-

tions. It will be necessary to add (probably not a few) other tasks to complete the solu-

tion, and delete some others.  

The first issue in applying GAs is the chromosomal encoding. A natural way of rep-

resenting a solution is through a sequence of tasks, compatible in order with the con-

straints imposed by the And/Or graph (ordering and assembly plans). So, not all the 

tasks sequences form a legal solution. Figure 2 shows how a chromosome is decoded to 

produce a schedule. A schedule builder transforms the chromosome into a legal assem-

bly schedule, taking into account the precedence constraints and the shared resources to 

be used (machines and tools). This translation is made directly because of the simplicity 

of that representation. The result could be visualized as a Gantt chart, and it allows the 

fitness function (the makespan) to be calculated. Note that, depending on the assignation 

of resources to tasks and their durations, different chromosomes could be mapped into 

an only schedule. It will happen when tasks do not share the same resources and could 

be executed in parallel. 

A B C D E

A B C D

A C D

A B A C A D C D B E

A B C D E  

Fig. 1. And/Or graph of product ABCDE. 
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Two families of genetic operators have been defined for searching the whole solu-

tion space. The first includes operators that search locally for new sequences in a pre-

determined assembly plan, that of parent chromosomes. These operators, referred to 

below as Re-Ordering Tasks operators, are similar to those used for other sequencing 

problems, such as TSP and JSSP, in the literature [1] [2], but obviously result to be 

insufficient to find the optimum. The other family of operators is intended to search 

for sequences in other assembly plans, and are referred to as Re-Planning operators. 

This is basically made by introducing a new task in a solution, and substituting certain 

tasks for others in order to maintain the soundness of the chromosomes. 

3.1 Re-Ordering Tasks (ROT) Operators 

This kind of operator is intended to search for new sequences in a predetermined as-

sembly plan. Because of the improbability of two sequences of the same assembly 

plan coinciding in a population, they are implemented as mutation operators. They 

operate in a chromosome by selecting a random task in the sequence and attempting 

to move it to another random position. Their predecessor or successor tasks might be 

also involved in the movement, so that they may keep in their positions or move with 

the selected task. Those possibilities give us four different genetic operators. The 

transposition of tasks is performed so that the resultant individual is legal. 

3.2 Re-Planning (RP) Operators 

This kind of operator is intended to search for sequences in other assembly plans. The 

resultant individuals will contain new assembly tasks, coming from another individual 

present in the population (crossover operators) or generated randomly (mutation op-

erators). Some other new tasks are required in order to complete a correct chromo-

time 
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some, so that they substitute some others. The sequences generated by these genetic 

operators will maintain the position of tasks they had in the parents, and the new task 

will fill the blanks, at some compatible order with the precedence constraints. 

RP Crossover (RP-C) operators take two individuals (parents) and generate two 

children, trying to merge genetic information from the two parents. Because of the nature 

of Assembly Planning there will be little chance of constructing a new solution from 

significant parts of any two solutions. The generation of children is made by selecting 

one task in one of the parents, so that their successor tasks in that parent are also 

selected. The remaining tasks in the new individual will be selected from the other 

parent, whenever possible, or randomly, in order to complete a legal chromosome. This 

is done in different ways, depending on the distance of the search for a predecessor task 

of the selected task in the And/Or graph.  

RP Mutation (RP-M) takes an individual and modifies it by changing a random sub-

tree of the assembly plan for another, selected randomly and according to the 

constraints imposed by the And/Or graph. The positions of the new tasks in the 

sequence will be the same that held the substituted tasks. 

3.3 A heuristic for generating solutions 

An estimation of the time needed for the execution of each task and their successors 

in the And/Or graph have been used in order to generate the solutions in the initial 

population. An optimistic way of doing this estimation is done by the heuristic func-

tion ht, defined by the equations below: 
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This calculations for ht(T) take into account not only the duration dur(T) of each 

task T and the precedence constraints defined in the And/Or graph for the tasks, but 

also the delays corresponding to the change of tools (configurations) in the machines 

and to the transportation of intermediate sub-assemblies between different machines. 

A solution is built by ordering the tasks of a tree of the And/Or graph. In order to 
construct a tree, an And node is selected randomly from the set of alternative task for 

each Or node, so that the probability of selection is inverse to the value of ht for the 

tasks. The sequence of tasks is formed selecting consecutively a task which its imme-

diate predecessor have been introduced in the sequence. When a set of candidate tasks 
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may be selected, a probability directed proportional to ht is used for a random selec-

tion, so that the tasks (and its successors) with more estimated time will have more 

chance of being selected. 

4 Experiments and Results 

A hypothetical product has been used in order to evaluate the genetic operators de-

scribed in the previous section. That product is formed by 30 parts, and the number of 

connections among them is the minimum. The product includes in its And/Or graph 

various alternative tasks for each Or node, and contains 396 Or nodes and 764 And 
nodes. There are about 1021 possible individuals. Note that the number of different 

schedules depends not only on the number of sequences, but also on the distribution 

of shared resources (and their number) and durations among all tasks. Thus, various 

individuals could be transformed in an unique schedule. 

The values corresponding to the higher part of figures 3 and 4 represent the aver-

age of 25 trials. The lower part represents the best result in all trials. Moreover, all 
values represent the average of 10 different distributions of durations and shared re-

sources among the tasks. They show the best solution found until the number of 

evaluations indicated. The graphics include also the value of the optimum solution 

(OPT) and the performance of a random algorithm (RND). 

Figures 3 and 4 show the operation of the specific genetic operators. The high dif-

ficulty for merging genetic information from two any individuals could explain the 
relatively poor results obtained by RP-C in comparison with those expected from 

typical crossover operators. In fact, RP-M obtains slightly better results, maybe be-

cause it preserves more genetic information in the individuals. Moreover, ROT opera-

tors improve more quickly at first. At last, their performance is conditioned by the as-

sembly plans generated in the initial population. A last curve is generated in Fig. 6. It 
shows the results obtained by a GA with all referred operators working together 

(ALL). A quite improvement can be observed. This reflects the combination of the 

two effects: ROT operators optimize assembly plans that have been generated, and RP 

operators obtain new assembly plans. 

The influence of having an initial population that have been generated randomly or 

using any other informed method can be seen comparing the two figures. Figure 3 
shows how the GA works when starting from a random initial population, and figure 

4 when the initial population is generated using the heuristic ht presented in section 

3.3. The curve RND in figure 4 corresponds to the use of ht in a probabilistic algo-

rithm that continuously generates new solutions, which substitutes the random algo-

rithm used in figure 3. We can see that the probabilistic algorithm improves the ran-

dom one, and the average best solutions are near the solutions obtained by some of 
the genetic operators working alone. The results are better in general in figure 4, but 

the improvements are different for each operator. For example, RP-C operators work-

ing alone obtain similar results, RP-M improves slightly, and ROT operators im-

proves more, because of the influence of the initial population in his behavior. The 

GA with all the operators working together also improves the solution, but only a lit-
tle for the best trial. 
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The use of more heuristic methods, such as the heuristic presented, but also during 
the search, is expected to improve the GA, so that a natural extension of this work 

must be in that sense. 

5 Conclusions 

A genetic algorithm has been presented for solving the assembly sequence planning 

problem, a much more difficult problem than other sequencing problems that have 
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Fig. 4. Results for heuristic initial populations. 
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already been tackled using similar techniques, such as TSP and JSSP, because it in-

volves also the selection of assembly operations that will form the assembly plan from 

a set of alternatives. Two families of genetic operators have been used in order to 

search through the whole solution space. RP operators have been proposed for gener-

ate new assembly plans (with different assembly tasks) from others. On the other 
hand, there is the ordering of assembly tasks in the sequence to obtain a good sched-

ule. ROT mutation operators have been used for this goal. 

Although the genetic information used by these operators could seem insufficient, 

the combined operation of them has been quite satisfactory. The behavior of the GA 

algorithm has been improved by using a initial population that have been generated 

using a heuristic corresponding to an estimation of the time needed for executing each 
task and its successors in the And/Or graph of the product to be assembled. 
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Abstract. Paroxysmal Atrial Fibrillation (PAF) prediction viability is an open research line. 
The definition of new valid parameters for this task can be based on very heterogeneous 
features. Genetic Algorithms (GAs) automatically find a set of parameters to maximize the 

diagnosis capabilities of a scheme based on the K-nearest neighbours algorithm. This is an 
efficient way of generating a number of possible solutions for the problem of PAF prediction. 
The present paper illustrates how GAs, rather than  a statistical study of the database can be 
used to select the parameters giving the best classification rates.   

1 Introduction 

Atrial Fibrillation is the heart arrhythmia that most frequently causes embolic 

events, 75% of which generate cerebrovascular accidents [1, 2]. The automatic 

diagnosis of patients that suffer PAF episodes by the analysis of ECG registers that do 

not contain explicit PAF traces is a difficult task. Different authors have studied 

methods for PAF prediction based on different parameters of ECG traces [3, 4, 5, 6, 
7] but none of them have obtained definitive results, and thus the problem remains 

open. 

An international research effort has recently been made to study the viability of an 

automatic diagnosis algorithm to predict Paroxysmal Atrial Fibrillation; this 

concluded that such a solution is possible, with acceptable efficiency [8, 9]. An 

automatic algorithm that could identify individuals with PAF characteristics is 

clinically important because it would motivate more specific and complex diagnostic 

tests.  
The discrimination power of the parameters is measured through the Classification 

rate (see equation (1) in Appendix). The problem of maximising this equation by 

weighting the parameters is a multimodal optimisation problem in the sense defined 

in [10], because it is desirable to determine several optima solutions rather than a 

single one. Solutions based on different parameters could be useful in cases of 

patients suffering known cardiac arrhythmias that would invalidate parameters such 

as heart rate, PR distance, etc. Therefore we would choose a classification scheme for 
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PAF diagnosis based on a set of valid parameters (i.e. not corrupted by current cardiac 

arrhythmia).   

Evolutionary algorithms are meta-heuristics based on natural selection, and have 

been applied successfully to a wide range of optimization problems. A detailed 

description of evolutionary computation may be found in [11]. In the present work, a 

sequential binarised version of the genetic algorithm described in [10], called 
AGEMM,  has been used for the above multimodal optimisation problem. 

 

The present paper describes the application in Section 2 and a modular 

classification algorithm in Section 3. The following section focuses on how the 

classification process can be described in a genetic manner and optimised by means of 

AGEMM. Finally section 5 presents a summary of the main conclusions. 

2 Database description and Problem definition 

 

A public database for PAF prediction evaluation is available [12] provided by 

Physiobank [9]. It is composed of the ECG registers of 25 healthy individuals (n files) 
and 25 patients diagnosed with PAF (p files). It is important to note that none of these 

files explicitly contain any PAF episode, and therefore the diagnosis algorithms 

proposed using this database will focus on ECG characteristics present in sinusoidal 

mode (normal heart state). While there are 50 n files for the 25 healthy subjects (2 for 

each of them), the 50 p files, corresponding to PAF patients, can be separated into two 

groups: 

• 25 ECG registers (one for each individual) not previous to PAF episodes, 

which means that 45 minutes before and after the recorded ECG traces are 
free of PAF episodes. 

• 25 ECG registers (one for each individual) immediately previous to a PAF 

episode. 

   

The main topic addressed in the present study is the implementation of an 

algorithm for the automatic diagnosis of PAF patients, based on ECG traces in which 

PAF episodes do not appear explicitly. This means that the diagnostic capabilities of 

the algorithm do not depend on the detection of PAF episodes. In this way we address 
the diagnosis problem of such a pathology in preventive medical examinations. With 

the available database two different topics can be addressed: 

• PAF diagnosis based on ECG traces with no PAF episode. This 

application attempts to discriminate the registers of PAF patients among 

the whole database. 

• PAF episode onset prediction. The aim of this topic is to focus on the files 

of PAF patients and to distinguish between the registers previous to PAF 

episodes and all others. 
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3 Modular Classification Algorithm 

A low level processing algorithm was used to extract 48 parameters (RR rate, PR 

distance, P-wave width, P-wave integral, etc) that we considered important to 

characterise an ECG trace for PAF diagnosis [13]. In this way, each ECG file was 

translated into a 48-component vector (p1, p2, … , p48). Each parameter represented a 
different physical magnitude of different range. For this reason, all parameters were 

normalized: the average (Mi) of each parameter was calculated within the whole 

database and then each parameter was divided by its corresponding Mi. In this way 

the new vector components are adimensional and have a similar range; thus they can 

be compared in a multi-parametric classification scheme.  

A modular classification algorithm for this application based on the K-nearest 

neighbours has been described in [14]. The labelled vectors are the kernel of the 

classification algorithm. For each new non-labelled vector, the Euclidean distances to 
the labelled vectors are calculated. The label of the K-nearest neighbours is consulted 

and the final calculated label is the same as that of most of the K-neighbours. All the 

results shown in the following sections have been obtained with a single neighbour in 

the labelling step. The modular property of this algorithm makes it easy to consider a 

different number of parameters without changing the classification scheme. 

Therefore, an automatic optimisation method can be applied to search subsets of 

parameters that maximize the classification performance. This facilitates the use of 

evolutionary algorithms. 
Some parameters have more discrimination power than others, and the algorithm 

must focus on some of them to obtain representative distance differences between 

PAF and healthy patterns. 

In previous works [13, 14] the parameters were selected by means of a statistical 

study. In the approach proposed in the present study, the use of Genetic Algorithms 

avoids this data analysis and leads to diverse solutions based on different parameters. 

A test database for the addressed application is available [12], but  it is composed 

of another 100 (non-labelled) registers that have significant statistical differences 
from the labelled ones used for the present study. Furthermore, this database is part of 

an international challenge initiative [8] and to keep the labels of the test set unknown, 

the access to results obtained with test files is very restricted. To validate the test 

database, we processed the training and test registers in the same manner, extracting 

the same characteristic parameters. The classification algorithm described above was 

configured to discriminate between the training and test vectors, obtaining 

classification results around 92%. This means that the test files exhibit significant 

differences with the training files and therefore are not valid as benchmarks for 
classification schemes based on these parameters. 

4 Performance optimisation through AGEMM 

Evolutionary algorithms use different selection mechanisms and new (candidate) 

solution generation by means of transforming old solutions. Typical transformation 

operators include mutation (random changes in a solution) and crossover (also called 
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recombination) between any solutions in the population (set of candidate solutions). 

The solution quality is evaluated by means of a fitness function. This sort of 

cooperative interaction provides better performance than classic search methods [15].  

However, evolutionary algorithms, in particular when using elitist selection, tend 

to converge to one single optimum in the search space. In that sense, some strategies 

to maintain diversity in a population may be required in multimodal optimisation 
problems where more than a single optimum is desirable. Niching methods [16], 

inspired by the behaviour of ecosystems with limited resources to share between 

individuals in the population, include some such strategies.  

In this work , the GA used in [10], has been applied for our purpose. This 

algorithm performs a two-level niching technique that incorporates the benefits of an 

island model [17] and the niching technique known as deterministic crowding [18]. 

In order to be able to modify the weight of the different parameters in the 

classification scheme automatically, the input pattern is multiplied by a weight vector 
(W), i.e. I=(p1, …, p48)·(w1, …, w48), by which the weights W (0 or 1) activate or 

inhibit a their corresponding parameter. These weight vectors represent  the 

chromosome of the different solutions optimised by AGEMM to maximise the 

classification rate (fitness function) (equation 1 in Appendix). The AGEMM was used 

with a population size of 10000, a mutation rate of 0.1 and 100 generations. We have 

obtained interesting results for the different topics mentioned in section 2. 

4.1 PAF diagnosis based on two types of ECG traces: those immediately 
previous to PAF episodes and those distant from PAF episodes 

For this approach, the P vector corresponding to a patient is calculated by adding the 

parameter vector extracted from the ECG trace previous to a PAF episode and the 

parameter vector extracted from the ECG trace not previous to a PAF episode. The 

GA generates a population of solutions characterised by their W vectors.  

Table 1. Best results of PAF diagnosis based on the addition for the parameters extracted of 

ECG traces far from PAF episodes and parameters extracted from ECG traces immediately 
previous to PAF episodes. 

Solution Nº Chromosome showing the active features 

1 000010110001000101100001101001011000000001111111 

2 000010101001101010110101100101011000000110110011 

3 011001011010010101000001100100011111010101101010 

4 101011011110111100101100100100001010010000110111 

Solution Nº Classification 

Performance (%) 

Sensitivity 

(%) 

Specificity 

(%) 

Number of active 

features 

1 84 92 76 20 

2 82 88 76 22 

3 82 88 76 23 

4 80 84 76 25 
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The GA obtains 1182 solutions with classification performance levels above 70% 

representing 11.82% of the total population size. For a more detailed study, we  

concentrate on the four best solutions, those with a classification performance above 

80%; their characteristics are summarized in Table 1. 

To illustrate that the four solutions are functionally different, we calculate the 

Hamming distance between them as the number of not-common-components: d12=16, 
d13=21, d14=23, d23=27, d24=21 and d34=20. The distance represents the difference 

between the solutions; thus, for example, solutions 1 and 3 together are based on 43 

features and only 22 of them are shared because the distance is 21.  

4.2 PAF diagnosis based on ECG traces immediately previous to a PAF episode 

The GA obtains 111 solutions with a classification performance above 70%, which 

represents 1.11% of the total population size. The four best solutions are summarised 

in Table 2. 

Table 2. Best results of PAF diagnosis based on ECG traces immediately previous to a PAF 
episode. 

Solution Nº Chromosome showing the active features 

1 000000011000100001110010010001100111100100111001 

2 100001010111000010000001000110110001010000011111 

3 000000001000110000100010000000111011111000000100 

4 101101111110010111010011011110000000000000100010 

Solution Nº Classification 

Performance (%) 

Sensitivity 

(%) 

Specificity 

(%) 

Number of active 

features 

1 78 84 72 19 

2 78 80 76 19 

3 78 80 76 14 

4 76 80 76 22 

 

The distances (number of not-common-components) between the different 

solutions are: d12=26, d13=17, d14=27, d23=23, d24=21 and d34=30. There is no 

parameter active in the four solutions and only 5 are active in three solutions.   

4.3 PAF diagnosis based on ECG traces not previous to a PAF episode 

The GA obtains 879 solutions with a classification performance above 70% , which 

represents 8.79% of the whole population. Table 3 summarises the best four solutions.  

 

The distances between these solutions are: d12=18, d13=21, d14=19, d23=19, d24=23 and 

d34=20. Seven components are active in the four solutions, 12 components are active 

in three solutions, another 12 are active in two solutions, and 12 parameters are 

exclusively used in a single solution. 
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Table 3. Best results of PAF diagnosis based on ECG traces not previous to a PAF episode. 

Solution Nº Chromosome showing the active features 

1 000001111111000100011111111001111001011110101001 

2 011101111001000111110001011100101011011010101101 

3 000101110001000110010111000110100001110000100010 

4 000010111010010100110111000101110000111011001111 

Solution Nº Classification 

Performance (%) 

Sensitivity 

(%) 

Specificity 

(%) 

Number of active 

features 

1 84 88 80 28 

2 82 88 76 28 

3 82 96 68 19 

4 80 88 72 25 

 

4.4 PAF episode onset prediction 

The GA obtains 640 solutions with classification performance levels above 70%, 

which represents 6.40% of the whole population. Table 4 summarises the best four 
solutions. 

Table 4. Best results for PAF episode onset prediction. 

Solution Nº Chromosome showing the active features 

1 110111011000000111111001001111111111001111010100 

2 111110000111100110101010100001100000001111010101 

3 010111111100001111111101110010011010011110000101 

4 100000011100100110111110111011000001111101011001 

Solution Nº Classification 

Performance (%) 

Sensitivity 

(%) 

Specificity 

(%) 

Number of active 

features 

1 80 76 84 30 

2 78 76 80 24 

3 78 80 76 29 

4 78 80 76 26 

 

The distances between the individual solutions are : d12=22, d13=17, d14=24, d23=25, 
d24=20 and d34=23. Six components are active in the four solutions, 16 are active in 

three solutions, 14 components are used in two solutions, 9 are used exclusively by a 

single solution and 3 features are not used in any solution. 

5 Discussion 

This paper addresses the application of PAF prediction, i.e. PAF diagnosis based on 

ECG traces when no PAF episode occurs. We studied different topics related to this 
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application. In previous works [13, 14] we defined 48 parameters that can be 

extracted from ECG traces for this application. The task of selecting some of these to 

maximise the classification rate of a simple algorithm based on the K-nearest 

neighbours [19] is not a trivial one. In this paper, a GA is used for the task, generating 

solutions represented by a weight vector that can be used to filter the input parameter 

vector, in order to activate the different parameters. It is shown that the GA reaches 
classification rates of around 84% for diagnosis, generating diverse solutions based on 

different parameters, and eliminating the possible redundancy of the 48 parameters. 

These parameters can also be used for PAF episode prediction, with classification 

rates of up to 80%. These classification results are significant compared with other 

approaches [20]. The generation of a whole population of solutions with different 

characteristics is interesting, to select the ones that best fit the application aims. In this 

sense, because the ECG is non-invasive, this approach to PAF detection can be 

considered a first diagnostic test, and therefore it would be interesting to obtain also 
high values for sensitivity. This characteristic enhances the capability to detect 

patients with PAF even when the classification rates for healthy subjects decrease. 

Therefore, the solution with the highest sensitivity is preferable among solutions with 

the same classification performance levels. The availability of a diverse set of 

solutions based on different parameters gives the medical expert the flexibility to 

choose a classification scheme, i.e. a particular parameter set (characterized by a 

single gene)  that is more appropriate for a particular subject, that may suffer of other 

cardiac pathologies that may affect certain parameters. 
It is also interesting to note that the classification algorithm is modular, and so the 

inclusion of new parameters defined by other authors is straightforward.  

Appendix 

For biomedical diagnosis applications, the final diagnosis is that a patient is ill 

(suffering a certain pathology) or healthy (free from this particular pathology). This 

means that the classification result can be seen as  one of the following cases: 

True Positive (TP). The algorithm classifies the subject as ill and the subject is in 

fact ill. 

True Negative (TN). The algorithm classifies the subject as healthy and the 

subject is in fact healthy. 
False Positive (FP). The algorithm classifies the subject as ill but the subject is 

healthy. 

False Negative (FN). The algorithm classifies the subject as healthy but the 

subject is ill. 

With these cases, different functions of interest can be defined: Classification rate, 

Sensitivity (ratio between the detected ill patients and the total ill patients) and 

Sensitivity (ratio between the detected ill patients and the total ill patients). 
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Abstract. The price of electrical energy in Spain has not been regulated
by the government since 1998, but determined by the supply from the
generators in a competitive market, the so-called “electrical pool”. In
this work, we present a genetic algorithm-based method that allow us
to simulate Cournot-like equilibrium situations in the Spanish pool. A
perfect oligipolistic behavior of the agents will be assumed. The output
of the algorithm being proposed here contains an approximation to the
optimal supply curves of the competing agents.

1 Introduction

The relationship between the cost of production and the selling price of electrical
energy is not direct. Production cost determines price in a regulated market,
such as the one that existed in Spain before 1998 and continues to exist in other
European Community countries. This is not so in a competitive market. Before
1998, prices in Spain were fixed by a public agency that was also in charge of
elaborating a list of the power plants that should connect at any given time.
This list was calculated by means of numeric optimization algorithms, which
minimized the global cost of the production necessary to cover domestic demand.

In the modern model, based on free competition among the different compa-
nies [1], the Market Operator (MO), a neutral agent appointed by the State to
regulate competition, calculates the energy prices for every hour, starting from
the supply of the generators and the demand of the consumers, this process is
called “casation procedure”.

The procedure by which production is planned is based on the principle that
“the cheapest power plants connect first”. In this case, however, “cheapest” does
not mean “low cost”, but “low selling price”, because each agent is free to choose
the price it wants to charge for its power. It is interesting to note that the law
stipulates that all power plants are to receive the same payment for each MW
of energy sold, as occurred in the non-competitive model, and not the payment
they asked for in their strategy. The second principle of the competitive market
is “the most costly power plant connected marks the price”.

In previous works [2], we designed a genetic tool able to estimate past offers
from the agents in the pool from publicily available data: hourly prices and
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amount of energy consumed. This last model was a useful analysis tool in certain
situations: it allowed us to estimate the change in the price of the electrical
energy under small deviations of the supply curves of one agent. The simulation
procedure was as follows:

1. The supply curves of all agents are estimated by means of the genetic tool.
2. One of the supplies is slightly modified. For example, the selling price of a

group of generators is lowered.
3. A new simulation is carried with the modified suppy curve and the original

demand. Supply curves of the remaining agents remained untouched. In other
words, it was assumed that the agents did not react to the change, changing
their prices to maintain their market share.

In this work we intend to generalize the previous tool by dropping this last
assumption. In other words: what would happen if the agents are allowed to
react? We would be confronted with a game theory problem, which we will solve
by means of cooperative-fitness based genetic algorithms.

1.1 Summary

The remainder of this paper is arranged as follows: In Section 2, the problem
to be solved is explained. The “casation process” in term of Games Theory is
described in Section 3. Our methodology is described in Section 4. In Section
5, a simple problem is solved to illustrate the use of the method proposed here
and regression- and Game theory-based methods, applied to a semi-synthetic
problem, are compared.

2 Definition of the problem

2.1 Electrical pool as a game theory problem

Given that preliminary data are insufficient to carry out a statistical analysis, it
is necessary to make conjectures regarding the results. This work assumes that
the agents are intelligent and that the market is fair, such that the unit profits
(euros/MW) are approximately the same for all the competitors.

With these hypotheses, if we know the cost of production of the agents (and
we can estimate that, using data prior to 1998), it is possible to simplify market
operation and abstract it to a game, which can be explained as follows. Let us
assume that a certain amount of energy is to be bought from several generators.
None of them is capable of supplying the total amount and the amount supplied
by all of them exceeds the needs.

Each player (one of the generators) gives a referee (the MO) a closed envelope
with its sales strategy. It consists of a pair ”quantity supplied - price demanded
per unit”. The referee opens the envelopes, arranges the strategies and chooses
the cheapest ones until demand is covered. Each player selected is then paid for
the amount it sells at the price of the most expensive strategy that was accepted.
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Each player receives the difference between the price paid and their unit cost,
multiplied by the energy units sold.

The actual number of players is several hundred (one player per electrical
power plant). To simplify calculations, we group the price-quantity pairs of all
the power plants belonging to the same company into a single total quantity
produced-unit price curve. In this way, we reduce several hundred strategies to
four aggregate supply curves (there are four large electrical companies in Spain).
The same is done with costs: each of the four participants in the simplified game
will have a curve that relates the negotiated MW with their production cost. The
mechanism of this new game is a bit more complex: each player gives the referee
an aggregate supply curve. The referee adds up all the curves and intersects
the results with a demand curve. The cross point determines the market price.
Given the price and the supply curves furnished by the agents, the revenue of
each player is calculated.

Finally, the net profit of each player is calculated using the difference between
the income received and the value of its cost curve at the point corresponding
to the amount negotiated.

3 Proposed methodology

In this work, we want to estimate the optimal supply generation curves of agents
competing in the electrical pool from real data taken from an hourly database
provided by the MO. We will define a nonlinear parametrization of these curves
and use a coevolutionary genetic algorithm to find an equilibrium point gen-
eralizing Cournot equlibrium to our own definition of supply curve. Briefly, the
genetic algorithm works as follows: first, we define as many populations of strate-
gies as players. To score a strategy, we will simulate a game, making this strategy
to compete with a selection of strategies taken from the remaing players.

The algorithm studied in this work serves us to obtain the optimal (in
Cournot terms) supply curves of the companies competing in the market us-
ing demand curves of several previous markets. The input data are the demand
curves and the costs of generation of all competing firms. The outputs –the
supply curves– represent market strategies.

3.1 Definition of a suppy curve

Strategic Planning Departments take into consideration the day of the week, the
hour of the day, the season, the weather forecast (rain, temperature) and some
other indicators before posting prices to the Market Operator. Following our
own experience, three features should be considered: the hour (which is related
to the amount of energy negotiated, depending on labor hours and daylight),
the day of the week (the dependence between labor hours and demand changes
on weekends and holidays) and the season (electrical cooling or heating, affects
both previous dependencies).
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Given this information, we decided to stay in an intermediate position be-
tween (a) assuming that the supply curve is always the same for each agent, and
(b) assuming a different curve for every market. Since (a) is too imprecise and
(b) is intractable, in this work we will allow each agent to select its curve from
a restricted set of choices, depending on the values of the features mentioned
before. In other words, a strategy comprises:

– a rule-based classification system, that produces a segmentation of the mar-
ket points into a certain number of classes depending on hour, day of the
week and type of day, and

– as many supply curves as market segments.

That is, each individual is a set of rules whose antecedents are assertions with
regard to market characteristics and whose consequents are the supply curves
that the player can use. We shall call these consequents “prototype strategies”.

The simplest representation of a prototype strategy is a straight line. Lin-
ear models can approximate the behavior of a competitive electrical market in
the neighborhood of its equilibrium point. Unfortunately, in spite of this kind
of simplification, which is valid for studying the response of the market under
small changes, it is not accurate enough to estimate complete supply curves of
the agents, which are highly non linear. We have decided to use piecewise linear
supply curves instead (see Figure 1.) Their number of segments will be a com-
promise between the accuracy of the model and the amount of available data
(three segments in most of the experiments in this paper.)
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Fig. 1. Actual (left), linear (center) and polygonal supply curves (right). Representa-
tion by a polygonal line is closer to reality than the linear supply and does not depend
on an excessive number of parameters.

3.2 Genetic representation

Each individual in the coevolutionary approach [4], [6] codifies a possible set
of strategies (i.e., a fuzzy-rule-based classifier system and a set of prototype
strategies) of one of the agents; we will keep as many populations of individuals
as agents exist. Fitness is not assigned to an individual but to a combination of
individuals extracted from all populations [7] [8].
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An individual in the coevolutionary approach will be codified with a chain
of numbers. This chain comprises two real numbers to define every segment in a
prototype, plus a list containing the numerical parameters on which the linguistic
terms in the antecedents of the classifier depends.

3.3 Genetic operators

Individuals in the coevolutionary approach are represented by chains of real
numbers, thus there is no need to define custom genetic operators. However,
the relative sizes of the subchain codifying the consequents and the subchain
codifying the list of parameters of the classifier are very different. We have opted
to let only one of these parts be modified in every genetic operation, thus we
can manually balance the evolution of both and speed up the evolution of the
classifier part. This is the only difference between our operators and the standard
versions of uniform arithmetic crossover and mutation [9][10].

When two individuals are to be crossed, a coin is tossed to decide whether
we select (a) the subchain codifying the classifier definition or (b) one subchain
that codifies the definition of one of the prototypes. The selected subchains are
recombined by means of standard arithmetic crossover, but the remaining part
of the individual remains untouched.

The mutation operator is defined as the crossing of an individual with another
one, generated at random.

3.4 Fitness function

Each firm has as an objective the maximization of its own profit, assuming that
the unitary benefits are all the same. This decision implies that we need to rank
strategies according to two different criteria. Let us compare two strategies f1 and
f2 of the same firm: after playing games with either f1 and f2 and all strategies of
the remaining players, an strategy f1 is better than another one f2 (a) the best
aggregated profit of the remaining players against f1 is lower than their benefit if
f2 is used (min-max strategy,) and (b) f1 produces similar unitary profits for all
players. “Unitary profit” is defined as the difference between cost and income,
divided by the number of MWs sold. The first goal measures the benefits of a
strategy in the worst case, and the second one measures the degree of fulfillment
of the restriction “all unitary profits are the same.” We will use the profit of
the strategy to quantify the first objective, and the mean of the variances of the
unitary profits to quantify the second one.

Different methods exist for mapping multi-objective fitness into scalar fitness
[5]. We have studied the weighted average of values (a) and (b), but, according
to our experiments ,[2], there is a significant improvement if we use a multi-
objective approach instead [3].
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4 Numerical Results

A simple problem is presented here for the sake of illustrating the basic aspects
of the proposed methodology. This example models 10 repetitions of a game in
which there are four players with known cost curves that always use the same
supply curve. Supplies are straight lines, each depending on two parameters.

Table 1. Equilibrium Market Point Calculated Analitically

Market 0 1 2 3 4 5 6 7 8 9

price 3,3 4,1 4,9 5,71 6,5 7,4 8,2 9,1 10,0 10,8

energy 1720,7 1925,7 2115,2 2292,3 2459,3 2617,6 2768,5 2912,9 3051,7 3185,4

The inputs for this problem are:

1. The cost functions. q is the quantity of energy produced, C0 to C3 are the
prices demanded: Ci(q) = (4 + i)e − 6q3

2. The market scenario, a series of 10 demand functions (Dm) with the same
elasticity (i.e., the same steepness): Dm(p) = −1000p+(5000+1000m),
for m in 0 . . . 9

3. The set of Cournot market equilibrium points in table 1, (pricei, quantityi)
calculated analitically.

Table 2. Equilibrium Curves calculated by Analytical Method for 10 Market Points

Market Firm0 Firm1 Firm2 Firm3

0 150,43p 134,58p 115,46p 124,25p
1 135,57p 121,27p 103,92p 111,87p
2 124,26p 111,13p 95,16p 102,46p
3 115,29p 103,11p 88,22p 95,00p
4 107,96p 96,55p 82,56p 88,92p
5 101,84p 91,06p 77,83p 83,84p
6 96,62p 86,39p 73,80p 79,51p
7 92,10p 82,36p 70,32p 75,77p
8 88,15p 78,82p 67,28p 72,50p
9 84,66p 75,69p 64,59p 69,61p

Now, estimated equilibrium individual strategies were obtained after running
our equilibrium coevolutionary algorithm with four populations with the size of
1000, Cournot multicriteria fitness, 400 generations, tournament selection (size
4) and linear descending crossover probability, from 100% to 0%. The output of
our equilibrium method is:
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q′0(p) = 67.1636p + 226.987; q′1(p) = 56.4915p + 234.217
q′2(p) = 45.5331p + 272.999; q′3(p) = 41.5025p + 258.445

Every strategy q’i will be applied to each market m (demand curve Dm).
Estimated equilibrium aggregated supply curve for these market points is

in Table 1. We can see, that our estimated aggregated supply curve is a good
approximation to the non-colinear cloud of analytical market points. The mean
error is 2.65361% by market and firm respect to energy dimension. The mean
percentage error of estimated individual quantities for each market was 5.93%
and the mean percentage error of estimated energy share in each market was
1.11%.

4.1 Semi-synthetic problem

This section describes the application of our method to a semi-synthetic problem
componed by 40 market points. This problem was designed to reproduce current
scenarios in the Spanish electrical market, while being originated by theoretical
data, thus we can assess our results. The methods proposed here will be called
“Equilibrium Coevolutionary Genetic Model” (ECGM) and “Regression Coevo-
lutionary Genetic Model” (RCGM). The first method is the one being proposed
in this paper and tries to obtain the optimal oligopolistic solution, while the
second one was proposed in [2], and obtains the actual supply curves being used
in the market.

Individual strategies extracted by RCGM from 40 market points (price, en-
ergy, energy level, type of day, temperature) score 100% linguistic matching re-
spect theoretical individual strategies used to generate market points. The mean
percentual error of estimated individual quantities for each market was 2.92%
and the mean error of estimated energy share in each market was 0.69%. Results
of competition of the strategies resulting from applying RCGM and ECGM to
semi-synthetic problem respectively are in table 3. It can be seen that ECGM
pool obtains 159.852% more profit than RCGM pool generating 16.716% less
energy, thus there is still room to obtain more benefits if supply curves are im-
proved. Notice that the opposite result (better results than in the oligopolistic
equilibrium) would have meant that two or more of the agents have signed an
illegal agreement.

5 Concluding Remarks

We have experimentally shown that a coevolutionary genetic model can achieve
the Cournot equilibrium for a set of electrical markets. The tool proposed here
serves improve the profit of an electrical company by adjusting it to the supply
in terms of an oligopolistic marker. Moreover, this tool may also serve to the
Market Operator, because the estimation of the theoretical maximum profit and
its comparison to the actual situation can be used to detect illegal agreements
between generators.
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Table 3. Energy and Profit Comparison for RCGM and ECGM Resulting Pools

Firm 0 Firm 1 Firm 2 Firm 3

ECGM Pool Profit 198143 197669 195047 252652
RCGM Pool Profit 125191 156961 85585.2 135626
% Profit Variation -36.818 -20.5943 -56.1208 -46.3189

% Global Profit Variation -159.852

ECGM Pool Energy 140347 148200 145383 193681
RCGM Pool Energy 98210.3 196062 141886 226314
% Energy Variation -30.0231 +32.2956 -2.40524 +16.8487

% Global Energy Variation +16.716
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Ciudad Universitaria s/n. 28040 Madrid. Spain

mmorato@mat.etsia.upm.es

Abstract. Multiple alignments of biological nucleic acid sequences are
one of the most commonly used techniques in sequence analysis. These
techniques demand a big computational load. We present a Genetic Al-
gorithms (GA) that optimizes an objective function that is a measure
of alignment quality (distance). Each individual in the population repre-
sents (in an efficient way) some underlying operations on the sequences
and they evolve, by means of natural selection, to better populations
where they obtain better alignment of the sequences. The improvement
of the effectiveness is obtained by an elitism operator specially designed
and by initial bias given to the population by the background knowl-
edge of the user. Our GA presents some characteristics as robustness,
convergence to solution, extraordinary capability of generalization and a
easiness of being coded for parallel processing architectures, that make
our GA very suitable for multiple molecular biology sequences analysis.

1 Introduction

The best way to discover relationships among genes is through analysis of their
nucleic acids and proteins sequences. They have to be properly represented as
extended strings from predetermined alphabets. Those alphabets use four ”char-
acters” {a, c, g, t} when they are expressing the nucleic acids. The panoply
of algorithms for multiple sequence alignment has been growing tremendously.
In last decades, new methods have been developed: Some are exhaustive meth-
ods, based on dynamic programming, heuristics like MSA, and modifications like
MAP [1]; for obtaining the alignment of many sequences there are programs, with
a sub-optimal behaviour [2], implementing the progressive alignment technique.
� This research has been supported by the Spanish National Research Institution
”Comisión Interministerial de Ciencia y Tecnoloǵıa-CICYT”, Project TIC2002-
03519.
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All these methods require a heavy computational load, and other optimization
alternatives like the Markov modelling of the sequences [3] were proposed. Still
demanding however a big computational power when dealing with many se-
quences: The computational load depends on O(k ∗ n2), where ”k” represents
the number of sequences and ”n” is the length of them (assuming they all have
the same one).

1.1 Genetic Algorithms for Sequence Analysis

Multiple sequence analysis requires finding alignments with the minimum num-
ber of changes in the sequence structure. GA are capable of finding the optimal
alignment or sub-optimal alignments as well as those found by other procedures
classical in biology. Starting from our previous research, where two sequences
comparison algorithm [4] and three sequences comparison algorithm [5] where
developed, we have improved those algorithms, introducing new operators and
functions capable of optimizing the alignment of multiple sequences.

2 Problem Formulation

In our previous research we have presented a very efficient GA for multiple
sequence comparison [6]. However, the choice of the alignment structure is a big
issue in sequence comparison, especially when the sequences to be aligned have
a loose coupling among them. Taking advantage from GA robustness, we have
recently added several modifications in the GA architecture in order to improve
GA generalization and flexibility when dealing with very unlike sequences.

2.1 Genetic Algorithm Description

For biological sequences comparison and best alignment identification we de-
signed a GA derived from the simple (and multipurpose) ones presented by [7].
The GA starts with a random population; the individuals of the population
represent some operations on the biological sequences. After carrying out those
operations, the alignment of the sequences is computed for each individual by
the objective function. The genetic operators are applied to the population in
order to create a new population, this new population is evaluated by the objec-
tive function and the loop re-started until some of the break criteria are fulfilled.
Reproduction, crossover and mutation operators are applied to consecutive pop-
ulations in order to evolve to a new population, where the performances (mea-
sured by the objective function) of their individuals (one of them at least) are
better.

2.2 Elitism Operator

In general, GA performances are improved when outstanding individuals are
automatically passed to next generation. However, this strategy tends to pre-
mature convergence in the optimization. Several improvements to elitism have
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been presented [8], but they do not pay attention to the nature of the prob-
lem under optimization. For a GA working in the deterministic application, an
elite of one individual could be enough to improve performances without prema-
ture convergence. But this elitism strategy is a bad approach when working in
a stochastic application like ours: the same high-fitness individual at iteration
”t” may present bad performances at iteration ”t+1” when its chromosomes
are demanding improper character replacements. To avoid it, the first step is to
increase the number of individuals in the elite. However, the higher this number
the quicker population looses diversity. In our simulations, 30% of individuals
at the elite configured the maximum allowable. We implemented the following
restriction: After iteration ”t”, the 30% of the individuals were pre-selected as
candidates to the elite, but before being passed to next generation, they were
measured again by the objective function. Only those individuals who are now in
the top 10% of the rank are selected, and the rest are disregarded for the elitism
operation. In most of the iterations, the best individual was not selected, espe-
cially at the beginning. The performances of this elitism operator were described
at [9].

2.3 Objective Function

Evaluation of the alignments is carried out using an Objective Function. For
more M sequences, it seems reasonable to define the objective function fM from
the sum of all the partial fi,j. fitness function, where i,j sweep all M possible
pairs. This definition of fM causes a bad behavior of the GA because it can
force solutions with a lot of blank characters, and this is not easily avoided by
reducing the weightblank. So, for M sequences, f has three terms: The first term,
fmatch1, is obtained by computing the matches between two sequences, one fix
sequence (no matter which one is selected, let us consider sequence 1 and the
other sequences. The second term contains the matches between all the possible
pairs of sequences where sequence 1 is not present. The third term computes the
entire blank simultaneous among all the sequences.

2.4 Individuals Codification

For the sake of clarity let us consider only three sequences, M=3. Only M-1
sequences are going to be rotated in relation to one fix sequence, so each indi-
vidual, xi, has to represent a certain number of rotations and a certain number
of blank insertions on sequence 2 and 3. The ”genome” of individual ”i” is [Ri2

Bi2 Ri3 Bi3]. The genome of individual ”i” is contained in row ”i” of the pop-
ulation matrix. The genome has two parts: one related to the first sequence to
be manipulated [Ri2 Bi2] and another related to the second sequence to be ma-
nipulated [Ri3 Bi3], each part is codified in two ”chromosomes”: Rij represents
the number of rotations requested by the individual ”i” to sequence ”j” (j=2
or 3). Bij is also an integer number, but when it is translated into its binary
format it is a 2* lseqstring of 1’s and 0’s (0 ¡ Bij ¡ 22∗lseq –1), now each pair
of bits placed at position ”2k-1” and ”2k” means: ’00’: No change at position
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”k” of the sequence. ‘10’: Blank insertion at position ”k” of the sequence. ’01’:
Character elimination at position ”k” of the sequence. ’11’: Character replace-
ment at position ”k” of the sequence. With this extended codification scheme,
all the operations on the biological sequences are provided, giving to the GA the
capability of finding better alignments because of the enhanced search space.
Doing so, the whole population of N individuals is codified in an N x 4 matrix,
N x 2(M-1) matrix, for M sequences.

Population =




R12 B12 R13 B13
R22 B22 R23 B23

.

.

.
.
.
.

.

.

.
.
.
.

RN2 BN2 RN3 BN3




The number of rotations applied to the sequence ”j” by individual ”i” is
codified in a plain integer number, namely Rij . That number means R (rotations)
shifts to the left of the characters of the sequence, and it varies between 0 and
lseq-1 (lseq is the length in characters of the sequence).

2.5 Parameter Selection

The internal parameters are: Number of individuals ”N”, the probability of
crossover ”Pc” and the probability of mutation ”Pm”. All the simulations run
have demonstrated the robustness of the algorithm in the sense of low sensitivity
of the algorithm’s performance to the internal parameter values. However, good
performances are obtained with N�50, (more individual increase the computing
load without reducing the number of algorithm’s iterations before convergence)
and with Pc = 0.3 and Pm = 0.03, with these values the iterations can be stopped
at the 100th generation because no better solution is usually found later on.

3 Improvements

The improvements that we have implemented are: Objective Function Scaling,
Biased Initialization and Character Substitution Avoidance. They offer to the
researcher the possibility of driving the convergence process when the disparity
among the sequences forces the GA to stagnate.

3.1 Objective Function Scaling

We use a cubic scaling fit =
(

f
fmax

∗ 100
)3

for the objective function to keep
adequate levels of competition among the individuals of the population. It may
happen, at advanced stages of the convergence process, that the average scoring
for the whole population is very close to the best individual score. At that mo-
ment, almost everybody in the population has already the same probability to
pass to the next population; in this situation the survival of the best individual
is threatened by the middling individuals. The best individual selected by the
elitism operator is ”usually” from the first places of the population ranking (see
Fig.1(b)), and, occasionally, a new individual, coming from the last places in the
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Fig. 1. (a) Objective function vs. iterations, (b) individual rank before scaling
objective function (c) Objective function vs. iterations and (d) individual rank
after scaling objective function

rank, becomes the best individual (it is selected for the next population by the
elitism operator). A symptom of population stagnation is the continuous selec-
tion of the first individual by the elitism operator. The change of the objective
function to a cubic scaling enhances the differences among individuals and the
population opens itself to a wide search space where new best individuals ap-
pear from not only the first places of the rank. The effect of this improvement is
depicted in Fig.1(a)-1(b) and 1(c)-1(d). This prevents the GA to converge very
quickly in a local maximum.

3.2 Biased Initialization

In our previous GA, the initial population were randomly generated with a uni-
form distribution. The population is codified in binary and it represents a wide
search region because all the possible solutions have the same probability to ap-
pear in it. In other words, for a big number of individuals, there are almost the
same number of ”1” bits than ”0” bits. In our coding scheme, each pair of bits in
Bij represents a special operation on the sequence, and all the allowed operations
have the same probability in the initial population. For many cases of sequence
alignment, it is convenient to search the best solution favoring one type of op-
erations instead of other. This can be done by assigning a probability (Pxxx) to
each operation: Pins to character insertion, Psus to character substitution and
Peli to character elimination. The improvement consists in passing a filter to
the individuals of the initial population in order to accommodate the operations
represented by their individuals to the selected Pins, Psus and Peli.During the
convergence process, if a mutation in one individual creates an operation that
initially was restricted by a low Pxxx , that operation has to produce a significant
advantage to the individual, and if not, it will be suppressed by the evolution
process.

Example of Biased Initialization In the next examples it can be appreciated
how this initial bias affects the first iterations of the GA, forcing the search in
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regions where no many character operations are allowed. The three sequences
are:

S1:asvltqppsvsgapgqrvtisctgsssnigaghnvkwyqqlpgtapklli
S2:qsvltqppsasgtpgqrvtiscsgtssnigsstvnwyqqlpgmapklliy
S3:evqlvqsgggvvqpgrslrlscsssgfifssyamywvrqapgkglewvai

Note: they have been reduced in length for clarity. When there is no initial bias,
the best alignment after 2 iterations is:

Op S1,R=3:IIEIS.IESIISSEISE.S.IEESSIE.......................
S1: t wp sp mhP gRVgI Cgkr nigaghnVkWYQQLPGtAPKLL
S2: qsvltqppsasgtPgqRVtIsCsgtSSnigsstVnWYQQLPGmAPKLLiy
S3: vqsgggvvqpgrlrlscsss gfifSSyamwvrqpgkglewvaevqLvvv
Op S3,R=4:............E.......I.........E...E........E......
Score = 0.6378

The row Op S1 represents the insertions (I), Eliminations (E) or Substitu-
tions (S) carried out to the character placed at the same position. The dot (·)
means no operation. R represents the number of rotations in the sequence. When
there is no initial bias, the best alignment after 27 iterations is:

Op S1,R=3:IIEIS.IESIISSEISE.S.IEESSIE.......................
S1: t wp sp mhP gRVgI Cgkr nigaghnVkWYQQLPGtAPKLL
S2: t vp si ykP iRVeI Cgks nigaghnVkWYQQLPGtAPKLL
S3:vqsgggvvqpgrlrlscsss gfifSSyamwvrqpgkglewvaevqLvvv
Op S3,R=4:............E.......I.........E...E........E......
Score = 0.6375

And the convergence process is represented in Fig.2(a) and Fig.2(b), When
the initial bias is set to : Pins = Psus = Peli = 0.01, the best alignment after 2
iterations is:

Op S1,R=3:........................I.........................
S1 aSVLTQPPSvSGaPGQRVTISCtG SSSnigaghNvkwyqqLpgtApkll
S2 qSVLTQPPSaSGtPGQRVTISCsGtSSnigsstVNwyqqlpgmapklliy
S3 vqsgggvvqpgrslrlscss sgfifSSyamywVrqapgkgLewvAievq
Op S3,R=4:...................I.............................
Score = 0.64

the best alignment after 31 iterations is:
Op S1,R=0:....................EI..S...I........EE...I.E.....
S1 aSVLTQPPSvSGaPGQRVTIc tGkSSN igaGhNvkyQLPG tPKLLaa
S2 qSVLTQPPSaSGtPGQRVTIScsGtSSNigsstvNwyqQLPGmaPKLLiy
S3 sggfvQPgrs lrlcvsVifSsyamyw vqapGk glw v aievqLqss
Op S3,R=6:.E.S......I...ESESE........I.E....I..EI.I......E.E
Score = 0.6902

And the convergence process is represented in the Fig.2(c) and Fig.2(d).
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Fig. 2. (a) Individual rank at each iteration, (b) Objective function vs. it-
erations, (c) Individual rank at each iteration and (d) Objective function vs
iterations
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3.3 Substitution Avoidance

When a character substitution is performed in a sequence, the scoring of the
objective function may oscillate from one iteration to another, due to the fact
that the replacement is randomly selected at each iteration and that changes in
the selected character produce different scorings. If the best individual of the
population has several substitutions in its genome, it can affect its position in
the rank and even force it to disappear. For this reason we let the GA to reduce
the number of substitutions contained in the genome of each individual. This
limitation is very common in Nature, because it means a real mutation that is not
frequent in living beings. Note: When substitutions are forbidden, the behavior
of the application returns to deterministic, and then, the special elitism operator
(paragraph 2.2) is no longer required.

Example of Substitution Avoidance In the next examples it can be appre-
ciated how this Substitution Avoidance accelerates the convergence process. The
three sequences are,

S1:atgcatatgcataattaacttgcaaatcgaatcaaaagctattattctga
S2:acatatattgcattaaaactggcacatgaaataatgttacgatatacgca
S3:aattgagcggcataaccttattcacccaacggattgagcgcaataacctt

Eliminación = 0.1000, Sustitución = NO, Inserción = 0.1000
When there is initial bias and no substitution, the best alignment after 2 itera-
tions is:

Op S1,R=0:....................EI..S...I........EE...I.E.....
S1 aSVLTQPPSvSGaPGQRVTIc tGkSSN igaGhNvkyQLPG tPKLLaa
S2 qSVLTQPPSaSGtPGQRVTIScsGtSSNigsstvNwyqQLPGmaPKLLiy
S3 sggfvQPgrs lrlcvsVifSsyamyw vqapGk glw v aievqLqss
Op S3,R=6:.E.S......I...ESESE........I.E....I..EI.I......E.E
Score = 0.6902

the best alignment after 36 iterations is:

Op S1,R=6:.......E.......E...I.E.......EE.I...E..I.....I..I.
S1 AtGCATATTAaCTTgAAAt caatCAaAACAT TatcTg aATgc at A
S2 AcatATATTgCaTTaAAActGgcaCATgAaATAaTgtTaCgATatacGcA
S3 aGCgcAaTACCTT AAtgaGcggCATAACtTATTca cCcAac GgA
Op S3,R=36I.........E...I...E...........E......I......III...
Score = 0.3240

And the convergence process is represented in the following figures.
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4 Conclusions

The latest improvements that we have added to our GA for multiple sequence
comparison allow driving the search towards certain regions where the user ex-
pects to find ”good” sequences alignments. Those regions are defined by the
restriction (totally or partially) of some operations on the sequences. The re-
strictions are applicable during the initialization phase or during the whole con-
vergence process. This improvement reduces the number of iterations and the
convergence to local maximum. The user has to decide, based on his previous
experience, where those regions are, and select the appropriate amount of Pins,
Psus and Peli.But, if the user wants to explore the whole search space, setting
those parameters to 1 no restriction is applied.
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Abstract. Control problems are clear examples of multiobjective optimization. 
In this kind of problems a series of objectives, some of them opposed to each 
other, will be optimized in order to fit some design specifications.  
Moreover, evolutionary algorithms have been shown to be ideal for the 
resolution of these kinds of problems because they work simultaneously with a 
set of possible solutions, thereby favoring convergence towards a global 
optimum. In this document we propose a way of dealing with the different 
objectives considered and a genetic-evolutionary algorithm that will enable 
some phases of the controller design to be automated. 
Finally, an application example of the methods outlined will be applied to the 
design of a controller to reduce the sickness index on a high-speed ship. 

1 Introduction 

Many problems in science and engineering require the simultaneous optimization of 
multiple objective functions. It will therefore be necessary to optimize a function of 

the form TSf →:  where nS ℜ⊂  and mT ℜ⊂ . However, the problem is that there 

is not usually an element in S producing an optimum simultaneously for each of the m 
objective functions. This is due to a conflict among objectives. Thus, improvement in 
one of them gives rise to deterioration in another. Consequently, it will be necessary 
to reach a compromise or trade-off solution in which all the objectives are satisfied in 
an acceptable degree from the point of view of the design. 

Evolutionary algorithms have demonstrated good behavior in the solution of 
multiobjective optimization problems. Evolution in these kinds of algorithms is 
achieved by evaluating each solution coded in the chromosome population in order to 
see its fitness and compare the results of this evaluation so that the most suitable 
solutions have a higher probability of reproducing and transmitting their 
characteristics to their offspring. 

When comparing fitness a new problem arises. What should be compared in the 
treatment of multiple objectives satisfied to a greater or lesser extent by the different 
chromosomes of the population? 

Some ways of approaching this last problem [4] will be commented on below 
where a new method is proposed. Lastly, this method will be applied to a specific 
problem. 

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 369-376, 2003. 
c Springer-Verlag Berlin Heidelberg 2003



1.1 Methods based on the notion of Pareto dominance  

These methods are based on the notion of Pareto dominance. Among them, those 
used by Fonseca and Fleming [5] or by Srinivas and Deb [8] can be mentioned. 

1.2 Methods not based on Pareto dominance 

Other approaches not based on the notion of Pareto dominance have been used by 
other authors [4], such as the weighted sum, lexicographic ordering, or the goal 
programming methods [3] and [6]. 

2 Method of variable priorities for multiobjective evolutionary 
optimization 

The method proposed below is inspired by lexicographic ordering and the goal 
programming methods, and the notion of Pareto dominance. It has been used 
successfully by the authors in earlier works [1] and [2]. 

Given nS ℜ⊂  and mT ℜ⊂ , the function to optimize will be of the form 
TSf →: . Another function TSg →:  will be taken as the evaluation function of 

the evolutionary algorithm, where the m values returned by g are obtained by 
normalization of the m values returned by f. 

2.1 Normalization 

To carry out normalization, a vector will be established with the desired goals for the 
different objectives (in control problems, they will be based on the design 
specifications); let o = {o1, ...., om} ∈  T be this vector. For a chromosome x, the 
normalized values will be: 

i

ii
i o

xfo
xg

)(
)(

−
=  

(1) 

By means of normalization every objective becomes comparable to another. The 
original problem turns into a minimization problem. 

2.2 Ranking 

Population ranking is done in a similar way to the lexicographic ordering method [4], 
i.e., comparing the fitness vectors of the chromosomes bearing in mind the priorities 
of the objectives. The difference is that in the current method, priorities are not fixed, 
and even chromosomes in the same population will have different priorities. 
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Let u = g(xu) and v = g(xv) be the fitness vectors returned by the evaluation 
function for two different chromosomes and let )(uγ and )(vγ  be the respective 

permutations of their elements, arranging them in decreasing order. )(uiγ and )(viγ  
will denote their ith elements. 

Consider also the disjointed sets C and D, whose elements will be indexes of the 
different objective functions, created in the following way: 

{ }

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γ>γ⇔∈
γ<γ⇔∈
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Definition 1 (preferability) Vector u is preferable to vector v ( vu f ), if and only if 
φ≠C  and also: 

(D)(C)D minminor          <= φ  (3) 

Definition 2 (equivalence) Vector u is equivalent to vector v if and only if C = D = 
φ . 

The following theorems, whose demonstrations are trivial, fulfill the requirements to 
carry out population ranking, in function of their fitness vectors: 

Theorem 1. If vector u is not preferable to vector v, and both vectors are not 
equivalent, then vector v is preferable to vector u. 

Theorem 2 (transitive property) If vu f  and wv f  then wu f . 

The idea is that the objective farthest from its goal will have the greatest priority in 
each chromosome. Population ranking will be made according to fitness vector 
preferability. 

3 A multiobjective genetic-evolutionary algorithm for selecting 
and tuning controllers 

Evolutionary algorithms have been used successfully to solve multiple problems, 
among them control problems. 

The algorithm presented here is one step further in the process of automation of 
controller design. A genetic algorithm will try to determine the best controller 
structure to use. 

Two loops can be distinguished inside the algorithm. One is external, consisting of 
a genetic algorithm with chromosomes made up of binary numbers and using the 
mutation and crossover operators in an attempt to determine the best control structure. 
The other is internal, consisting of an evolutionary algorithm whose chromosomes 
will be made up of real numbers and using operators adapted to this kind of 
codification (see [7]) that will take charge of evaluating each one of the controller 
structures obtained by the external algorithm. 
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3.1 Internal loop 

Figure 1 shows a typical control system diagram. The controller block will do the 
plant to track the input to the system, called a reference signal. Once the structure of 
the controller block has been determined, the tuning process will determine the values 
of a series of parameters for this block.  

 

Fig. 1. Control diagram 

The tuning process was carried out by the authors in [1] and [2] by means of an 
evolutionary algorithm, using in its fitness evaluation function the multiobjective 
optimization method explained in Section 2. This evolutionary algorithm will 
constitute the internal loop of the most general algorithm that is being presented. 

Chromosomes will be coded as real number vectors, with as many elements as 
controller parameters need to be determined. The tournament selection technique and 
usual mutation and crossover operators for real number chromosomes will be used. 
The evolutionary algorithm will have the following steps: 

1. The initial population is chosen randomly. 
2. Chromosomes are decoded and evaluated by means of a computer-experiment 

simulation. The population is sorted according to fitness. 
3. If the end conditions are given, the program concludes.  
4. Tournament selection is used. 
5. A new population is obtained from the selected chromosomes by means of 

mutation and crossover operators. In order to favor diversity and avoid premature 
convergence, a small number of immigrants are added (chromosomes obtained 
randomly). 

6. Return to step 2. 

This process will be repeated for each one of the controller structures determined 
by the external loop. 

3.2 External loop 

The external loop algorithm is built as a new layer or level over the internal loop just 
described. The objective of the external loop algorithm is to determine, by means of 
genetic techniques, the best control structures. 

The controller will be formed by series connection with some of the following 
basic control subblocks: 

1. Gain: K. 

2. Simple pole and zero: 
ps

p

+
 y 
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ps +
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3. Simple lead or lag: 
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4. Second order pole or zero: 
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Chromosomes will be made up of as many genes as different basic subblocks and 
each gene will be associated to one of these subblocks. Genes will take binary values, 
so that a 1 will indicate the presence of the corresponding subblock in the controller 
and a 0 will indicate its absence. 

Every structure built from basic subblocks -external loop chromosomes- will be 
passed to the internal loop for evaluation. The internal loop will build the controller 
by decoding the external loop chromosome and will obtain the best values for the 
controller parameters. In the external loop algorithm: 

1. The initial population is randomly obtained. 
2. Chromosomes are evaluated by the internal loop. Population is arranged according 

to fitness. 
3. If the end conditions are given, the program concludes. 
4. Tournament selection is used. 
5. A new population is obtained from the selected chromosomes by applying 

mutation and binary crossover operators. In order to favor diversity and avoid 
premature convergence, a small number of immigrants is added (chromosomes 
obtained randomly). 

6. Return to step 2. 

In short, the external loop will select the controller, while the internal loop will 
tune it. 

4 Application example 

In the CRIBAV project (Robust and Intelligent Control for High-Speed Crafts), the 
aim is to make robust controllers acting on some control surfaces (Flap and T-foil, see 
detail in Figure 2) absorb pitch and heave movements of a high-speed passenger ship. 
Additional information can be found on the Web:  http://ctb.dia.uned.es/cribav/. 

The aim will be to reduce passenger sickness index. In order to achieve this, it will 
be necessary to reduce the vertical accelerations of the ship due to waves. The 
following expression will be used for vertical acceleration, measured 40 meters away 
from the gravity center of the ship: 
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Fig. 2. Control surface detail 

From the previous expression, the mean acceleration will be calculated for an 
experiment (by means of computer simulation). Considering N sampling instants, the 
expression for the mean acceleration will be: 
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This expression will be employed by the evaluation function of the evolutionary 
algorithm to obtain a suitability measurement for a specific controller. 

Different objectives considered in the evaluation function were: 

� Stability of the system Plant + Controller. 
� Saturations in the Flap: 0º ≤  value ≤ 15º. 
� Saturations in the Tfoil: -15º ≤ value ≤ 15º. 
� Mean acceleration: J. 

Because of the high computational cost required, the algorithm was implemented 
in C and parallelized using the specialized library MPI. The algorithm is easily 
parallelizable, bearing in mind that each chromosome of the external loop population 
can be evaluated by a different processor, and the results obtained can then be 
grouped. The program was executed on a Silicon Graphics Origin 2000 computer, 
using 30 processors, one for each  external loop chromosome. 

The program, once it had been designed, was executed for three different speed 
and sea state conditions. The sickness index reduction of the ship without control 
appears in the following table for different speed and sea state conditions:  

 
Speed (Knots) Sea State Sickness index reduction 

20 4 12,7% 
40 4 46,4% 
40 5 13,6% 

The best results were obtained for speed = 40 knots and sea state 4. For these 
conditions, the controller obtained is shown in Figure 3, and the acceleration 
evolution and the MSI (Motion Sickness Incidence) for a range of encounter 
frequencies, with and without control, are shown in Figure 4. 
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Fig. 3.  Controller obtained for V = 40 knots and sea state 4.  
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Fig. 4.  Evolution of the acceleration and MSI for a range of encounter frequencies  
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Abstract. One of the most promising approaches for gaining insight into the 
biological activity of genes is to study their expression patterns in a variety of 
experimental conditions and contexts. In this work we present a genetic-
algorithm-based approach for optimizing weighting schemes of variables used 
to improve clustering solutions. The same technique is used for feature selec-
tion and the detection of marker components in large datasets. An original 
string representation based on real numbers is used to encode the variable 
weight, and a modified silhouette value is used as fitness function. The strategy 
has a generic and parametric formulation, and effectiveness is demonstrated on 
gene-expression data. 

1   Introduction 

The spread of gene-expression monitoring technology allows the analysis of several 
thousands of genes simultaneously by measuring their transcription levels under differ-
ent conditions, different times and from different tissues. The set of expression profiles 
for the genes form a table generally known as the gene-expression matrix [3]. 

The preferred applications for processing these data are (a) clustering analysis [6, 20, 
11] based on the expression profiles of genes (or experiments) used to identify similari-
ties in the gene behavior from which it is possible infer that those genes are co-regulated 
genes or, in general to understand the underlying biological processes; and (b) classifica-
tion to places an object in one and only one of a priori defined groups. The latter is 
achieved by feature set selection (FSS): the reduction of large number of variables to 
small informative components [19]. 

In this work, we first focus on improving clustering solutions by using a weighting 
schema on the distance metrics [7]. Choosing the correct weights enhances cluster 
definition, both the homogeneity of the cluster itself, and separation between clusters. 
We then turn on attention to FSS from gene-expression data. Selecting the most im-
portant features provides both a better representation of the data and a class predictor. 
In this case the interest is focused on determining the best genes by their discrimina-
tive ability to locate a sample in a given group. 

The strategy we propose is based on a generic application which explores the solu-
tion weighting space through a genetic algorithm. The approach is illustrated with 

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 377-384, 2003. 
c Springer-Verlag Berlin Heidelberg 2003



results from the optimization of the weights for different data sets, in which we will 
show how the method produces noticeable improvements in cluster definition and in the 
selection of variables as class predictors which improve classification accuracy. 

 
2 System and Methods 

2.1   The Clustering Problem 

The clustering problem can be stated in terms of a set of n objects defined by p vari-
ables, each one describing a feature of the object. Distance measurements are used for 
dividing the set of objects into groups or clusters, in a way that satisfies two basic 
criteria: homogeneity (elements in the same cluster are highly similar to each other), 
and separation (elements from different clusters have low similarity to each other). 

Weighting a variable means giving it greater or lesser importance than others 
when using it to compute the distance between objects. In this work, two weighted 
similarity metrics will be discussed: the squared Euclidean distance and the Pearson 
correlation coefficient [17, 5, 15]. These metrics are general enough to allow the de-
duction of other similarity metrics from them. 

A modified version of the silhouette value [16] is proposed to evaluate the quality 
of the solution [4, 13, 18]. For each object i an index si ∈[-1,1] measures the relation 
between bi and ai; where ai is the average dissimilarity of object i to all other objects in 
its own cluster A and bi  is the average dissimilarity of object i to all objects in the 
nearest cluster B, being |A| and |C| the numbers of elements in clusters A and C. 

{ } )1.(,
,max

,),(
1

min,),(
1

1

,

Eq
ba

ab
Sjid

C
bjid

A
a

ii

ii
iCjAC

i
jiAj

i

−=






=

−
= ∑∑ ∈≠≠∈

 

Values of si close to 1 mean that object i is closer to its own cluster than to its 
neighbor cluster and is taken as well classified. On the converse relationship, values 
of si close to -1 mean that object i is misclassified. Kaufman and Rousseuw [12] con-
sider a reasonable classification is characterized by silhouette above 0.5 and values 
below 0.2 should be interpreted as a lack of substantial cluster structure.  

2.2   The Classification Problem 

A classification procedure involves the assignment of objects into mutually exclusive 
and exhaustive groups on the basis of a set of independent variables. To this end, a 
linear combination of variables is proposed for discriminating between the a priori 
defined groups in such a way that the misclassification rates are minimized. We pro-
pose an automatic procedure for defining a class-predictor based on the expression 
levels of a sub-set of genes. In this case we work with the transpose matrix in which 
experiments or samples become the rows and genes the columns or variables. The 
problem lies in choosing the best set of genes to discriminate between classes.  

Different approaches have been proposed for accomplishing FSS on gene-
expression data. Golub [9] proposed a class-predictor based on a subset of genes. 
Briefly, they define an idealized expression pattern, corresponding to a gene that is 
uniformly high in one class and uniformly low in the other. A similar approach to FSS 
in large scale medical risk prediction problems has been used by Lowell [14], based 
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on expected discrimination to select features in two-class prediction problems.   Ali-
zadeh [1] used DNA micro arrays to conduct a systematic characterization of gene 
expression in Diffuse Large B-cell Lymphoma (DLBCL). Hierarchical clustering was 
used to group genes and two DLBCL subgroups, thus genes relate each subgroup to a 
separate stage of B-cell differentiation and activation. Bittner [2] reported the discov-
ery of a subset of melanomas identified by analysis of gene expression in a series of 
samples, being able to identify subtypes of cutaneous melanoma and predict pheno-
typic characteristics. Iyer [11] studied the response of human fibroblast to serum, by 
observing the temporal program of transcription that underlies this response in 8600 
human genes. A subset of genes whose expression changed substantially in response 
to serum was clustered hierarchically. Many features of the transcripts were related to 
the physiology of wound repair, suggesting that fibroblast plays a rich role in this 
complex multi-cellular response.  

   Our approach will be able to manage the problem of selecting the most relevant 
features for the multiple groups problem. The challenge is that the number of features 
(i.e. the number of genes) is especially high, producing an extremely large solution 
space that we propose to explore by using a genetic algorithm.  

 
2.3   The Genetic Algorithm 

Genetic Algorithms (GA) are stochastic global search methods which mimic natural 
biological evolution by working through a population of potential solutions applying 
the principle of survival of the fittest to produce closer approximations to a solution 
[8]. At each generation, a new set of approximations is created by selecting 
individuals according to their fitness, and breeding them together using operators 
borrowed from natural genetics. In our case, individuals represent putative solutions 
for the problem of optimising the property weights. We assume a collection of real 
property vectors (pFile) for which a partial solution is known (rFile). The goal can be 
stated as: search for the property weights that optimise a given fitness function. 
Different indices have been implemented to assess how potential solutions perform in 
the application domain: silhouette value [17], BD-index [4], Minkowski measure and 
Jacard coefficient [18]. A pseudo-code for the pGA is shown in Table 1. 

Table 1. Pseudo-code outlining the parametric GA described in the main text 

A population P0 of I individuals representing property weight vectors (with N fea-
tures), is initially set (step 2) with random real values in the range [0,1), satisfy-
ing: )2.(,...1,1

1 , EqIiP
N

j ji =∀=∑ =
      

[1] GetParameters ( pFile, rFile,oFile, I, N,E, G, M,L,C,F,D, S,T,B) 
[2] CreateInitialPopulation Pg=0(I,N,E); 
[3] for generation g=1 to G, do { 
[4]  EvaluatePopulation(Pg-1,I,F,D); 
[5]  Select (Pg from Pg-1, S,T) 
[6]  Crossover(Pg, C); 
[7]  Mutate(Pg, M,L); 
[8]  if (ElitistStrategy) Elitist(Pg, B);  } 
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In step [4] the objective function is used to evaluate each potential solution. The 
original description of the silhouette value [16] depends on the number of elements in 
each cluster, which can lead to evaluation faults. For instance, given two neighbour 
clusters A and B, such as the number of elements in A is greater than in B, i.e, 
|A|>>|B|, and let i be an object belonging to cluster A, located in the border of A and 
near to cluster B To manage this problem we reformulate the silhouette value as fol-
lows: Let N be a set of n elements described by p real-value properties. Let 
C={C1,C2,......,Ck} be the partition of the set N into k exclusive clusters ( k < n) and let  

C ={ }KCCC ,....,, 21 , the centroids of each cluster. 

Let i∈N, and be Cp the group to which this element belongs. The distance from 

element i to the centroid of the cluster  Cp is d(i, pC ), and the distance to the closest 

group for the element i is computes as the distance from i to the centroid of the cluster 

Cr different of Cp: 
rC

min {d(i, rC )} ∀   r ∈  {1,..,k}  and  r ≠  p. Being Cq the nearest clus-

ter, ),( qCid  =
rC

min {d(i, rC )}, then the quality value for element i is defined as:  and 

finally, the fitness value is the average of the Q i for all objects 

i in the data set: 
n

Q
F

n

i
i∑

== 1
, that satisfy –1 ≤ F ≤ 1. 

Function F is used as the objective function and by maximizing this value the clus-
tering results can be improved. The algorithm proceeds selecting individuals for re-
production (step 5) on the basis of their relative fitness. The default selection strategy 
works by a roulette wheel mechanism selecting individuals on a probability basis of 
the relative fitness value of individual, in such a way that the number of offspring will 
be proportional to the individual performance. An alternative selection procedure 
based on uniform sampling, has also been implemented.  

In step 6, I/2 pairs of individuals are selected to be mutually crossed to produce I 
new individuals that have part of both parent's genetic material. The number and 
length of the fragments to be interchanged is controlled by parameters (allowing 
multi-point crossover). Both fragments must be normalised to satisfy Eq.2, 

Finally, mutation is applied in step 7, to produce a new genetic structure, acting as 
a safety net to recover good genetic material that may be lost through the action of 
selection and crossover [8]. Mutation is controlled with two parameters: (a) the num-
ber of individuals (mutation rate) and the number of property positions to be mutated 
(mutation level). Both, M*I individuals and the property positions (j and k) for the 
individual i are randomly selected. The mutation is achieved by perturbing the eij and 
eik positions with a ε  value in the range max(-eij, eik-1)  • ε  • min(1 - eij, eik) to satisfy 
Eq.2. 

At this point a new population has been produced by selection, crossover and mu-
tation of individuals from the old population, and a new generation can start with the 
fitness evaluation for this new population. In some cases it is desirable to determinis-
tically maintain one or more of the best-fitted individuals through the use of an elitist 
strategy, controlled by B parameter in step 8. The algorithm works during G itera-
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tions. This ending has been chosen because in some cases the fitness may remain 
constant for a number of generations before a new superior individual is found. Fi-
nally, we mention that there is no algorithmic constraint with respect to the property 
vector employed [15]. In particular, it may accommodate either homogeneous or 
heterogeneous property vectors. 

3   Results 

In this section we will demonstrate the functionality of the proposed algorithm on two 
detailed tests, both related to gene expression data. In the first test the automatic se-
lection of the most important features will be used to produce a class-predictor able to 
determine the class of new samples. The second test will demonstrate the improve-
ment in separation and homogeneity, the two key characteristics of cluster quality. 

3.1   Feature Selection and Class Predictor 

For the first case the human cancer gene expression data set described in Golub [9] was 
used. This data set consists of 38 samples obtained from acute leukaemia patients and 
containing probes for 7129 human genes. Samples correspond to two different types of 
disease: acute myeloid leukaemia (AML) and acute lymphoblastic leukaemia (ALL). For 
this problem the phenotype cluster solution is known a priori: number of classes and 
composition. The challenge is to identify those genes that better discriminate the clusters. 

Genes with low-magnitude expression values throughout all the samples do not have 
interesting features for discrimination purposes. Thus, the data set was normalized and a 
standard deviation filter was used to discard genes with flat expression levels. The final 
set was composed of 3699 genes. The Q-value for this data set with uniform weights 
and Pearson correlation coefficient was 0.376 (using Euclidean distance was up to 
0.209). This value will be the baseline for this test. 

The weighting schema was optimised using the GA, with parameters G=8000, 
L=2  (the rest were default values) and the a priori cluster information (two clusters, 
AML and ALL). Results are shown in Fig.1  for the evolution of the fitness value and 
the weight scheme. The quality of the cluster solution is improved obtaining a Q-value 
up to 0.844 using Pearson distance and up to 0.638 with Euclidean distance. Im-
provement of the silhouette value is around 74%. 

Golub [9] choose the 50 genes most closely correlated with AML-ALL distinction 
in the known samples and use this selection as class-predictor to classify an independ-
ent data set composed of 34 samples (http://www-genome.wi.mit.edu/cgi-bin/cancer/ 
datasets.cgi) obtaining only 6 errors. The Q-value for this data set is 0.733 (Pearson 
distance) and 0.556 (Euclidean distance). Equivalently, we selected the 50 genes with 
higher weights produced by the GA, with a Q-value up to 0.82 (Pearson distance) and 
0.658 (Euclidean distance), representing a better definition for both sets. Firstly we 
repeat the one-left-out cross-validation procedure used by Golub et al. 1999 obtaining 
prediction rates up to 97% (37 of 38 hits) using between 30 and 50 genes, which 
compares positively with 36/38 reported by Golub [9] procedure. 

Using these 50 genes as class-predictor for the independent set, we were able to 
predict 28/34 samples based solely on the 39 genes with highest weights. The separa-
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tion between centroids of each class (ALL and AML classes) using unweighted and 
weighted Euclidean distances were 0.075 and 0.112, respectively, thus a noticeable 
and better separation between classes is obtained when using a weighted schemes. 

 
Fig. 1: Silhouette evolution (on the left) for max and min fitness value. Improve-

ments from initial values of 0.4 to up to 0.8 (vertical left-hand scale), from 8000 itera-
tions (upper horizontal scale). Weighing schema for the 3699 genes (bottom horizon-
tal scale) obtained for 10 runs (vertical scale on the right hand side). We have used 
logarithmic scales for a clearer presentation of the weighting scheme. On the right the 
average gene expression levels in classes AML and ALL for the 50 best genes ordered 
by weight  

3.2   Improving Clustering Solutions 

The second case we present is based on the study of the response of human fibroblast 
to serum. Iyer [11] used DNA micro array hybridisation to measure the temporal 
changes in mRNA levels of 8613 human genes at 12 times after serum stimulation, 
identifying a subset of 517 genes whose expression levels substantially changed in 
response to serum (www.sciencemag.org/feature/data/984559.shl). Genes were hier-
archically clustered by the procedure of Eisen [6], and discrete clusters were obtained 
by hand inspection using biological knowledge of human experts. The quality of such 
manual-solution is evaluated by our proposed Q-value was 0.26. 

We will proceed in the following way: the original data set will be hierarchically 
clustered using uniform weighting scheme, and discrete clusters will be produced by 
using a cut-off threshold. Since the election of the appropriated threshold is out of the 
scope of this document, we will proceed by moving the threshold in the whole dis-
tance range. For each solution the quality of the clustering will be evaluated among 
the following parameters: number of clusters and elements being clustered (those with 
distances between elements above the threshold), the proposed Q-value and the num-
ber of elements with negative silhouette value (see Fig.2, on the left).  Next, a weight-
ing scheme will be obtained by using the proposed GA, and the same experiment will 
be repeated, now using the obtained weights. We will show that cluster solutions are 
improved when using the weighting scheme.  

The initial partial solution, used as seed-set to evolve the weight scheme through 
the GA) is composed by the strongest related objects (i.e. more than 0.94 of correla-
tion index). Using this value as threshold 28 discrete clusters were produced from the 

382 Olga M. Pérez et al.



hierarchical tree, reporting an initial Q-value of 0.8. The weighting scheme was  op-
timized using the GA over the partial cluster solution. In this case each individual in 
the population represents alternative solutions for the weights assigned to each vari-
able. The algorithm applies the solution and computes the new clustering distances 
using that solution. The parameters used were: B=2, G=300 and Pearson correlation 
distance, the rest were default values. The initial data set was hierarchically clustered 
using the weighting scheme defined by the GA from the seed set. In Fig. 2 (on the 
right) we shown the evolution of the Q-value as a function of the threshold compared 
to the analogous clustering results obtained using homogeneous weights. An impor-
tant improvement in the quality of the clustering solution can be observed, in practical 
terms in the whole range of thresholds.  

Fig. 2 On the left, the evolution of the proposed parameter to evaluate the cluster solution 
as a function of the threshold value used to transform a hierarchical solution into discrete clus-
ters. The Q-value as defined in the main text; the number of objects with negative Q-value 
(misclassified); the number of clusters formed and the total number of classified objects are 
presented. On the right, the Q-value as a function of cut-off thresholds and the improvement 
percentage in cluster quality. In practically all cases weighted clustering schemes produce 
better Q-values, which means better cluster solutions. 

4   Discussion 
Genetic Algorithms are stochastic global search methods that mimic natural biological 
evolution to devise solutions for large optimization problems. This is the case for 
class-prediction methodologies which require selection of a representative set of mark-
ers from a large number of variables. Weighting schemes have also proved to be a 
useful technique for enhancing cluster definition, both the homogeneity of the cluster 
itself, and the relation between clusters.  

In this work we have presented a generic application for optimizing the weighting 
scheme used to compute property distances that can also be applied in the FSS do-
main. The application has been tested in two exhaustive exercises, achieving in both 
cases a substantial improvement in the quality of results. Our algorithm should be 
considered as a sort of automatic tool for determining, at an affordable computational 
cost, the best combinations of weights to be used for computing clustering distances. 
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Abstract. This paper deals with the separation problem of cervical cell image 
on its core image and its cytoplasm image. This segmentation permits the 
morphological analysis of each component for deducing a decision about the 
malignity of the cell. For that, we develop a supervised algorithm based on 
genetic algorithms. Firstly, we use an iterative algorithm for finding the 
thresholds which delimit the various classes of the image (core, cytoplasm and 
background). Then, all points of each class evolve in an evolutionary process 
based on genetic algorithms, this step permits to find the true class of each 
point. So, we obtain more precise results. We note that the core images and the 
cytoplasm images constitute the data base of a recognition stage for the vision 
system for tracking the cervical cancer. We applied our algorithm on several 
images, herein, we present some results obtained by two cervical cell images. 

1   Introduction 

To recognize the malignant cells, it appeared judicious to divide them into their 
various components, for analyze the morphology of each one for deducing a decision 
about the malignity of each cell [5]. The cell images are divided mainly into three 
components : the core which is the heart of the cell, the cytoplasm which represents 
all the part of the cell that surrounds the core, and the background which surrounds  
the cells. For doing this separation, we must use an algorithm of segmentation in 
homogeneous areas. In the literature ([2], [6], [8]), the segmentation consists in 
detecting the objects or classes of objects that constitute an image. This 
decomposition is one of the most difficult tasks of the machine analysis of images 
([2], [6], [8]), in particular when they are medical images.  There are various methods 
([2], [7], [10], [11]), but there is no method that is a solution of all types of images. 
Herein, we develop and present a supervised algorithm based on genetic algorithms 
GAs. In the following section, we present the basic concepts of GAs, in section 3, we 
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present our algorithm, in section 4, some application results. Finally, we give the 
conclusion. 

2 Basic Concepts of GAs  

The basic principles of GA were first proposed by John Holland ([3], [4], [9], [12]). 
GA is inspired by the mechanism of natural selection, a biological process in which 
stronger individuals are likely be the winners in a competing environment.  
Throughout a genetic evolution, a fitter chromosome has the tendency to yield good-
quality offspring, which means a better solution to the problem. In a practical 
application of GA, a population pool of chromosomes has to be installed and they can 
be randomly set initially. In each cycle of genetic operation, termed an evolving 
process, a subsequent generation is created from the chromosomes in the current 
population. This can only be successful if a group of those chromosomes, generally 
called �parents� or a collection term �mating pool�, are selected via a specific 
selection routine [4]. The genes of the parents are to be mixed and recombined for the 
production of offspring in the next generation. It is expected that from this process of 
evolution (manipulation of genes), the �better� chromosome will create a larger 
number of offspring, and thus has a higher chance of surviving in the subsequent 
generation, emulating the survival-of-the-fittest mechanism in nature.  
The cycle of evolution is repeated until a desired termination criterion is reached. This 
criterion can also be set by the number of evolution cycles, the amount of variation of 
individuals between different generations, or a predefined value of fitness [3].  
In order to facilitate the GA evolution cycle, two fundamental operators �crossover-
mutation� are required. Crossover exchanges portions of the population chromosomes 
(recombination process) to obtain another new ones (see figure 1).  
 
 
 

 

Fig. 1. Example of one crossover point. 

However, for mutation, the process is applied to each offspring individually after the 
crossover exercise. It alters each bit randomly with a small probability. 
The following pseudo-code summarizes the standard genetic algorithm. 
 
Standard Genetic Algorithm 
{            t:=0; //start with an initial time 

init_populaion P(t) //initialize an usually random population of individuals 
evaluate P(t) //evaluate fitness of all individuals of population 
While not done do //test for termination criterion (time, fitness, etc) 
begin 
t:=t+1; 

Parents Crossover Childs
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P�:=select_parents P�(t); //select a sub-population for offspring production 
Recombine P�(t); //recombine the genes of selected parents 
Mutate P�(t); //perturb the mated population stochastically 
Evaluate P�(t); // evaluate it�s new fitness 
P:=survive( P, P�(t)); //select the survivors from actual fitness 
End;} 

 
In our work, we exploit this standard GA for developing a supervised algorithm for 
segmentation in homogeneous areas of images.  

3 Supervised Segmentation based on GAs 

This algorithm contains three main steps that are: 
• Find the thresholds that delimit all classes of the image. 
• Learning using the GAs. 
• Classification stage for finding the final segmented images. 

Now, we give more details about each step. 

3.1 Supervised search of the various classes of the image 

For finding the various classes of the image, we use an iterative and a recursive 
algorithm ([2], [6], [8]), it is based on the computation of the histogram of the image.  
For separate the object from the background in an image, we must find a threshold S 
that is the grey level limit between the objects and the background, for that we follow 
this algorithm: 

1. Compute the histogram H of the image. H[i] gives the frequency of the grey 
level i, i.e., the number of the points having a grey level equal to i. 

2. Compute the mean T of the image, it is considered as the initial threshold. 
3. Compute the report Tobject=t1/ 2*t2, with: 
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4. Compute the report Tfond=t�1/ 2*t�2, with: 
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        with Max: is the maximal intensity of an image. 
5. If the threshold T is equal to (Tobject+Tfond), then T is the desired threshold and 

then S:=T. If T doesn�t equal to (Tobject+Tfond), then we affect to T the value 
(Tobject+Tfond), and repeat the steps 3 to 5 until the (Tobject+Tfond) will be equal 
to T, and then S:=T. 

 
An application example is given by figure 2, for the extraction of the cells from the 
background. Knowing that the background is more luminous then the cells. So, for 
finding the second threshold S� that separates the components of the cells, we applied 
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the algorithm on the set of the points with intensity between 0 to S-1. The figure 3 
presents the separation of  the preceding cell image. Another example is given by 
figure 4. The images used are in bmp format of size 256x256. 
 

                                    
               (a)      (b) 

Fig. 2. Extraction of the cells from the background S=171. 

                                           
                      (a)                     (b)             

Fig. 3. Separate the components of the cells S�=82, (a) cytoplasm image and (b) core image .  

 
    (a)             (b)                (c) 

Fig. 4. Separate the components of the cell of figure (a), S�=90 and  S=157.  

We can check that appear some random points in each extracted areas, so, there are 
confusion between the various classes. For decreasing this confusion, we propose to 
add another stage based on GA that permits to seek the true class of each point. 
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3.2 Learning by GAs 

This step must find the best chromosome that characterizes each class. For that, we 
adapt the standard GAs, and we applied it on each class. Herein, we give more details 
about each step of GAs.  

Generation of initial population. Select randomly a number Np of pixels in the class, 
we note that each pixel is represented by its chromosome. The chromosome (figure 5) 
at the point s is a vector of size 9 or 25, it contains the intensity values of pixel s and 
its neighbourhood ai.  
 
 
                                        

Fig. 5. The chromosome at the point s of size 3x3   

Compute the fitness. It is a value which evaluates each chromosome. In our method, 
the fitness function of a chromosome is the measure of difference between the 
chromosome and the mean chromosome, i.e., The genes (components of 
chromosome) must be close to the mean. The mean chromosome is equal to the mean 
of all chromosomes which constitute the class. The fitness f of a chromosome of size 
l_chrom is merely calculated as follows :  
 
function fitness 
Begin 
f:=0;           

For i=1 to l_chrom do     
Begin 
If [ ] [ ] fSimeanichromosome ≤−   then  [ ] 1=ifit  else [ ] ;0=ifit  

  f:=f+fit[i]; 
End 

End 
 
Sf is a threshold, its value is given according of  the image.  
The chromosomes having the highest fitness values are selected, recombined and 
muted.  

Selection. The selection is doing by the Roulette Wheel ([3], [4]). Then, for selecting 
a chromosome in a population of size Np, we follow this algorithm: 
 
Function selection 
Begin 
For i:=1 to Np do 
Begin 

a1 a2 a3 a4 s a5 a6 a7 a8
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Generate randomly a real number Ri, with [ ]1,0∈iR ; 
If Ri<P1 then 
  Select the chromosome of index 1; 
If not  
 Select the chromosome of index k: 2≤k≤Np such as: Pk-1<Ri≤Pk.   
End; 
End; 

We note that Pi is equal to 
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, with fi is the fitness of the chromosome of index 

i in the population. 

The crossover. One point crossover with a probability Pc is used. A number k is 
generated randomly between 0 and l_chrom (l_chrom is the length of the 
chromosome). The portions of parents between this crossover point are exchanged to 
form new strings. 

The mutation. The mutation of kith  gene of chromosome with a probability Pm 
consists to replace its value by a randomly value in [Vmin, Vmax], where Vmin and 
Vmax are respectively minimal intensity and maximal intensity of the class. Such as 
[Vmin, Vmax] is equal to : [0,S�] for the core areas, [S�,S] for the cytoplasm areas and 
[S, Max] for the background areas. 

The stopping criteria. We choose the fixed number of generations as stopping 
criteria for execution of GA. That means the cycle: evaluation by the compute of the 
fitness, selection, crossover and mutation, is repeated N times, where N is the 
maximal number of generations.  
Finally, for each class, we obtain the best chromosome. In our application, there are 
three best chromosomes, each one corresponds to: core, cytoplasm or background 
areas. Then, we do the classification of the points.  

3.3 Classification procedure 

It is the final step, herein, we affect each point to its true class. To classify the point s 
requires the compute the distance between its chromosome and each best 
chromosomes. The pixel will be affected to the class where it has the minimal 
distance. For compute this distance, we adopt the same principle as the compute of 
the fitness, and then, the point will be affected to the class Cl that it has the maximal 
fitness f[Cl]. Moreover, we add another criteria that is the dispersion of each 
chromosome estimated by the variance.  

If ( ) [ ][ ] cSClChromosomeBestchromosome ≤− _varvar  then f :=f+1 ;          (3) 
Sc is a threshold given according of  the image.  
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We note that our proposed algorithm doesn�t call to the functions coding and 
decoding ([3], [4]), that are characteristics of all GAs. Then, we note a profit in time, 
since the chromosomes are presented by their real values.  

4 Application 

We applied this algorithm on several images, we present by the figures 6 and 7 the 
results obtained by the two preceding images. We take these parameters for the GAs: 
Pc=0.6, Pm=0.03, Np=50, N=200.  
We obtain better results that those obtained before applying the AGs (figures 3 and 4). 
So, there is less confusion between the areas. We note also that the extracted of the 
cytoplasm is often difficult, since it has no homogeneous areas and it has a texture 
close to that of the background. Also, the background is not a homogeneous area. 
 

                              
     (a)          (b)    (c) 

Fig. 6. Extracted cytoplasm image (b) and core image (c) of figure (a). 

 

 
     (a)          (b)    (c) 

Fig. 7. Extracted cytoplasm image (b) and  core image (c) of figure (a). 
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5 Conclusion 

In this paper, we propose a supervised algorithm of segmentation in homogeneous 
areas based on genetic algorithms, we apply our algorithm on cervical cell images. 
Our goal is the separation of each cell on its core and its cytoplasm, so, in our 
segmentation, each part must correspond to the precise part in the original image. This 
separation allows to analyze the morphology of each component for deducing a 
response about the malignity of each cell. We obtain good results in a short 
computing time since our algorithm works directly with the intensity of the pixels, 
and then, it doesn�t call to the coding and decoding functions, that are characteristics 
of all algorithm genetic. 
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Abstract. Partitioning problem in codesign is of critical importance since it has big 
impact on coct/performance characterictics of the final product. It ic an NP-complete 
problem that deals with the different constraints relative to the system and the under- 
lying target architecture. The reported partitioning approaches have several draw- 
backs (they are often dedicated to a particular application or target arcliitecture, they 
operate at a unique granularity level, most of them are nunual and impossible to ap- 
ply for complex eyetenis, the number of conctraintc they deal with ic generally lini- 
ited.. .). This paper introduces an autonutic approach using genetic algorithms to 
solve partitioning in codesign. This approach is totally independent of target arcliitec- 
ture. Another advantage of this approach is that it allows determining dynanlically tlie 
granularity of the objects to partition, nuking it possible to browse more efficiently 
colution cpace. 

1 Introduction 

Embedded systenis are used in inore and niore domains of daily life. One of the most 
significant exaniples is the use of such systenis in medicine: exploration tools, various 
prostliesis (pacemakers, hearing prosthesis.. .), etc. Tliese embedded systems are 
made of a software part ran on a hardware architecture made of various processors: 
hardware processors, software set-instruction processors, etc. The concurrent design 
of the different parts of the system (software and hardware) is called codesign. 

Tlie problem encountered during the codesign process is tlie task of determining 
the parts of the system that must be implemented in hardware and those parts that are 
to be in software [I]. This task is named "partitioning" and is of critical importance 
since it has a big impact on final product cost/perform?nce characteristics [2]. Any 
partitioning decision must, therefore, take into account system properties. It must also 
include nulnber of constraints related to tlie environlnent, ill~plell~entation platfor111 
andlor system functionality requirements. Partitioning is known to be an NP- 
Complete optimization problem. There exist different approaclies to solve partitioning 
problem. Tliey can be eitlier manual or automatic. 

Numerous approaches try to solve partitioning problem in codesign, but number of 
are manual [3,4,5]. Among the approaches that try to automatically solve partitioning 
problem, the simpler technique is the exact one [6, 71. Exact algorithms are based on 
the determination and the evaluation of all possible solutions. In theory, they allow, 

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 393-400,2003 
@ Springer-Verlag Berlin Heidelberg 2003 



394 Mouloud Koudil et a1 

for sure, to achieve all optimal solutions. In practice, these approaches are ideal for 
very small size problems, but they become intractable as soon as problem size gets 
larger. In fact, their main drawback is the execution time that grows exponentially 
witli the number of system tasks to partition. Coniputing time beconies prohibitive as 
the size goes over 20. For example, the exhaustive browse of the solution space for 64 
tasks mapped on two processors, with a 2 GHz computer, assuming that the evalua- 
tion time of a solution takes only one clock cycle, would take 292 years! ! ! 

One alternative is tlie use of approached inetliods tliat allow getting one (or nlany) 
solutions in an "acceptable" time. There are inainly two kinds of heuristics: the ineth- 
ods dedicated, and the general heuristics, that are not specific to a particular problem. 

Among dedicated strategies, there are [2, 8, 91. The main advantage of applying 
specific approaches is that they are "tailored" for the given problem. However, the so- 
lutions become hard to deal with as soon as a change appears, even small, in the type 
of systems to design. 

The general lieuristics [lo, 11, 121 are not dedicated to a particular type of prob- 
lems, and are widely used in otlier research fields, consisting of NP-Coniplete prob- 
lems. This class encloses: local searcli and evolutionary algoritlims. They allow to 
find solutions in a short time. Their drawback is that it is inlpossible to guarantee that 
then generated solution is the optimum. In fact, that this kind of algorithms is often 
trapped in a local optimum, and never reaches a global optimum 

The weaknesses of actual partitioning approaches are tliat: some of tliein are dedi- 
cated to a given application and, hence, hard to generalize; they operate at a unique 
granularity level, either too low or too high, often missing interesting solutions; most 
of them are nianual and difficult to apply as soon as tlie system size increases; they 
take into account a small subset of the possible constraints that apply to systems (exe- 
cution tinie, software and hardware space, communication.. .); they are dedicated to a 
given target architecture type, and impossible to extend to other platfornls. 

This paper introduces an automatic approach using genetic algoritlims to solve par- 
titioning in codesign. This approach is totally independent of target architecture. An- 
other advantage of this approach is that it allows deternlining dynanlically the granu- 
larity of the objects to partition, making it possible to browse more efficiently the 
solution space. 

Section two introduces tlie proposed partitioning approach while tlie third one 
gives inore details about the autolnatic Multi-level partitioning approach. Section four 
lists some simulations and experimental results. 

2 The proposed partitioning approach 

When the size and conlplexity of the problem rise, it becomes difficult, for a huinan 
being, to apprehend all the details, and manual resolution of the problem becomes in- 
tractable. This is tlie reason wliy an environment called PARME [13] was designed, 
allowing the user to test partitioning heuristics. It offers the opportunity to study the 
parameter values, as well as the strategies to use, according to the type of problem. 
This work is inspired by those of Benatchba and al. [13] that propose to use general 
heuristics (siniulated annealing, taboo search, genetic algorithms, scatter searcli, etc.) 
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for satisfiability (Sat and Max-sat) problem solving. The approach proposed here, 
transposes the execution schemes introduced in [13], to the resolution of partitioning 
problen~ In this paper, we introduce the tests performed with genetic algoritlinis, us- 
ing PARME. Such tests allow tuning the parameters and strategies of the algorithm. 
An exact approach is also offered to tlie designer for an exliaustive search of solu- 
tions. This method presents acceptable tinies for applications that do not exceed 20 
entities nupped on 2 processors. 

2.1 Representation of a partitioning solution 

The partitioning problem, in our approach, can be summarized as tlie mapping of a 
certain number of entities onto tlie different processors of the target architecture, 
while trying to optimize a cost function defined by the user. The proposed method is 
the following: 

Let Nbe be the number of entities of the application under design and Nbp the 
number of processors of the target architecture. The representation technique consists 
of creating a vector of Nbe cells, in which each entry corresponds to an entity nuniber. 
The entities are sorted in the increasing order. Each vector cell contains the nuliiber of 
the processor to which the corresponding entity is affected during partitioning. 

Example: 
The following representation corresponds to a solution of a partitioning problem 

with 8 entities (NDe=8) mapped on 4 processors (NDp=4). 

Entity 0 1 2 3 4 5 6 7 

This ineans that the entities 2 and 6 are niapped on processor Nuniber 0; 3 and 7 
are mapped on processor Number 1; 1 et 4 are mapped on processor Number 2; 0 et 5 
are mapped on processor Nuniber 3; 

Processor 

2.2 Cost function 

3 1 2 1 0 1 1 1 2 1 3 1 0 1 1 

The partitioning algorithm is guided by a cost function that allows evaluating the 
quality of a given solution. It takes into account different cost constraints (hardware 
and software space), performance constraints (particular object execution tinies, 
global application time.. .) and communication (because information exchange be- 
tween different application entities is often a bottleneck). The characteristics taken 
into account in our approach are thus: space, execution time and communication. 
However, a frozen cost function leads to solutions that might be interesting for some 
particular criteria, but prohibitive for other ones. This is the reason why different 
weights can be associated to tlie criteria of tlie cost function, according to the type of 
the considered entities. The generic cost function is given by the following for~iiula: 
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Where: Space: is the space taken by the entity in a memory or a register; Time: is the 
execution time of the entity on the chosen processor; Communication: is the cost of 
the communication; and A, B, C are the weights associated to the different criteria. 

An example of cost function using a conlbination of different parameters is illus- 
trated in the following: f(X,Y,Z)=X+Y*2+Exp(Z) 

In this function, the three parameters are used (X: Space, Y: Time, and Z: commu- 
nication). The conlmunication parameter is the most important (it participates expo- 
nentially to the cost function), while space is the least ilnportant. 

3 The automatic Multi-level partitioning approach 

In order to evaluate the different algorithnls inlplemented in PARME, several bench- 
lu rks  have been used, but for space reasons, we focus on a particular one, which cor- 
responds to a real progranl: it represents the entities of an optinlization algorithm used 
in PARME environment. The objective is to reduce the execution time of this algo- 
rithm by splitting it onto several processors, since it is, despite its rather sinall size, 
very time-consuming. This benchmark is initially composed of 7 entities (objects of 
the algorithm). The target architecture is composed of an instruction-set processor and 
a hardware processor. The cost function is a linear combination of the three main cri- 
teria (respectively: space, execution time and communication): f(x,y,z) = x+y+z. 

The benchmark described here presents a reduced number of entities and proces- 
sors, and thus of possible solutions (128). It is possible to apply an exact nlethod to it. 
The result is that it exists no "feasible" solution (by "feasible" solution, we mean a so- 
lution that leads to a coherent implementation). This fact tends to prove the complex- 
ity of the benchmark, despite the rather small number of solutions it presents. The 
main problem that i d e s  a solution intractable is that the suin of the spaces of the en- 
tities affected to a given processor exceeds the initial space available on it. This would 
be equivalent to try to affect to a knapsack, a load that exceeds its capacity. 

This benchmark empl~asizes the drawback of the majority of the reported ap- 
proaches to solve partitioning problems: the fixed granularity (object level in this ex- 
ample) does not allow taking into account the intrinsic complexity of the application, 
often leading to no solution or bad solutions. This is why a multi-level partitioning 
technique is proposed in this section. This technique perfornls a backtracking on a re- 
finement procedure every time no acceptable solution is found, as long as the stop- 
ping criterion is not reached. The tenn "entity" is used as a generic term specifying an 
object, a method or an elementary instruction bloc. The multi-level partitioning proc- 
ess follows the steps illustrated in fig. 1. The first one consists of building an applica- 
tion entity tree, only once, during the specification analysis phase. The tinling, space 
and conllnunication characteristics are then conlputed for each node of the tree. 

The iterative refinement procedure replaces every entity that is declared "com- 
plex", by the nodes of the level that lies directly below, in the sub-tree wllose root is 
this entity. An entity is declared "complex" when its cost function has a value ex- 
ceeding a certain threshold that is initially fixed by the user, and that decreases during 
the partitioning process. 
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Step 1 : Build tlze erztity tree: 
Step 2 : Analye t l~e  cl~aructeri~tic~ ~J'tlie entities; 

Build parameter matri-x (time, space, communication); 
Step 3 : 

Wlzile stopping criterion i~ not reuclzed do 
Petform automatic partitioning Proceclure (~earclz for a ~olutiotz); 

Ifno ,sohrtion has been found 
Tli en 

P r@m idenliJiculion procedulur.c~ (idenlqy comp1e.x en l i l i ~~ ) :  
PerJo~m refinement proc~dz~re Jor the entities declared '%oinplexx-"; 
Update entih list (entities con~idered during the next step 

of tlte purtitiorz ing ulgoritltm); 
En@ 

EnDo 

Fig. 1. General scheme of the iterative partitioning algorithm. 

Tree building procedure: 
In the specification, the C++ code of the application objects is composed of niethods, 
built up of elementary blocks of code (loops, conditionals, alternatives.. .). We do not 
go down to the elementary instruction level that constitutes a grain tliat is too fine, 
and thus too complex to deal with in applications tliat can contain nlillions of lines of 
code. The building procedure of the entity tree proceeds as follows: 

application objects constitute the level 1; 
the different metl~ods of all the level 1 entities forin the level 2 nodes; 
the basic blocks encapsulated in the methods constitute level 3 nodes. 

All the nodes are considered as entities, independently of what the tree level is, and 
the samne process is applied. 

Identification procedure: 
To be able to decide if a node is "complex", a tlxesliold is first introduced by the user, 
concerning the costs involved by tlie different constraints (space, time, communica- 
tion) and the global cost of an entity. 

Any entity whose cost function has a value that exceeds the threshold is declared 
"complex" and is refined. However, since the costs decrease during the splitting algo- 
rithm, at a certain point of the process, all the costs become lower than the initial 
threshold and none of the entities can be considered as "comnplex". At that point, if no 
acceptable solution (less than a nlinimnuni cost also fixed by the user) has been found, 
the threshold is replaced by the average of the lowest and the highest costs of all the 
entities of the partitioning list. 

Refining procedure: 
This step consists of replacing each entity that is not a leaf, and that presents charac- 
teristics tliat exceed tlie fixed threshold, by tlie entities tliat are on tlie nodes of the 
level wllicli is directly below in the sub-tree having the current entity as root. For ex- 
aniple, an object would be replaced by its niethods. The new nodes become individual 
entities stored in the list used by the partitioning algorithm. Each node of the tree that 
is replaced is pointed out as "visited" in order to avoid considering it again as a candi- 
date for refinement. 
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Stopping criterion of the algorithm: 
The multi-level partitioning algorithm stops when one of the following conditions is 
realized: 

a solution is found that is considered "feasible" (solution whose cost is less than 
the threshold first set by the user); 
no feasible solution has been found, but all the << leaf >, entities in the hierarchical 
tree have been "visited" and inarked, and no new deconlposition is possible ; 
a nuximum number of iterations, first set by the user, has been reached. 

It is obvious that, in the first case, partitioning is achieved, since it allows finding a 
feasible solution, while in the two last cases, it has failed, since it has not been able to 
determine a solution. 

4 Simulations and results of multi-level partitioning 

In the case of the benchinark presented above, and since there is no feasible solution 
(with a positive cost), it is necessary to apply a refinement on the entities that are con- 
sidered "complex". In PARME, a non-realistic solution is affected a negative cost. 
Tlvee entities (EO, E2 and E5) present the most important execution times, and thus 
the highest costs, according to the cost function we chose. These entities are declared 
"conlplex" and are subjected to a first refinement. This step gives 10 entities (by re- 
placing the thee complex entities by those of the directly below level in the tree). 

The application of the exact method to the refined bencllnm-k is still possible, since 
the number of solutions stays relatively low (1024). It is nevertheless clear that the 
application of a manual method becoines iinpossible. The results achieved by the ex- 
act method confirm the conlplexity of the problem: there exist only two feasible (posi- 
tive cost) solutions to this problem. The first one, at the 381" iteration, gives the fol- 
lowing cost: 232299.984375; the second one is the optinlum, achieved at the 943" 
iteration. It gives the following cost: 213177. 

At this point, it is not necessary to apply other refinement iterations, since an opti- 
nlum was reacl~ed. This benclmark is, despite its small size, a problem that is difficult 
to solve. It has only two feasible solutions and one optinlum over the 1024 possible 
combinations. There is a probability of 0.00097 to get this optimum. 

The fact that we knew in advance the optimal solution, by applying the exact 
mnethod, allows us to study, in the following sections, one of the several Ileuristics that 
have been iinplemented in PARME environment: the genetic algorithm, and its pa- 
rameters. 

Table 1 summarizes some of the results achieved using the genetic algorithm with 
different strategies and sets of parameters. The selection method used in all cases is 
"the lottery wheel". The perfornled simulations show that the solution "0000000000" 
(which means that all the entities have been mapped on the software processor nanled 
"0": the hardware one), that has a cost of -27902, is a local optimum towards which 
the algoritl~m often quickly converges, if the parameters are not well chosen. This is 
due to one of the main drawbacks of genetic algorithms which is the premature con- 
vergence, that often leads towards local optima. 
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The mutation operator tries to correct this problem, but with this benchmark, when 
this operator is used alone, it appears to be insufficient to get out this local optimum 
trap (simulations 2 and 3 in table 1). Simulation 3 shows that too small crossover and 
mutation parameters avoid diversifying the population, and leads to an early conver- 
gence towards local optima. Too high values, avoid the algorithm to correctly explore 
the solution space, by forcing it to change too frequently the search region, and give 
the result that we can observe in the first simulation of table 1: where the crossover 
and mutation probabilities are both equal to 1. 

Table 1. Genetic algorithm results. 

NG: Number of Generations; S: Sigma (Sharing); A: Alpha (Sharing); C: Crossover prob- 
ability and replacement Lechnique; M: Mutation probability and replacement Lechnique; 
NBS: N Best Selection (The N best individuals are selected); CRP: Children Replace Parents; 
EC: Elite solution Cost; It: Iteration number; ET: Execution Tiine (sec.); 

Notice that no feasible solution has been reached for populations under the size of 
25. The influence of the population increase on the execution time is obvious and easy 
to understand, the operations on each generation being repeated a greater number of 
times. 

The only way to get out of the local optima is to use the sharing strategy. Sharing 
allows reducing the number of identical individualc. But it ic not cufficient to diver- 
sify the population. This is why the strategy "children repluceparents" was used for 
selecting the individuals at each generation. The combination of these two strategies 
gave the best results and was the only way to get the optinlum solution. This is illus- 
trated by sin~ulations 4 to 6 in table 1, where the best solution is achieved in 100 per 
cent of the cacec. 

The Iteration Number and Execution time correspond to the iteration at which the 
best solution is achieved and the population size is always set to 100; 

5 Conclusion 

The work presented in this paper is a practical case of the mutual cooperation that can 
take place between technology and natural phenonlena. Genetic algorithms are an ex- 
ample of such cooperation, used here to solve the partitioning problem in codesign. 

Partitioning at a fixed granularity degree has showed its limits. This paper presents 
a new algorithm that dynamically modifies the granularity level, by splitting the ap- 
plication entities that are considered as too "complex". Coupled with genetic algo- 
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rithms, this approach allows finding feasible solutions when no fixed granularity par- 
titioning is able to. 
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Neuro-Fuzzy Modeling Applied to GIS: a Case
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Abstract. Soft computing can be a powerful approach in the agricul-
tural domain, from two di�erent and interesting perspectives. The �rst
one is using this to obtain fuzzy models of the environment, in order
to create an approximated theory to explain a set of observations which
re
ect a concrete agricultural process. The second is the integration of
neuro-fuzzy models in a Geographical Information System, in where spa-
tial and temporal interpolation is a central issue. In this paper we present
the use we have done of soft computing for both mentioned perspectives.
In particular, here we model irrigation water needs for a concrete zone
of Spain and show how the neuro-fuzzy model can be integrated inside
a GIS in order to deploy such approximative power.

1 Introduction

Soft computing models [1] can be applied to spatial and temporal interpolation in
the context of the agricultural domain. In this way, application of soft computing
is twofold: �rst, we can use it for system identi�cation [8] as a way to describe
the environmental processes that remain hidden inside agroclimatic observations
periodically measured -or calculated- from the environment; and second, we also
can use it for model deployment as being an integrated part of a Geographical
Information System (GIS).

The problem, in the context of this paper, that regards to system identi�-
cation is related with irrigation water consumption. There is a zone situated in
the South-East of Spain that su�ers a very important lack of irrigation water.
Moreover, agriculture plays an important role in the local economy there so this
kind of water is even more important. That is why the prediction of irrigation
water needs, depending on the period of the year, the kind of cultivation and
the zone in which the cultivation is located, is a crucial topic. We propose the
use of soft computing techniques for such prediction.

Model deployment inside of a GIS gives the opportunity to the non experi-
mented user (e.g. the farmer), of managing that kind of approximation mentioned
in the above paragraph with only knowing the geographical situation of his own
cultivation in a map. In this manner, obtaining his irrigation water needs is only
a matter of clicking a button of his mouse.

The outline of the paper is as follows: in section 2 we introduce the problem
of the estimation of irrigation water; then in 3 the use of soft computing for
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system identi�cation is outlined; section 4 is devoted to explain the features of
the data from which approximated theories will be extracted; in section 5 we
show and Analise results obtained and �nally in section 6 conclusions and future
works are pointed out.

2 Solar radiation for the calculus of irrigation water

needs

The SIAM is an information system that has been developed to gather diverse
climatic informations and to make it available to farmers, Agricola cooperatives,
professional associations and anyone that could be interested on it, through a
Web based interface 1. The system has been arranged by the CIDA which a
research institution supported by the Spanish government. This organization
has been in charge of spreading, through di�erent zones of Murcia, a total of
63 agricultural stations which periodically take measures of some needed pa-
rameters. This hardware devices compound a network, distributed throughout
the principal irrigation zones. They have di�erent sensors that record, each hour,
variables like air temperature, humidity, wind, precipitation, solar radiation, etc.
That information is daily transfered automatically to a server that polls the sta-
tions through GSM. Data is hold there inside a RDMBS (Relational DataBase
Management System). However, some stations present a very important pitfall:
they do not have all needed sensors. This is the case for the solar radiation sen-
sor. Within the set of 63 stations, there are many of them (i.e. 29), that lack
of that kind of sensor. Precisely, radiation is a key parameter for the estimation
of irrigation water needed by crops. This issue is very important for a correct
management of that resource. The problem is even more important if it regards
to crops in zones of the world that have a very low availability of water dedi-
cated to agriculture. That is precisely the case of the south-east of Spain, the
geographical zone in which this work is located.

Following, we will introduce the problem of the estimation of irrigation water
needs as is seen by the FAO (Food and Agriculture Organization of the United
Nations) 2. For a detailed explanation see [4]. As the FAO says, the ET0 is the
reference crop evapotranspiration. This is the central parameter for the estima-
tion of crop water need as it gives the amount of water that is lost from soil
evaporation and plant transpiration. This is precisely the water that has to be
put back to the cultivation. The ET0 depends on the particular climate condi-
tions and the kind of crop that is being used. Once the ET0 is obtained, a factor
Kc is applied to it, in order to adjust the value to a concrete crop, in a concrete
growth stage (i.e. fully grown crops need more water than crops just planted).
So, the ETcrop factor is obtained, by means of ETcrop = Kc�ET0. Finally, irri-
gation water needed, let it be denoted with Iw, is obtained from the di�erence
of ETcrop and e�ective rainfall which is the amount of rain water useful for the
crop, Peffective. The �nal expression is Iw = ETcrop � Peffective .

1 http://www.carm.es/cagr/cida/indexsiam.html
2 http://www.fao.org
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The ET0 parameter is obtained using a concrete irrigation model. An irri-
gation model is an idealization of a cultivation and its environment, with the
purpose of estimating irrigation water needs. For example, there is a very famous
model, the Class A Bucket Model, that does not take into account radiation. This
model is being deprecated nowadays, however neural net based models have been
developed for it, and proved to be successful [3]. One of the most used models
nowadays is the so-called Radiation model. It was proposed by J. Doorenbos
and W.O.Pruitt in 1977. Currently, is one of the preferred models by the FAO.
However, as its name shows, this model rests in a key parameter: radiation.

The approach used until now to get the radiation in a station which does not
take that measure is to associate it with other station that does. Let the �rst
kind of station be called secondary station, and the second kind be called main
station. In this manner, when this parameter is needed in the corresponding zone,
the radiation coming from the associated stations is taken. Stations associations
has been carried out with no clear criteria. In this paper, we propose the use of
soft computing to approximate radiation values not only in stations that lacks
of this value but in all points in the Murcia geography.

3 Clustering Algorithms and ANFIS for fuzzy modeling

There are a few antecedents of the application of arti�cial intelligence based
techniques in the agricultural environment. Some examples are those from [3, 2,
9, 6]. In this section we propose the use of a neuro-fuzzy approach to approximate
solar radiation, using as input:

{ the number of the day within a give year, in which the measure was taken
(i.e. a number from 1 to 365). Let it be denoted as d;

{ radiation measured in some main climatic station, denoted as rm;
{ the relative co-ordinates between the coordinates of the concrete station
providing the input radiation (i.e. the main station), xm; ym; zm, and coor-
dinates of the point providing the output radiation ( i.e. the secondary one),
xs; ys; zs. Let them be denoted as (xr ; yr; zr) obtained with the expression

(xr ; yr; zr) = (jxm � xsj; jym � ysj; jzm � zsj)

Radiation, fr, will be approximated by means of the function f̂r(d; rm; xr; yr; zr).
The soft computing strategy we will use for fuzzy modeling was formerly

proposed in [2]. In that work, a combination of clustering algorithms and ANFIS
[7] is proposed. In a �rst step, a subtractive clustering algorithm [5] is applied to
the input-output data. As is well known, ANFIS needs some initial parameters,
in order to con�gure an initial model. Some of this parameters are structural (i.e.
they de�ne the topology of the fuzzy network) and some others are parametric
(i.e. they de�ne the shape of fuzzy sets for the rules, and others). Subtractive
clustering is used to produce the number of rules for the fuzzy model. After that,
the centroids obtained are used as input for the k�means algorithm. This will
be in charge of making a �ne grain adjustment of the centroids. Once these k

clusters in the input-output product space has been found, their projections on
each input domain are used as initial parameters for an ANFIS network.
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4 The nature of the data

As it was previously said in section 2, data coming from agroclimatic stations is
gathered into a RDBMS. That system presents three main relations. The most
important relation is the so called HOUR table that, as its name points out, stores
all hourly tuples. The �rst measure was taken at the beginning of 1996, and
the system has been continuously receiving data until the present day. Besides
the HOUR table, there are two more relations, that are aggregations of tuples
from others. Firstly, we have the DAY table that aggregates tuples from HOUR.
Secondly, we have also the WEEK table that aggregates tuples from DAY.

HOUR table is not used for analysis because it contains lots of noisy and
irregular data (i.e. outliers). We do not need the time granularity of an hour
to make predictions, as well. The same occurs with some tuples of DAY table.
As WEEK data shows the best quality, it was selected for creating a new training
dataset.

The process for creating the data set was simple: for each station ei, and for
each tuple in WEEK table for that station, and for each other tuple in the same
relation, coming from another station, eo, and having the same date, we create
a new tuple with the following �elds

hweek; rei ; xr; yr; zr; reo i ;

being rei radiation measured in station ei, and reo the radiation of the output
station eo. With this procedure, we �nally obtained a dataset of 12578 tuples.
The entire data set will be used for learning. That is because that number
of tuples is very low for a correct learning as there is a very high number of
attributes. For obtaining a measure of generalization power, daily data will be
used. Obviously, this measure will be very pessimistic as daily data is of a poor
quality.

5 Models for Radiation

5.1 A global model for radiation

Once the task of learning the neuro-fuzzy model was performed, the model came
out to have 37 TSK rules. Its learning RMSE (Rooted Mean Squared Error)
were of about 15.53 and its total generalization RMSE resulted in 25.66. This
big di�erence between the two errors is because, as it has been mentioned above,
testing the model were done with daily data which showed a poor quality.

It must be noticed that in the deployment phase, when a radiation value is
approximated for a concrete point, a main station is needed in the input to pro-
vide both relative coordinates with respect to the point and input radiation. So,
what reference station should be used in each approximation? Our approach has
been testing all possible main stations, obtaining a generalization error for each.
In table 1, errors obtained using as input tuples corresponding to each di�erent
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Station code Data amount RMSE

AL62 6979 28.71

TP11 4360 27.46
JU61 7015 27.08
JU12 6820 26.82
LO61 6365 25.65
JU51 6860 25.63
CI52 6389 25.41
CA91 6455 25.14
MU62 6452 25.07
TP42 6859 24.96
MO41 4880 24.48
MO31 6559 23.78
CR12 6023 23.03

Table 1. Generalization errors using each candidate to be main station as input.

station can be found. It must be noticed that the lower RMSE is achieved when
station CR12 is used as input and the largest is when station AL62 is used.

Figure 1 shows the neuro-fuzzy model put into work in a previous stage
before using it inside the GIS . A range of values for AL62 station stations were
approximated using CR12 as input.
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Fig. 1. AL62 Real radiation and AL62 radiation inferred from CR12

5.2 Local models for radiation

In the former section, a global model was obtained for the whole surface of Murcia
Region. Then, and in order to approximate any point's radiation, a reference
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station must be elected before. In this di�erent approach, a local model were
obtained for each resultant cluster in the working geographical surface. Main
clusters appear depicted in �gure 2.
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Fig. 2. Geographical clusters of the Murcia region. Each cluster's radiation were ap-
proximated using a neuro-fuzzy local model.

Therefore, in order to infer the radiation in a target point, �rstly it has to
be decided what cluster the point belongs to and so, the model corresponding to
that cluster is applied. But until now, these new models have not improved the
results of the global model at all. That is due to the shortage of available learning
data belonging to each cluster (taking into account there are 5 input attributes).
Notice that each cluster is a region of the space, and valid clusters should include
as many main stations as possible. As it were the case here, clusters with no main
stations were found. Moreover, in order to develop a training data set for each
of the clusters, taking a given station as main for a concrete day, the rest of
the stations in the same cluster should have a radiation measure for the same
date and this is not the case more often that it would be desirable. That is why
learning data results in very low quality.

In table 2 the distribution of the stations in the clusters (only those with
their co-ordinates available) and the errors obtained for the di�erent available
datasets are shown (clusters 0, 4 and 9). No data have been found for the other
clusters, and even more, neither data nor stations exist in cluster 6.

These results show that local models do not improve the global one, at least
since no enough data are available to each cluster. The only one that get an
improvement is the local model for cluster number 9 achieving a training RMSE
of 9.03 and a generalization RMSE of 22.62.

5.3 Radiation Surface

Our �nal goal is to get the radiation surface for all the points of the Murcia
region, in order to deploy the neuro-fuzzy model obtained above inside a GIS.
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Table 2. Clusters found in the geographical space of Murcia region. 

As an example, figure 3 shows the radiation surface (the one above) for the 
whole Murcia region (the below surface) which is compound of 777 different 
geographical points, for a concrete day of the year. Again, CR12 station was 
used as input for the whole bunch of points. 

Radiation over Murcia o 

Fig. 3. Radiation inferred for the whole surface of Murcia, for the first day of the year. 
CR12 station was used as main station for the whole bunch of points (i.e. 777 points). 

6 Conclusions and Further Works 

In this paper a neuro-fuzzy approach for the approximation of the radiation 
for a geographical point and a given day starting from the radiation known for 



other point and their related co-ordinates has been shown. The results, for the
global model, are reasonably good but nowadays more accurate results are being
sought, specially for local models.

A possible research direction, in order to get better approximative models
is related with the de�nition of search space. Here this space had been the
geographical one formed by longitude,latitude and altitude (joined to the day
of the year) but according to the CIDA experts it is interesting to search the
5-dimensional space formed by: day of the year, distance to the sea, orientation,
inclination, and altitude as this features are important to the radiation.

Finally, it could be interesting the integration of the two di�erent approaches
described in this article. On one hand we have groups of associated stations in
order to solve the problem of the lack of radiation measurement capability, and
on the other we have tried to obtain fuzzy rules models local for di�erent found
clusters to infer the unknown radiation of a point belonging to that cluster
starting from another point known radiation. So the next step may be obtain a
fuzzy rules radiation model for each association group.
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Abstract. In this work, a well-tested evolutionary method for system modeling 
and time series prediction is presented. The method combines the effective-
ness of adaptive multi model partitioning filters and GAs' robustness. Specifi-
cally, the a posteriori probability that a specific model, of a bank of the condi-
tional models, is the true model can be used as fitness function for the GA. In 
this way, the algorithm identifies the true model even in the case where it is 
not included in the filters' bank and is able to accurately forecast the short-
term evolution of the system. The method is not restricted to the Gaussian 
case; it is computationally efficient and is applicable to on-line/adaptive sys-
tem modeling and time series prediction. 

1   Introduction 

Selecting the correct order and estimating the parameters of a system model is a 
fundamental issue in linear time series prediction and system identification. The 
problem of fitting an ARMA model to a given time series has attracted much atten-
tion because it arises in a large variety of applications, such as time series  prediction 
in economic and biomedical data, adaptive control, speech analysis and synthesis, 
radar, sonar, etc. Furthermore, the effect of varying process parameters on system 
performance is of crucial importance, specifically when the desired system perform-
ance alters and deteriorates due to the disturbances of the system's parameters, 
whenever the design is based on nominal parameter values. Therefore, it is more 
than desirable to be able to incorporate parameters' variation into system design. 

There exist various methods for system model identification and time series pre-
diction that represent information theoretic criteria. The most well-known of the 
proposed solutions include Akaike's Information Criterion (AIC) [1], the Final Pre-
diction Error (FPE) and the Minimum Description Length (MDL) Criterion [10]. 
Most of the techniques that are computed by the above criteria assume that the data 
are Gaussian, are based upon asymptotic results and are two-pass methods. There-
fore, they cannot be used in an on-line or adaptive fashion. A different adaptive ap-
proach, based on the Partitioning Theorem, is the Multi Model Adaptive Filter 
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(MMAF) [11] that operates on general, not necessarily Gaussian data pdf's. The 
MMAF converges to the optimal solution, if the model supporting the data is in-
cluded to the initial filter's bank. Otherwise, it converges to the closer model by 
mean of the Kullback information criterion minimization. This is due to the fact that 
the number of filters used in the MMAF bank is finite. 

Genetic Algorithms (GAs) are known to be one of the best methods for searching 
and optimization [8], [9]. By applying genetic operators (reproduction, crossover and 
mutation) in a population of individuals (sets of unknown parameters properly 
coded), they achieve the optimum value of the fitness function which corresponds to 
the most suitable solution. As a result, they converge to the (near) optimal solution 
by evolving the best individuals in each generation. The main advantage of the GAs 
is that they use the parameter's values instead of the parameters themselves. In this 
way they search the whole parameter space. 
The paper is organized as follows. In section 2 the ARMA model system identifica-
tion problem is stated. In subsections 2.1 and 2.2 the proposed method and the GA 
structure are presented respectively. In subsection 2.3 the computational aspects are 
discussed Section 3 contains the simulation results, while section 4 summarizes the 
conclusions. 

2   ARMA Model Order Identification 

As known, a general model for ARMA can be represented as follows: 
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where y(t) is the observed data, which is supposed to be stationary, e(t) is a zero-
mean white noise process, not necessarily Gaussian, with variance R, which denotes 
the series of errors, n=(p,q) is the order of the predictor and ai (i=1,...,p), bj (j=1,...,q) 
are the predictor coefficients. Clearly the problem is two-fold: one has first to select 
the order of the predictor and then to compute the predictor coefficients. Of course 
the most crucial part of the problem is the former. 

First of all, the problem has to be reformulated in the state-space form [2]. After 
that, let us assume that the order n, or the parameters (p,q), of an ARMA model is 
unknown and the only available knowledge about the true order is that it satisfies the 
condition p0≤p≤pMAX and q0≤q≤qMAX. It is clear then that the true model is specified 
by the true value of parameters (p,q). The problem is then to select the correct model 
among various candidate models. In other words, we have to design an optimal esti-
mator (in the minimum variance sense), when uncertainty is incorporated in the 
signal model. The solution to this problem has been given by the multi model parti-
tioning theory [6], [7]. 
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2.1   ARMA Model Order Estimation Using Evolutionary MMAF  

In the ARMA system model identification problem there are two quantities, which 
must be estimated; the model order n and the unknown predictor coefficients ai,bj. 
The estimation method is the MMAF as it is obtained from Lainiotis partition theo-
rem [6], [7]. Our goal is to achieve the optimal estimation for both estimated quanti-
ties and particularly for the model order n=(p,q). The only information we have for 
these parameters is that they belong to a set or a space (finite or infinite). It is obvi-
ous that if the unknown parameters belong to a finite-discrete set with small cardi-
nality, the MMAF is the most appropriate and effective method to estimate them. It 
is also widely known that EAs perform better when the space, which will be 
searched, has a large number of elements. So, EAs can be used when the unknown 
parameters belong to a space with large cardinality or belong to an infinite space or 
follow a probability distribution. Then, we should optimize with EAs the model-
conditional pdf. That means that we have to optimize, for discrete sample space, the 
following probability function [4]: 
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which will be the fitness function for the GA, for the several values of the unknown 
parameters n=(p,q) and ai,bj underlying to the above constraints. The structure of the 
system of the proposed solution is shown in Figure 1, assuming that the number of 
the Kalman filters of the MMAF equals m. 
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Fig. 1. The structure of the evolutionary MMAF system  
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2.2   The Structure of the Evolutionary Approach 

The structure of the Evolutionary Program (EP) that has been developed is shown in 
Fig.2. We first make an initial population of s vectors of m pairs of integers (each 
pair representing a possible value of the ARMA model order). For each such vector 
we apply a MMAF and have as result the model-conditional pdf of each value. The 
biggest pdf is the fitness of each vector. 

p o p u l a t i o n  s iz e  s

n 1 = (n 1 1 ,n 1 2 )
n 2 = (n 2 1 ,n 2 2 )
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.
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Fig. 2. The structure of the EP  

Since we have the fitness of each vector of possible solutions) we are able to per-
form the other genetic operators, i.e. reproduction, crossover and mutation as stated 
in [4]. Every new generation of vectors of possible solutions iterates the same process 
as the old ones and all this process may be repeated as many generations as we desire 
or till the fitness function has value 1 (one) which is the maximum value it is able to 
have as a probability [3]. 

2.3   Computational Aspects 

A first look at the structure of the EP, given in Fig. 2, related with the structure of 
the MMAF, given in Fig. 1, appears very complicated. Concerning the complexity, 
two aspects have to be discussed. First the time complexity of the MMAF and second 
the complexity of the EP. Fortunately, the structure of the MMAF although compli-
cated, is by nature parallel. So, in parallel implementation, the computational burden 
equals to that of one Kalman filter plus the computations required for the computa-
tion of the a posteriori probabilities. Furthermore, it has been proved in [5] that the 
MMAF converges faster than the simple KF. So, the total time required for the 
MMAF to converge, is practically less than that of the KF. However, one is faced 
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with a serious design question, concerning the cardinality of the finite subset of pa-
rameters to be chosen. The computational burden of the MMAF is proportional to 
the number of filters it employs; hence, a subset of large cardinality leads to an in-
creased computational load, which may even make the implementation of the search-
ing the whole parameter space, by evolving a population with a small number of 
individuals. Furthermore, in system theory, usually we are interested in adaptive 
systems, by mean of sensing the changes of the systems parameters. 

Although, the GAs were inspired from the adaptation process in nature, their im-
plementation is not adaptive, in the sense of the on-line adaptation, since they con-
verge slowly. The new generation of the parallel machines enables the parallel im-
plementation of the GAs, since they work on populations of individuals, thus reduc-
ing the computation time. In order to implement an adaptive scheme of the proposed 
EP, we can use the following heuristic. First, we implement the MMAF by using the 
best solution of the initial population and we continue the execution of the EP sepa-
rately. Then we can update the system's parameters, after a sufficient number of 
iterations, or when a significant increase of the performance has been occurred. This 
scheme works sufficiently, since the performance of the EP increases dramatically 
after a small number of generations. Finally, the increase of the system's dimension 
does not affect significantly the computation time, since instead of low dimension 
vectors, the system has to manipulate large vectors or matrices. In this case, one can 
apply second order parallelism [5], in the level of matrix manipulation, thus saving 
time. Furthermore, in the case of sequential implementation, as it has performed in 
[4], where a similar problem for multivariate system structure identification is pre-
sented, although the computational effort has been increased significantly, the algo-
rithm converges very fast. 

3   Experimental Results 

The presented algorithm has been run extensively on several system identification 
and time series prediction experiments. All of them were carried out 100 times (100 
Monte Carlo runs). The size of the GA’s population we used in all our experiments 
was 10, the crossover probability was 0.95 and the mutation probability was 0.15. 
Also, the number of Kalman filters in the MMAF was 10 and for every generation of 
the GA the MMAF was applied for 35 runs. 

3.1 ARMA System Identification (Modeling) Results   

In this subsection, an ARMA system identification (modeling) problem is discussed, 
where the process model changes during the operation and is given by: 

a) for the first 400 samples at time instant t=0: 
y(t)=1.8y(t-1)-0.9y(t-2)+0.4e(t-1)-0.8e(t-2)+e(t) 

b) for the last 600 samples at time instant t=400:  
y(t)=1.5y(t-1)-1.4y(t-2)+0.8y(t-3)+0.7e(t-1)-1.1e(t-2)-2.3e(t-3)+1.5e(t-4)+e(t) 
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The proposed technique succeeded in identifying the correct model order and es-
timating the true values of the unknown parameters as shown in the figure bellow. 
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Fig. 3. The evolution of the A-Posteriori Probabilities of the best genome compared to the 
conventional MMAF. 

3.2   Time Series Prediction Results 

In this subsection, the proposed technique is applied in order to predict the evolution 
of a time series consisting of economic data taken from the Stock-Exchange House of 
Athens. The application of the algorithm results in estimating an adaptive ARMA 
model able to accurately forecast the short-term evolution of the system. The time 
series used consists of the High, Low, Start, Close and Volume values for two differ-
ent main stocks – the stock of The National Bank of Greece and the stock of the 
National Communication Organization of Greece – from 1/1/1993 till 31/12/2002. 
The proposed technique succeeded in predicting accurately the evolution of the stock 
values as shown in the figures bellow. In these figures the comparison between the 
true values and the predicted by the program values for both stocks is presented. The 
ARMA model, estimated by the evolutionary program, resulted in accurately fore-
casting the short-term evolution of the system, based on the past values of the time 
series, as proved by the small Mean Square Error (MSE) estimated. 
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Fig. 4. Comparison of the true values and the predicted values for the stock of the 
National Bank of Greece  

 
Fig. 5. Comparison of the true values and the predicted values for the stock of the 
National Telecommunication Organization of Greece  

4   Conclusions 

In this work, a well-tested evolutionary method for adaptive estimation of ARMA 
discrete time systems, with unknown order and parameters, has been proposed. The 
method combines the well known Adaptive Multi Model Partitioning theory with the 
effectiveness of the GAs. A specific adaptive implementation that alleviates the dis-
advantage of the time consuming implementation of the GA is proposed. Simulation 
results showed (Fig.3) that the proposed hybrid evolutionary method performed bet-
ter than the conventional MMAF and the other conventional methods since it has the 
ability to search the whole parameter space and track successfully every change that 
may occur in the order of the system model. The superiority of the algorithm is obvi-
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ous especially in cases where the true order of the model suddenly changes. Most of 
the conventional methods either were not able to track the sudden change or took 
them too long to do it. As far as the presence of local minima is concerned, the pro-
posed hybrid method succeeds in alleviating this problem by using a quite high mu-
tation probability throughout the whole identification procedure. What is really re-
markable is that the proposed method tracks very quickly the sudden changes be-
tween local and global minima and as a result its transient performance does not 
affect its overall performance. Although the parameters' coding is more complicated 
a variety of defined crossover and mutation operators was investigated, resulting in 
accelerations of the algorithms convergence. Furthermore, the evolution of the initial 
population results to the identification of the true model, even in the case where it is 
not included in the initial population of the filter's bank. Except for that, the method 
performs significantly better compared to the pure evolutionary approaches. In con-
trary to the evolutionary ones the proposed method is able to cope with the complex-
ity of the model and reliably lead to the correct order and the true parameter’s val-
ues. Finally, the method can be implemented in a parallel environment, since the 
MMAF as well as the GA are naturally parallel structured, thus increasing the com-
putational speed. 
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Real-Coded GA for Parameter Optimization
in Short-Term Load Forecasting
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Abstract. This work explores the possibility of real-coded genetic
optimization of the parameters of a Fuzzy Neural Network (FNN) for
short-term electric load forecasting. A new approach is proposed to
optimize the connecting weights and the structure of membership
function. The adjustable parameters of the network such as connecting
weights and rule sets of the network are viewed as constraints that we
impose on GA in the learning process. Instead of working on the
conventional bit by bit operation, both the crossover and mutation
operators are real-value handled. The effectiveness of the proposed
algorithm is demonstrated by comparison to a non-GA based forecasting
approach. The algorithm is comprehensively tested with actual load data
of an electric utility and the Mean Absolute of Percentage of Error
(MAPE)  is below 2.0% in most.

1 Introduction
The fundamental approach to optimization is to formulate a single standard of
measurement, a cost function, that summarizes the performance or value of a decision
and iteritavely improves this performance by selecting among the available
alternatives. Most classical methods of optimization generate a deterministic sequence
of trial solutions based on the gradient or higher order statistics of the cost function.
These techniques can be shown to generate sequences that asymptotically converge to
locally optimal solutions, and in certain cases they converge exponentially fast.
However, the methods often fail to perform adequately when random perturbations are
imposed on the cost function. Further, locally optimal solutions often prove
insufficient for real world problems.

It is frequently observed that when implementing a particular network, various
parameter settings are left for us to decide. The performance of a standard
backpropagation (BP) algorithm based network depends on the initial choice of the
connecting weights, the learning rate and the momentum factor. A poor parameter
setting will slow down the convergence rate and may also result in an incorrect output
from the model. This necessitates optimization of the network parameters for a better
performance. Similarly, in fuzzy logic the generation of membership function has
traditionally been a task done either iteratively, by trial-and-error or by human experts.
This may sometimes result in poor network performance. Such a task as this is
therefore, a natural candidate solution for implementing optimization techniques.

Recently, a global optimization technique known as Genetic Algorithm (GA) has
become a candidate for many optimization applications due to its flexibility and
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efficiency. GA is a searching algorithm [1], [2], [3] which uses stochastic operators
instead of deterministic rules to search for a solution. GA randomly searches from
point to point which allows it to escape from local optimum in which other algorithms
might lag. Another advantage of GA is that it searches for many optimum points in
parallel. Due to these advantages, GA�s have been successfully applied to many
diverse areas such as function optimization, system identification, control system,
image processing, combinatorial problems, ANN topology determination and rule
based systems.

Most of the GA approaches in use represent the constraint variable using binary
form of coding. However, the necessity of using binary coding has received
considerable criticism [4] as it is not always the best form to represent the constraint
variable. One of the major disadvantages of using the binary form of coding is the
slow speed of convergence of the cost function.

Binary coding is again not at all efficient in using the computer memory. The
problem existing in binary coding lies in the fact that though only a few bits are
actually involved in the crossover and mutation operations, a long string always
occupies the computer memory. Therefore, to overcome the inefficient occupation of
computer memory, real valued crossover and mutation algorithms can be of a lot of
help. This is particularly the case when a lot of parameters are needed to be adjusted
in the same problem and a higher precision is required for the final result.

The use of  binary strings is now not universally accepted in GA literature.
Michalewicz indicates that for real valued numerical optimization problems, floating
point representations outperform binary representations because they are more
consistent, more precise and lead to faster execution [5].

This study investigates the use of  real-coded GA in the design and implementation
of a Fuzzy Neural Network called GAFNN, for electric load forecasting and compares
it with a simple FNN. In ordinary FNNs the training of the network is mostly done by
iterative approach using backpropogation algorithm. The network modeling in the
simple FNN normally starts with random set of weights and an arbitrary number of
fuzzy sets which makes the network susceptible to poor performance because of the
improper selection of initial parameters. We therefore formulate the problem of
finding the optimum number of rules of the FNN system under consideration; as a
constraint of the GA in searching for the optimized rule set. The GA learning
paradigm is very powerful since it requires no prior knowledge about the system�s
behavior in order to formulate a set of rules through learning. We also devise a GA
based adaptive mechanism for weight updation. The network is trained and tested
using a typical load-data over a two year period.

2 Overview of the Proposed Approach
2.1 Overview of GA

GAs work with a set of artificial elements called a population. An individual (string)
is referred to as a chromosome, and a single bit in a string is called a gene. GAs
generate a new population (called offsprings) by applying the genetic operators to the
chromosomes in the old population (called parents). Each iterations of genetic
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operations is referred to as a generation. A fitness function, i.e. the function to be
maximized, is used to evaluate the fitness of an individual. One of the important
purposes of GAs is to reserve the better schemata, i.e. the patterns of certain genes, so
that the offsprings may yield higher fitness than their parents. Consequently, the value
of fitness function increases through each generation.

The strings are generated randomly and evaluated using a fitness function.
Crossover operator starts by picking pairs of strings from the population. Random
positions in the string are then chosen and the selected segments are swapped with the
other string, similarly partitioned. Crossover promotes exploration of new regions in
the search space. It provides a structured, yet randomized mechanism of exchanging
information between strings. Mutation is treated as the secondary operator with the
role of restoring the lost genetic material and ensures that the probability of searching
any region in problem space is never zero.

2.2 Overview of the Fuzzy System

One of the salient aspects of  Fuzzy Inference System (FIS) is the determination of the
knowledge base (KB) which consists of the mechanism for developing membership
functions, fuzzy reasoning mechanism, and finding the number of rules and the rule
base. The network consisting of  input, fuzzification, inferencing, defuzzification
layers is shown in figure 1. There are  N number of input variables with N neurons in
the input layer and R number of rules with R neurons for inferencing. Thus number of
neurons in the fuzzification layer is NXR.

In our work we have opted to use GA instead of the usual iterative screening
mechanism for finding the number of rule nodes R and the initial weights of the fuzzy
neural network. To illustrate the approach of learning of fuzzy membership function
we use a simple fuzzy neural network based electric load forecaster as an example.

The inputs to the model are chosen as follows :

[ )...1()...1( +∆−+∆−= nkYkYX aa  ])1()...1()...1( +∆−+∆−+ nkTkTkT aaa .

and, the output Y Y kd= ( ) .
where, Yd(k) represents the load

Ta(k) is the temperature at kth hour and
∆ is the time step ahead which forecasting is desired.

The past loads are taken to improve upon the prediction capabilities; the notion
being similar to that of auto-regression [6]. The temperatures are included to reflect
weather sensitivity of the load. It should be noted that (k+1)th element of the input
vector is the a priori information of the temperature of the hour at which load
forecasting is to be done.

Input to the fuzzification layer is a weighted version of  input variables, which can
be represented lexicographically as,

01 WXW T +=η .                                               (1)

The set of weights between the input and fuzzification layer are given by :
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alternately, the individual elements of the fuzzification(2nd) layer is given by,
ηij ij i ijw x w= +1 0 .                                         (3)

Output of each neuron in the fuzzification layer is a fuzzy membership
corresponding to a particular input variables. The activation(membership) function
used for this fuzzification layer is given by,

)exp()( ij
ijijf

γ
ηη −= .                                          (4)

where, γ ij  is in the range of 10 50. .≤ ≤γ ij . During training γ ij  is updated in this
range, which are initially set at 2 . The output of the fuzzification layer can be
expressed as,


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γ

ηµ 01exp)( .                             (5)

Fig. 1. Forecasting Model

where, µ ij  is the value of  the fuzzy membership function of the ith input variable
corresponding to jth rule. The activation function in the inference layer (3rd) uses
multiplicative inference. The output of this layer is given by ,

∏=
N

i
iijNj xxxx )(),..,,( 21 µµ .                                     (6)

The defuzzification layer (4th) has the connecting weights (ν j ) to the output from
the inferencing layer, and these weights signify the strength of each rule in the output
of the model. The output X out , is given as,
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3 Training and Model Adjustment
3.1 Training Procedures

A. Iterative Approach using Backpropagation
The network is trained to minimize an objective function. The performance index (PI)
to be minimized is the Mean-Square-Error (MSE) given by, PI y k y kd= −( ( ) ( ))2

where, y kd ( )  is the desired output and y k( )  is the model output. The model
parameters of the proposed fuzzy inference system are updated using the notion of
error back-propagation.

We try to optimize the performance index PI y k y kd= −( ( ) ( ))2 . The W ij1,
Wij0 and  γij are updated till some stopping criterion is reached. The change in W ij1, Wij0
and  γij are computed by differentiating the PI  w.r.t.  required parameters. We define,

ε
k

y k y kd
2 2= −( ( ) ( )) ,                                    (8)

The training is continued until the following stopping  criteria is reached.

 PIk
k i

i

=

−

∑ ≤
50

ε    or,     k I≥ max .

where, ε  >0 and Imax is the maximum no. of iterations allowed. In our present
implementation Imax =2400.

If after completion of training the performance of the model is not found to be
satisfactory then, the weights are reinitialized, the number of rules are increased and
the above mentioned procedure is repeated. The process is heuristic in nature and
therefore takes time to implement.

After achieving a suitable level of performance over the entire training range the
rule nodes which produce an output close to zero over the entire training set, are
searched and omitted. Similarly, the inputs for which the fuzzy membership is unity or
close to unity over the entire training set are omitted from the network. This is done to
optimize the size of the network.

The model is tested without any retraining and if the performance is still
satisfactory without the above mentioned rule-nodes and inputs,  then we obtain a
model with reduced size. This makes the network computationally more efficient.
However, if the performance of the network is not found suitable then the network has
to be retrained with the reduced set of rules and inputs.

B. Genetic Algorithm (GA) approach

In the proposed fuzzy neural network in order to optimize the network topology we
attempted GA to find the optimum number of rules which gave the best result. A new
type of coding called real number coding for the GA implementation was used,
alongwith roulette wheel selection mechanism, two point crossover and mutation.

An initial population set of 60 strings was generated randomly and the fitness
function was taken to be 1 1/ ( )+ ηε . Here, the error ε is given

by ))()(( kykyd −=ε with y kd ( )  being the desired output and y k( )  is the model
output of the FNN. The constant η is a problem specific value.
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A crossover probability of 0.6 and a mutation rate of 0.005 was fixed. A two point
crossover was done as researchers now generally agree that it is superior to the one
point crossover method for it can generate more building blocks. The program was run
for 5000 generations and the end of it the solution string was decoded to get the
optimum number of rules which was found to be 17. Similarly the weights of the
network as well as the membership function were encoded together into one string and
their optimized values were obtained.

3.2 Simulation Results and Evaluation

The average fitness curve of the genetic optimization of rules is shown in figure 2.
Here we find that the fitness value stabilizes to a value of 17 after 25 generations.
Similarly, the fitness values for the network weights along with the membership values
is given in figure 3. The fitness function attains a stable value after 2000 generations.
Figure 4 shows the optimization process of the individual weights of the output layer.
Similarly figure 5 shows the stabilization process of some of the membership
parameters.

For identifying the parameters of the load mode during network training, weekday
data is treated separately from the weekend data. The load curve on Sundays and
public holidays is similar in nature, with small deviations. Important holidays like
Christmas, New Year day are therefore,  treated as Sundays. Other holidays, including
Good Friday, Memorial Day, Independence Day, Labour Day and the days preceding
Christmas and New Years day are treated as Saturdays. Similar load patterns are used
during the training of the network to obtain a faster convergence. As the weekends are
treated separately, the weight vector obtained after the Friday forecast is used to
predict the load on Monday.

The mean absolute percentage error (MAPE) is used to test the performance of the
model and is defined as follows :

( )MAPE N
i

N

=
=
∑1

1

[ forecast load -  actual load  x 100] / actual load

where, N is the number of patterns in the data set used to evaluate the forecasting
capability of the model.

The standard deviation (SD) of the absolute relative error is as follows :
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where, T is the number of time samples, and the MAPE is computed over the same
range of   t . The errt  is the absolute error relative to the peak load for the day.

The special holiday data occurring in the past and the weekend data are used to
train the model before the prediction for the holiday is attempted. By collecting
similar days from the past, we ensure that the characteristic of only that type of
holiday is reflected in the data set.

The performance of the proposed model have been compared with some existing
neural tools and time-series approaches [7], [8], [9], [10], [11] as well as with simple
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fuzzy neural networks. It has been found that our method performs better than the 
above models. To evaluate the performance of the proposed network architecture, it is 
used to forecast one-day ahead Peak and Average load. In the simulations, the data 
from an utility in the state of Virginia, USA are used. A mathematical software, 
MATLAB is used in the implementation. 

Fig. 2. Fitness values of rules using GA Fig. 3. Fitness values of FNN parameters 
using GA 

Fig. 4. Optimization process of output layer Fig. 5. Optimization process of membership 
weights parameters 
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Fig.6. 24-hours ahead Actual vs Predicted Peak load, (a) Winter (b) Spring 
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Fig. 7. 24-hours ahead Actual vs Predicted Average load; (a) Winter, (b) Summer 
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4 Load Forecasting Results
The 24-hours ahead peak load prediction over a week in winter, spring, summer and
fall are shown in Fig. 6(a)-6(b). It is observed that the predicted output closely follows
the actual load pattern and the error was found to be around 2%.The 24-hours average
load forecast over  a week for winter and summer are shown in Fig. 7(a) and 7(b). It is
observed that the average load forecast is better than that of peak load forecast. This
phenomenon is due to the averaging effect of the load pattern.

5 Conclusion
In this paper we address the problem of load forecasting using a real-coded genetically
optimized fuzzy neural network structure, which gave a significant improvement in
performance. The weights in different layers of the network are optimized using a
genetic algorithm based approach. Thus the usual problem of random initialization of
initial weights in case ordinary fuzzy neural network is avoided. The efficacy of the
network is validated by selecting a practical load pattern of all seasons. As summer
load pattern is considerably temperature sensitive; the peak load forecast demonstrates
the network�s efficiency. The weekly MAPE value is mostly within 0.5-1.5% for 24-
hours ahead peak load forecast and within  0.05-0.15% for average load forecast
which is a very good result in comparison those obtained by a  simple fuzzy neural
networks.
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Abstract In this paper we analyze parallel processing in clusters of com-
puters of an improved prediction method based on RBF neural networks
and matrix decomposition techniques (SVD and QR-cp). Parallel pro-
cessing is required because of the extensive computation found in sucn
an hybrid prediction technique, the reward being better prediction per-
formance and also less network complexity. We discuss two alternatives
of concurrency: parallel implementation of the prediction procedure over
the ScaLAPACK suite, and the formulation of another parallel routine
customized to a higher degree for better performance in the case of the
QR-cp procedure.

1 Introduction

Our main objective is to show the application of parallel computing platforms for
concurrent execution of an improved prediction algorithm that we have devised.
The algorithm is based on RBF (Radial Basis Function) artificial neural network
theory, and also on matrix decompositions drawn from linear algebra theory
[GL96,Ste01]. Neural network complexity, as described in previous references
dealing with this hybrid method [SOPP01b], is enhanced, yielding quite good
prediction results that can be now accessible by low-budget research companies
or institutes, thanks to the concepts and tools discussed in this paper.

First, the use of the matrix decomposition schemes used is described briefly
in order to propose a new means of creating optimal RBF neural architectures
for time series prediction applications, one that solves most of the problems
observed in the previously described algorithms. Then we will discuss feasible
parallelization methods and ideas about their efficiency and implementation.

2 Matrix approach to time series prediction problems

The work in this paper is derived from the consideration of the problem of
time series prediction, in which there is required an estimate (or prediction)
of the future value x(t + th) of a variable x, where th > 0 refers to the ’time
horizon’ (that is, the time period covered by the prediction). In this framework,
endogenous prediction is computed from the actual and past values x(t), x(t −

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 425-432, 2003. 
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2), . . . up to a ’window size’ W (that is, up to x(t − W + 1)) available at time
instant t, giving an estimate x̂(t + th) of the future value the process or series is
assumed to take. In the algorithm we propose, we set up data matrices of size
2W ×W in each time instant t. To do so, we use lagged values using consecutive
past windows as follows :

AW

(
x(·), t) =




x(t − 3W + 2) · · · x(t − 2W + 1)
x(t − 3W + 3) · · · x(t − 2W + 2)

...
...

...
x(t − W + 1) · · · x(t)


 , (1)

so that we would need, in this example, 3W − 1 past values to predict the value
in t + th. The main idea is using computation on these matrices to determine
the relevant “lags” (time indexes) for prediction. This allows us to automatically
identify the number of inputs of, say, a neural network model.

3 RBF predictor with matrix decompositions

In the particular context of the RBF networks, the mapping of a time series
prediction problem to the network is performed setting up the input as past
values (consecutive ones, in a first approximation) of the time series. The output
is viewed as a prediction for the future value that we want to estimate, and the
computed error between the desired and network- estimated value is used to
adjust parameters in the network.

Using ideas from linear algebra theory [SB73], we have derived an algorithm
based on RBF networks that is very well suited for solving time series predic-
tion problems. This algorithm, thoroughly described in the specialized reference
[SOPP01b], determines the ’optimum’ number (in practical terms) of RBF neu-
rons for computing the real-time recursive prediction of complicated time series
such as the Mackey-Glass chaotic series [MG77]. In the experiment described
in the cited reference, the result (depicted in Figure 2) indicates a substantial
reduction to less than half of the neural resources originally required to ’learn’
the prediction surface on an on-line basis, when our method based on SVD (and
QR-cp, another decomposition coupled with SVD for the experiments, which
can also be employed for model reduction) was tested.

We are mainly concerned with the parallelization of a definite subpart of
the algorithm, so we will not need to enter into detail concerning its entire
operation. Thus we limit ourselves to a brief outline of the underlying ideas
and some of the results obtained; the interested reader may refer to [SOPP01b]
for a detailed discussion and additional mathematical derivations. Document
[SOPP01a] contains some more extensive proofs that mathematically support the
use of the SVD and QR-cp techniques for optimal neural network construction.

The basic procedure involves forming a matrix A in which successive rows set
up from neural activation ai(·) values as real-time input patterns x are presented
to the network. As the output layer is a linear expansion

∑
hi · ai(x) of these
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activations, SVD enables the determination of the most relevant nodes (RBFs)
in the network, just by examining the singular values of the related matrix. This
is possible since the QR-cp phase transforms relevant singular values σi into a
permutation matrix P that indicates the neurons (columns) responsible for most
of the data ’energy’ [SOPP01a]. This procedure corresponds to the “pruning”
subtask depicted in Figure 1. As it has been suggested before, the SVD and
QR-cp matrix routines are also used, within the proposed prediction algorithm,
to determine the lag structure for prediction (second stage in Figure 1).

Figure 1. These are the succesive tasks to be sequentially executed in the prediction
algorithm that we propose. Steps second and fourth (in darker boxes) amount for the
main computational fraction of the whole iteration. As these two steps are based on
SVD and QR-cp matrix decompositions, any way for their parallel execution allows to
execute the whole algorithm much faster.

We set up activation matrices for the “pruning” routine every few iterations;
this allows for the fast detection of dynamics changes in the input time series
[SOPP01b]. It can be seen that a lot of matrix work is required for real-time
operation of our algorithm. The prediction accuracy obtained must be balanced
against this amount of computation. Parallelization of the SVD and QR-cp sub-
tasks offers a way of doing this without too great a sacrifice of the prediction
precision obtained.

4 Ideas for Parallelization

We could parallelize matrix routines in two ways: either by using publicly avail-
able routines such as the ScaLAPACK suite (to be introduced further on), or by
devising a new customized routine for the QR-cp step, because this latter option
can be used to better optimize the load distribution of computation evenly be-
tween the worker processors, by exploiting the Householder transformations that
form the core of the QR-cp step [GL96]. In either case, it should be noted that
the study of the parallelization of the SVD and/or QR-cp routines can be done
independently of the remaining discussion (and details) concerning our neural
prediction algorithm [SOPP01b] because these matrix operations are invoked in
the neural pruning (node selection) routine, simply by passing successive matrix
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Figure 2. Comparison of the number of neurons (RBFs) required for on-line prediction
of the chaotic Mackey-Glass series (upper plot = usual (RAN) algorithm; lower plots =
two versions of the algorithm that use SVD and QR-cp techniques for model reduction).

operands to them, and receiving the same kind of return information. Paral-
lelization of SVD is widely implemented, but in what regards QR-cp, we need a
different approach because of the data distribution issue, with we are showing
as more efficient when we consider a new method based on row distribution.

It is advisable to resort to a ’customized’ version of the QR-cp factorization,
since most of the parallel implementations available refer to the general (not
column pivoted) QR decomposition. Besides, the QR-cp returns the permutation
factor P [GL96] required for correct operation of our RBF neuron selection
algorithm [SOPP01b]. In this sense, it is important to take into account the
order in which the columns must be processed in QR-cp, which is not necessarily
the natural (1 to n) order. This is why a column-wise distribution among the
processors is not efficient because, even if it were performed in a homogeneous
way, the volume of communications might be too great. Thus, in our parallel
scheme we have started from a different point of view, one as far as we know
that is not explicitly described elsewhere, for treating QR-cp parallelization.
Our scheme is based on a row-wise distribution of the argument matrix. The
advantages of this approach are manifold. First, local computation in each of the
remaining processors is performed over a subset of rows of the original matrix,
taking into account the successive columns to be affected. Even if not processed
in the natural order, the order established would be the same for all processors.
Our procedure a llows a more equitative partitioning of the load among the
distinct processing nodes, because all of them would be working over rows of
equal length (n). This differs from the classic column-wise distribution in which,
depending on the pattern of the QR-cp loop over the concrete input matrix,
some processors could get ’unfair’ treatment with respect to others, as regards
local computation.
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The general QR factorization of a matrix A can be computed by applying
a sequence of ’zeroing’ orthogonal Householder transformations, that can be
comprised in a single matrix

Q ≡ [Hk · · ·H2H1]T

= H1H2 · · ·Hk , (2)

so that QT A = R , that is, A = QR, taking into account that the product of
every pair of orthogonal matrices is again an orthogonal matrix. If we use the
notation Ak+1 ≡ HkAk, where k = 1, 2, . . . , n, then1 the Householder vectors
have to be chosen so that when Qk premultiplies matrix Ak, it sets to zero all the
elements Ak(i, k) with i > k (the m − k elements in column k, below the main
diagonal). And so the result of the application of Q will be an upper-triangular
matrix, as required in QR [Bjö96]. In the case of QR-cp, the algorithm must
apply n Householder transformations Hk (k = 1, 2, . . . , n) and n permutation
matrices Pk. Each of the latter must perform a single interchange with respect
to the identity In, between columns p and k, where

p = min
{
i ∈ N, k ≤ i ≤ n : ‖ri‖ = max k≤s≤n{‖rs‖}

}
, (3)

with

Ak =
(

R11 R12

0 R22

)
(4)

with the transformed matrix being up to the k-th step, that is,

Ak = Hk−1 · · ·H2H1AP1P2Pk−1 (5)

and R22 = [rkrk+1 · · · rn]. With this background, it can be shown [GL96] (Sec-
tion 5.4.1) that the algorithm whose pseudocode is described in Figures 3 and 4
performs the QR-cp factorization of A.

When the algorithm ends, the matrix A is replaced by the upper-triangular
matrix R from the QR-cp factorization of A. We stress that matrix Q is not
explicitly or implicitly needed in our algorithm [SOPP01b], because it is based
only on the permutation matrix P that represents the successive indexes from
the column pivotings.

5 Experimental results

Experimental results of execution of the proposed algorithm over a ’cluster’ of
personal computers are presented next. The kind of parallel architecture consid-
ered here is a small cluster of personal computers. The hardware configuration of
the cluster is as follows: there is one console node (the host) with the common file
system. The ’master’ portion of the algorithm was executed in this node, based
on a Pentium II CPU running at 400 MHz with 128 MB main memory. Eight (8)

1 We must set A1 ≡ A, and then An+1 ≡ R holds.
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Master Processor:

1. Set r = 1, and P = In.
2. Compute the square of the 2-norm of the r-th to n-th columns from matrix A.

Denote those values by {cs} (r ≤ s ≤ n).
3. Determine the lowest index k such that c(k) = max r≤i≤nc(i).
4. Interchange columns r and k of A, and columns r and k of P.
5. Compute the normalized Householder vector v (that is, with first component equal

to 1) and the β parameter that sets to zero the set of elements A(i, r), for r +1 ≤
i ≤ m. An algorithm to determine β and the Householder vector required v is
presented, e.g., in Section 5.1.3 of [GL96]. This algorithm, moreover, rewrites the
diagonal element A(r, r) with the 2-norm of the original subcolumn that consisted
of the elements A(i, r) (r ≤ i ≤ m).

6. Send β and v to all the slave processors (’broadcast’), as well as the submatrix
formed by A(i, j), where r ≤ i ≤ m, r ≤ j ≤ n (the entire submatrix is sent to
every processor).

7. Receive the updated submatrix (only the rows assigned to each processor are re-
ceived from that processor). Note that in our case we do not need to preserve the
Householder vectors v as is done in [GL96] (Section 5.4.1). These can be regarded
as a ’compact’ representation of Q, while we are only interested in the resulting
permutation P, which is locally computed in this master processor.

8. r ←− r + 1. If r > n then stop; the desired permutation is contained in P.
9. Determine the new values for the local parameters {cs}, according to the formula

c(s) ←− c(s)−
n∑

j=r

[A(r − 1, j)]2 , r ≤ s ≤ n . (6)

10. Go back to step (2).

Figure 3. Pseudocode description of the master process operation.

Slave processors:

1. Receive β, the Householder vector v, and the submatrix A.
2. Update rows corresponding to this processor (a homogeneous distribution of rows

among the processors is assumed) according to

A(i, j) ←− A(i, j) + β · v(i) ·
m∑

s=1

A(s, j) · v(s) , (7)

where m and n are the dimensions of the received matrix A Variable i takes the
indexes of rows assigned to this local processor, and 1 ≤ j ≤ n.

3. Send the locally updated rows back to the master.
4. If m = n = 1 then stop; otherwise go back to step (1).

Figure 4. Pseudocode description of the slave process operation.
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additional nodes, Pentium II 333 MHz, were used as the ’slaves’, and the nine
nodes were interconnected through a Fast Ethernet (100 Mbits per sec.) switch.
In order to perform the distribution and sends/receives of the data and submatri-
ces to every processor, we made use of the Distributed and Parallel Application
Toolbox (DP-Toolbox) publicly available for the MATLAB environment2. Be-
sides, this complement to MATLAB allows the execution of a local copy of the
MATLAB environment in each slave, and so low level operations were performed
in the MATLAB language within the slaves, but again using a loop unfolding to
isolate the optimizing effect of the MATLAB environment. Runs were made for
the QR-cp decomposition for matrix sizes of 40 × 40, 100 × 100, and 200 × 200
(5 runs for each size, then calculating the sample mean). The data used in the
matrices (the source of which, as we know, is not relevant for the results ob-
tained) were from neural activations for the Mackey-Glass time series prediction
drawn from the execution of the prediction algorithm mentioned in this paper.
As stated previously, the sample mean TP was computed from the execution time
for every 5 runs using a given number TP ∈ {2, 4, 6, 8} of slaves and every size
example considered. The speedup was computed as the quotient SP = TS/TP ,
where TS denotes the sample mean for 5 executions of the sequential version,
for the three sizes considered. Efficiency of use of the parallel system (the ratio
SP /P ) was also computed for each experiment. The results are summarized in
Table 1. In the NP = 8 case, the whole cluster is active.

Table 1. Measures for the speedup and corresponding efficiency for several settings of
the QR-cp parallel program (full-programmed version of the described algorithm).

Matrix

size NP Speedup Effic.

40× 20 2 1.51 0.755

40× 20 4 2.54 0.635

40× 20 6 3.15 0.525

40× 20 8 3.48 0.435

100× 50 2 1.59 0.795

100× 50 4 3.10 0.775

100× 50 6 4.51 0.752

100× 50 8 5.68 0.710

200× 100 2 1.81 0.905

200× 100 4 3.56 0.890

200× 100 6 5.26 0.877

200× 100 8 6.78 0.848

As expected, the algorithm performs better with larger matrix sizes, as this
implies a higher granularity in the local computations. The net effect is a mini-
mization of the impact of communication latency and its impact on the measures.
2 Internet: http://www-at.e-technik.uni-rostock.de/dp/.
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It also produces a better exploitation of the bandwidth offered by the switch, be-
cause of the formation of messages with higher informative content, with respect
to the overheads from headers and other elements of the communication proto-
col. The slight performance degradation when the number of slave processors
rises (due to the communication overhead) becomes smoother as the problem
size grows.

6 Conclusions

Clusters of computers have become a practical choice for improving the perfor-
mance of engineering and mathematically oriented applications in industrial and
commercial environments requiring inexpensive platforms. We have shown the
efficent application of parallel computation to the time series prediction prob-
lems that arise in many applications of economic and social interest, such as
the management of natural resources, optimal planning and financial tools. Our
prediction algorithm, described in full detail in previous literature, relies on neu-
ral networks (RBF networks), but as a quite high amount of realtime data is
to be processed, matrix operations should be parallelized in order to obtain the
good and accurate results reported. Our discussion shows that there is an inter-
play between mathematical, computational, and artificial intelligence tools that
cooperate together to solve (with low-cost) practical prediction problems.
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Abstract. In this paper we propose a new method for volatile time se-
ries forecasting using techniques like Independent Component Analysis
(ICA) or Savitzky-Golay filtering as preprocessing tools. The prepro-
cessed data will be introduce in a based radial basis functions (RBF)
Artificial Neural Network (ANN) and the prediction result will be com-
pared with the one we get without these preprocessing tools or the clas-
sical Principal Component Analysis (PCA) tool.

1 Introduction

Different techniques have been developed in order to forecast time series using
data from the stock. There also exist numerous forecasting applications like those
ones analyzed in [17]: signal statistical preprocessing and communications, indus-
trial control processing, Econometrics, Meteorology, Physics, Biology, Medicine,
Oceanography, Seismology, Astronomy y Psychology.

A possible solution to this problem was described by Box and Jenkins [7].
They developed a time-series forecasting analysis technique based in linear sys-
tems. Basically the procedure consisted in suppressing the non-seasonality of
the series, parameters analysis, which measure time-series data correlation, and
model selection which best fitted the data collected (some specific order ARIMA
model). But in real systems non-linear and stochastic phenomena crop up, thus
the series dynamics cannot be described exactly using those classical models.
ANNs have improved results in forecasting, detecting the non-linear nature of
the data. ANNs based in RBFs allow a better forecasting adjustment; they imple-
ment local approximations to non-linear functions, minimizing the mean square
error to achieve the adjustment of neural parameters. Plattś algorithm [16], RAN
(Resource Allocating Network), consisted in the control of the neural network’s
size, reducing the computational cost associated to the calculus of the optimum
weights in perceptrons networks. Matrix decomposition techniques have been
used as an improvement of Platt model [24] with the aim of taking the most
relevant data in the input space, for the sake of avoiding the processing of non-
relevant information (NAPA-PRED ”Neural model with Automatic Parameter
Adjustment for PREDiction”). NAPA-PRED also includes neural pruning [23].
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The next step was to include the exogenous information to these models.
There are some choices in order to do that; we can use the forecasting model
used in [9] which gives good results but with computational time and complexity
cost; Principal Component Analysis (PCA) is a well-established tool in Finance.
It was already proved [24] that prediction results can be improved using the
PCA technique. This method linear transform the observed signal into principal
components which are uncorrelated (features), giving projections of the data in
the direction of the maximum variance [15]. PCA algorithms use only second
order statistical information; Finally, in [3] we can discover interesting structure
in finance using the new signal-processing tool Independent Component Anal-
ysis (ICA). ICA finds statistically independent components using higher order
statistical information for blind source separation ([4], [13]). This new technique
may use Entropy (Bell and Sejnowski 1995, [6]), Contrast functions based on
Information Theory (Comon 1994, [8]), Mutual Information (Amari, Cichocki y
Yang 1996, [2]) or geometric considerations in data distribution spaces (Carlos
G. Puntonet 1994 [19],[26], [1], [20], [21]), etc. Forecasting and analyzing financial
time series using ICA can contributes to a better understanding and prediction
of financial markets ([22],[5]).

2 Basic ICA

ICA has been used as a solution of the blind source separation problem of a
linear mixture [12] denoting the process of taking a set of measured signal in
a vector, x, and extracting from them a new set of statistically independent
components (ICs) in a vector s̃. In the basic ICA each component of the vector
x is a linear instantaneous mixture of independent source signals in a vector s
with some unknown deterministic mixing coefficients:

xi =
N∑

i=1

aijsj (1)

Due to the nature of the mixing model we are able to estimate the original
sources s̃i and the de-mixing weights bij applying i.e. ICA algorithms based on
higher order statistics like cumulants.

s̃i =
N∑

i=1

bijxj (2)

Using vector-matrix notation and defining a time series vector x = (x1, . . . , xn)T ,
s, s̃ and the matrix A = {aij} and B = {bij} we can write the overall process
as:

s̃ = Bx = BAs = Gs (3)

where we define G as the overall transfer matrix. The estimated original sources
will be, under some conditions included in Darmois-Skitovich theorem, a per-
muted and scaled version of the original ones. Thus, in general, it is only possible
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to find G such that G = PD where P is a permutation matrix and D is a diag-
onal scaling matrix.

In Financial time series this model (equation 1) can be applied to the stock
series where there are some underlying factors like seasonal variations or eco-
nomic events that affect the stock time series simultaneously and can be assumed
to be quite independent [14].

3 Preprocessing Volatile Signals

The main goal, in the preprocessing step, is to find non-volatile time series
including exogenous information i.e. financial time series, easier to predict using
ANNs based on RBFs. This is due to smoothed nature of the kernel functions
used in regression over multidimensional domains [11]. We propose the following
Preprocessing Steps

– After Whitening the set of time series {xi}n
i=1(subtract the mean of each time

series and removing the second order statistic effect or covariance matrix
diagonalization process)

– we apply some ICA algorithm to estimate the original sources si and the
mixing matrix A in equation 1. Each IC has information of the stock set
weighted by the components of the mixing matrix. In particular, we use an
equivariant robust ICA algorithm based in cumulants. The de-mixing matrix
is calculated according the following iteration:

B(n+1) = B(n) + µ(n)(C1,β
s,s Sβ

s − I)B(n) (4)

where I is the identity matrix, C1,β
s,s is the β + 1 order cumulant of the

sources (we chose β = 3 in simulations) and Sβ
s = diag(sign(diag(C1,β

s,s ))).
Once convergence, which is related with cross-cumulants 1 absolute value, is
reached , we estimate the mixing matrix inverting B.

– Filtering.
1. We neglect non-relevant components in the mixing matrix A according

to their absolute value. We consider the rows Ai in matrix A as vectors
and calculate the mean Frobenius Norm 2 of each one. Only the compo-
nents bigger than mean Frobenius Norm will be considered. This is the
principal preprocessing step using PCA tool, in this case is not enough.

Ã = Z · A (5)

where {Z}ij = [{A}ij > ||Ai||F r

n ]
2. We apply a low band pass filter to the ICs. We choose the well-adapted

for data smoothing Savitsky-Golay smoothing filter [25] for two reasons:
a)ours is a real-time application for which we must process a continuous

1 cumulants between different sources
2 Frobenius Norm: ||x||Fr ≡ √∑n

i=1 x2
i
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data stream and wish to output filtered values at the same rate we receive
raw data and b) the quantity of data to be processed is so large that
we just can afford only a very small number of floating operations on
each data point thus computational cost in frequency domain for high
dimensional data is avoided even the modest-sized FFT. This filter is
also call Least-Squares [10], and derives from a particular formulation of
the data smoothing problem in the time domain and their goal is to find
filter coefficients cn in the expression:

s̄i =
nR∑

n=−nL

cisi+n (6)

where {si+n} represent the values for the ICs in a window of length
nL +nR +1 centered on i and s̃i is the filter output (the smoothed ICs),
preserving higher moments [18]. For each point si we least-squares fit a
m order polynomial for all nL + nR + 1 points in the moving window
and then set s̃i to the value of that polynomial at position i. As shown
in [18] there are a set of coefficients for which equation 6 accomplishes
the process of polynomial least-squares fitting inside a moving window:

cn = {(MT · M)−1(MT · en)}0 =
m∑

j=0

{(MT · M)−1}0j · nj (7)

where {M}ij = ij , i = −nL, . . . , nR, j = 0, . . . ,m, and en is the unit
vector with −nL < n < nR.

– Reconstructing the original signals using the smoothed ICs and filtered Ã
matrix we get a less high frequency variance version including exogenous
influence of the old ones. We can write using equations 5 and 4.

x = Ã · s̄ (8)

Fig. 1. Schematic representation of prediction and filtering process.
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4 Time Series Forecasting Model

We use an ANN using RBFs to forecast a series xi from the Stock Exchange
building a forecasting function P with the help of NAPA-PRED+LEC algo-
rithm, for one of the set of signals {x1, . . . , xn}. The individual forecasting
function can be expressed in term of RBFs [27] as: F(x) =

∑N
i=1 fi(x) =∑N

i=1 hiexp{ ||x−ci||
r2

i
}, where x is a p-dimensional vector input at time t, N is the

number of neurons (RBFs) , fi is the output for each neuron i-th , ci is the centers
of i-th neuron which controls the situation of local space of this cell and ri is the
radius of the i-th neuron. The global output is a linear combination of the indi-
vidual output for each neuron with the weight of hi. Thus we are using a method
for moving beyond the linearity where the core idea is to augment/replace the
vector input x with additional variables, which are transformations of x, and
then use linear models in this new space of derived input features. RBFs are one
of the most popular kernel methods for regression over the domain and consist
on fitting a different but simple model at each query point ci using those ob-
servations close to this target point in order to get a smoothed function. This
localization is achieved via a weighting function or kernel fi. The preprocessing
step suggested in section 3 is necessary due to the dynamic of the series [22] and
it will be shown that results improve sensitively. Thus we will use as input series
the ones we got in equation 8.

5 Simulations and Conclusions.

We work with indexes of different Spanish banks and companies during the same
period to investigate the effectiveness of ICA techniques for financial time series
(1 in table 2). We have specifically focussed on the IBEX35 from Spanish stock,
which we consider the most representative sample of the Spanish stock move-
ments, using closing prices in 2000. We considered the closing prices of Bankinter
for prediction and 8 more stock of different Spanish companies (ACS, Aguas de
Barcelona, Banco Popular, Banco Santander, BBVA, Dragados, Carrefour and
Amadeus). Each time series includes 200 points corresponding to selling days
(quoting days). We performed ICA on the Stock returns using the ICA algo-
rithm presented in section 3 assuming that the number of stocks equals the
number of sources supplied to the mixing model. This algorithm whiten the raw
data as the first step. The ICs are shown in 2 table 2. These ICs represents in-
dependent and different underlying factors like seasonal variations or economic
events that affect the stock time series simultaneously. Via the rows of A we
can reconstruct the original signals with the help of these ICs i.e. by Frobenius
filtering the original mixing matrix is transformed, and we neglect the influence
of the corrresponding ICs on the original stock. Thus only a few ICs contribute
to most of the movements in the stock returns and each IC contributes to a level
change depending its amplitude transient [3]. We do a polynomial fit in the ICs
using the library supported by MatLab and the reconstruct the selected stock (6
and 7 in table 2) to supply the ANN.
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Fig. 2. Simulations.1 Set of Stock Series.2 ICs for the stock series. 3 Real Series(line)
Predicted Series with ICA+SG(-.) Predicted Series without preprocessing (.). 4 Zoom
3. 5 NRMSE evolution for ANN with ICA+SG (line) and without (-.). 6 Real Series
from ICA reconstruction (scaled old version)(line) and Preprocessed Real Series (-.). 7
Zoom 6.
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In 3,4 and 5 in table 2 we show the results we got using our ANN with
the above mentioned algorithm. We can say that prediction is better with the
preprocessing step avoiding the disturbing peaks or convergence problems in
prediction. As is shown in 5 the NRMSE is always lower using the techniques
we discussed in section 4.

5.1 Conclusions.

In this paper we showed that prediction results can be improved with the help of
techniques like ICA. ICA decompose a set of 9 returns from the stock into inde-
pendent components which fall in two categories: a) large components responsi-
ble of the major changes in level prices and b) small fluctuations. Smoothing this
components and neglecting the non-relevant ones we can reconstruct a new ver-
sion of the Stock easier to predict. Moreover we describe a new filtering method
to volatile time series that are supplied to ANNs in real-time applications.
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de Computadores, 1994.

20. C.G. Puntonet and Ali Mansour, Blind separation of sources using density estima-
tion and simulated annealing, IEICE Transactions on Fundamental of Electronics
Communications and Computer Sciences E84-A (2001).
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Abstract. Arti�cial neural networks (ANN) have been widely used in
regression or predictions problems and it is usually desirable that some
form of con�dence bound is placed on the predicted value. A number
of methods have been proposed for estimating the uncertainty associ-
ated with a value predicted by a feedforward neural network (FANN),
but these methods are computationally intensive or only valid under
certain assumptions, which are rarely satis�ed in practice. We present
the theoretical results about the construction of con�dence intervals in
the prediction of nonlinear time series modeled by FANN, this method
is based on M-estimators that are a robust learning algorithm for pa-
rameter estimation when the data set is contaminated. The con�dence
interval that we propose is constructed from the study of the In
uence
Function of the estimator. We demonstrate our technique on computer
generated Time Series data.
KEYWORDS: Feedforward Arti�cial Neural Networks, Robust Learn-
ing algorithm, Con�dence Interval, Time Series.

1 Introduction

Feedforward Arti�cial Neural Networks (FANN) have been used as powerful tool
for modelling real life applications though it is very important to be able to es-
timate the reliability of a given model. This problem has been investigated in
neural networks, but the methods used to build con�dence intervals (CI) are
computationally intensive based on bootstrap techniques [7] or Bayesian ap-
proach with time-consuming Monte-Carlo integration [11] , as well as extending
neural networks [10]. The available methods for the construction of CI analyti-
cally are based the Least Square estimator [3], [9], [12] assuming that the data
is free of any contamination, fact that is not accomplished in real data.
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Intership grant CONICYT-INRIA
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We have shown in some early works that the learning algorithm for the
parameters estimation of the neural model relies on the data, and when the data
are contaminated with outliers they can in
uence badly bringing degradation
in the estimates (See [1], [2], [13]). For this reason it is important to use a
robust algorithm for the learning process based on robust estimators as, for
example, M-estimators (See [8], [6]). To estimate the reliability of the prediction
we construct a Robust Con�dence Interval by studying some analytical aspect
of the M-estimator in FANN models.

In the section 5 we show some simulations results on simulated time series.

2 Feedforward Arti�cial Neural Networks

A FANN consists of elementary processing elements called neurons, organized
in three type of layers, the input, the output and the hidden layers, where the
latter is located between the input and the output layers. The number of input
and output units are determined by the application. The links of the neurons are
from one layer to the successive without any type of bridge, lateral or feedback
connections. For simplicity, a single-hidden-layer with only one output archi-
tecture is considered in this paper, this class of neural models can be speci�ed
by the number of hidden neurons by S� = fg�(x;w) 2 IR; x 2 IRm; w 2 Wg,
whereW � IRd is the parameter space and is assumed that is convex, closed and
bounded, g�(x;w) is a non-linear function of x with w = (w1; w2; :::; wd)

T being
its parameter vector, � is the number of the hidden neurons and d = (m+2)�+1
is the number of free parameters. The results presented in this paper can be easily
extended to FANN with a higher number of layers and output neurons.

Given the sample of observations � = fxt; ytgt=1::n, where we supossed a
noisy measured output yt which is considered as the realization of the random
variable Y = Y jx conditionated to xt �ven the time t. We assume that there
exists an unknown regression function '(x) = E [Y jx] such that for any �xed
value of x, the stochastic process is determined by Y jx = E[Y jx] + ", where "
is a random variable with zero expectation and variance �2" . The task of neural
learning is to construct an estimator g�(x;w) of the unknown function '(x) by

ŷ = g�(x;w) = 
2

0
@ �X

j=1

w
[2]
j 
1

 
mX
i=1

w
[1]
ij xi + w

[1]
m+1;j

!
+ w

[2]
�+1

1
A (1)

where w is a parameter vector to be estimated, 
0s are linearity or non-linearity
and � is a control parameter (number of hidden units). An important factor
in the speci�cation of neural models is the choice of the 'activation' function

0s, these can be any non-linearity as long as they are continuous, bounded and
di�erentiable. The activation function of the hidden neurons 
1 typically is a
squashing or a radial basis function. An special type of squashing function is
the logistic function 
1(z) = [1 + expf�zg]�1 and is one of the most commonly
used. For the output neuron the function 
2 could be a linear function f(z) = z,
or squashing function.
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3 Robust Analysis of FANN

In some earlier works is shown that FANN models are a�ected with the presence
of outlying observations, in the way that the learning process and the prediction
based on a LS estimator have a very poor performance (See [2], [4]). In order to
improve our model, we introduced a Learning algorithm based on M-estimators.

Let the data set � = fxt; ytgt=1::n consists of an independent and identically
distributed (i.i.d) sample of size n coming from the unknown probability distri-
bution F (x; y). A nonlinear function y = '(x) is approximated from the data
by a FANN, i.e., y = g�(x;w

�) + r, where y 2 IR is the desired output, x 2 IRm

is the input vector, w� 2 W � IRd is the unknown parameters vector and r 2 IR
is the residual error and is considered as the realization of the random variable
"jx.

A M-estimator ŵM
n is de�ned by ŵM

n = arg minfRLn(w) : w 2 Wg;W �
IRd, where RLn(w) is a robust functional cost given by the following equation,

RLn(w) =
1

n

nX
t=1

�
�
yt � g�(x

t; w)
�

(2)

where � is the robust function that introduces a bound to the in
uence due to
the presence of the outlier in the data. Assuming that � is di�erentiable whose

derivative is given by  (r; w) = @�(r;w)
@r

, so a M-estimator ŵM
n can be de�ned

implicity by the solution of the following equation,

nX
t=1

 (yt � g�(xt; w))Dg�(xt; w) = 0 (3)

where  : IR�W ! IR, rt = yt � g�(x
t; ŵM

n ) is the residual error and

Dg�(x;w) =

�
@

@w1
g�(x;w); : : :;

@

@wd

g�(x;w)

�T

(4)

is the gradient of the FANN. We will denote Dg� = Dg�(x;w) for short.In the
following we will denote as w� the global optimum obtained by the minimization
of the functional RL(w).

3.1 The In
uence Function of the M-estimator of the FANN

In order to study the robustness of this estimator, we analyze the in
uence func-

tion (IF) of the M-estimator. The IF is a local measure introduced by Hampel
[6] and describes the e�ect of an in�nitesimal contamination at the point (x; y)
on the estimate.

The IF of the M-estimator applied to the FANN model, w�, and calculated
at the distribution function F (x; y) is given by the following equation,

IF (x; r;w�; F ) = � (r; w�)M�1Dg�(x;w
�)T (5)
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where r is the residual, Dg�(x;w
�) is given by equation (4) and M is given by

M =

Z
IR

H(r; x; w�)dF (x; y) = EF [H ] (6)

where H is the Hessian of �(�) with respect to the parameters w, i.e. ,H(r; x; w) =

( 0(r; w)Dg�Dg
T
� � (r; w)D2g�), and D

2g� = [@
2g�(x;w)
@wi@wj

] is the Hessian matrix

of the FANN of side d�d. In practice, M is not observable and must be estimated.
White [15] demonstrated that a consistent estimator of M is

M̂n =
1

n

nX
t=1

H(rt; xt; ŵ
M
n ) (7)

where ŵM
n are the parameters obtained from the data by the minimization of

the risk function (2). With this result, we can estimate the in
uence at the point
(x�; y�) by ^IF (x�; r�; ŵM

n ) =  (r�; ŵM
n )M̂�1

n Dg�(x
�; ŵM

n )T .

3.2 Variance of the M-Estimator of the FANN

In order to derive a con�dence interval, the variance of the estimator is needed,
and this is given by equation (8) (See [13])

V (w�) =
R
IF (x; y;w�; F )IF (x; y;w�; F )T dF (x; y)

=M( ; F )�1Q( ; F )M( ; F )�T
(8)

where M is given by the equation (6) and

Q( ; F ) :=
R
 (r; w�)2Dg�(x;w

�)Dg�(x;w
�)T dF (x; y)

= EF [ (r; w
�)2Dg�(x;w

�)Dg�(x;w
�)T ]

(9)

For the same reason that M , a consistent estimator of Q is given in [15] by

Q̂n =
1

n

(
nX
t=1

 (rt; ŵ
M
n )2Dg�(xt; ŵ

M
n )Dg�(xt; ŵ

M
n )T

)
(10)

With this result, we can estimate the variance of the estimator V̂ (ŵM
n ) =

M̂�1
n Q̂nM̂

�T
n , where r� = y� � g�(x

�; ŵM
n ).

4 Con�dence Interval

In this section we construct con�dence intervals and prediction intervals based
on an ANN and show these to be asymptotically valid using the results. For
the construction of the FANN we will require that the parameter vector w is
irreducible, i.e, there does not exist another FANN with fewer neurons that
represents the same relationship function '(x). To obtain an irreducible vector
w refer to [14]. In the following we will make the assumption that the parameter
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vector is irreducible, otherwise the neural network is redundant and we may drop
one neuron without changing the input-output relationship at all.

Furthemore we will assume that the sequence of parameters fŵM
t gt=1::T ob-

tained from the learning algorithm used to minimize the risk function (2) con-
verges with probability 1 to the true parameter vector w�, requirements that
can be found in [5] and [15].

With this assumption and by appliying the Asymptotic sampling error theo-
rem (See [5]) and the results obtained in the previous section that were derived
from the de�nitions given in [6] the following result is obtained:

p
n(ŵM

n � w�) �
n!1

N(0d; V (w
�)) in distribution. (11)

where V (w�) =M�1QM�T is obtained from the equation (8).

Now, to estimate the Asymptotic distribution of the response we applied the
Asymptotic Function of Sampling Error theorem (See [5]), and by assuming that
the Hessian of g�(x;w) exists and is continous on W for all x 2 �, the following
result is obtained:

p
n(g�(x

t; ŵM
n )� g�(x

t; w�)) �
n!1

N(0d; �
�) in distribution. (12)

Equation (12) shows that the asymptotic distribution converges to a ran-
dom vector that has a multivariate Gaussian distribution with zero mean and
covariance matrix:

��(x) = Dg�(x;w
�)TV (w�; F )Dg�(x;w

�) (13)

where Dg�(x;w
�) is given by the equation (4). With this result we build a quasi

normalized and centered gaussian:

g�(x� ŵM
n )� g�(x� w�)p
��(x)=n

� N(0; 1) (14)

In practice �� is not known, but it can be estimated by

�̂n(x) = Dg�(x; ŵ
M
n )T V̂ (ŵM

n )Dg�(x; ŵ
M
n ) (15)

With this result we obtain:

g�(x� ŵM
n )� g�(x� w�)q
�̂n(x)=n

� Student(n� d) (16)

A 100(1� �)% approximate con�dence interval for g�(x;w
�) is given by:

g�(x; ŵ
M
n )� tn�d(1� �=2)

q
�̂n(x)=n (17)
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n is the size of the data set, d = (m + 2)� + 1 is the number of estimated
parameters. Here tn�(m+2)��1(1 � �=2); denotes the 1 � �=2 quantile of a t-
Student distribution with [n� (m+ 2)�� 1] degrees of freedom. Equation (20)
gives a con�dence interval for the best neural network approximator obtained
with the speci�c architecture S� for the regression function '(x) = E [Yt jx]. To
obtain a con�dence interval, Chryssolouris et. al [3] show that

V [y � ŷ] � V ["] + V [Dg(x;w�)(ŵM
n � w�)] (18)

where y is the real output, ŷ = g�(x; ŵ
M
n ) is the output estimated by the

FANN obtained with the parameters ŵM
n , r = y � g�(x;w

�) is the residual
error obtained with the true parameter vector and is a realization of the ran-
dom variable ". In [3] assume that the error " has a normal distribution with
a zero mean and variance �2" , but due to the fact that we assume that the
data is contaminated, we need a robust estimator of the variance of �2" , be-
cause the classical estimator given by s = 1

n�d

Pn
t=1(yt � glambda(x

t; ŵM
n ))2 is

not longer eÆcient. For these reason we used the MEDA estimator given by
s = 1:483medianfjrt �medianfrtgt=1::mjgt=1::m. With this result we obtain:

g�(x� ŵM
n )� yq

ŝ2 + �̂n(x)=n
� Student(n� d) (19)

Finally, the con�dence interval for the real output y = E [Y jx] is given by:

g�(x; ŵ
M
n )� tn�d(1� �=2)

q
ŝ2 + �̂n(x)=n (20)

Then, the asymptotic prediction interval for yt+1 given x
t+1 is

IŵMn (yt+1) = g(xt+1; ŵM
n )� tn�d(1� �=2)

q
ŝ2 + �̂n(xt+1)=n (21)

that is Pr[yt+1 2 IŵMn (yt+1)]! 1� �.

5 Simulation Resuts in Time Series

In order to make some simulation we have to choose the robust estimators for
the learning process of the FANN. In this section we select the Huber and the
Bisquare functions, which are given by equation (22) and (23) respectively.

 H (r; c) = sgn(r)minfjrj; cg (22)

 B(r; c) =

�
r(1� (r=c)2)2 r 2 [�c; c]

0 r < �c or r > c
(23)

It is worth to mention that the classical Least Square estimator is given by
the following equations: �(r) = 1

2r
2 and  (r) = r. So the results derived in the

previous section has as particular case this estimator.
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In this section the procedure is applied to a simulated time serie consisting
in a NAR(1) process xt = h(xt�1) + at, where h(xt�1) = 5xt�1 exp[�x2t�1=4],
and the process has been arti�cially contaminated with innovative and additive
outliers. For the innovative outlier, at, is formed with a white Gaussian noise
process and an outlier generating process, so at has distribution Fa = (1 �
�)N(0;�2a) + �N(0;�2i ), with 0 < � << 1. And for the additive outlier, the
observational process zt is obtained by zt = xt + utvt, where vt is a zero-one
process with P [vt 6= 0] = �, ut has distribution Fu = N(0;�2u) and 0 < � << 1.
We generated 2000 data were the �rst 1000 were discarded to avoid initialization
e�ects, the following 500 were used to train the FANN and the last 500 were
used to test the FANN, the parameters chosen for the time serie are �2a = 0:5,
�2i = 5, �2u = 5, � = 0:05 and � = 0:05.

A single-input-single-output (SISO) FANN model with one hidden layer with
eight hidden neurons and logistic activation function for the hidden layer and
linear activation function for the output neuron was implemented to model the
data. This architecture was trained using 3 di�erent functional cost: the least
square (LS), the Huber (MH) and the Tukey's bisquare estimator(MB). To
obtain the parameters that minimize the functional cost, the backpropagation
with momentum algorithm was used [5].

The results of the procedure applied to the three networks are summarized
in table 1, where the performance of the training and test set was measured
with the mean square error and for the quality of the con�dence interval, the
probability coverage (PC) of the training and test set was taken. The PC is the
proportion of points of the real data that fall outside of the interval. As can be
seen on the table, theM -estimators outperform the LS estimator in the test set.
In the training set the MB estimator has bad performance, because it discards
outliers that are far away meanwhile the MH estimator only downweighted
them instead. The PC for the M -estimator are clearly much better than the
for the classical LS con�dence interval, this shows the bad performance of the
con�dence interval when the data is contaminated. As can be seen in �gure 1, the
CI of the LS case is tighter to its prediction causing a bigger mistake, however,
the M -estimator follows the curve taking more distance but the MB estimator
is tighter than the MH estimator, and in both we obtained the same empirical
performance.

Table 1. Performance and probability coverage (PC) results for the Simulated Time
Serie

Estimator Performance PC Performance PC

Training set Training set Test set Test set

LS 0.3363e-3 28.2% 0.4735e-3 28.0%

MH 0.3042e-3 0% 0.3989e-3 0.2%

MB 0.7485e-3 0% 0.3664e-3 0.2%
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Fig. 1. Confidence Interval of the FANN in the Test set for different estimators. 
From left to right: Least Square, Huber and Bisquare estimators 
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Abstract. In this work, Hopfield neural networks are applied to estima-
tion of parameters in a dynamical model of Cuban HIV-AIDS epidemics.
The time-varying weights are derived, and its formulation is adapted to
the discrete case. The method is tested on a data sequence obtained
from numerical solution of the model. Simulation results show that the
proposed technique quickly reduces the output prediction error, and it
adapts well to parameter changes. Results concerning estimation error
are poor, and some directions to deal with this issue are proposed.

1 Introduction

System identification or modelling consists in the determination of the internal
properties of a dynamical system, from some measurable external outputs. When
no a priori information about the system exists, identification aims at building
a model with the only information extracted from observed input-output data.
This is an appropriate framework for techniques based upon statistical regres-
sion, such as ARMAX and similar methods (see [1] and references therein). On
the contrary, when a system model is available, either from physical laws or by
our insight into the problem, it is logical not to waste the knowledge provided
by the model. In this case, however, the knowledge is not complete, since the
numerical value of some parameters of the model must be adjusted. Hence, this
task is usually referred to as ”gray box” identification of a parametric model [2]
or, simply, parameter estimation.

The problem of parameter estimation is often addressed by the gradient
method [3], which is an on-line estimator, i.e. it continuously modifies the esti-
mation in the direction of error minimization. However, since the actual value
of parameters is unknown, so is the estimation error. Hence, the only measure
of the goodness of estimation is the output prediction error, i.e. the difference
between the observed output and the predicted output. Consider a general ho-
mogeneous dynamical system ẋ = f (x,θ) where θ is a parameter vector. For

� This work has been partially supported by the Spanish Ministerio de Ciencia y Tec-
noloǵıa (MCYT), Project No. TIC2001-1758. Thanks are due to Hector de Arazoza
for providing the model and Liuva Pedroso for generating test data.

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 449-456, 2003. 
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a particular estimation θ̂, the predicted output is f(x, θ̂) thus the prediction
error is given by e = ẋ − f(x, θ̂) and the update rule of the gradient method

results in ˙̂θ = −k∇e�e, where e is regarded as a function of the estimation θ̂.
The gain k must be carefully chosen, otherwise slow convergence -too small k-
or violent oscillations -too large k- may appear.

The brief presentation of the gradient method in the above paragraph is
enough to appreciate that identification can be considered into the wider con-
text of optimization. Thus, optimization techniques are an appealing approach to
parameter estimation. In particular, we have applied the optimization method-
ology of Hopfield and Tank [4], based upon neural networks, to identification of
dynamical systems. This neural estimator obtains promising results in on-line
identification of robotic systems [5], which present several favourable properties:
an accurate model stems from physical laws; almost exact measures of states
and their derivatives are available from position sensors, speedometers and ac-
celerometer; current sensors provide measures at intervals of nanoseconds, so
that the system can be safely considered a continuous model. In this work, we
apply this methodology to another problem: modelling the HIV-AIDS epidemics
in Cuba. Although the mathematical formulation is similar, the characteristics of
this system are completely different: we begin with a model based upon intuition
of specialists, rather than physical laws; observed data is obtained from health
statistics, which may contain some error; furthermore, the frequency of statistical
recounts is, at most, monthly, so that the system is intrinsically discrete. Hence,
the estimation technique based upon Hopfield networks faces a formidable chal-
lenge when solving this problem, but we think the effort is worthwhile. On one
hand, validating an accurate epidemiological model has an obvious importance,
since it would allow to test the effectiveness of the decisions of health authorities,
as well as to forecast the spread of the disease. In the Cuban case, specifically, it
is necessary to determine whether the contact tracing program helps in the fight
against AIDS. On the other hand, this problem is a good benchmark for esti-
mation with neural networks, as well as for comparison with other techniques.
Consequently, this paper aims at determining the main strengths and limita-
tions of neural identification, thus contributing to the choice of an appropriate
identification method for each particular problem.

In Sect. 2, the HIV-AIDS model is reproduced and the details of test data
generation are explained. Parameter estimation with Hopfield networks is re-
called in Sect. 3, and this method is adapted to cope with discrete systems.
Section 4 presents the results of simulations and a discussion of the meaning of
these results. Finally, concluding remarks are summarized in Sect. 5, together
with some lines for future research.

2 A Model of HIV-AIDS Epidemics in Cuba

Infectious diseases have a tremendous impact in human history, and their math-
ematical modelling has been attempted since centuries, both from the analytical
and the stochastic viewpoint (see e.g. [6]). In comparison, the spread of AIDS is a
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relatively recent phenomenon, and many facts about this disease are still poorly
understood. Hence, the construction of models of HIV-AIDS epidemics would
be a valuable tool in order to forecast the infection advance, as well as to assess
the policies of health authorities. A crucial characteristic of AIDS with severe
epidemiological consequences is its long and variable incubation period: individ-
uals infected by HIV, who remain at a subclinical stage and are not aware of
their own infection, can infect other people. Conversely, contagion is less prob-
able when symptoms are apparent, which is the stage properly referred to as
AIDS. In an attempt to control proliferation of the infection, Cuban authorities
are carrying out the active search of HIV infected individuals. This program en-
courages those individuals that become symptomatic to identify all their sexual
partners, who are analysed in order to find out if they are infected. If this is the
case, they likewise declare their sexual contacts, hence the name of the program:
contact tracing. Also, they receive information on prophylactic measures so as
to avoid further spreading the infection.

In order both to forecast the growth of the infection and to assess the contact
tracing program, a model of HIV-AIDS has been defined for the specific Cuban
case. This model, which is a slight extension of that presented in [7], is formulated
by means of the following system of ordinary differential equations (ODEs):

d x

d t
= (λ − k1 − β − µ)x+ λ′ (y1 + y2)− k2

x(y1 + y2)
x+ y1 + y2

d y1

d t
= (−µ − β′) y1 + k2

x(y1 + y2)
x+ y1 + y2

d y2

d t
= k1x+ (−µ − β′) y2 (1)

d z

d t
= βx+ β′(y1 + y2)− µ′z

where t is the time (years), x is the number of undetected HIV infected indi-
viduals, (y1 + y2) is the known HIV infected population, and z is the number of
AIDS patients, who are at the clinical, symptomatic stage. The known infected
population is subdivided into y1 and y2 according to whether the individual in-
fection was discovered by means of contact tracing (y1) or by chance, a screening
or any other way (y2). This model contains several parameters, the most impor-
tant ones being the rate of detection of HIV infection related to the contact
tracing program (k2), and the detection rate unrelated to the program (k1). In
this contribution, our main aim is the determination of the parameter values in
the model (1), and the comparison of results with similar proposals [8].

In order to have a substantial series of test data, the model ODEs have been
numerically solved, rather than using actual historical data. Previously, param-
eter values have been estimated from data, by means of statistical techniques.
These values are shown in Table 1, together with either a confidence interval or
the estimated standard deviation. For our purposes, considering the two distinct
subpopulations y1 and y2 does not contribute towards parameter estimation, so
we introduce the new state y = y1 + y2 and in the sequel we stick to the subse-
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Fig. 1. System states generated for test data

quent model with only three equations. Starting from the initial values x0 = 250,
y0 = 94, z0 = 3, the model has been simulated from t = 0 to t = 2, obtaining
a sequence of 200 values of the state vector. Then, some parameters have been
modified as indicated in the last column of Table 1, and a new sequence of 200
states has been calculated, corresponding to the interval t = [2, 4]. This param-
eter change reflects an eventual improvement in the active search technique, as
well as medical advances that could retard the development of symptoms and the
mortality. The obtained data are represented in Fig. 1. Finally, gaussian noise
with zero mean and variance 3, has been added to all obtained data, in order to
simulate measurement errors when sampling a real situation.

Table 1. Actual parameters and their ranges

Parameter Value, t ∈ [0, 2] Interval Std. Dev. Value, t ∈ [2, 4]

λ 0.5594 [0.5353, 0.58494] 0.5628
µ 0.0053 0.00254 0.0053
µ′ 0.76 [0.66, 0.85] 0.72

b = 1
β

8.82 0.214 8.97

b′ = 1
β′ 7.41 0.13 7.64

r = λ′
λ

0.0482 0.0295 0.0482
k1 0.2161 0.0195 0.2328
k2 0.2322 0.0096 0.2614

In order to simplify notation, it is convenient to cast the model (1) into the
linearly parameterized form [3]:

d x

d t
= A(x)θ ; A(x) =


x y − xy

x+y 0 0 0 0 0
0 0 xy

x+y y x 0 0 0
0 0 0 0 0 x y z


 ; x =


x

y
z


 (2)

where the vector θ of formal parameters is defined in Table 2, which also shows
the parameter values used for test data generation.
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Table 2. Formal parameters

Parameter definition Nominal value, t ∈ [0, 2] Nominal value, t ∈ [2, 4]

θ1 = λ − k1 − β − µ 0.2246 0.2132
θ2 = λ′ 0.0270 0.0271
θ3 = k2 0.2322 0.2614

θ4 = −µ − β′ -0.1403 -0.1362
θ5 = k1 0.2161 0.2328
θ6 = β 0.1134 0.1115
θ7 = β′ 0.1350 0.1309

θ8 = −µ′ -0.7600 -0.7200

3 Parameter Estimation with Hopfield Neural Networks

Hopfield neural networks [9, 10] are recurrent systems that were shown to possess
a Lyapunov function and, consequently, the stability of fixed points was proved.
In the Abe formulation [11, 12], the evolution of a continuous Hopfield network
is defined by the following system of ODEs:

dui

dt
=

∑
j

wi jsj − Ii ; si(t) = tanh
(

ui(t)
β

)
(3)

where si is the state of neuron i and β is a parameter to eventually control the
slope of the hyperbolic tangent. Contrary to the original Hopfield formulation,
Equation (3) has the advantage that the Lyapunov function has the simple form

V (s) = −1/2
∑

i

∑
j

wi j si sj +
∑

i

Ii si (4)

where wi j and Ii are the network weights and biases, respectively. The proce-
dure for the application of Hopfield networks to optimization [4] consists in the
identification of the target function with the network Lyapunov function. For
a particular target function, the weights and biases are then obtained, and the
network can be implemented until it reaches a minimum of the target. Notice-
ably, the presence of the hyperbolic tangent forces the states to remain into the
closed hypercube s ∈ [−1, 1]n. On one hand, this guarantees that states do not
grow unboundedly. On the other hand, though, if the solution does not belong
to this set, the network produces a wrong result. If the range of existence of the
solution is a compact set, but it does not match the unit hypercube, it can be
appropriately scaled or displaced, but the requirement persists that the compact
interval that contains the solution must be known in advance.

The optimization methodology with Hopfield neural networks has been ap-
plied to parameter estimation [5] by searching a minimum of the prediction error.
The network states s are a representation of the estimated parameters θ̂ and,
when the network reaches an equilibrium, the solution is contained in the state.
For a linearly parameterized system given by Equation (2), the prediction error
is e = d x

d t − A(x) θ̂, and the Lyapunov function is defined as V = 1
2 e�e. After
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some algebra, and neglecting a constant term that does not change the posi-
tion of the minima of V , the weight matrix and the bias vector are obtained:
W = −AT A, I = −AT dx

dt . Since the matrix A depends on the system state x,
the weights vary with time and, strictly speaking, the stability of the network
is not guaranteed. However, optimization is still achieved as long as the system
evolution is not too fast. In order to apply this technique to the HIV model
described in Sect. 2, some implementation details must be solved. First of all, as
mentioned in the above paragraph, network states can not escape the closed unit
hypercube. Since probable parameter values belong to this set (Table 2) this re-
quirement is fulfilled in this case. Otherwise, a displacement via the definition of
nominal values would be necessary [5], with no loss of generality. A more severe
issue became apparent during preliminary simulations: the continuous model
(2) is not a valid approximation when only a set of discrete data observations is
available. Instead, a discrete model must be explicitly formulated:

xn+1 = xn +∆t A(xn)θ (5)

which is simply the solution of the model ODE by the Euler rule. Since we
have a data sequence of 400 values for the time interval t ∈ [0, 4], the step
size must be fixed as ∆t = 0.01. Thus, the prediction error at time n + 1 is
en+1 = xn+1 − xn − ∆t A(xn) θ̂, so that identifying the Lyapunov function
V = 1

2 e�e with the standard form (4) yields the weights and biases:

W = −∆t2 AT A I = −∆t AT (xn+1 − xn) (6)

where, as in the continuous case, a constant has been neglected.

4 Simulation Results and Discussion

In this section, the proposed method is applied to the HIV modelling problem.
Initially, the data used in the simulated experiment is the sequence obtained
before the noise was added. All states are assigned initial values with a 30 %
relative error over the correct values (see Table 2). The network equations (3) are
numerically solved, with the same choice of the step size as in data generation:
∆t = 0.01. The slope of the hyperbolic tangent is identically set for all neurons
at β = 1. The prediction error e is shown in Fig. 2.a). It is apparent that,
when the network reaches a stationary state, approximately at t = 0.5, the
error approaches zero. Also, after the sudden parameter change at t = 2, the
network quickly settles again. The squared error, averaged along the complete
simulation, is

∑
i e�

i ei = 0.7869. We conclude that the network presents fast
convergence and quickly adapts itself when sudden parameter changes occur, so
that it satisfactorily models the system, with regard to output prediction.

Concerning parameter estimation, as an example, in Fig. 2.b) the estimation
of the fourth component of the parameter vector θ is shown, together with its
real value, evidencing a large relative estimation error. In the following, we try
to explain this apparent contradiction -accurate prediction with poor estimates-
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Fig. 2. a) Absolute state prediction error. b) Estimation of θ4 and real value

as well as offer ideas for its solution. Firstly, it is well known in the control
engineering literature [3, 1] that if the system dynamics is not complex enough,
many sets of incorrect parameter values can lead to a correct prediction. This
is a common drawback of all estimation methods, since they are driven by the
prediction error. It is obvious from Fig. 1 that the system is not particularly
complex. In physical systems that have inputs, this problem can be alleviated
by providing persistent excitation: feeding the system with a rich input signal
causes the output to become so complex that the only way to cancel the predic-
tion error is to produce an accurate parameter estimation. Since the HIV-AIDS
model we are dealing with has no inputs, this idea offers no solution but it sheds
some light on the problem: there are ”too many” parameter values that produce
correct prediction partly because there are ”too many” parameters to estimate.
Some of the parameters -e.g. the death rates- can be accurately estimated from
global statistics, while the detection rates k1 and k2 are, not only more difficult
to obtain, but also specially important because they provide a measure of the
efficiency of the contact tracing program. We are currently adapting our network
to estimate a smaller number of parameters and we expect better results. An-
other aspect of the implementation is the different ranges of the columns of the
matrix A. For instance, the first column of A is two orders of magnitude larger
than its last column, so the convergence of θ8 is much slower than that of θ1.
The choice of diverse values of β for each neuron could contribute, but this ad-
justment is rather problematic because instabilities may appear if β is too small.
Finally, simulations were repeated using the noisy data patterns and the results
were even worse. We conjecture that the relation between every two consecutive
states -that appears in the expression of the weights- is completely destroyed by
the high frequency noise. In order to deal with this extreme sensitivity to noise,
some smoothing preprocess should be applied to data.

5 Conclusions and Future Directions

In this contribution, the optimization methodology of Hopfield and Tank is
adapted to deal with parameter estimation, in the context of dynamical system
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identification. The resulting network has a dynamic nature, since its weights are
time-varying. The proposed technique has been applied to adjusting the param-
eters of a model of the Cuban HIV-AIDS epidemics. Simulation results show
that the network achieves an accurate output prediction, which could be used
for infection forecasting. The fast convergence means that a reduced number of
data patterns are needed before the prediction error approaches zero. Moreover,
after a sudden parameter change the network stabilized itself rather quickly. Al-
though exhaustive tests of computational cost were not performed, no special
attention was paid to implementation enhancement -in fact, an interpreted lan-
guage was used- and response times were reasonable. The main weaknesses of
the proposed method were a poor estimation of numeric values of parameters, as
well as excessive sensitivity to noise. While the latter problem can be alleviated
by smoothing the data, the former was probably due to the excessive number
of estimated parameters, when compared to the number of measured states. As
a summary, we can affirm that the neural estimator offers promising results in
on-line identification of systems with varying parameters and a large number of
observable states for which noiseless measures are available at a high frequency,
such as robotic systems. Further research is currently being developed in order to
improve the estimation results in ”hard” systems, such as the HIV-AIDS model.
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Abstract. This papcr comparcs thc application of diffcrcnt ncural modcls - 
multilaycr pcrccptrons, radial basis functions and B-splincs - for a bcnchmark 
problem, and illustrates the applicability of a common learning algorithm for all 
models considered. The learning algorithm is employed both for off-line 
training and for on-line model adaptation. In the latter case. a sliding window of 
past learning data is employed. 

1 Introduction 
Neural networks and neuro-fuzzy systems are now established models for systems 
identification. This paper compares the performance of different models and training 
algorithms for a specific problem. The problem, the evolution of HIV and AIDS in 
Cuba, is described in Section 2. Section 3 introduces the models employed, and 
describes the performance of these models, subject to off-line training. The adaptation 
problem is reported in Section 4. Final conclusions are drawn in Section 5. 

2 The problem 
The &aka usccl in lhis work lrics lo model a real problem: lhc cvolulion of lhc HIV and 
AIDS epidemics in Cuba. In a certain momcnl, lhc hcallh scrvicc in lhis counlry 
cinploycd m aclivc scmh  of lhc pcrsons possibly infcclcd wilh HIV, as a rcsull of 
inlcrvicws conduclccl wilh pcoplc whcrc AIDS has bccn iclcnlificcl. This policy 
produced ils bcncfils, mcl lhc ralc of increase of pcoplc wilh AIDS has bccn 
decreasing since lhcn. The data Lhal is used hcrc is no1 lhc original hislorical clala, bul 
it was generated from model (I), with parameters tuned within realistic ranges. 

clx 
-=(A-k, - p - p ) x + i l f ( ~ + y 2 ) - k ,  x(Y+Y,) 
dt X+q+Y,  

In (I), Z dcnolcs lhc nurnbcrs of pcrsons wilh AIDS, Xis the number of pcrsons wilh 
HIV lhal havc nol bccn dclcclcd, Y=Yl+Y2 rcprcscnls the number of pcrsons wilh HIV 
lhal havc bccn idcnlificcl, with Yl rcprcscnling lhc ones dclcclccl as a rcsull of Cuba's 
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aclive search policy, and Y2 the ones identified by pure chance. To general the data, 
before aclive search was in place, the following parlunelers were used: 

a=0.5594,p=0.0053,p'=0.76,P= llb(b=8.82),Pt= llh'(ht=7.41) 

a '= rl;l(r = 0.0482),kl = 0.2161, k2 = 0.2322 
(2) 

with initial values X (0) = 250, Y, (0) = 26, Y, (0) = 68,Z(0) = 3 . 
Al liine inslant 201, the parameters changed to lhe ones indicaled below: 

a = 0 .5628,~  = 0.0053,pf= 0.72,/?= llb(h = 8.97),P1 = 1lbt(h' = 7.64) 

a' = rl;l(r = 0.0482), kl = 0.2328, k2 = 0.2614 
(3 )  

In total, 400 data points have been generated using this model. This data has been 
subsequenlly conhninated with Ga~issian noise (0, 3). The firsl 150 dala poinlq are 
einployed in this work for training and the nexl 50 for lesling. The lasl 200 points 
(where the dynanics have changed) will be used for daplalion purposes. 
Obviously, Z is admitted Lo be unknown. Three differenl inodels will be derived: 

~ [ k ] = f , ( ~ ~ [ k - 1 ] . y 2 [ k - l ] . ~ [ k - I ] ) ,  ~ [ k ] = ~ ~ [ k ] , ~ ~ [ k ] , ~ [ k ]  (4) 

The model inputs have been selected as a result of the a priori knowledge of the 
function (1) generating the data. Although filtering the data is an action that could 
(should) be performed, it was not done here, in order to assess the potentials of neural 
networks to determine the actual function behind the data. It should be noted that this 
is not a typical modelling problem, as the range of the test and adaptation data lie 
outside the range of the training data (see figure 1). It is therefore an extrapolation 
problem, with the dynanics of the data changing in the daplalion sel. 

3 Off-line training 
In this scclion, results obtained with inodcls lrslincd off-line arc coinparcd. The firsl 
149 samples arc uscd for training and the ncxl 50 sainplcs for lcsling. The last 200 
sainplcs will bc uscd for adaptation. For all inodcls, lhcir pcrfonnmcc is cvaluatcd 

1 
using two criteria: the Mean-Square Error (MSE - 1 e2 [i] ) and the Maximum 

WZ ,=, 
Absolute Error (MAE= max le [ill ), over the training, test, and adaptation sets. 

I € [ ,  ... llt]  

3.1 Linear Models 

The firsl inodcls cmploycd arc lincar modcls: 

~ [ k ] = [ l  ~ [ k - l ]  y2[k-l] ~ [ k - l ] ] w , ~ [ k ] = ~ , [ k ] , ~ , [ k ] , ~ [ k ] ( S )  

The coinplcxity of the lincar modcls is 4. As il can bc sccn in figure 1, lhc dynamics 
change from sample 200 onwards. As the parameters of the linear models are 
estimated with data with the previous dynamics, the estimation is not reliable for the 
latter period. The results obtained with this model type are summarized in Table 1. 

3.2 Multilayer Perceptrons 

Mullilaycr pcrccptrons (MLPs) with sigmoid funclions in lhc hidden layers and a 
lincar aclivation function in the output layer arc ctnploycd hcrc. In lcnns of 
mathematical model, they can be described as: 
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Fig. 1. Rcsults obiaincd with lincar modcls. Solid linc: Prcdictcd output; dottcd linc: Rcal data. 

Table 1. Rcsults obiaincd with lincar modcls 

MSE (Iraining) 3.15 6.26 3.42 
MAE (training) 7.03 8.41 6.66 
MSE (lest) 6.06 7.48 9.45 
MAE (test) 5.01 5.78 7.60 
MSE (ada) 279.05 52.02 150.16 
MAE (ada) 31.05 15.55 22.69 

M 

i=O 

In (6), x = [Y, [k - l] Y2 [k - 11 Z [k - 1]] , g, (., .) = 1 , and v denotes the parameters 

which appear nonlinearly in the approxiinalor outpul. The rcsulls shown in lhc tables 
below arc oblainccl with MLPs belonging lo 2 different topologies: lhc firsl lhrcc 
coluinns lo a lopology [4 11, and the last lhrcc coluinns lo [2 2 11. In lcrim of 
coinplcxily, lhc forincr has 16 nonlincar paramclcrs and 5 lincar parsunclcrs (21 in 
total) and the latter has 14 nonlinear parameters and 3 linear parameters (17 in total). 
In what concerns the training procedure, the initial values of the weights associated 
with the neurons in the hidden layer(s) were initialised with a heuristic ensuring that 
all neurons were in an active region, and that the condition of the initial Jacobean 
matrix was not exacerbated. The training algorithm employed was the Levenberg- 
Marquarcll algorilhin, ininiinizing a training criterion that cxploils lhc separability of 
lhc linear-non-linear parsunclcrs (for more dclails plcasc scc [I]). Training was 
lcnninalcd, whclhcr when a rniniin~im was found, according lo lhc lcnninalion crilcria 
(7) (with zf = ), or when a minimum in the MSE of the test data was identified. 

In (71, L2 denotes the training criterion (the sum of the squares of the errors), h the 
network wcighl vcclor associaled with ~ h c  nonlinear paramclcrs, g lhc gradicnl and k 
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the current iteration, ~ ( k )  = yf (1 + L2 (k)) , 1 1  1 1  is the 2-norm and tf is a measure of 

the desired number of correct figures in the training criterion. 

Table 2. Rcsults obtaincd with MLPs - Yl 

Table 3. Results obtained with MLPs - YZ 

1 2 3 
MSE (training) 2.55 2.59 2.67 
Max Error (training) 6.11 6.39 6.22 
MSE (test) 12.88 13.01 7.41 
Max Error (test) 8.05 7.86 6.52 
MSE (vd) 2,092 1,691 1,426 
Max Error (val) 31.04 73.10 71.38 

1 2 3 
2.92 2.70 2.83 
6.39 6.55 6.11 
3.94 7.66 3.83 
4.25 5.94 4.24 

1,293 1,433 1,374 
69.53 68.82 67.96 

Table 4. Results obtained with MLPs - Z 

1 2 3 
MSE (training) 5.49 5.32 5.75 
Max Error (training) 7.42 7.36 7.47 
MSE (lest) 48.81 38.92 14.88 
Max Error (lest) 15.55 12.69 9.09 
MSE (val) 6,256 5,485 4,037 
Max Error (val) 135.14 129.28 119.41 

1 2 3 
5.86 5.82 5.92 
7.63 7.62 7.64 
4.38 6.75 10.42 
4.51 6.49 6.68 

2,876 4,045 1,785 
104.59 123.97 84.36 

3.3 Radial Basis Functions 

1 2 3 
MSE (training) 3.02 2.92 2.97 
Max Error (training) 6.42 5.85 5.57 
MSE (test) 16.24 9.19 5.03 
Max Error (lest) 8.16 6.21 5.36 
MSE (val) 1,026 891 900 
Max Error (val) 54.22 51,81 52.04 

Gaussian activalion f~inctions arc used in lhc hidden layers, while a linear aclivalion 
function is cmploycd in lhc oulpul neuron. Malhcmalically, thcsc lnodcls can bc 
described as: 

1 2 3 
2.90 2.80 3.01 
6.78 6.84 6.34 

13.59 8.24 9.90 
8.30 6.41 6.32 
910 670 731 

51.63 46.61 48.07 

i=l 

The weighting functions Qi possess local behaviour, around the operating point xi. 

This incans that the vduc of lhc weighting functions clccrcascs with an increasing 
distance from the input vector x to the operating point x,. Please notice that here no 
bias is employed in the output neuron. The initial values of the Gaussian activation 
functions were determined employing an adaptive version of the k-means clustering 
algorithm [2]. As in the case of MLPs, training was performed using the Levenberg- 
Marquardt algorithm, minimizing a training criterion that exploits the separability of 
the linear-non-linear parameters [3]. The same termination criteria e~nployed in the 
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case of MLPs was used. The results shown in the table below are oblained wilh RBFs 
wilh 4 hidden neurons. In knns of coinplexity, this inodel has 16 nonlinear 
parlunelers and 4 linear parlunekrs (20 in total). 

Table 5. Rcsults obtaincd with RBFs 

Yl y2 z 
MSE (lraining) 2.81 6.17 3.14 
Max Error (training) 6.70 7.94 6.54 
MSE (lest) 7.68 4.54 9.4 
Max Error (lest) 5.06 4.76 7.29 
MSE (val) 210.57 47.74 2,667 
Max Error (val) 43.39 20.21 95.4 

3.4 B-Spines 

B-splines networks are a kind of Associative Memory Networks which differ from 
other neural networks because they store the information locally ("learning" about 
one part of the input space minimally affects the rest of it). They can be seen as neural 
nelworks, or fuzzy models. If certain assuinplions are met, B-spline nelworks are 
slriclly equivalent to Mlundani fuzzy models [4,5]. 

B-spline networks are local models, which decompose the operational range into 
different operaling regimes, a model being developed for each region. The overall 
inoclel oulpul is given by lhe coinbination of all locally active subinoclels: 

Each sub-model g, is valid in a region specified by its corresponding weighting 
function Q i .  The weighting functions describe a partition of the entire operational 
range inlo subregions, and lhcy dctcnninc the kind of transiction bclwccn neighboring 
subinoclcls. 
The design of a B-spline network is a complex process, and usually conslruclivc 
algorithms are used. In this paper, we compare the performance of a heuristic 
approach, the ASMOD algorithm [6], which minimizes the Bayesian Information 
Criterion (BIC): 

BZC = m l n ( ~ ) +  pln(m) (10) 

with a Multi-Objective Genetic Programming approach (MOGP) [7]. In (lo), m is the 
nuinbcr of lraining pallcrns, J is the MSE of the lnodcl and y is ils coinplcxily. The 
ASMOD algorilhin is an iterative technique, whcrc in cach ilcralion a scl of 
canclidalcs is gcncralccl. The ASMOD algorithin terminates cilhcr whcn lhc bcsl 
inoclcl wilhin lhc scl of gcncratcd candidates has a grcatcr BIC lhan currcnl bcsl one, 
or whcn lhc MSE of lhc lest set of the current best model is lower lhan lhc onc 
oblainccl wilh lhc bcsl inodcl in the current iteration. 
Regarding the MOGP approach, one objective, the MSE for the training set, and one 
restriction, the MSE for the test set, were considered. The goals for the two criteria 
were chosen according to the performance obtained for the models previously 
considered. The size of the population employed was 20, and the algorithm run for 20 
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generalions. The method used for the creation of lhe inilial populalion was ramped 
half-aruf-half, ,~tocha.stic urziver,~al sampling was einployed, an exponential rank- 
based~fitnes,~ a,~,signmerzt with a value of .selective pressure of 5 was used, and the 
mutation and crossover prohahilitie,~ employed h d  lhe values 0.7 and 0.6, 
respeclively [8]. 
The graphs in figure 2 show the non-dominated solutions found for each model. The 
cross in each axis indicates the goal assigned for each criterion. As it can be noticed, 
there are several solutions that have been found by the algorithm, and it is up to the 
designer to select one. 

Fig. 2. Non-dominated solutions obtained using the MOGP algorithm 

The resulls obtained wilh B-spline nelworks are suimarized in table 6. The first 3 
columns show the results obtained with the ASMOD algorithm, and the latter three 
the results achieved with one selected solution of the MOGP technique. 

Table 6. Results obtained with B-splines: ASMOD-first columns; MOPG - last columns 

In this table, the pair (x,y) in the last row denotes the number of nonlinear parameters 
(interior knots) - x, and the number of linear parameters - y - of the model. This type 
of model has an additional complication. As lhc basis funclions have compact 
supporl, lhc network is only valid within a spccificcl rangc of ils inpuls. As in this 
problcin lhc samples in the adaptation set arc not wilhin lhc range of lhc training and 
lcsl scls, in order to assess the pcrfonnancc of lhc nclwork in lhc adaplalion set, the 
rangc of usability of the model must bc cxtcndccl. Hcrc il will bc assumed lhal nothing 
is known about the adaptation set, apart froin ils rangc. In lhis conlcxl, a sensible 
strategy is to extend the range of the polynomial active for the last internal interval so 
that this additional range is accounted for. This can be done in several ways. It is 
possible only to enlarge the last internal interval in order to accommodate the whole 
operational range, or to introduce additional interior knots within the range of the 
adaptation data. The solution employed here is the last one. A number of interior 

~ ~ ~ ( t r a i i )  6.65 8.17 6.93 
MSE (test) 17.78 5.18 3.63 
MAE(test) 11.58 6.39 4.41 
MSE (ada) 22,046 9,964 949 
MAE (ada) 311 222.8 69.34 

5.50 8.61 5.26 
3.16 7.62 4.78 
3.97 6.21 5.47 
154 288 4.17 

25.38 40.44 5.13 
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knols is inlroducecl wilhin the adaptation range, so that the inlerval lenglh, lhere 
wilhin, is lhe same as lhe length of the last interval, within the original range. The 
dclilional weighls inusl be deknnined in such a way that the polynomials oblained 
for the dclilional inlervals are the same as in the last original inlemal inlerval. 
The second pair in lhe lasl row of table 6 illustrates the coinplexily of the inodel, 
extended for the additional range, in the way described above. 

3.5 Model Comparison 
Wilh lhe resulls expressed in tables 1 to 6, the following conclusions can be laken: 
a) Linear inodel and neural models: 

J AU neural models obtain betkr results in the training sel; 
J There is no clear evidence than linear models are besl or worse than 

nonlinear models, in the test set; 
J MLPs are worse than the linear models in the adaptation set: RBFs and B- 

splines are in two cases better than linear models; 
J Linear models have a substantially smaller complexity than nonlinear 

models: 
b) Neural models: 

J In whal concerns MLPs, the two-hidden layer topology achieves, in overall, 
beller resulls lhan one-hidden layer network$ (despite the smaller coinplexily 
of the fonner); 

J The perfonnance of RBFs is almost equivalent Lo the 2-hidden layer MLPs, 
in the lraining and lest sets; the perfonnance of MLPs in Ihe daplalion sel is 
worse than RBFs; the complexity of the two models is equivalent; 

J The performance of B-splines, trained with the MOGP approach is 
significantly better than the ones trained with ASMOD, for all cases: 

J On overall, the performance of the B-splines is better than RBFs, and best 
overall, at the expense of being the most complex model. 

4 Adaptation 
The models obtained in the previous section were adapted on-line, employing the last 
200 sainplcs of clala. An on-line version of the LM algorithm, cinploycd for off-line 
purposes, is usccl hcrc. The algorithm is cinploycd at cvcry ssunplc inslanl, for a 
sliding window (SW) of past data. The initial values of the nonlinear pwainclcrs arc 
lhc ones oblainccl as lhc rcsult of the prcvious cxccution of the algorithm. The initial 
rcgularizalion pwainclcr is Ihc final value of this parainctcr in Ihc previous cxcculion. 
Each cxcculion lcnninalcs cithcr when cithcr the tcnnination crilcria (7) arc incl, or a 
predefined number of iterations is achieved. For MLPs and RBFs a 50 samples SW is 
used, while for B-splines a 80 samples SW is employed. 
The performance of the models is evaluated using the same criteria as in the last 
section, but applied to different data. At each sample instant, the predicted output 

( [k] ) is computed, and afterwards the model is updated, in the manner described 

above. The model output is computed again (the output a posterior- r[k]),  and all 

aclions arc rcpcalccl in Ihc ncxt sample time. In the two first rows, lhc MSE and lhc 
MAE of Ihc prcdiclcd oulput arc shown. The ncxt two rows coinpule lhc sane 
crilcria, but Ihis lime for Ihc a posterior output. The last two rows cvalualc how Ihc 
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mnodel is distorted, as a result of on-line adaplalion. AfLer the on-line algorithm is 
applied lo lhe whole adaptation set, the resulling mnodels are emnployed lo the training 
and lesl sels. If the model did not forget whal il was (off-line) Irained for, as a result 
of on-line adaptation, then the last two rows should presenl value similar lo lhe ones 
oblained in the first 4 rows of tables 2-6. 

Table 7. Results of on-line adaptation for all neural models 

I1 can be seen that the perfonnance of MLPs (first 3 columns) and RBFs (next 3) is 
similar. B-splines (last 3) obtain worse results in lhe predicled oulpul, bul beller in the 
a posterior output. A$ expected, B-splines achieve less dislorlion. 

Y, Y2 z 
M S E ( ~ [ ~ ]  ) 4.86 7.14 3.30 

M m ( $ [ k ] )  8.87 8.09 4.66 

~ ~ ~ ( j 7 [ k ] )  4.81 4.10 2.49 

Mm('[k] ) 5.06 5.77 4.27 

MSE (tra+t) 2,090 11,366 3.541 
MAE(tra+t) 73.73 443.33 341.35 

5 Conclusions 
This is no1 the best of the problemns for neural models. They should be used for 
interpolation (approximation) and not for extrapolation purposes. Additionally, as the 
data employed is nearly linear, there is not much to gain in the use of nonlinear 
models, compared with simpler, linear models. 
On the overall, B-splines perform slightly better than MLPs and RBFs, for the 
performance criteria employed. The learning algorithms, both off-line and on-line, 
obtain good models. MOGP achieves better B-spline models than the ASMOD 
algorithm. 
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Yl Y, z 
5.58 12 4.55 

6.27 22.83 7.73 

4.35 5.32 3.36 

5.74 7.2 4.57 
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12.285 1,050 79,63 

Yl Y, z 
6.93 9.29 6.39 

12.75 20.33 14.6 

2.18 3.36 2.14 
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Abstract. In this work' we present the use of neural networks to implement 
processing units of a parallel adaptative algorithm for high precision system 
identification. The proposed algorithm uses recursive least squares processing 
ancl ARMAX modeling. After explaining the algorithm ancl the tunning of its 
par'meters, we show the system identification for four benchmarks with diffes- 
ent implementations of this algorithm, demonstrating how neural networks im- 
prove the result precision. 

1 Introduction 

1.1. System Identification 

System Identification (SI) [I] tries to find a paranletsic model of dynanlical systems 
from its input and output (VO) nleasured values. In this work we consider "single 
input single output" (SISO) sampled systems with period T and parametric polino- 
mial ARMAX modelation [2]: 

being 
A(q) = 1 + a,q-' + ... + a&-" , the at represent the output paranleters (size na) 
B(q) = b, + b2i1 + ... + b,q-"bl, the br represent the input parameters (size nb) 
nk, output-input delay; q, delay unit (q-p delays x(k) to x(k-p)); na 2 nb 

SI tries to determine the ARMAX inodel paraineters (al, b,) froin measured VO. Then, 
it is possible to coinpute the estimated output y,(k) and colnpare it with the real output 
y(k), computing the generated essor (Fig.1): 

This work has been developed thanks to TRACER project, TIC2002-04498-C0S-01 
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@ Springer-Verlag Berlin Heidelberg 2003 
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where 
yc(k) is the estimated output by the model 
y(k), u(k) are real output and input at present time 
y(k-1) ,..., u(k-l), ... are real outputs and inputs at previous time 

/ - v ( L - 1 )  

- v ( L  - 2) 

... 
- v(k - nti) 

u ( L  - I L L )  

L/(L - ?1L - 1)  

... 
ld(h - ?1h - ~1b + 1)) 

Fig. 1. System identification algorithm basecl on parametric estimation: inputs and outputs are 
measured and computed to generate the estimated output h m  an ARMAX model. The esti- 
mated output, is y,(k) = cpT(k)+O, where 0 is the parameter vector and cp(k) is the data vector. 

1.2. Identification modes 

The recursive estimation updates 0 in each time k, modelling so the system. To more 
sampled data processed, better precision for the model because it has more informa- 
tion about the system beliaviour history. We consider SI performed by the well 
known Recurcive Leact Squarec (RLS) with forgetting factor (h) algorithm [3]. From 
the initial conditions, we start building cp(k), then: 

Initial conditions: k = p, 0(p)=0, P(p)=1000-I, where I is the identity matrix (3) 
and p the initial time 

This algorithm is specified with h (forgetting factor), initial values and the observed 
110 {u(k), y(k)}. There is not any fixed value for 31, even it is used a value between 
0.97 and 0.995 [4]. The cost function F is defined as tlie value to minimize: 

L=ko +S.V-I 

(SN is the sample number) 
(4) 

F(?;, = Iv,(ki-y(kil 
k=ko 

The recursive identification is very useful for predicting tlie system belzaviour when 
there is a high degree of complexity and variability in tlie response. So, it is necessary 
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to elaborate, using SI, a matl~ematical model (O(k)) for covering the system behaviour 
under any type of input. As identification advances in the time, the predictions im- 
prove using more precise models. For example, we can compute in sample time the 
system model and then, with this model to simulate the system future behaviour, 
forwarding real situations (Fig. 2). 

Fig. 2. Recursive SI allows us to predict and simulate future system behaviour. On the right 
side, a capture o l  a real SISO system benchmark used. 

2. A parallel adaptative algorithm with neural networks to improve 
SI precision 

We are interested in the system behaviour prediction in running time, that is, while 
the system is working and its I/O are being observed. At the same time, our first effort 
is to obtain high model precision (minimal F). SI precision is due to several causes, 
mainly to the forgetting factor h. There is not any determined value for h, but it is 
usually used within 0.995 and 0.98 [2][4]. Frequently this value is critical for model 
precision. Other sources also can have certain degree of influence (dimensions, initial 
values, the system...). Also, it may appear the precision problem when the system 
response changes quickly. Then the sample frequency must be high for avoiding the 
key data lost in the system behaviour description, and this implies a computational 
cost. We find the trade-off between a high sample frequency and a high precision in 
the algorithm computation. We enhance the required precision by h using a parallel 
adaptative algorithm with neural networks, and we are actually reducing its computa- 
tional cost designing especialized processors with reconfigurable hardware [lo]. 
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Fig. 3 shows the estimated output for 2 h values for the ball benchmark [S] and the 
ARMAX model witli na=3, nb=2, nk=l running RLS. The estimated output is quite 
different according to the h value. Making computations for 155 values of h in the 
range 0.6 - 1.2 we find as optiniuni value h = 0.98961 (F = 1.40762). This set of 
experiments is not possible to perform in real time systems. Moreover, 0.98961 is an 
optimum h only for ball with those dimensions, because each system has its optimum 
values, so an unique h for all SI may drive to a precision lost in many cases. By that, 
it is interesting to research about algorithms for finding the best h values for each 
system. In relation with the model dimensions, we can say [6] that for a dimension of 
reasonable computational cost, h is the most important optimization parameter. 

Fig. 3. System Identification RLS of benchmask ball with different values for 1 parameter. 

For finding the optimum h, we propose PARLS (Pnmllel Adaptntive Recursive Least 
Squares) algorithm. Starting of an initial h (hc) and an initial R (the interval of gen- 
eration where i c  is in the middle), a set of h is generated covering uniformly all the R 
interval. The h values generated are equal to the number of parallel processing units. 
Each phase of PARLS loop corresponds to a given number of sample times (PHs) 
running SI witli the considered 31. We use the following nomenclature: 

generation interval 

Table 1. PARLS nornenclature. 

In each phase, R is reduced by the RED factor, in such a way that the generated set of 
31 will be tilore and niore near of the previous optimulii found. In each processing 
unit, during each phase, the cost function F is colnputed (F is defined as the accuniu- 
lated error of the satnples that constitutes each phase). From eq. (4), we have: 

At the end of each phase, the best h is chosen. This is the corresponding value to the 
lower F. From this 31, new values are generated in a niore reduced new R interval 
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(Fig. 4). The goal is that the identifications performed by the processing units will 
converge to optimum h parameters when a given stop criterium will be achieved. So 
the identification will be of high precision. 

hOj+l 

L + I  

unit - 
-b . . . . . . . . . . . . . . .  

h G + l  

Phase j 
Thc mimimum F 

l0.i  '1.j h, -J . l3.i  h, - 4  . '6.j dctcrmincs thc - 1,. optillla1 h (in this 
example, 

Phase j+l 
R is rcduccd and 

j + I  h4,j+~ %,:+I %+I the new kc is the 
A, opirrlunl of phase j 

Fig. 4. The SI uses different h values in each phase performed by each processing unit. All the 
h values in the sane phase running in the processing units are generated in the R interval from 
the lmvious phase optirnurn X found, corresponding with the smallest cornputecl F. 

2.1. Implementing processing units with neural networks: NNPARLS 

Each processing unit of PARLS performs RLS algorithm as it is described in Eq. 3. 
For other hand, we call NNPARLS to the PARLS version that each process unit is 
implemented by a neural network performing RLS algorithm. With this purpose 
we've used the NNSYSID toolbox [7] of Matlab [8]. In this toolbox, the multilayer 
perceptron network is used [9] because its high capability to model any case (Fig. 5). 
For this neural net, it is necesssary to fix several parameters: general architecture 
(number of nodes), stop criterium (the training net is stopped when stop criterium is 
lower than a deterrninated value), maximum number of iterations (variable in our 
experiments), input to hidden layer and hidden to output layer weights, etc. 
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Our first goal was to determine tlie best parameters for tlie neural nets, and the second 
was to compare both implenientations of our parallel adaptive SI methodology to 
determine which one gets tlie liigliest degree of precision. From tlie first goal, we 
assigned 5 nodes, stop criteriuni 0, and weights automatically initialized. The maxi- 
mum number of iterations was a variable in our experiments in order to study its 
influence in tlie NNPARLS performance. By other hand, it was necessary to run 
many times the same neural net experinient because tlie results are different each tinie 
due to the learning process (Fig. 6). 

Fig. 5. An example ol' two layer l'eedlorward multilayer perceptron, used as basis ol' the neural 
nets working in NNSYSID toolbox [7]. 

B e n c h m a r k  ba l l :  l am b d a = 0 . 9 9 5  F - o p t = 1 . 3 3 3 7 6  
1 . 5 5  

1  . 5  

1 . 4 5  

1 . 4  

1  . 3 5  

1 . 3 '  
2 0  4 0  6 0  8 0  1 0 0  

e x p e r i m e n t s  

Fig. 6. 100 experiments oC ball benchmark with the same RLS parameters (k=0.995) using 
neural nets. The different result in each experimet is due to the neural net learning process. 

2.2. Specifications and parameter tunning 

We consider several criteria for PARLS performing. All these criteria have been fully 
checked and tested [6] in order to get a set of better values for paranieters and strate- 
gies. For exanlple, we've studied strategies as the optimum h criterium (the h value 
that produces a minimum F), the stop criterium (indicating when a processing unit 
must stop the work), the model generation criterium (how to consider the initial 
model in the next phase), tlie optinlum F definition (to consider the optinlum F as tlie 
lowest in all phases or tlie lowest computed in tlie present phase), etc. 
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PARLS offers a great variability for its parameters. We've carried out many experi- 
ments with several benchmarks. From the found results we can conclude tliere are not 
common politics for tuning the parameters in such a way tliat always tlie best results 
will be found. But tlie experience indicates tliere is a set of values for tliat tlie results 
are good. Then, we establish fixed values for PARLS parameters (Table 2) in order to 
define an unique algorithm applicable to any system. This has the advantage of an 
easier PARLS synthesis on a digital architecture (our present effort) and a quickly 
application for a system without the previous task of tuning parameters. 

Tablc 2. Main PARLS parameter tunecl 

P,wameter 
RED 
PHs 

3 Experimental results 

In Fig. 7 the several experiment results (cost function F) using different methodolo- 
gies are shown. Four benchmarks with the same model dimensions has been used. 
Always 5 parallel processing units, 4 adaptative phases, a reduction factor of the 
interval between phases of value 2 and 0.1 searching initial range centered on hc=l 
have been considered. (A) sliows the found results using NNPARLS for two cases: 20 
or 10 iterations for the neural nets training (these results are the arithnietic average of 
several experiment set). (B) shows the found results using PARLS. (C) shows the 
results using RLS with 5 equidistant h values in the initial interval, recording the best 
case. This has been made because the computational effort for performing 5 RLS 
processing is similar to the performed by PARLS using 5 parallel processing units. 
Finally (D) and (E) show the RLS results for two h values very used in SI. 

Tuned value 
7 

TSNI4 (about 4 phases) 

NNPARLS PARLS 

76.7 
185.1 
169.2 

Parameter 
PUN 
Model dimensions 

RLS search 

1.02 183.9 
167.8 

Tuned value 
5 
na=3, nb=2, nk=l 

Fig. 7. Experimental results of several rnethodologies for 4 benchmarks. All cases consider the 
sane values of the rnodel and parameters, in order to establish valid comparisons. 

4 Conclusions 

Froni Fig. 7 we can see NNPARLS always works better than the other cases. This 
performance is represented in Fig. 8. Froni these results we can conclude that with 
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more training of neural net better results, but even in the case of a short training (10 
iterations), the found results are always better using neural nets. Also, it is shown the 
adaptative parallel methodologie without neural nets finds better results than using 
RLS for several h values (holding the same computational cost) and a much better 
result than using RLS for classic h values (althoug in this case there are more compu- 
tational cost for PARLS). For these reasons, we can conclude our parallel adaptative 
methodology optimize the SI, and the neural nets increment the efficiency. 

I .ball ndryer mspml 0spm2 I I .ball udryer Ospml ospm2 1 
I I I I 

PAFILS RLS search 5 RLS - 0.95 FILS - 0.98 PARLS RLS search 5 FILS - 0.95 RLS - 0.98 

Fig. 8. Comparison of results between NNPARLS and other algorithms (% of worse results): 
(a) NNPARLS using neural nets with 10 iteration training, (b) 20 iteration training. 

NNPARLS and PARLS are not conlparible with the conlputational effort, because the 
parallel processing units are slower with the neural nets than with the programed RLS 
algorithm. By that, we are working, at the present, in speeding up these algorithms 
designing integrated circuits with reconfigurable technology [lo]. 
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Genetic Algorithms
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Abstract. This paper proposes an heuristic approach based on genetic
algorithms to obtain numerical solutions for the identi�cation problem
in deterministic dynamical systems given a set of discrete observations
of the model. The ordinary di�erential equations system is solved using
an appropriate numerical integrator and an error function is minimized
using a genetic algorithm. Experiments were designed for a model of
HIV-AIDS epidemic evolution in Cuba.

Key Words: nonlinear dynamical system, genetic algorithm, local

linearization method.

1 Introduction

The identi�cation of a continuous time deterministic dynamical model, given a
set of discrete observations of the model, is a classical problem that has been con-
sidered by many authors [2]. The identi�cation problem consists in the estima-
tion of the unknown model parameters by minimizing an error function between
model and data. Typically this problem can not be solved exactly, therefore nu-
merical methods should be used for both, the integration of the model and the
minimization of the error function [7].

This paper proposes an heuristic approach to obtain numerical solutions
of the identi�cation problem using eÆcient techniques of numerical integration
and global optimization. Speci�cally, the solution of the model is approximated
using the Local Linearization (LL) Method, and a Genetic Algorithm (GA) is
implemented to optimize the error function.

The LL method has become e�ective in practical integration of ordinary
di�erential equations (ODEs) for which other integrations schemes fail [6]. In
addition, its dynamical properties make it a powerful tool for numerical integra-
tion [6].

On the other hand, GAs have become a powerful tool in global optimization.
They allow to make a wide search in the space of feasible solutions, avoiding
local minima. These algorithms give the ability to use di�erent data structures
to represent the solutions, taking in account the characteristics of the problem
at hand. That is why they present some advantages versus classical methods [8].

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 473-480, 2003. 
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In [9] the authors developed a primary study to validate the usefulness of GAs
in nonlinear parameter identi�cation.

The paper is organized as follow: In section 2 the heuristic approach above
mentioned is described in detail which is applied in section 3 for the identi�cation
of a model that describes the HIV-AIDS epidemic evolution in Cuba. Finally,
section 4 summarizes the conclusions and the main research trends of this work.

2 Parameter Estimation Method

Consider the deterministic dynamical system generated by the m-dimensional
ODE

dx (t)

dt
= f (t;x (t) ; �) , x (t0) = x0, t � t0 2 R (1)

where x (t) 2 R
m is its state at time t, � = (�1; :::; �p) 2 � � R

p are the
parameters of the model, f :R�Rm �� ! R

m is a nonlinear function satisfying
suÆcient conditions for the existence and uniqueness of solutions [3]. Consider
a set of discrete noisy observations of the model at times �1; :::; �N respectively

yi = x (�i) + "i; �i � t0; i = 1; :::; N (2)

where "i, i = 1; :::; N is a collection of independent random variables with dis-
tribution N

�
0; �2

�
.

Our main goal is to �nd the unknown parameters � such that the distance
between the solution of the model x (�i) and the observation yi is minimum.
Speci�cally we use the following minimum square estimate

�̂ =arg

�
min
�2�

J (�)

�

where

J (�) =

NX
i=1



x (�i)� yi


2

�2
.

In this case, since the noise "i is Gaussian, the estimate �̂ coincides with the max-
imum likelihood estimate [4]. Because x (t) must be computed approximately �̂
must be computed approximately as well. Therefore we use the following ap-
proximation of �̂

~� =arg

�
min
�2�

~J (�)

�

where

~J (�) =

NX
i=1



ex�i � yi


2

�2
(3)

and ex�i is the LL approximation of x (�i), obtained for a particular value of �.
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2.1 The LL Method

The LL method is de�ned by the recursive expression [6]

xtn+1 = xtn + � (tn;xtn ; hn; �) (4)

starting at point xt0 = x0, where hn = tn+1 � tn > 0,

� (tn;xtn ; hn; �) = (hnR0 (fx (tn;xtn ; �) ; hn)�R1 (fx (tn;xtn ; �) ; hn)) ft (tn;xtn ; �) +

+R0 (fx (tn;xtn ; �) ; hn) f (tn;xtn ; �)

Rk (fx (tn;xtn ; �) ; hn) =

Z hn

0

exp (ufx (tn;xtn ; �))u
kdu , k = 0; 1

and fx (tn;xtn;�), ft (tn;xtn ; �) denote the derivatives of the function f with
respect to x and t respectively, evaluated at point (tn;xtn ; �). See [5] for a simple
way of computing (4).

2.2 The GA

GAs are stochastic algorithms whose search method models the evolution of
a given population during a �xed time. Such algorithms maintain a set (pop-
ulation) of feasible solutions (individuals or chromosomes) for the problem at
hand, simulating a selection process based on the individuals �tness and using
recombining operators to model genetic inheritance, i.e. crossover and mutation
processes.

In this work, a chromosome v = (v1; :::; vp) 2 � represents a feasible value of
the parameter �. For every chromosome in the population, the LL approximation
(4) is computed and the error function (3) is evaluated to give a measure of its
�tness.

The following genetic operators were used to simulate the evolutionary pro-
cess

1.- Select Tournament. Given two individuals in the current population,
the selection of one of them is carried out according to the best �tness.
Every chromosome participates in such tournament, exactly twice, guar-
anteeing to preserve the population size.
2.- Linear Convex Crossover. Given two individuals v and w in the cur-
rent population, o�spring �v + (1� �)w and (1� �) v + �w are con-
structed for some � << 1, from which are selected two with the best
�tness to belong to the next population.
3.- Random Mutation. Given an individual v = (v1; :::; vj ; :::; vp) in the
current population, a new chromosome v0 =

�
v1; :::; v

0

j ; :::; vp
�
is con-

structed by replacing the value of the gene vj by a new one v0j which is
randomly selected from the set of possible values of vj . The individual
with the best �tness is selected to belong to the next population.
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The above mentioned operators allow the construction of a new population
where the number of individuals with the best �tness is increased.

The Select Tournament guarantees to preserve the best individuals and to
eliminate the worst ones in the new population. Each chromosome participates
in the tournament twice, and given any two individuals, the best one is going to
belong to the new population. That is why the best chromosome has, at least,
two copies in the new population while the worst one disappears.

The Lineal Convex Crossover operator allows a guided search to better in-
dividuals. The error function (3) is a continuous function on the parameters �.
Therefore, if a well �tted individual is selected to be crossed, one of its o�spring
belongs to a some neighborhood of it. This fact will guarantee to approach to
the minimum, if the algorithm behaves around it.

Since the selection and crossover operators supply a search in some neigh-
borhoods of better �tted individuals, there is a higher probability to achieve a
local minimum. The Random Mutation operator allows a random behavior in
the search space avoiding local minimum regions.

3 Identi�cation of a model of HIV-AIDS epidemic

evolution in Cuba

Infection by HIV and AIDS are two states of the same infectious process char-
acterized by a high lethalness. There is no remedy of that illness which a�ects a
great number of people over an extensive geographical area.

One of the primary features of the cuban program to control the evolution
of the HIV-AIDS epidemic is an active search program, named Contact Trac-
ing. This program �nds the sexual contacts of know infected people in order to
minimize the time during which an infected person could unknowingly transmit
the virus. Thirty two percent of the totally HIV seropositives in Cuba have been
found by the Contact Tracing Program.

A model of HIV-AIDS epidemic evolution taking in account the Contact
Tracing Program would help medical doctors to evaluate the e�ect of such a
method on the epidemic size.

3.1 The Model

Let us consider the following modi�cation to the epidemic dynamical model
introduced in [1]:

dx

dt
= (�� k1 � � � �)x+ �� (y1 + y2)� k2

x (y1 + y2)

x+ y1 + y2

dy1

dt
= (��� �0) y1 + k2

x (y1 + y2)

x+ y1 + y2
(5)

dy2

dt
= (��� �0) y2 + k1x

dz

dt
= �x+ �0 (y1 + y2)� �0z
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Fig. 1. Identi�cation of the HIV-AIDS epidemic evolution model (5) for t 2 [0; 2].
Curves of real and estimated data of y1 (t), y2 (t) and z (t) :

where

x (t): Number of unknown HIV infected persons at time t,
y1 (t): Number of known HIV infected persons at time t, detected by the
Contact Tracing Program,
y2 (t): Number of known HIV infected persons at time t, detected by
other ways,
z (t): Number of persons with AIDS at time t.

� = [k1; k2; �; �; �; �
0; �0; �] are the unknown model's parameters to be es-

timated. (x(0); y1 (0) ; y2 (0) ; z (0)) = (250; 26; 68; 3) is the initial state of the
model. Note that x (t) is a non-observable variable.

A set of discrete observations yi were simulated according to expression
(2) with ��=[0:2161; 0:2322; 0:0482; 0:1134; 0:0053; 0:7600; 0:1350; 0:5594], �i =
10�2i, �2 = 3 and N = 200.

3.2 Simulations

In order to obtain good estimations for the model's parameters, an appropriate
selection of the GA's parameters (population size M , crossover probability Pc
and mutation probability Pm) is required. For it some numerical simulations
were carried out in the following way.
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Fig. 2. Prediction of the VIH-AIDS epidemic evolution model (5) for t 2 [2; 2:5]. Curves
of real and predicted data of y1 (t), y2 (t) and z (t) :

The minimization of expression (3) was computed by the GA with di�erent
values of M , Pc, Pm. The tested values were M = 50; 75; 100; 125; 150, Pc =
0:7; 0:6; 0:55; 0:5; 0:4 and Pm = 0:01; 0:05; 0:1; 0:15; 0:2.

The best obtained values are shown in table 1.

Table 1. The GA's parameters.

Population Size 100

Crossover Probability (� = 0:001) 0.55

Mutation Probability 0.05

The experiments showed that using population sizes less than 100 does not
allow to make a good representation of the search space. On the other hand,
for higher population sizes the computational cost is too large in comparison
with the reduction in the error function. In addition, crossover and mutation
probabilities higher than 0:55 and 0:05 respectively yield oscillations in the error
function, and so the divergence of the GA. For lower crossover and mutation
probabilities the GA may fall in local minima with higher probability.

Table 2 shows the real parameters values ��, and the estimates ~�, estimated
by the GA with M = 100, Pc = 0:55 and Pm = 0:05.
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Table 2. The model's parameters. �� represents the real parameters values of the
model and ~� their estimates.

k1 k2 � � � �0 �0 �

�� 0:2161 0:2322 0:0482 0:1134 0:0053 0:7600 0:1350 0:5594
~� 0:2073 0:2223 0:0490 0:1292 0:0013 0:8195 0:1158 0:5589

Figure 1 shows the �t of the model to the data yi ,for t 2 [0; 2], using the
estimates ~�; and �gure 2 the data prediction of the model for t 2 [2; 2:5].

The optimization process, as an important part of the identi�cation method,
has a high computational complexity. In this regard, we must point out that the
computational cost of the method proposed is directly proportional to the cost of
the GA itself. The algorithm must solve numerically the ODE for each individual
in the population; this implies a high number of 
ops when evaluating the error
function and, as a consequence, a high computational cost of the method.

This method works o�-line, therefore it is not applicable to the identi�ca-
tion of models whose parameters vary rapidly, like a high number of industrial
processes. However, there are many models, describing biological, medical and
natural phenomena, where the parameters evolve in a very slow way, allowing
the use of this method. This case include the HIV-AIDS epidemic studied here.

4 Conclusions

The optimization method with a GA using the LL method as a numerical integra-
tor is applied to the identi�cation of a continuous time deterministic dynamical
system, given a set of discrete observations of the model. Speci�cally, the method
is applied to the identi�cation of a HIV-AIDS epidemic dynamical model.

Numerical results show that both strategies, the GA and the LL method, lead
to eÆcient estimates for the HIV-AIDS epidemic dynamical model. Therefore
they could be applied to identify (o�-line) other biological, medical and natural
processes. Nevertheless the prediction is not good, because this objective has not
been taken in account in this method. In this regard, �ltering techniques should
be investigated to obtain better prediction.

The computational cost of the method proposed in this paper is directly
proportional to the cost of the GA, therefore alternative optimization method
should be investigated in the future.
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Abstract. The aim ol" this work is to show the capabilities ol" Iuzzy modelling 
applied to a medical problem, the prediction ol" luture cases ol" AIDS (Acquired 
Immune Deliciency Syndrome). An automatic knowledge acquisition is 
achieved Irorn experimental data. This kind or modelling would be usel"u1 to 
practitioners and people not expert in modelling who need a set ol" Iuzzy rules 
describing the behaviour or some system. 
Two modelling techniques have been used in order to obtain the Iuzzy models. 
The Grst approach is a neuroluzzy modelling technique based on ANFIS. And 
the second one is a Iuzzy method that perl"or1ns least squares identification and 
automatic rule generation by ininiinising an error index. 

1 Introduction 

Knowledge about a system stated as a formal model is the first step to work with this 
system. There are different ways to get models, mostly, mathematical methods. But 
usually these conventional models are difficult of achieving mainly when the 
knowledge about the system is only a set of input-output data (identification). On 
identification, the basic dynamic relationship is the linear difference equation and the 
more common structure is the ARX model and its variants (Output-Error, ARMAX, 
FIR and Box-Jenkins). State-space models are common representations of dynamical 
models as well. 

An alternative way consists on working with fuzzy models instead of mathematical 
ones (fuzzy identification). When the system is nonlinear and multivariable, fuzzy 
models offer some advantages over conventional ones. Rule-based models have been 
applied to time series forecasting since last eighties [14]. 

Fuzzy identification is supported by the ability, settled by Kosko [5], Wang [13], 
and Buckley [4] for approximating any real function, of one or two variables, by 
means of a set of fuzzy rules. 

This work has been supported by the CICYT, Project TAP 99-0926-C04-02. 
Thanks to Hector de Arazoza for providing the mathematical model and Liuva M. Pedroso for 

generating the data. 

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 481-488,2003 
@ Springer-Verlag Berlin Heidelberg 2003 
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First approaches to fuzzy modelling, based on Sugeno inference method, arose on 
1985 by Takagi and Sugeno [12] although Sugeno approach is in continuous 
development, coming closer to the qualitative reasoning A1 viewpoint [I I]. 

Rules, in Takagi-Sugeno approach have the format: 

I F . ~ I ~ S A ~ ~  ,..., a n d . x ~ i s ~ ~ ~ ~ ~ ~ N p = ~ ~ ~ + ~ ~ ~ * . r ~ +  ...+pkl*.rk (1) 

And their identification method tries to determine all elements: variables, .rI1, 

fuzzy sets, Aki and consequent coefficients, pmi This identification process produce 
different models, as several inputs ranges partitions are considered. The range of 
variable x l  is divided into two subspaces, and all the other variables are not divided. 
So it is built the nzodel I-I.  In the same manner, occurs with all  other variables. For 
every model the optimum premises and consequent parameters are computed. The 
procedure stops at a certain model when: I)  the performance index is less than a 
prefixed value, or 2) the number of generated rules reaches the desired value. 

The aim of this work is to show the capabilities of fuzzy and neurofuzzy modelling 
applied to a medical problem, the prediction of future cases of AIDS. The goal is to 
estimate both the number of people who will develop Acquired Immune Deficiency 
Syndrome (AIDS), and the effect on this developing of the number of people that are 
living with Human Immune Deficiency Virus (HIV) but who have not yet developed 
AIDS. Estimation is made from the yearly HIV seroprevalence data of the Cuban 
Partner Notification Program from 1991 to 2000 [I], [4]. 

AIDS spread models are achieved by using the two modelling approaches, 
described in the next paragraphs, that accomplish automatic rule generation from 
experimental input-output data. 

The paper layout is: first, an introduction to fuzzy modelling, and a brief overview 
of the two modelling approaches, a description of the system to be modelled 
(including the conventional model equations) and, finally, their application to the 
AIDS problem. 

2 Neurofuzzy Modelling 

The first modelling method, ANFIS, due to Roger Jang [8] is a hybrid structure based 
on neural networks and fuzzy logic. It has been chosen due to be one of the most 
spread out fuzzy modelling approaches (its implementation is included in the Fuzzy 
Toolbox of MATLAB). Another fuzzy modelling approaches can be used, specially 
those based on inductive learning [9] or fuzzy clustering [XI. 

ANFIS (Adaptive-Network-Based Fuzzy Inference System) is an universal 
approximator that allows a fuzzy inference system to learn by using a 
backpropagation algorithm based on an input-output data set (learning by an 
example). 

Learning is performed in two stages: 
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1. the antecedents parameters are kept fixed and the information is propagates to 
the fourth layer, where the consequent parameters are identified by using the 
least minimum squares method 

2. the consequent parameters are fixed and the error is back-propagated, allowing 
the antecedent parameters modification by means of a gradient method 

This approach is and hybrid learning that combines two optimization methods. The 
only information specified by the user is the number and type of membership 
functions and the training sequence. 

3 Second Method: Inference Error Learning 

Inference error learning stands for a fuzzy modelling method [7] ,  [9] that 
automatically generate a rule base by introducing new fuzzy sets while learning is 
necessary. 

The input information to the modelling process corresponds to the experimental 
data obtained from the process. The inference error is computed from real output data 
and fuzzy output data, and the adjustment is based on least square identification. 

The rule base consists of Sugeno type rules in which the consequent parameter 
stands for the COG of the consequent fuzzy set. The membership functions A,,,(k) 

are triangle sets. The nrzd connective corresponds to the algebraic product, and the 
final output of the fuzzy model inferred from the whole set of implications is given by 
a modified average defuzzification due to the overlapped condition. 

The final model accuracy is expressed in terms of an estimation of inference error, 
i.e. the difference between the real input/output data and the values generated by the 
fuzzy model. Particularly, the root mean squared error has been used in the 
implementation. 

The fuzzy model is obtained through an adjustment loop and, after a model is 
available, it can be further refined with new experimental data. 

4 The Raw Data 

The data to obtain the fuzzy and neurofuzzy models have been generated from a 
mathematical model performed by H. Arazoza. [I]: 
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where 
- Z is the number of people that has developed acquired immune deficiency 

syndrome (AIDS) 
- (Yl+Y2) is the number of people that are living with human immune 

deficiency virus @REV) but who have not yet developed AIDS 
- Yl  are the HIV infected that have been detected by means of personal 

interviews, that is, asking them directly (co~ztact traci~zg) 
- Y2 are the HIV infected that have been detected at random 
- X is the number of people infected with HIV that has not been detected (this 

datum is actually unknown and it is not used in this paper) 

From these equations L. M. Pedroso has generated a set of 400 numerical data for 
every variable X, Y 1, Y2 and Z, that correspond to a uniform time sequence. 

These 400 data are divided in two equal assemblies (rows 1 to 200and rows 200 to 
400), generated by using different parameter values for kl, k2, P, p, A, that represent 
two different system dynamic behaviours. 

Finally, all the data have been contaminated with gaussian noise of median 0 and 
variance 3, to simulate possible sample errors. 

5 Application Results 

Two main model sets have been obtained, by using a different data arrange each time: 

1. A collection of data arranged as a temporal series, by using only the Z variable 
(people who has developed AIDS), where the antecedents are the three previous 
values: 

2. A collection of data arranged as a f is t  order causal table: 

where output at instant k is depends on the input at this moment u(k) and the last 
output, y(k-I). The first order data are arranged by using the variables YI, Y 2  and 5 
where the antecedents are the values of the last output Zfk-I), the values of YI(k) and 
Y2(k), and the consequent is the real Z output. 

For these two groups, two sets of data, that represent different dynamic behaviours, 
are used to obtain models: 

a set belonging to the first dynamic data array (rows 1 to 200) 

a second one belonging to the second dynamic data array (rows 201 to 400) 

Every 110 data set contains 200 rows and 4 columns (antecedents and consequent) 
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taken at 2200 sequenced time instants. This set is divided in two: the first 150 rows as 
training set and the last 50 ones as checking set. 

All the models are evaluated by means of a root squared mean error: 

6 First Modelling Approach: Neurofuzzy 

By using this first approach, two series of models have been built: models of Z as a 
temporal series and models of Z as a causal system from the input variables YI  and 
Y2. Though ANFIS allows handling the checking data set in the training process to 
minimize errors, it is noteworthy that the modelling process has been executed as a 
pure identification process, without using checking data in the training operation. 

6.1 Modelling as a Temporal Series 

Three models have been generated arranging data as a temporal series on the Z 
variable, where z(k) = f {z(k-31, z (k-2), z(k-I)), with a different training process: 10, 
100 and 10200 epochs. 

ANFISDm-1 Ou t~u tve r su schkda t a l  Data 

Fig. 1. Dynamics-1 and training epochs=lO: Generated data versus checking data, and error 

Figures 1 and 2 show that performance improves as training increases, as it is 
normally expected. These figures correspond only to the to the first block (dynamic 
type one), the second dynamic type has not beer represented. 

, - ~ ~ .  ~ - ~ . ~  ~ . ~ - ~  . ~ ~ -  ~ ~ . . ~ - ~ . ~ ~  ~ - ~ .  ~- ~ ~ ~ . ~ - ~ . . ~ ~  - ~ ~ .  ~ - ~ . ~  ~ . ~ - ~  . ~ ~ -  ~ ~ ~ . . ~ - ~ . ~ ~  ~ - ~ .  ~- ~ ~ ~ . ~ - ~  .~~ - ~ ~ .  ~ - ~ . ~  ~ . ~ - ~  . ~ ~ -  ~ ~~ 

ANFISDF-1 Outputversuschkdatal  Data 
7 0  

D w m i c  1-Error 

I - Dpamlcl-Ewor 

65 1 

Fig. 2. Dynanlics-1 and training epochs=1000: Generated data versus checking, and error 
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The number of rules has been limited to 8 (two bell shape membership functions 
for each input variable). 

6.2 Modelling as a Causal System 

Now, data are arranged as a first order system: y(k)  = f (y(k- I ) ,  u ( k ) ]  where 
the output at the time k depends on the input u(k)  and the last output, y(k-I) .  

Next figures 3 and 4 show the results for the two dynamics (first and second 
dynamic data sets), for a training process of 10 and 1000 epochs. 

, . , < r. ,-, 
55 - 

- output, 
- cnwatn, 

Fig. 3. Output data versus checking data for both Dynamics-1 and Dynamics-2, training 
epochs=lO 

Fig. 4. Output data versus checking data for both Dynamics-1 and Dynamics-2, training 
epochs=1000 

In figure 4, after a longer training (1000 epochs), the errors in the first and second 
dynamics are unlike. This situation can be explained as a consequence of error 
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stabilization for the first dynamic system (from 200 epochs on the error is constant), 
whereas for the second dynamic data set error continues decreasing while training 
goes on. The points of the first type system become overfitted, on the contrary of the 
situation in the second type system. 

7 Second Modelling Approach 

The Inference Error Learning approach has been only applied to model the first 
dynamic data organized as a temporal series. 

With the generated model a good approximation is obtained. Additional work must 
be done in the future to compare the results with those obtained by means of the first 
approach. 

8 Conclusions 

The main result on fuzzy modelling applied to the spread of AIDS is that a good 
prediction of future AIDS cases is possible, based both in the previous values of 
registered events (temporal series prediction) or in the case of first order causal 
models (based on the values of z(X-l), yl(k), y2(k)). 

This good approximation is accomplished by using both modelling approaches 
(Neurofuzzy and Inference Error Learning ones). 

Considering equal training (10 epochs), better results are got for causal models, 
due possibly to a stronger relation between variables Z(k-l), Yl(k) and Y2(k) with the 
output Z(k) than the temporal series relation between Z(k-3), Z(k-2), Z(k-I) and the 
real value of Z(k). The strong of these relations, as input variables sorting according to 
their relative importance, can be analyzed by using inductive learning techniques 
based on ID3 and EG2 algorithms [7], [9]. This is a topic for further work. 

In causal models, results goes better for the second dynamic data as the numbers of 
epochs increases, while it is opposite for the first dynamic data. This is probably due 
to an over-fitting for the first dynamic data. 

Nevertheless, a good approximation between original and modelled data is 
achieved for both dynamics, in spite of working with models of a low number of rules 
(eight rules). However, this allows improving the training time (0.68 seconds for 10 
epochs and 53.19 s for 1000 epochs, in causal models and by using a Macintosh iMac 
with MATLAB 5.0). 

Though the presented approaches have been applied to a medical case, other 
applications have been accomplished to I/O identification based on numerical data. 
Some of these are: the modelling of an autonomous mobile robot dynamics (RAM-2, 
built in the University of Malaga) based on velocity and curvature experimental data 
measured after a short travel [7], and the modelling of a ternary batch distillation 
column [9]. The design of fuzzy controllers based on human actions (cloning) is a 
common application in control system problems. And due to the short training time, 
the first approach can be applied to design adaptive controllers that generate new rules 
on line. 
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Abstract. The paper presents some methods for recovering missing
data using functional and Bayesian networks. In the case of a small set
of missing data one can consider the missing data as variables and learn
them together with the model parameters in the minimization process. If
on the contrary, the missing data set is large, one can learn the functional
or neural network from complete data and use them to learn the missing
data, one case at a time. Finally, some examples of application to illus-
trate the methodology are presented. They show how the missing data
recovery degenerates as the number of missing data per case increases us-
ing an adimensional error measure that allows a direct comparison with
the case of all missing data. In addition, the Bayesian network approach
seems to give better results than the functional network.

1 Introduction

The problem of missing or incomplete data is very common in practice. Assume
for example a system to predict the weather in several locations, based on the
data registered at several stations, carefully selected to reproduce the whole
system. Due to extreme weather conditions (winds, snow, 
oods, etc.), it is not
uncommon that some of the apparatus existing in the stations fail to give the
required data. In such cases, one can ignore these stations or consider the partial
information they supply. One common technique for the second approach is to
learn the missing data from the data coming from other stations and the common
relations among stations.

The most appropriate way to handle missing or incomplete data will depend
upon how data points became missing. Little and Rubin (1987) de�ne three
types of missing data mechanisms:

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 489-496, 2003. 
c Springer-Verlag Berlin Heidelberg 2003



1. Completely Random: The missing mechanism has nothing to do with the
missing variables, so that cases with complete data are indistinguishable
from cases with incomplete data.

2. Random: The missing mechanism has to do with the missing variables, and
cases with missing data are predictable from other variables.

3. Nonignorable: The missing data are not predictable from other variables.

There is a wide collection of methods for handling missing data. Some of the
more popular methods are:

1. Casewise data deletion: The cases with missing data are removed from the
analysis.

2. Pairwise data deletion: For bivariate correlations or covariances, compute
statistics based upon the available pairwise data, even though they belong
to complete data cases.

3. Mean substitution: Replace missing data by their mean values obtained from
other cases complete or not.

4. Maximum likelihood approach: Use all available data to generate maximum
likelihood-based suÆcient statistics (mean and covariance matrices).

5. Multiple imputation: Generates actual raw data values to �ll gaps in data
and then uses maximum likelihood.

6. Regression methods: Use a regression equation, obtained from the remaining
data (complete or not) to predict missing data.

7. Hot deck imputation: Replace the missing values by those associated with
the most similar case.

8. Expectation Maximization (EM) approach: The well known EM-algorithm
is used to estimate the missing data. Expected values are calculated in the
expectation step, that are next used to maximize the likelihood, in the max-
imization step, until convergence is attained.

Roth [11] and Little and Rubin [9], compare these methods and conclude that
casewise, pairwise, and mean substitution methods are inferior to regression, EM,
maximum likelihood methods or multiple imputation.

In this paper we propose neural and Bayesian networks approaches to solve
the missing data problem. Neural and Bayesian networks have been extensively
used for many years, so that nowadays a clear and widely accepted methodology
to deal with practical problems exists. Both types of networks have been revealed
as useful tools to derive relations between the input and the output variables.
When missing data exist, these relations can be used to estimate these data.

2 A Bayesian Network Approach

Bayesian networks [10] are especially indicated for the missing data problem,
because they concentrate in updating the probabilities of given variables when
some information about other variables is known.
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De�nition 1. Bayesian network model. A Bayesian network model, or simply
a Bayesian network, is a pair (D;P ), where D is a directed acyclic graph, P =
fp(x1j�1); : : : ; p(xnj�n)g is a set of n conditional probability densities (CPD),
one for each variable, and �i is the set of parents of node Xi in D. The set P
de�nes the associated joint probability density as

p(x) =

nY
i=1

p(xij�i): (1)

The main advantages of Bayesian networks are:

1. The joint density is reasonably simple and can be easily de�ned in terms of
conditional probabilities.

2. The independence relations among variables can be easily inferred from the
graph.

3. The conditional probabilities of any set of variables given the values of any
other non overlapping set of variables can be easily obtained.

Regression methods predict the mean of a given variable given others. Bayesian
networks allow not only to predict the mean, but the whole conditional distri-
bution of the corresponding variable. In addition they are especially designed to
solve this problem, and not for a concrete variable, but for any one or any set of
them. This is why they are natural candidates to solve the missing problem.

Bayesian network models are very useful for discrete, continuous or mixed
variables.

An interesting case is the case of normal Bayesian networks. Its theoretical
bases rely on the following theorem.

Theorem 1. Conditionals of a Gaussian distribution. Let Y and Z be two sets
of random variables having a multivariate Gaussian distribution with mean vec-
tor and covariance matrix given by

� =

�
�Y
�Z

�
and � =

�
�Y Y �Y Z

�ZY �ZZ

�
;

where �Y and �Y Y are the mean vector and covariance matrix of Y , �Z and
�ZZ are the mean vector and covariance matrix of Z, and �Y Z is the covariance
of Y and Z. Then the CPD of Y given Z = z is multivariate Gaussian with mean
vector �Y jZ=z and covariance matrix �Y jZ=z that are given by

�Y jZ=z = �Y +�Y Z�
�1
ZZ(z � �Z); (2)

�Y jZ=z = �Y Y ��Y Z�
�1
ZZ�ZY : (3)

Note that formulas (2) and (3) allow determining the conditional distribu-
tion of Y given Z. This allows giving not only point estimators, but interval
estimators, where the uncertainty of the prediction Xi can be given.

In this paper we use normal Bayesian networks to illustrate the missing data
problem, but other Bayesian network models could be used.
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Example 1. To illustrate the use of Bayesian networks in recoveringmissing data,
consider the set of variables fX1; X2; : : : ; X8g, where fX1; X2; X3; X4g is a set
of independent normal N(0; 1) variables, and

2
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X8

3
75 =

2
64
1 0 1 0
0 �1 0 �1
1 0 0 �1
1 2 1 1

3
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2
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3
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where �i � N(0; 0:1); i = 1; 2; 3; 4.
We assume that we have 100 data cases, and that the Bayesian network

structure is learned based on these data.
To illustrate how the estimates become worse as the number of missing data

in each case increases, in Table 1 the standardized root mean squared errors �,
i.e. the root mean square errors divided by the corresponding standard deviations
are shown for several sequences of missing values. A set of 100 cases has been
used for learning and another set of the same size for validation.

In the �rst sequence, we assume that X1; X2; : : : ; X8 are missing and the
non-dimensional � ratios are calculated for the missing variables. In the other
two cases, the missing data are X8; X7; : : : ; X1 and X1; X8; X2; X7; : : :.

The following conclusions can be drawn from this table:

1. The � ratios increase with the number of missing data, as expected.
2. As soon as X5; X6; X7; X8 are missing, the prediction of X1; X2; X3; X4 is

based on their means, because of their independence (see the � unit values
in sequence 2).

3. The correlation among X5; X6; X7; X8 explains that even though if X1, X2,
X3, X4 are missing the Bayesian network predictions are better than the
corresponding means (see sequence 2).

4. While some of the data in the set fX5; X6; X7; X8g are not missing, the
predictions for X1; X2; X3; X4 are better than their means (see sequence 3).

5. The � ratios for the learning and validation data are very similar.
6. The � ratios for the case of all missing data for the validation data is not 1

because the standard deviations for the learning data have been used instead
of the standard deviations for the validation data.

3 A Functional Network Approach

Functional networks have been shown to be an interesting alternative to neural
networks (see Castillo et al. [1,4,6,8]). In this section we use functional networks
to solve the missing data problem.

Consider a set of input variables fX1; X2; : : : ; Xpg and a set of output vari-
ables fY1; Y2; : : : ; Yqg, that are related by a random relation of the type:

Yj = hj(X1; X2; : : : ; Xp; �1j ; �2j ; : : : ; �rj) + �j ; j = 1; 2; : : : ; q (4)
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Table 1. Standardized root mean squared error � associated with predicted
values of the di�erent variables for increasing number m of missing data. Three
sequences are considered.

LEARNING DATA

Sequence 1

m X1 X2 X3 X4 X5 X6 X7 X8

1 0.06 - - - - - - -
2 0.07 0.05 - - - - - -
3 0.10 0.06 0.14 - - - - -
4 0.23 0.15 0.21 0.18 - - - -
5 0.59 0.60 0.23 0.53 0.44 - - -
6 0.60 0.68 0.92 0.55 0.67 0.33 - -
7 0.87 0.68 0.93 0.96 0.82 0.66 0.99 -
8 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Sequence 2

m X1 X2 X3 X4 X5 X6 X7 X8

1 - - - - - - - 0.03
2 - - - - - - 0.06 0.03
3 - - - - - 0.07 0.06 0.03
4 - - - - 0.06 0.08 0.06 0.03
5 - - - 1.00 0.06 0.74 0.68 0.36
6 - - 0.99 1.00 0.66 0.74 0.69 0.54
7 - 1.00 1.00 1.00 0.66 1.00 0.69 0.91
8 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Sequence 3

m X1 X2 X3 X4 X5 X6 X7 X8

1 0.06 - - - - - - -
2 0.07 - - - - - - 0.04
3 0.07 0.09 - - - - - 0.09
4 0.09 0.09 - - - - 0.10 0.09
5 0.72 0.09 0.68 - - - 0.49 0.09
6 0.72 0.99 0.69 - - 0.80 0.49 0.80
7 0.72 1.00 0.69 0.99 - 1.00 0.83 0.84
8 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

VALIDATION DATA

Sequence 1

m X1 X2 X3 X4 X5 X6 X7 X8

1 0.06 - - - - - - -
2 0.07 0.06 - - - - - -
3 0.09 0.06 0.14 - - - - -
4 0.24 0.17 0.25 0.22 - - - -
5 0.56 0.61 0.26 0.55 0.51 - - -
6 0.56 0.69 0.99 0.55 0.81 0.34 - -
7 0.93 0.68 0.98 0.83 1.01 0.61 0.99 -
8 1.04 1.00 1.10 0.91 1.23 1.00 0.98 1.06

Sequence 2

m X1 X2 X3 X4 X5 X6 X7 X8

1 - - - - - - - 0.05
2 - - - - - - 0.08 0.05
3 - - - - - 0.07 0.08 0.05
4 - - - - 0.09 0.07 0.08 0.05
5 - - - 1.16 0.09 0.86 0.81 0.51
6 - - 1.12 1.16 1.00 0.86 0.81 0.61
7 - 1.08 1.11 1.16 1.00 1.16 0.81 1.12
8 1.13 1.08 1.06 1.16 1.31 1.16 1.15 1.15

Sequence 3

m X1 X2 X3 X4 X5 X6 X7 X8

1 0.06 - - - - - - -
2 0.07 - - - - - - 0.05
3 0.07 0.10 - - - - - 0.09
4 0.10 0.10 - - - - 0.09 0.09
5 0.72 0.10 0.63 - - - 0.50 0.09
6 0.71 1.00 0.63 - - 0.69 0.49 0.7
7 0.71 0.98 0.62 0.90 - 1.06 0.87 0.82
8 1.02 0.97 0.83 0.90 0.96 1.05 1.06 0.92

where each hj(X1; X2; : : : ; Xp; �1j ; �2j ; : : : ; �rj) is a parametric family of func-
tions, �j � f�1j ; �2j ; : : : ; �rjg is the set of parameters, and �j is a random variable
with cero mean and standard deviation �.

Assume that you have a set of data consisting of the set of data values:

f(x1k; x2k ; : : : ; xpk ; y1k; y2k; : : : ; yqk)jk = 1; 2; : : : ; ng (5)

Some common procedure to estimate the parameters consists of solving the
optimization problem (see Castillo et al. [3,5,7]):

Minimize
�

nP
k=1

Qk(x1k; : : : ; xpk; y1k; : : : ; yqk;�) (6)
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where � = f�1;�2; : : : ;�rg, and the error function Qk can be one of the following:

Q1

k(x1k ; : : : ; xpk; y1k; : : : ; yqk;�) =

qX
j=1

(yjk � hj(x1k ; : : : ; xpk;�))
2

(7)

Q2

k(x1k ; : : : ; xpk; y1k; : : : ; yqk;�) =

qX
j=1

jyjk � hj(x1k ; : : : ; xpk;�)j (8)

Q3

k(x1k ; : : : ; xpk; y1k; : : : ; yqk;�) = max
j

jyjk � hj(x1k ; : : : ; xpk ;�)j (9)

However, if some of the data values in (5) are missing, one cannot use the
above procedure. In this section we present two methods for recovering missing
data.

If the set of missing data values is small, one can incorporate the missing
data values as variables into the minimization process, and the missing data can
be estimated satisfactorily, assuming that the set of complete data is suÆciently
large and there is a suÆciently strong relation between the input and the output
variables.

More precisely, assume that the set of input and output missing data are:

MX = f(i; k)jxik is missingg; MY = f(j; k)jyjk is missingg (10)

then, the Problem (6) can be replaced by the problem

Minimize
�; xik 2MX ; yjk 2MY

nP
k=1

Qk(x1k; x2k ; : : : ; xpk ; y1k; y2k; : : : ; yqk;�) (11)

where now the missing data become variables, and the optimization process
estimates these values.

Remark 1. It is interesting to note that for a missing data recovery to be precise,
the connection between the input and output variables must be strong enough.

Remark 2. The quality of the recovery increases with the number of output
variables, because this implies more constraints on the data.

An alternative consists of learning the function hj(X1; X2; : : : ; Xp;�j) using
complete data, for example solving the problem (6) and then using the resulting
function to learn the missing data in case k by solving the problem:

Minimize
xik 2MX ; yjk 2MY

Qk(x1k ; x2k; : : : ; xpk; y1k; y2k; : : : ; yqk;�) (12)

This process must be repeated for all k with some missing data. In each minimiza-
tion process all the missing data values for the given k are estimated, assuming
they are a reduced number.

Example 2. Consider the same data set as in Example 1, and the same missing
data sequences. Table 2 shows the performance of this method.

A comparison of Tables 1 and 2 shows that the Bayesian network approach
gives better estimates than the functional network approach.
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Table 2. Standardized root mean squared error � associated with predicted
values of the di�erent variables for increasing number m of missing data. Three
sequences are considered.

LEARNING DATA

Sequence 1

m X1 X2 X3 X4 X5 X6 X7 X8

1 0.06 - - - - - - -
2 0.07 0.06 - - - - - -
3 0.10 0.06 0.12 - - - - -
4 0.31 0.21 0.25 0.23 - - - -
5 0.87 0.82 0.25 0.69 0.48 - - -
6 0.67 1.02 1.36 0.53 1.01 0.47 - -
7 1.11 0.91 1.10 0.98 1.16 0.80 1.12 -
8 1.27 1.00 1.29 1.01 1.44 1.01 1.14 1.12

Sequence 2

m X1 X2 X3 X4 X5 X6 X7 X8

1 - - - - - - - 0.04
2 - - - - - - 0.06 0.04
3 - - - - - 0.06 0.06 0.04
4 - - - - 0.07 0.06 0.06 0.04
5 - - - 1.21 0.07 0.90 0.89 0.51
6 - - 1.94 1.19 1.31 0.89 0.88 0.82
7 - 1.14 1.73 1.15 1.17 1.01 0.85 1.08
8 1.27 1.00 1.29 1.01 1.44 1.01 1.14 1.12

Sequence 3

m X1 X2 X3 X4 X5 X6 X7 X8

1 0.06 - - - - - - -
2 0.07 - - - - - - 0.05
3 0.07 0.09 - - - - - 0.08
4 0.10 0.09 - - - - 0.08 0.09
5 0.91 0.09 0.84 - - - 0.53 0.09
6 0.91 1.42 0.84 - - 0.87 0.53 0.96
7 0.70 1.41 0.65 1.09 - 1.04 0.97 0.96
8 1.27 1.00 1.29 1.01 1.44 1.01 1.14 1.12

VALIDATION DATA

Sequence 1

m X1 X2 X3 X4 X5 X6 X7 X8

1 0.06 - - - - - - -
2 0.07 0.06 - - - - - -
3 0.11 0.07 0.15 - - - - -
4 0.35 0.22 0.31 0.26 - - - -
5 0.91 0.90 0.27 0.74 0.56 - - -
6 0.78 1.04 1.19 0.64 0.95 0.39 - -
7 1.33 0.89 0.98 0.88 1.10 0.71 1.11 -
8 1.45 1.15 1.05 0.91 1.30 1.00 1.12 1.08

Sequence 2

m X1 X2 X3 X4 X5 X6 X7 X8

1 - - - - - - - 0.04
2 - - - - - - 0.07 0.04
3 - - - - - 0.07 0.07 0.04
4 - - - - 0.07 0.07 0.07 0.04
5 - - - 1.17 0.07 0.86 0.85 0.51
6 - - 1.65 1.16 1.12 0.85 0.85 0.74
7 - 1.24 1.47 1.06 0.99 1.01 0.78 1.04
8 1.45 1.15 1.05 0.91 1.30 1.00 1.12 1.08

Sequence 3

m X1 X2 X3 X4 X5 X6 X7 X8

1 0.06 - - - - - - -
2 0.08 - - - - - - 0.05
3 0.08 0.12 - - - - - 0.10
4 0.11 0.12 - - - - 0.10 0.10
5 1.04 0.12 0.99 - - - 0.61 0.10
6 1.04 1.42 0.99 - - 0.86 0.61 0.96
7 0.89 1.38 0.85 0.98 - 1.01 0.95 0.96
8 1.45 1.15 1.05 0.91 1.30 1.00 1.12 1.08

4 Conclusions

The main conclusions that can be obtained from this paper are:

1. Functional networks are useful to solve the missing data problem.
2. Bayesian networks are especially adequate to solve the missing data problem,

because they are oriented to obtain the conditional distributions of a set of
variables given another set of evidences; these two sets can be identi�ed with
the set of missing and known data.

3. The missing data recovery degradates with the number of missing data per
case, but the dependence of the variables makes this degradation slower than
expected.
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Estimation of train speed via neuro{fuzzy
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Abstract. The paper describes and compares some applications of neuro{
fuzzy (NF) systems to estimate the speed of a train from the measure-
ment of the velocity of two axles in any wheel/rail adhesion conditions.
All the presented NF approaches outperforms the �rstly designed crisp
algorithm in terms of computational burden and some of them achieve
also a signi�cative performance improvement, by demonstrating their
capability of learning from rough data.

1 Introduction

An Automatic Train Protection (ATP) system [1] is generally composed of a
ground subsystem, that updates the train position and line gradient information
by exploiting some sort of absolute data source, (for instance �xed balises located
along the line) and a on{board subsystem, which estimates the actual train speed
and position. The ground subsystem provides the on{board one with the train
distance from �xed reference positions, the speed limit that cannot be overcome
on that portion of the line and the line gradient. The on{board subsystems
evaluates the minimum distance dmin that allows compliance of the speed limit
at the next objective point and the distance to the next information points by
exploiting the actual train speed, the braking parameters and the objective speed
as the distance at which the target speed is reached by applying the maximum
deceleration. If the di�erence between dmin and the distance of one or more of
the next objective points is smaller than a �xed value, the on{board subsystem
activates the emergency braking. A reliable estimation of the actual train velocity
is thus crucial to evaluate the residual braking resources [2], so as to meet the
speed requirements at the target points.

In the ATP system named SCMT [3], developed by Trenitalia SpA and the
University of Florence for equipping most of the Italian trains, the train speed
and distance from the next objective point are evaluated by processing the mea-
surements provided by two incremental encoders positioned on two independent
axles. This paper compares di�erent hybrid or pure NF train speed estimators.

The paper is organised as follows: the problem of the train speed estimate is
presented in Sec. 2; Sec. 3 describes an approach based on the design of a NF

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 497-503, 2003. 
c Springer-Verlag Berlin Heidelberg 2003



inference system, while alternative neural estimators are described in Sec. 4; the
systems performances are compared in Sec. 5, while Sec. 6 discusses the results
and the guidelines for future work.

2 Problem description
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Fig. 1. Train (plain line) and wheel (dashed line) speeds in a braking test performed
with a single vehicle in degraded adhesion conditions.

Odometry techniques based on sensors located on one or more axles of the
train may be used for dead reckoning between two subsequent exact position
measurements: when the train wheels adhere to the rails, the train speed v

satis�es the equation v = vk = R!k, where !k is the angular speed of the
k{th wheel (k = 1; 2) and R is the wheel radius. On the contrary, when the
adhesion conditions are degraded, which occurrs quite frequently when the train
is accelerating or braking and rain, fog, ice, leaves and other similar external
factors are present, the pure rolling conditions no longer hold and one ore more
axles carrying the odometry sensors can slide. Thus the train actual velocity must
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be estimated di�erently than in the previous case, as the quantity Ævk = v�R!k
is positive in a braking phase (see Fig.1) and negative in a traction phase.

The SCMT system contains a module that provides an estimate v̂i of the
train velocity at the time i from the values c1(i) and c2(i) stored in the encoders
impulse counters and the line gradient d(i). An algorithm consisting of a set of
crisp if{then rules has been developed on the basis of the Trenitalia personnel's
knowledge and of a series of experimental tests. A gross description of such
procedure (whose details cannot be published due to con�dentiality constraints),
that runs with a sample frequency of 10 Hz, is provided in[6]. The parametrs of
the such procedure have been optimised through Genetic Algorithms.

The Trenitalia approach is complex, thus its computational time is not neg-
ligible and, moreover, its performance is very sensitive to the choice of the pa-
rameter values; the resulting relation among the system output v̂(i) and the
measured velocities of the two axles is highly non{linear. As a huge amount
of experimental data was available, some attempts have been made to simplify
the estimator design by adopting NF structures; the most successful trials are
described in the following of the present paper.

3 Fuzzy evaluation of the train speed

A NF Inference System [4] (NFIS) has been designed and optimized by means
of an automatic procedure based [5] in order to estimate the train speed. The
system is a Sugeno-type NFIS and has four inputs: the arithmetic mean between
wheel speeds 0:5[v1(i)+v2(i)], the di�erence between wheel speeds v1(i)� v2(i),
the mean between wheel accelerations 0:5[a1(i) + a2(i)], the mean between ac-
celeration variations 0:5[�a1(i) +�a2(i)], where the acceleration variation of an
axle is de�ned as �ak (i) = max(i�J�j;m�i) jak(j)� ak(m)j and J is the number
of samples which corresponds to a time window of 2 s. Some trials were per-
formed using as inputs to the system the wheel velocities and accelerations, but
the achieved results were not good. The introduction of acceleration variations
as input for the NFIS sensibly improved the performance. The system output is
train speed estimate. Each input is characterized by three fuzzy sets with gauss{
bell functions. The rule basis has been devised according with the indications
and the expertise of the Trenitalia technical personnel and is complete, thus has
34 = 81 fuzzy rules. The NFIS features are summarized in Tab. 1.

4 Alternative neural algorithms

The straightforward choice for a neural alternative for the speed estimate was
a two{layered feedforward neural network. Firstly 4 inputs (wheel velocities, v1
and v2, and accelerations a1 and a2) have been considered; in a second attempt
the acceleration variations�a1 and �a2 has been added as inputs. A preliminary
normalisation stage is needed in order to reduce the importance of the velocity
values, which are one order of magnitude greater than the other 4 entries of the
input vector.
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FIS type SUGENO

Number of inputs 4

Fuzzy sets for each input 3

Membership function type Gauss bell

Parameters for each m.f. 3

Nodes 193

Linear parameters 405

Non linear parameters 36

Total parameters 441

Training data pairs 94115

Fuzzy rules 81

Training epochs 40

Table 1. Characteristics of the NFIS used for speed estimation.

In order to improve the performance, two hierarchical neural structures have
been tested; the general idea under these attempts was to be able to distinguish
the di�erent situations that should re
ect in di�erent kind of input patterns
(for instance, in good adhesion conditions while braking, the wheel velocities
and accelerations are similar and the acceleration values are negative and not
negligible) before the estimation, similarly to what is made by the Trenitalia
crisp algorithm. A Self Organising Map (SOM) [8] has been used in order to
classify the six-dimensional patterns. In a �rst attempt, the result of the clas-
si�cation is directly input in a single 7-input neural network together with the
six{dimensional input pattern, as depicted in Fig.2.
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Fig. 2. Scheme of the �rst hyerarchical neural system designed for train speed estima-
tion.

In a second attempt, for each class a neural speed estimator has been de-
signed: the results of the classi�cation is used for fedding each six{dimensional
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pattern to one of the estimating networks according to the class it belongs to,
as shown in Fig.3.
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Fig. 3. Scheme of the second hyerarchical neural estimator, that performs a di�erent
speed evaluation, according to the di�erent results of the classi�cation of the input
pattern.

5 Numerical results discussion and comparison

The performance of the di�erent speed estimators are quanti�ed through the
normalised square root mean square error (NSRMSE) [7] on speed estimation:

f (p) =
1

�v

vuut 1

M

MX
i=1

[v̂(i)� v(i)]2 (1)

where p is a vector of the parameters to be optimized, M is the number of
training data and �v is the standard deviation of the train speed.

Tab. 2 shows the best results obtained with the di�erent train speed estima-
tors: a fair evaluation requires to compare not only the performance, but also
the time required for design and eventual training. As the table refers to the best
performing estimator of each class, the design time includes not only the time
for elaborating each estimation strategy but also the time for selecting the best
particular solution: for instance, the time for elaborating the estimator consist-
ing of a single neural system was negligible but some days are required to select
both the topology and the dimension of the neural system that �ts the problem
at best.

Tab. 2 clearly shows that the design of the crisp algorithm was very complex
and time consuming, while the time required for designing the NFIS was sensibly
shorter. The performance achieved by the NFIS are worse (about 9.3%) with
respect to those achieved by the optimised Trenitalia crisp algorithm.
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Algorithm type Design Training Evaluation NSRMSE
time (days) time (min) time (ms)

Trenitalia
Optimised with GA 65 900 7.9 0.043

NFIS 5 200 4.0 0.047

MLP 4 inp., 25 hidd. 3 50 2.7 0.050

MLP 6 inp., 20 hidd. 3 50 2.7 0.041

SOM + 7 inp. MLP 5 80 2.9 0.040

SOM + 6 inp. MLPs 7 55 2.8 0.037

Table 2. Comparison among the algorithms in terms of times required for design,
training, on{line data processing and of performance.

For the design of the single{network estimator, di�erent networks with an
increasing number m of neurons in the hidden layer have been tested. From the
performed attempts, the multilayer perceptron (MLP) revealed to be the most
suitable structure and the optimal performance was achieved with 20 hidden
neurons. All the MLP networks were trained with the Levemberg{Marquardt

method [9]. The network with 6 inputs outperforms the normal and optimised
versions of the crisp algorithm with an estimate improvement of 12.8% and 4.7%
respectively.

In the two hierarchical neural structures, the choice of the SOM topology
for the pattern classi�er was straightforward, but di�erent topologies have been
tried for the second stages. The two subsequent stages were trained separately:
�rstly the SOM has been designed for di�erent number of classes (from 3 to
20); afterwards several attempts have been performend in order to chose the
topology and the dimension of the following feedforward network. Also in these
cases, the simple two-layered MLP structure outperforms the other ones. The
optimal solution have been found by trying many di�erent combinations. To
sum up, for the structure depicted in Fig.2, the optimal solution consists in a
SOM with 10 classes and a MLP with 20 hidden neurons, while for the structure
depicted in Fig. 3, 3 classes are suÆcient and the following 3 MLPs have 15
hidden neurons each. The small networks dimensions justify the smaller time
required for the training and for the speed evalution in the second hierarchical
neural structure, that is also the best performing estimator, as the NSRMSE is
reduced of 9,1% with respect to the sigle NN with 6 inputs and of 13,95% with
respect to the optimised crisp algorithm.

6 Conclusions and future work

The problem of train speed estimation from the measurement of the velocity of
two axles in all the adhesion conditions has been faced with NF techniques, by
exploiting di�erent approaches. While the fuzzy approach do not show better
performances with respect to the crisp algorithm designed according to indica-
tions of the Trenitalia expert personnel, neural systems, in particular the hybrid
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solutions, showed their eÆciency by providing a better estimate in any condi-
tion. The power of the hybrid solution probably consists in the exploitation of an
original winning idea of the Trenitalia crisp algorithm, namely to use di�erent
methods for speed estimation according to the diverse train conditions, idea that
has been enforced by the self{adaptation capability of NF systems.

The above described results demonstrated that although NF systems have
an enormous capability of learning from data, their design for the solution of a
particular problem must be jointed with a deep comprehension of the problem
itself. Thus the NF expert cannot neglect the information that the technical
personnel can provide him/her in any case and not only in the case of the
design of a NFIS, where it is mandatory to build the rule basis by exploiting the
expertise of those who are familiar with the considered problem.

Current work is focused on the possibility of joint training of the neural
subsystems in the hierarchical structures. As the system is devoted to enhance
the trains security, a great amount of work is still to be done in order to make a
NF system safe and reliable in all the situations, so as to overcome the natural
suspicion of the technical personnel, but the obtained results are encouraging.
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Abstract: This work presents the application of neuro-fi~zzy techniques to 
develop a rule-based fuzzy system as an efficient and robust approach for object 
[racking based on sequences of video images. The fuzzy system is a new 
approach for data association problems in video image sequences, which uses 
JPDA formulation adapted to cope with video data peculiarities. The new* 
fuzzy learning algorithm uses examples extracted from a siweillance systern o f  
airport surface, including situations with very closely spaced objects (aircraft 
and surface vehicles moving on apron). The learned fuzzy systern ponders 
update decisions both for the trajectories and shapes estimated for targets with 
the set of image regions (blobs) extracted from each frame. The inputs of the 
neuro-fuzzy sys[ern are several numeric heuristics, describing the quality o f  
gated groups of blobs and predicted tracks, and outputs are confidence levels 
used in the update process. Rules are aimed to generate the most appropriate 
decisions under different conditions, emulating the reasoned decisions taken by 
an expert, and have been learned by the neuro-fuzzy system. The systern 
performance with real image sequences of representative ground operations is 
shown at the end. 

1. Introduction 

The Advanced Surface Movement, Guidance and Control Systems (A-SMGCS [I]) 
receives and processes data from different types of sensors. This work is centered on 
the tracking system operating on sequences of video images provided by cameras 
deployed on the airport surface. The general architecture and main blocks integrated 
were described in [2]. Each processor calculates target trajectories (local tracks) in the 
prqjected camera plane, performing two steps. First, moving targets are detected 
against their local background to generate detected pixels, connected then to form 
compact image regions referred to as blobs. Blobs are deilned with their spatial 
borders, generally a rectangular box, centroid location and area. Then, the tracker 
must distinguish all targets in the scene and track their motion, applying association 
and filtering processes. 

This work has been fimded by Spanish CICYT, TIC2002-04491-CO2-01/02 

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 504-511, 2003. 
@ Springer-Verlag Berlin Heidelberg 2003 



Neuro-fuzzy Techniques for Image Tracking 505 

The data association logic is one of the basic aspects determining the system 
capability to cope with dense, multi-target scenarios [3]. Its design must take into 
account the characteristics and quality of processed data. In this case, data are the 
blobs, resulting from the detection subsystem applied on image sequences of airport 
surface scenes. 

In this work, a fiuzy system for association is developed applying Nauck/Kruse 
newo-fiuzy to obtain the rules. In section two, the specific problems in this 
application are analyzed. The third section presents the fuzzy approach to evaluate the 
confidence levels used to update estimators describing targets shapes and motion 
parameters. The learning method and the description of the learned rules are shown in 
section fourth. Finally, system output in several scenarios is presented in fifth section, 
indicating the response for complex situations and the performance of the rules 
learned with real image sequences of representative ground operations. 

2. Problem Definition 

A first problem to be considered is the imperfect image segmentation, due to image 
irregularities, shadows occlusions, etc., resulting in multiple blobs potentially 
generated for each target. This splitting effect may appear randomly, with irregular 
surface vehicles or shadows, or systematically when some obstacle or target partially 
occludes other interest targets moving behind. So, blobs must be re-connected, 
deciding which ones are to be grouped and associated to each target. On the other 
hand, closely spaced targets lead to overlapping images, appearing some targets 
partial or totally occluded by other targets or obstacles, so that some blobs can be the 
result of incorrect segmentations and really represent to several targets. 

Therefore, each available frame to process presents a set of blob-to-track multi- 
assignment problem to be solved, where several (or none) blobs may be assigned to 
the same track and simultaneously several tracks could overlap and share common 
blobs. An all-neighbors approach taking soft decisions, similar to JPDA [4], seems 
adequate for this problem, since all blobs potentially gated with each track are used to 
update it, requiring moderate computation load. Usual formulation of JPDA is not 
directly applicable to the problem with extended targets, since residuals are computed 
assuming simplified models considering the centroids, predicted positions and certain 
error distributions. It is more adequate to extend the association, using an explicit 
representation of target shape and dimensions, together with motion estimation, to 
select the set of updating blobs for each track. The evolution of shape, accordingly to 
the information obtained from the images sequence, should be updated jointly with 
motion parameters. There are not detailed models or analytical expressions to design 
this process, similar to JPDA, but an analysis of continuity performance with different 
strategies, depending on numeric heuristics describing the situations, provided robust 
rules to take appropriate association decisions [5]. 

The proposed approach presented in this work is based on the knowledge of target 
shapes and dimensions to extract and correlate the appropriate set of blobs with each 
track. The dynamic evolution of these estimations, targets shapes and trajectories, in 
accordance with the information extracted from images, is the key aspect to guarantee 
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good performance figures regarding continuity. A fuzzy system [6,7] is proposed to 
evaluate the confidence given to the information contained both in the gated blobs and 
predicted tracks, based on a set of numeric heuristics describing the characteristics of 
each situation. When we can not derive the labels' membership functions of linguistic 
variables (inpuvoutput) or fuzzy rules from the expert knowledge, an automatic 
learning procedure c o ~ ~ l d  be applied. Although many proposals have been developed 
based on nemal networks [XI or on genetic algorithms [9], the learning techniques 
based on nemal networks show mathematically consistence and have been applied 
prof~~sely in many applications [lo]. The techniques based on neural networks are 
named neuro-fuzzy systems and they are usually represented as a multilayer 
feedforward neural network [I I]. Two approaches of neuro-fuzzy systems exist. The 
first one uses differentiable operators in the fuzzy system to apply gradient descent 
procedures, these systems generate fuzzy systems that are not easy to interpret. The 
ANFIS model by Jang [12] implements a Sugeno-like fuzzy system [13] in a network 
structure, and applies a mixture of backpropagation and least-mean-square procedure 
to train the system. The GARIC model [14] uses a special "soft minimum" function 
which is differentiable. The second one uses max-min operators and the learning 
procedure is heuristic, these systems are easy to interpret as the newo-fuzzy systems 
developed by Nauck and Kruse (NEFCLAS [15] and NEFCON [16]). The fuzzy 
system for association uses Mamdami implication [7] because the fuzzy system 
interpolates a generic function (the association function) that has not analytical 
expression. We have applied the Na~~ckIKn~se newo-fuzzy approach because they use 
directly this type of implication and the method is developed for this type of fuzzy 
systems. 

3. Fuzzy System for Multiple Cameras Tracking 

The first steps are the detection and extraction of blobs in a frame. Then, the tracking 
system tries to correlate blobs with estimated tracks. The association (blobs to tracks) 
will be performed by means of a correlation mask, predicted to the frame time instant 
from the last update. This mask conforms to the estimated shape of the target, and will 
be updated also with the spatial information contained in the blobs. Therefore, track- 
state vectors with position and cinematic estimates (2D location and velocity referred 
to the camera plane) are complemented with attributes defining a spatial 
representation of target extension and shape. This predicted target contour is used to 
gate blobs extracted in next frame. For the sake of simplicity, a rectangular box has 
been used to represent the target, as indicated in figure 1. Around the predicted 
position, (ft,,, p,,) , a rectangular box is defined, (xmin, X-, ymin, y-), with the 

estimated target dimensions (IH ,Iv). Then, an outer gate, computed with parameters 

AH, A", is used to finally gate the potential blobs updating the track estimates. 
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outcr targct gatc 
inner targel gnte 

X l ~ l l l  Gated blobs X ~ n a r  

Figure 1. Target segmentation with estimated box 

This outer gate allows the system track dynamic variations in target shape along 
the sequence, for targets not perfectly matching to predictions due to variations in 
projected shape (changes of orientation, distance, etc.), or maneuvers. Besides, it 
avoids the initialization of tracks around existing ones, potential source of 
instabilities. The shape must be dynamically updated with the information contained 
in blobs, accordingly with the set of rules. The changes must be smooth, avoiding 
instabilities in complex scenarios. 

As any multi-target tracking system, one of the key points of the whole tracking 
system will be the data association logic, which is the focus of interest in this work. 
An analysis of conventional systems performance under different conditions has been 
used to propose some heuristics assessing the characteristics of different situations 
and the most adequate association decision to take. This set of heuristics will be 
combined with a fuzzy system to produce a final "correlation level" of each blob to 
update each possible track, with a weighting formulation similar to JPDA [4]. They 
were detailed in [7]: (a) Overlapping heuristic, this component can be seen as a "soft 
gating", computed as the fraction of blob area contained within track predicted region; 
(b) Group density and distance to track, this heuristic evaluates the ratio between 
areas of detected regions and non-detected areas (holes) in the finally reconnected 
pseudo-blob; (c) Conflict with other tracks heuristic, this component evaluates the 
likelihood of blob being in conflict with other tracks; (d) Proximity to image borders 
heuristic, this number evaluates if the blob is close to any of the four image borders. 

Heuristics defined above will be the input to unknown filnctions computing the 
confidence levels both for blobs and predicted tracks. A nlles system based on fuzzy 
logic has been developed in order to approximate these functions [7]. The rules have 
been obtained by analysis of conventional tracking systems performance under 
different conditions, depending on values of heuristics. Fuzzy reasoning techniques 
may be adopted to reproduce these behavior under the conditions specified in the 
automatically learned rules, and besides generate the proper output for all 
intermediate cases. 
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4. Rule Extraction using Neuro-Fuzzy Techniques 

The data-analysis process to derive the decision rules from available data is 
summarized here. The well-known NefClass algorithm [15] was applied to data sets 
with the heuristics characterizing input images and tracker output in sample scenarios. 
The scenarios were selected considering representative situations such as image 
splitting in segmentation, occlusions and overlapping, in order to get a robust system 
able to attain acceptable behavior in the general case. The three possible outputs 
considered for blob confidence regarding track parameters update were {discard, low, 
high). So, for each detected blob located around the target bounds (predicted by the 
tracking system), the three possible decisions were: accept the blob and update the 
estimated track parameters (high), if the blob information is reliable and only referred 
to the represented target; discard the blob (discard), if it clearly comes from a 
different source; or partially update the track (low), when the blob has information 
about target but it is corrupted by effects such as occlusion or overlapping. The three 
selected scenarios had the following characteristics: 

Scenario I: Three aircraft moving in parallel taxiways, in an area covered by a 
camera with low depression angle, so their images get overlapped when they cross. 
The confidence level of blobs in such situations must be lowered to avoid 
degradation of estimated shape and kinematics of targets. 
Scenario 2: Three vehicles were moving on a road, approaching until their images 
get overlapped, while at the same time one of them performs a deceleration 
maneuver. Figure 2 shows some sample frames, where a van (white) and a vehicle 
are moving from left to right, while other vehicle is moving from right to left. 
Images from the three vehicles get overlapped when the first vehicle moving from 
left to right stops in front of the aircraft, white van overtakes it, and at the same 
time the other vehicle crosses behind. Besides, figure 3 indicates the detected 
output and tracker output in four important instants where the tracks were updated 
accordingly to the nlles in [7]. 
Scenario 3: this scenario contains multiple blob reconnections. An aircraft is 
moving behind stopped vehicles and aircraft. These vehicles occlude it and other 
vehicles move in close parallel roads. Multiple blobs representing different parts of 
aircraft and its shadow appear. These blobs must be grouped to update the aircraft 
track, avoiding splitting effects. Besides, images from other vehicles must be kept 
separated guaranteeing track continuity for all targets. 

So, for each one of the frames available in the scenarios, the blobs and tracks were 
used to compute the heuristics, while the label describing the confidence category of 
blob was manually assigned from direct observation. 
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Figure 2. Scenario 2 vehicles with 
mnl~iple overlaps 

Figure 3. Tracker output for scenario 2 

The set of ndes generated with all available data (around 250 frames, with 700 
instances composed by 6 attributes and o~~tput), and nsing bell-shaped sets appears in 
iigure 4. As it can be seen, the most important attributes to classify blobs are conflict 
degree and overlapping with track. 

if overL?pT is large and density is medium and proximi~y is large and conflic~ is smiill and 
border is sm?ll and overlap1 is large then HIGH 
if overL3pT is large and density is L3rge and proximi~y is large and conflic~ is smdl and border 
is srnall and ovcrlapI is largc then IIIGII 
if overL3pT is large and density is medium and proximi~y is large and conflic~ is smiill and 
border is medium and overlap1 is large then HIGH 
if ovcrlapT is largc and density is largc and proximity is largc and conflict is srnall and bordcr 
is medium and o17erlapI is large [hen HIGH 
if overL3pT is small and density is L3rge and proximi~y is large and conflic~ is large and border 
is small and overL~pI is large [hen DISCARD 
if ovcrlapT is srnall and density is medium and proximity is mcdiurn and conflict is rncdinm 
and bordcr is srnall and overlap1 is largc then DISCARD 
if overL3pT is small and density is medium and proximily is medium and conKic~ is large and 
bordcr is rncdiurn and overlap1 is largc then DISCARD 
if overL3pT is small and density is medium and proximily is medium and conflic~ is large and 
border is s m ~ l l  and overlap1 is large then DISCARD 

Figure 4. Rules obtained 

5. Results 

Finally, in order to analyze the quality of the classification scheme and its capability 
to predict the tracker decisions, the total set of data was split in subsets for validation. 
The three scenarios were divided into ten groups, depending on the characteristics of 
each sequence (segments without conflicts, segments with occlusions, with bad 
segmentations, etc.). 

The training and evaluation process was performed with different scenarios to 
obtain the rate of instances correctly predicted, as depicted in table 1. Two type of 
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fuzzy sets were selected to represent the concepts: triangular and bell-shaped, whose 
performances are indicated in the top and bottom, respectively, of each cell. From the 
results, the learning capability is better when bell-shaped functions are applied. The 
main diagonal is blank since the test was always performed over data different from 
training. Final column has the mean performance with each training set applied to the 
rest of available data. The worst results were obtained when data from simple 
segments without problems were used for training. For instance, intervals (22-43) and 
(53-88) from scenario 1 contained only separated targets, while segments (44-52) and 
(61-67) conflict situations. The rules generated with the second type obtained better 
results than those generated with the first one. 

Table I. Accuracy of rules generated with different subsets of data 

The specialization effect can be noticed since the rules obtained for each scenario 
obtain better results than those generated from other ones (although with different 
data sets than training), but worse in the rest. The best results were obtained with a 
representative set containing a sample of conflictive situations in scenarios 1 and 2 
(row labeled as representative 2), with some overlaps, occlusions and splits. Finally, 
the table entry All represents the result obtained with a random sampling for training 
and validation complementary sets, applying cross validation, very similar to the best 
result. In fact, both sets drove rule sets very similar to the one in figure 4, generated 
with all available data. 
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6. Conclusions 

Neuro-fuzzy learning techniques have been successf'ully applied to solve the core 
problem of data association for video tracking under complex, high-density 
conditions. Speciiic domain knowledge is represented as a set of rules to adapt 
association decisions as a fimction of several heuristics inferred from 
experimentation. 
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Abstract. In this paper, we examine and compare the performance of four fuzzy 
rule generation methods on Wisconsin breast cancer data [2].  These methods 
were reported by Ishibuchi [1] et al. For the diagnosis of breast cancer, the 
determination of the presence of benign/malignant breast tumors represents a 
very complex problem (even for an experienced cytologist). The goal of this 
paper is to compare and contrast fuzzy rule generation methods on breast cancer 
data that involve no time-consuming tuning procedures. Since The performance 
of each approach for test patterns (i.e., the generalization of ability of each 
approach) is evaluated by cross validation techniques on breast cancer data sets.  

1. Introduction 

Breast cancer is the most common cancer in women in many countries. Most 
breast cancers are detected as a lump/mass on the breast, by self-
examination/mammography, or by both [3]. Screening mammography is the best tool 
available for detecting cancerous lesions before clinical symptoms appear. Surgery - 
either a biopsy or a lumpectomy have been the most common method to remove 
them. Fine needle aspiration (FNA) of breast masses is a cost-effective, non-
traumatic, and mostly non-invasive diagnostic test that obtains information 
needed to evaluate malignancy. Recently, a new minimally invasive technique, 
which uses super-cooled nitrogen to freeze and shrink a non-cancerous tumor and 
destroy the blood vessels feeding the growth of the tumour has been developed [4] in 
USA. Artificial Intelligence techniques (such as neural networks, fuzzy logic, genetic 
programming and combination of these methods) have attracted a lot of attention in 
the area of medical diagnosis. These techniques are successfully applied to a wide 
variety of decision-making problems. Several methods have been proposed for 
generating fuzzy if-then rules for pattern classification problems. Neural network 
architectures and learning mechanisms were used for tuning fuzzy if-then rules. 
Genetics-based machine learning frameworks were used for generating and selecting 
emphasized the direct generation of fuzzy if-then rules from training patterns. While 
many sophisticated approaches have been proposed, very simple fuzzy if-then rules 
were also used as fuzzy classifiers. The main aim of this paper is to examine the 
performance of some direct rule generation methods that involve no time-consuming 
tuning procedures on breast cancer data. The first one generates fuzzy if-then rules 
using the mean and the standard deviation of attribute values. The mean and the 

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 512-519, 2003. 
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standard deviation were used as parameters of membership functions when they 
compared fuzzy classifiers with neural network classifiers. The second approach 
generates fuzzy if-then rules using the histogram of attributes values. In the first two 
approaches, a single fuzzy if-then rule is generated for each class. The third approach 
generates fuzzy if-then rules with certainty each attribute into homogeneous fuzzy 
sets. In the fourth approach, only overlapping areas are partitioned. This approach is a 
modified version of the third approach.  

2. Rule Generation Procedure 

In this section, we explain each of four approaches examined in this paper. The 
performance of each approach is evaluated by computer simulations on breast cancer 
data sets. 
Assuming that we have an n-dimensional c-class pattern classification problem whose 
pattern space is an n-dimensional unit cube [0,1]n and m patterns xp = (xpl,... ,xpn)  ,  p 
= 1,2,...,m , are given for generating fuzzy if-then rules where xp∈  [0,1] for p 
=1,2,..., m, i =1,2,...,n. In computer simulations, all attribute values are normalized 
into the unit interval [0,1]. 

3. Rule Generation based on the Mean and the Standard Deviation 
of Attribute Values 

In this approach, a single fuzzy if-then rule is generated for each class. The fuzzy if-
then rule for the kth class can be written as  

If x1 is 1
kA   and ... and xn is 1

kA  then Class k,     (1) 

where k
iA  is an antecedent fuzzy set for the ith attribute. The membership function of  

k
iA  is specified as of  

( )
( )

2

( ) exp 2
2

k
xi ik

A xi i
k
i

µ

σ

−
= −

 
 
 
 

        (2) 

where k
iµ  is the mean of the ith attribute values xpi of Class k patterns, and k

iσ  is the 

standard deviation. Fuzzy if-then rules for the two-dimensional two class pattern 
classification problem are written as follows: 

IF x3 is 1
3A  and x4 is 1

4A  THEN Class 2      (3) 
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IF x3 is 2
3A  and x4 is

2
4A THEN Class 3      (4) 

The membership function of each antecedent fuzzy set is specified by the mean and 
the standard deviation of attribute values. For a new pattern xp = (xp3,xp4), the winner 
rule is determined as follows: 

{ }* *
( ). ( ) max ( ). ( ) 1, 23 3 2 4 1 3 2 4

k k
A x A x A x A x kp p p p= =

    
(5) 

For each attribute 20 membership functions fh(), h=1,2,...,20 were used. The fuzzy 
partition used only for calculating the histogram. 

4. Rule Generation based on the Histogram of Attribute Values 

In this method the use of histogram an antecedent membership function and each 
attribute is partitioned into several fuzzy sets. We used 20 membership functions fh(.), 
h=1,2,...,20 for each attribute in computer simulations. 

The smoothed histogram ( )k
i im x of Class k patterns for the ith attribute is calculated 

using the 20 membership functions fh (.) as follows: 

( )1
( )

  k

                         ,  h=1,2,...,20h-1

k
m x f xi i pihk x Classpm

for xi hβ β

∑=
∈

≤ ≤

      (6) 

where mk is the number of Class k patterns, 1,h hβ β−    is the hth crisp interval 

corresponding to the 0.5-level set of the membership function fh (.): 

0,   1,1 20β β= = S           (7) 

1 1
  for h=1,2,...,19

20 1 2
hhβ = −

−

 
  

       (8) 

The smoothed histogram in (6) is normalized so that its maximum value is 1. As in 
the first approach based on the mean and the standard deviation, a single fuzzy if-then 
rule in (2) is generated for each class in the second approach.  
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In the first two approaches, a single fuzzy if-then rule was generated for each class 
using the information about training patterns. On the contrary, many fuzzy if-then 
rules are generated in the third approach by partitioning each attribute into 
homogeneous fuzzy sets.  
One disadvantage of this approach is that the number of possible fuzzy if-then rules 
exponentially increases with the dimensionality of the pattern space. For coping with 
this difficulty, some GA-based rule selection approaches have been proposed to find a 
compact rule set [7,10,12]. The number of fuzzy if-then rules can be also decreased by 
feature selection [14]. 

Because the specification of each membership function does not depend on any 
information about training patterns, this approach uses fuzzy if-then rules with 
certainty grades. The local information about training patterns in the corresponding 
fuzzy subspace is used for determining the consequent class and the grade of 
certainty. 

In this approach, fuzzy if-then rules of the following type are used: 

IF x1 is 1jA  and ... and xn is jnA  

THEN  

Class Cj, with CF =  CF j,  j  =1,2 , . . . ,  N      (9)  

where j indexes the number of rules, N is the total number of rules, jiA is the 

antecedent fuzzy set of the i-th rule for the i-th attribute, Cj; is the consequent class, 
and CFj is the grade of certainty. The consequent class and the grade of certainty of 
each rule are determined by the following simple heuristic procedure [13]: 

Step 1: Calculate the compatibility of each training pattern xp =(xp1,xp2,…,xpn) 
with the j-th fuzzy if-then rule by the following product operation: 

( ) ( ) ( )...  , 1, 2, ..., .1 1x A x A x p mj p jn pnj pπ = × × =      (10) 

Step 2: For each class, calculate the sum of the compatibility grades of the 
training patterns with the j-th fuzzy if-then rule Rj: 

( ) ( ),  k=1,2,...,c  

n
R xj pclass k x class kp

β π∑=
∈

       (11) 

where ( ) class k jRβ  the sum of the compatibility grades of the training patterns 

in Class k  with the j-th fuzzy if-then rule Rj. 

Step 3: Find Class *
jA  that has the maximum value ( ) class k jRβ : 

5. Rule Generation of based on Simple Fuzzy Grid 
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{ ( ), ..., ( )} 1  c* k
j

Max R Rclass classj jclass
β β β=      (12) 

If two or more classes take the maximum value or no training pattern 
compatible with the j-th fuzzy if-then rule (i. e., if βClass k(R j )=0 for k =1,2,..., 
c  ) ,  the consequent class Ci can not be determined uniquely. In this case, let 
Ci be φ. If a single class takes the maximum value, the consequent class Cj i s  
determined by (7). 

Step 4: If the consequent class Ci is 0, let the grade of certainty CFj be CF j  =  
0.  Otherwise the grade of certainty CF j i s  determined as follows: 

( )

( )*
 k j

 k R j
1

class
CF

j c

class
k

β β

β

−

=

∑

=

        (13) 

( )

( )*
 k j

 k R j
1

class
CF

j c

class
k

β β

β

−

=

∑

=

        (14) 

6. Rule Generation based on Fuzzy Partition of Overlapping Areas 

In the third approach, the shape of each membership function was specified without 
utilizing any information about training patterns. A simple modification of the third 
approach is to partition only overlapping areas.  

This approach generates fuzzy if-then rules in the same manner as the simple 
fuzzy grid approach except for the specification of each membership function. 
Because this approach utilizes the information about training patterns for specifying 
each membership function as in the first and second approaches, the performance of 
generated fuzzy if then rules is good even when we do not use the certainty grade of 
each rule in the classification phase. In this approach, the effect of introducing the 
certainty grade to each rule is not large if compared with the third approach. In 
computer simulations of the next section, we used fuzzy if-then rules with certainty 
grades in this approach as in the third approach. 
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The Wisconsin breast cancer dataset was obtained from repository of machine 
learning database University of California, Irvine. This data set has 32 attributes (30

 

real-valued input features) and 569 instances of which 357 benign and 212 malignan

t 

class. There are several studies based on this database. Bennet and Mangasarian [19]

 

used linear programming techniques, obtaining a 99.6% classification rate on 487

 

cases (the reduced database available at the time). However, diagnostic decisions are

 

essentially black boxes, with no explanation as to how they were attained.  
In the first approach, a single fuzzy if-then rule was generated for each class using

 

the mean and the standard deviation of attribute values. A single fuzzy if-then rule fo

r 

each class was not sufficient for the breast cancer data. In the second approach, a

 

single fuzzy if-then rule was generated for each class using the histogram of attribute

 

values. The third approach generated fuzzy if-then rules by homogeneously 
partitioning each attribute. Thus a pattern space was partitioned into a simple fuzzy

 

grid. The information about attribute values was not used for specifying the 
membership function of each antecedent fuzzy set. The local information of training

 

patterns was utilized when the consequent class and the certainty grade were

 

specified. The 10-fold cross-validation procedure was iterated 5 times using different

 

partitions of data sets into ten subsets. Simulation results are summarized in Table 1

. 

In this table, the 85.96% classification rate by the fuzzy classifier systems is the bes

t 

result among simulation results. From this table, we can see that the performance o

f 

the fuzzy rule-based classification systems except for the histogram approach is

 

comparable to the best result by the fuzzy classifier systems. 

Table 1. Simulation Results 

  
Methods 

 
With CF 
 

Single winner rule 
(without CF) 
 

Mean & Deviation 85.94% 85.94 
Histogram 62.74% 84.36 
Simple Grid 62.39 62.39 
Modified Grid 62.57% 85.96 

 

8. Conclusion 

In this paper, we examined the performance of four fuzzy rule generation methods 
that could generate fuzzy if-then rules directly from training patterns.  

Grid-based approaches, had high generalization ability but the number of fuzzy if-
then rules is exponentially increased with the dimensionality of the pattern space. 
Thus a large number of fuzzy if-then rules are usually generated for real-world pattern 
classification problems. This leads to several drawbacks: overfitting to training 
patterns, large memory storage requirement, and slow inference speed. The last 
approach was a modified version of the simple fuzzy grid approach. Only overlapping 
areas of different classes were partitioned into fuzzy subspaces.  

On the contrary, the number of fuzzy if-then rules in the first two approaches is 
the same as the number of classes. As shown in this paper, a single fuzzy if-then rule 

7. Simulation Results 
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for each class is not always sufficient for real-world pattern classification problems. 
While each approach is very simple and has the above-mentioned drawbacks, 
generated fuzzy rule-based systems have high classification ability. The performance 
of fuzzy rule based systems can be improved by feature selection and rule selection. 

References 

1. Ishibuchi, H., and Nakashima, T., A Study on Generating Classification Rules 
Using Histogram Edited by  Jain L.C., and Jain, R.K., KES’98, pp. 132-140 

2. Merz J., and Murphy, P.M., UCI repository of machine learning databases. 
http://www.ics.uci.edu/-learn/MLRepository.html, (1996) 

3. DeSilva, C.J.S. et al. Artificial Neural networks and Breast Cancer Prognosis 
The Australian Computer Journal, 26, pp. 78-81,(1994) 

4. The Weekend Australian, Health Section, p 7. July, 13-14, (2002) 

5. Cios, K.J., et.al. Using Fuzzy Sets to Diagnose Coronary Artery Stenois, IEEE 
Computer, pp. 57-63, (1991) 

6. Ishibuchi, H. et.al Pattern and Feature Selection By Genetic Algorithms in 
Nearest Neighbour Classification unpublished report. 

7. Ishibuchi, H. et.al, A fuzzy classifier system that generates fuzzy if-then rules for 
pattern classification problems, Proc. Int. Conf. Evolutionary Computat. Perth, 
Australia, vol. 2, pp. 759-764, (1995) 

8. Pal, S. K. and Mitra, S. Multilayer perceptron, fuzzy sets, and classification, 
IEEE Trans. on Neural Networks, 3, no. 5, pp. 683-697, (1992) 

9. Nauck, D., and Kruse, R., A neuro-fuzzy method to learn fuzzy classification 
rules from data, Fuzzy Sets and Systems, vol. 89, pp. 277-288, (1997) 

10. Ishibuchi, H., Nozaki, K.,Yamamoto, N.,  and Tanaka, H., Selecting fuzzy if-
then rules for classification problems using genetic algorithms, IEEE Trans. on 
Fuzzy Systems, vol. 3, no. 3, pp. 260-270, (1995) 

11. H. Ishibuchi, H.,  T. Nakashima, T., and Murata, T., A fuzzy classifier system 
that generates fuzzy if then rules for pattern classification problems, Proc. 2nd 
IEEE International Conference on Evolutionary Computation, pp.759-764, 
Perth, Australia, (1995) 

12. Yuan,Y., and Zhuang,H., A genetic algorithm for generating fuzzy classification 
rules, Fuzzy Sets and Systems, vol. 84, no. 1, pp. 1-19, (1996) 

13. Ishibuchi, H., Nozaki, K., and Tanaka, H., Distributed representation of fuzzy 
rules and its application to pattern classification, Fuzzy Sets and Systems, vol. 
52, no. 1, pp. 21-32, (1992) 

518 Ravi Jain and Ajith Abraham 



Proc. of North American Fuzzy Information Processing Society Meeting, 
Syracuse, pp 21-24, (1997)  

15. Weiss, S.,M., and Kulikowski, C.,K., Computer Systems That Learn, Morgan 
Kaufmann Publishers, San Mateo, CA, (1991) 

16. Goldberg, D.E., Genetic algorithms. Addison-Wesley Publishing Company, 
(1989) 

17. Goldberg, D.E., Genetic and evolutionary algorithms come of age. 
Communications of the ACM, vol. 37, No. 3, pp. 113-119, (1994) 

18. Zadeh, L.A., Fuzzy Logic IEEE Computer, pp. 83-93 (1988) 

19. Bennett, K.,P., and  Mangasarian, O.L., Neural network training via linear 
programming. In P. M. Pardalos, editor, Advances in Optimization and Parallel 
Computing, pages 56-57. Elsevier Science, 1992 

 

14. H. Ishibuchi, H., Nakashima,T., and Morisawa, T.,Simple fuzzy rule-based 
classification systems performed well on commonly used real-world data sets, 

519A Comparative Study of Fuzzy Classifiers on Breast Cancer Data      



A New Information Measure for Natural Images
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Abstract. Although natural images are a very small subset of all im-
ages, the direct computation of their block densities is not possible. On
the other hand, the success of some image processing methods, most par-
ticularly, fractal compression, indicates that they somehow are able to
capture at least part of the natural image statistics. In this work we shall
show how a concrete procedure, hash based fractal image compression,
can be used to derive quite precise mean{and{variance normalized block
statistics. We shall use them to de�ne an image entropy measure and a
an image representation and discuss their relationship with other widely
used image information measures.

1 Introduction

The set of all possible, say, 8 bit gray level 512�512 images is certainly huge. On
the other hand, natural images, that is, those derived from natural scenes, have a
distinctive nature that makes them far from random. In particular, they convey
\information" that allows their processing by the human visual system. In fact,
natural image information is not distributed uniformly over the image: there are
parts that are most relevant to human visual system, while other parts are far less
relevant. Given the natural asssumption that the purpose of the visual system is
to extract those parts with maximal information, a very important question is
how to measure this information. Notice that this question is not only relevant
for basic human visual processing but also for a number of everyday information
processing systems such as for instance eÆcient image compression.

The natural approach to that information measurement is to determine �rst
the particular statistics that natural images should posses and a large e�ort has
been undertaken in that direction [6, 2]. However, it is quite easy to see that
direct natural image statistics will be quite diÆcult to come by. For instance, it
can be seen that using entropy lossless compression, one can achieve in the ideal
case a compression rate of about 2.8 bits per pixel [10]. Thus, about 45 bits are
needed to compress a 4�4 pixel square, which implies that one needs many times
245 4� 4 blocks to compute reasonable block frequency values, something that
is evidently not possible. This has led to the study of several simpli�ed image
models, whose statistics are easier to compute and hence to use. Examples of
this are locally averaged gray levels, luminance values or gradients, as for all of
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them, signi�cant histograms can be computed over individual images. Although
giving useful information, it is clear that grey levels and luminance or even
gradient based edge power statistics represent a �rst level, coarse grain approach
to natural image statistics. However, other sources of, at least implicit, natural
image statistics are concrete image processing techniques. A particular relevant
example is Fractal Image Compression. Moreover, eÆcient fractal compression
essentially depends on the successful capture of some kind of image statistics.
Let us brie
y review it.

In Fractal Image Compression (FIC) [1, 8] an N � N gray level image I to
be compressed is partioned using a quadtree structure into a set R of blocks of
K �K pixels called ranges and for any one R of them, a same size image block
D, taken from a certain codebook set, D is chosen so that R ' D in some sense.
Typical K values are 16, 8 or 4, while N usually is 512. To obtain the D set,
baseline FIC �rst decimates I by averaging every 2� 2 block and then somehow
selects a set of possibly overlapping K � K blocks from the decimated image.
This basic domain set is �nally enlarged with their blocks' isometric images to
arrive at the �nal domain set D. Now, in baseline FIC, to compress a given range
R0, a domain D0 is obtained such that

D0 = argminD2Dmins;ojjR� (sD + o1)jj2: (1)

The component sD+ o1 above is the gray level transformation of D, with s the
contrast factor and the o�set o the luminance shifting. R0 is then compressed
essentially by the triplet (D0; s0; o0), with s0 and o0 the minimizing contrast
and luminance parameters. The decoding process recovers an approximation
to the range R0 by simply iterating the above linear transformation upon the
matching domain D0. As FIC proceeds by matching each range with the closest
domain from the same overall image, it is intuitively clear that eÆcient fractal
compression relies on some kind of implicit statistical analysis of the image to
be compressed.

This fact has been made explicit in hash based FIC, a novel image compres-
sion procedure introduced by the authors [4]. Hash based FIC, quickly reviewed
in the next section, �rst organizes domains in a certain hash table and then
perfoms for a given range R a simpli�ed full range{domain block comparison
only with the domains in a single \hash bin", whose index depends on R. As
shown in [4], hash based FIC achieves quality and compression rates compara-
ble with those given by state{of{the{art FIC methods with a much better time
performance, particularly in the low image quality range. Given the basic statis-
tic nature of hash tables, it is clear that a key ingredient for this performance
mut somehow lie in an eÆcient capture of block image statistics. In particular,
hash FIC suggests a procedure to derive mean{and{variance normalized block
statistics. We shall show in the next section how to compute these block statis-
tics, after which a new image entropy, that we shall call Normalized Block (NB)
entropy, will be presented. Moreover, we shall also introduce NB image represen-
tation that visually incorporates an image's normalized block densities. In the
third section we shall illustrate its computation on the familiar Lena image, af-
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ter which we shall compare it with respect the above mentioned image entropies
and also with respect to a novel image information representation, the so called
Most Fractal Manifold (MFM) [9]. We shall also argue that NB image represen-
tation acts as one component for the decomposition of a standard image, the
other being its edge representation. The paper ends with some conclusions and
pointers to further work.

2 Normalized block image statistics

The starting point of hash FIC is the fact that the pixel approximation rij '
sdij + o derived from (1) also gives range{domain mean < r >' s < d >

+o and variance �(r) ' jsj�(d) approximations, that in turn, translates the
approximation parameter estimation in (1) to the following normalized block
comparison

~rij =
rij� < r >

�(r)
' �

dij� < d >

�(d)
= � ~dij : (2)

This suggests to perform for a given range R the full block comparisons in (1)
only for those domains \close" to R according to (2). Hash FIC uses for this [4]
the block hash function h(B) de�ned by

h(B) =

HX
h=1

��
bi(h)j(h)� < b >

��(b)
+B

�
%C

�
Ch�1 =

HX
h=1

bhC
h�1; (3)

where B is a centering parameter, C is taken to cover the range of the fractions
in (3) and � controls the spread of the argument of the 
oor function so that
it approximately has a uniform behavior. Typical values for these parameters in
8 bit gray level images are H = 5 (corresponding to the choice of the 4 block
corners plus its center), B = 8, C = 16 and � = 0:4 for 4� 4 domains (the ones
we shall use in our illustration). They are chosen in such a way that (3) gives a
base C expansion of h(B) for which the expansion coeÆcients are approximately
uniformly distributed.

Notice that, by the above discussion, for fractal image compression (and even
vector quantization codebook compression) to be successful, it must somehow
capture the statistics of normalized blocks ~B. Moreover, it suggests a simple
procedure to estimate normalized block frequencies p( ~B) over a relatively small
set of natural images. More precisely, assume we have �xed a certain set S of
natural images. Then we can take the blocks of a given image I as a source
of domain blocks for the compression of the images in S and proceed to the
FIC compression of all the images in S using these domains. In this setting
the \natural" density of a normalized domain block ~B can be measured by the
number of times its hash bin is used to compress ranges from the set S, divided
by the total number of hash bins. Flat blocks, that is, those with variance less
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Fig. 1. The standard Lena image. This and the remaining �gures have 256�256 pixels.

than 2, are excluded from the above, as they mainly are ampli�cations of the
high frequency noise that may be present in I .

There are two ways of exploiting the densities p( ~B). As a �rst one, observe
that, since a full block B is obviously equivalent to its ( ~B;B; �(B)) represen-
tation, p( ~B) could also be seen as one of the components of what could be the
full block density p(B) = p( ~B;B; �(B)) and could thus be taken as a �rst step
to obtain the \true" natural image block densities p(B). Further results in that
direction will be discussed elsewhere. On the other hand, p( ~B) can be used to
de�ne a new \normalized block" (NB) image entropy ENB(I) over I as

ENB(I) = E

�
log

1

p( ~B)

�
=
X

p( ~B) log
1

p( ~B)
:

Furthermore, there is a simple procedure to visualize the p( ~B) values over I . To
do so, assume that each block is indexed as Bij according to the position in I

of its upper left corner. Then, once they have been adequately normalized, the
densities p( ~Bij) can be projected back to I as \block" luminances ~sij , resulting
in what we may call again the normalized block representation INB of I . In the
next section we shall use both ENB(I) and INB to compare this block normalized
image information with other information measures over I .

3 Normalized block entropy and representation

comparisons

We shall illustrate the just de�ned block entropy and image representation over
the well known Lena image, for which we shall compute its NB statistics. To
do so, we shall use all 4 � 4 blocks from a 256 � 256 decimation of Lena as
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Fig. 2. Normalized block (left) and block gradient (right) representations of the Lena
image.

a domain source, using for each block its upper left corner coordinate as its
index in its NB representation. As the natural image set S to be used to derive
the block statistics p( ~B) we shall work with one set of 200 1024� 1024 pictures
taken from the image server http://hlab.phys.rug.nl/archive.html, namely
those in the linear image range 3601{3800. These images were �rst used in [2].
All of them have been compressed using hash FIC against Lena's domains. As
mentioned before, 
at blocks were dropped, bringing the initial domain number
of about 64.000 blocks down to 49.329 non 
at blocks.

When counting the use of a certain domain, we have not made a distinction
between it and any of its rotations or symmetries. When a rotation or symmetry
is used, the counting of its base domain has been increased. The maximal use
count of a Lena's block was 6.429, while the minimal was 0. The average count
was 119, with variance 386. In order to get the NB representation of the Lena
image, the interval count from 0 to 2.000 was linearly mapped to the 8 bit gray
level interval from 0 to 255, with a cuto� to 255 for all counts above 2.000.
The left of �gure 2 shows the NB representation of Lena, while its right gives
a gray level variance representation of each block. White blocks correspond to
0 variance, while black blocks correspond to the maximal block variance of 110.
Recall that a long standing hypothesis in image processing [5] is that maximal
gradient or variance blocks (that is, the image edges) carry most of an image's
information.

Besides the standard Lena image and the block variance representation, two
other image representations of Lena, shown in �gure 3, have also been used for
comparison purposes. The �rst one is the windowed local gray level entropy,
derived from windowed histograms of local gray level averages [3], while the sec-
ond is the so called Most Singular Manifold (MSM) [9], a particular set in a
multifractal hierarchical decomposition of an image that allows a high quality
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NB entropy vs. Corr. Mut. Info. NB expl. entr. (%) Image entr.

Gray level local entr. 4.1 0.73 11.23 6.5
Luminance 5.8 0.45 6.34 7.1
Variance 4.6 0.62 16.76 3.7
Most Sing. Manifold 14.3 0.19 2.84 6.7

Table 1. Comparison of the Normalized Block entropy against other entropy measures.
The second column gives the di�erent images correlations, the third column shows
mutual information with respect to NB entropy, while the fourth gives the percentage
of the total entropy explained by mutual information, that is, the ratio between the
second and �fth column.

image reconstruction. As it could be expected, the usual luminance representa-
tion needs most bits per pixel, while the MSM has the smallest entropy. Table 1
shows two numerical comparisons between the NB representation of Lena's and
the other four representations. The �rst column contains the luminance corre-
lations between the NB representation of Lena and the other four. The largest
correlation is found against the MSM representation, but it is in any case rather
weak. The second column gives the mutual information of the NB density with
respect to the others. It has been computed as

I(pA; pB) =
X
ij

p(aij ; bij) log
p(aij ; bij)

pA(aij)pB(bij)
;

where the joint density p(aij ; bij) has been obtained counting all the pairs (i0; j0)
such that pA(aij) = pA(ai0j0) and pB(bij) = pB(bi0j0 ). A proper interpretation
of the mutual information requires to compare it against each representation's
entropy. This is done in the third colum, that gives for each representation the
proportion of its entropy per pixel explained by its mutual information with
respect the NB representation. These values are obtained dividing those in the
second column by the the entropies of the 4 image representations given in the
fourth column (the NB entropy is 5.02 bpp). Notice that these proportions do
not go much above 10 %. Columns 1 and 3 clearly show that NB information is
of a di�erent nature than the others (on the other hand gray level, variance and
MSM show much larger correlation and entropy relations).

Further insight in the NB representation and entropy can be gained from
�gure 2. First observe that NB representation is not uniform and has a non
trivial structure. For instance, the most informative blocks seem to be those
corresponding to vertical boundaries. This can be due to the fact that the Lena
image has practically no horizontal edges while the natural images compressed
with Lena's domains do have them, and have to be compressed using rotations of
Lena�s vertical edge domains. Notice also that very complex areas do not seem
to carry a lot of information. For instance, the \tails" of the hat have a weaker
representation than, say, Lena�s face. In other words, simple \shape" areas carry
more NB information. Furthermore, recall that any block B can be directly re-
constructed from its normalization ~B and its variance �(B)2 and mean B. Of
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Fig. 3. Gray level entropy (left) and most fractal manifold (right) representations of
the Lena image.

these three components, the mean B carries rather little information and it is
thus intuitively clear that the NB and variance representations somehow decom-
pose the standard luminance representation, something that is also visually in
agreement with �gures 1 and 2. Moreover the NB and variance representations
are quite independent, something shown by the very small (4.6 %) correlation.

4 Conclusions and further work

In this work we have shown how hash based fractal image compression can be
used to derive density function estimates for mean{variance normalized image
blocks. We have applied these densities to compute a novel normalized block
(NB) image entropy measure and to derive an associated image representation,
which we have compared with other similar image information measures. We
have shown that although substantially di�erent from the other information
measures, NB entropy and representation seem to be one of the two components
in a decomposition of an image's gray level representation, the other being edge
information.

Future work will proceed along two di�erent lines. On the one hand, the
properties of the NB entropy and representation shall be further studied. On
the other, and as mentioned before, the normalized block densities p( ~B) can be
taken as one of the components of the full block density p(B) = p( ~B;B; �(B))
and their study can provide new insights on the behavior of p(B). Preliminary
analysis seem to show that the NB densities are independent of either p(B) and
p(�(B)). Further results in that direction will be discussed elsewhere.
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Abstract. Detecting defects in paper pulp manufacturing process’s us-
ing a non-touched, effective, on-line and fast method is critical in the
paper industry. This work presents a neural network based system for
detecting pitch and shive defects using digital filters generated by a Con-
volutional Neural Architecture. The main subjects discussed are: gener-
ating digital filters automatically, filters optimal size for this application,
and detecting and identifying defects. The experimental results exhibit
how simple and powerful is the architecture designed for generating fil-
ters to detect different defect types.

1 Introduction

Although most people can distinguish much smaller features (black dirt in white
paper) down to approximately 0.01 mm2 at normal reading distance, and visual
inspection methods in the paper industry exclude features smaller than 0.04
mm2, doing this kind of inspection for several hours, as human inspectors used
to do, would be tiring and harmful. For that reason since some years ago such
operations are being executed automatically. To be competitive in today’s man-
ufacturing most automatic quality measuring systems have to be flexible, fast
and reliable; which are characteristics that artificial vision systems gather.

Neural networks are being successfully applied in inspection processes due to
their proven characteristics for this purpose. Lee et al. [1] used neural networks
for defects classification by energy and entropy characteristics on pieces of iron
images. Stojanovic et al. [2] proposed a mixture of inspection techniques based
on binary images processing, statistical analysis and classification with neural
networks, in a textile products inspection system. Campoy et al. [3] proposed
applying digital filters automatically generated by neural networks on paper pulp
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inspection, subsequently, Calderon and Campoy [4] have recently proposed an
architecture using convolutional neural networks for the same purpose.

1.1 About Convolutional Neural Networks

Convolutional neural networks provide an efficient method for restricting com-
plexity in feed-forward networks by sharing weights and restricting local connec-
tions. This topology has been applied to image classification when sophisticated
pre-processing has to be avoided and the direct classification of raw images is
needed.

Convolutional neural networks setup local receptive fields, weight sharing
and spatial or temporal sub-sampling[5, 6]. Using weight sharing also reduces
the number of parameters in the system, helping generalization.

There exist many possibilities to design a convolutional neural network archi-
tecture, by combining different types of neurons and learning rules. The number
of layers and groups in each layer depends on the application.The learning pro-
cess in a convolutional network is based on the back-propagation algorithm, that
updates the neuron’s weights w

w(t+ 1) = w(t) + ηδ(t)x(t) (1)

where η is the learning rate, x(t) is the input to the neuron, and δ(t) is the
error term for the neuron.

Some of the main applications that have been developed in convolutional
neural networks are in character recognition (printed and manually written) by
LeCun[7], face recognition by Lawrence[8], and medical image analysis by Lin et
al [9] and Sahiner et al [10].

2 Shape and Size of a Near Optimal Filter

An a priori knowledge of defects to be detected is available in almost all in-
dustrial inspection processes. In the process where the proposed architecture is
applied defects are previously classified and it has been found that most of them
have a semi-elliptical shape, so specific filters can be designed to detect those
defects with this helpful knowledge.

Filters or templates most common sizes are 3x3 or 5x5 structuring elements.
Convolutional methods speed depends on templates size, the largest the size the
longer it takes every convolutional operation. This work’s approach has found
that for the filters to be more confident while detecting defects they have to have
a size close to the size of the sought defects. This means that a battery of filters
have to be designed in order to detect different types of defects.

For this work a near optimal filter is a filter that has a minimum size enough
to correctly identify the defects for which it has been designed. Filter size is
specially important because of execution time during the defects identification
phase, and also because of the area covered during convolution.

529Defects Detection in Continuous Manufacturing       



3 Scheme for Digital Filters Generation

The system is made up of two phases, during the first phase the digital filters are
generated automatically by using the scheme described in figure 1, and in the
second phase the filters are used in order to detect and classify different types
of defects.

Fig. 1. Generation of digital filters scheme.

3.1 Image Acquisition for Training

Hundreds of images are captured at the production lines by using a TDI camera
of 2048 pixels of horizontal resolution, 96 luminous collecting lines and 44K
lines/sec of maximum synchronization speed, with a 35 mm f/1:3 lens, and fiber
optic back lighting with luminous power of 150 W. The images resolution is 15
pixels/mm, obtaining an area of 3x3 pixels for defects of 0.04 mm2.

3.2 Supervised Classification

In this step the gathered images are analyzed by a human expert and classified
into different types according to his/her experience and established norms. The
defects types are shown in table 1.

3.3 Images Selection

Various sample sets are built in this step by selecting images from the most rep-
resentative types of defects, as well as from non defective images. Subsequently
the sets are divided into subsets for training and testing.
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Table 1. Defect types

Type E D C B A1 A2 A3 A4 A5 A6 A7

Size (mm2) 0.08 0.20 0.45 0.80 1.00 1.50 2.00 2.50 3.00 4.00 5.00

3.4 Synthetic Images Generation

In this step an algorithm is applied to generate synthetic images out of the
original ones, by means of reflecting, rotating, shifting, contrasting and adding
noise to them. The usefulness of this step is to guarantee isotropy in the digital
filters obtained after the training process. This isotropy is an a priori knowledge
of the problem and its introduction by synthetic images is quite important. Also
important is to have the possibility to count with a greater number of samples to
carry out the neural network training, such as in this case where seven synthetic
images are generated for every original image. Figure 2 illustrates an example of
synthetic images generated by the system.

Fig. 2. An example of synthetic C type defect images.

Potential applications of this algorithm are in the cases where there are just
a few available images for training, and/or where obtaining samples is expensive
or impossible.

3.5 Filters Generation

The Convolutional Top-Down Spiral Architecture (CTDS) shown in figure 3 has
been designed and used for generating the digital filters that are applied during
the inspection process. The neural network is trained off line using images with
defects which type depends on the filter that one wants to obtain, as well as
images without defects.

The coefficients of the convolutional filters are developed by the neural net-
work throughout the back-propagation training algorithm.

As it can be observed in figure 3 the algorithm is fed with 30x30 pixel images,
which are used to train (T1) a neural network obtaining a coefficients matrix of
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Fig. 3. Convolutional Top-Down Spiral Architecture.

similar dimensions, then a sub-sampling (S1) is performed, generating a 28x28
pixel mask which is used to carry out convolutions (C1) over the original images
in order to obtain auxiliary images better centered than the originals according
to the highest response obtained with this mask. The process is repeated many
times in top-down spiral shape until the filter is obtained, with the minimum
limit being the defect size of the desired filter.

4 Scheme for Inspection

There are three main stages in the inspection phase, as shown in figure 4, which
are described as follows:

Fig. 4. Inspection scheme.
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4.1 Images Acquisition for Inspection

Images of 682x2024 pixels from paper pulp are acquired with the TDI camera
mentioned before. These images are obtained at the production line at the speed
at which the process is taking place.

4.2 Images Normalization

In order to minimize the gray level differences in the images, they are normalized
by adjusting the gray level distribution to a Gaussian distribution with mean
equals to 0 and deviation of 1.

N ′ =
N − M

σ
(2)

4.3 Identification of Defect Types

Filters obtained during the first phase of the system are applied to the inspected
images through the Defects Detection and Identification Architecture (DDI) de-
signed for this purpose, which is illustrated in figure 5. The identification of the
defect type is obtained as a response (Rn) to the filters. In cases where the ana-
lyzed defect responds in a similar way to two ”neighbouring” filters (E-D, D-C,
C-B, etc.), the responses to those filters are used as inputs to a neural network
to determine their correct type.

Fig. 5. Defects Detection and Identification Architecture.

5 Results

For this work filters for three types of defects have been obtained by means of the
convolutional neural network explained with defective and non defective images,
as shown in table 2.
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Table 2. Samples used for training

Filter Defective Non defective
type images images

E 400 400
D 200 200
C 200 200

When filters are being generated by the CTDS architecture it can be observed
how the size decreases as the process advances, at 87% on the first sub-sampling,
75% on the second, 64% on the third, and so on. Figure 6 presents three rows
with examples of defect types C, D, and E, and different filter sizes used to
identify them.

Fig. 6. C, D and E defect types and corresponding filters.

Effectiveness during inspection of the designed filters is the primary sub-
ject on this application. Table 3 shows results obtained from a test during the
identification stage using the DDI architecture for various types of defects.

6 Conclusions

By using convolutional neural networks there is no need to extract explicit fea-
tures from the images, and it is up to the network to figure out what are the
useful features for classification.

A convolutional neural architecture has been introduced that can be applied
in automatic inspection processes in diverse manufacturing environments. This
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Table 3. Defects identification

Type Samples Identified Percentage

E 200 173 86%
D 150 138 92%
C 150 142 94%

architecture generates digital filters by using convolutional neural networks. The
filters generated through this architecture have been tested over images with and
without defects obtained at a paper pulp plant, at normal production conditions,
with satisfactory results. It has been observed that the system is more accurate
as the size of the defect increases.
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Abstract. In this work we present an efficient way to cancel the impulse
noise in images by using the Support Vector Machines (SVMs). The
suppression of impulse noise is a classic problem in nonlinear processing,
and we show that the SVMs are especially useful in this processing. In
this new approach we use the classification and the regression based on
SVMs. By using the classifier we select the noisy pixels into the images
and by using the regression we obtain a reconstruction value based on
the neighboring pixels. The results obtained are comparable and, a lot of
times, better than those from another ”state-of-art” techniques. Besides,
this new technique can be applied successfully to images with high noise
ratios while maintaining the visual quality and a low reconstruction error.

1 Introduction

Sometimes the images that we receive have an added impulse noise. This impulse
noise can be due to a noisy transmission channel or to imperfections of the sensor
with which we obtain the images so that in some points a saturation takes place.
The linear techniques are little effective in the reduction of this type of noise and
as alternative the nonlinear techniques appear. A well-known nonlinear method
is the median filter. The main disadvantage of this method is that it is applied on
all the points of the image, noisy or not, and then a blurring is produced, specially
with high rates of noise. This defect is common to other techniques dedicated
to the elimination of impulse noise. In order to avoid this problem the known
as ”Switching Scheme” techniques appear. In these algorithms the substitution
of pixels is only made in those considered as noisy. The detection of these noisy
pixels and the substitution is implemented in different ways. In [1] one of these
techniques is presented. The detection of noisy pixels is implemented by means
of the comparison with certain thresholds. The noisy pixels are replaced with a
modified median filter, that in that work is called Rank Ordered Mean (ROM)
and that does not use the noisy pixel to calculate the median.

In this work, we implement a similar scheme but the detection and the sub-
stitution of noisy pixels is made with SVMs. The pixels of the noisy images
are classified in ”noisy” and ”not noisy” using the SVMs as classifier and the
substitution values are obtained with SVMs regression. Our method provides
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excellent results in ”Peak Signal to Noise Ratio” (PSNR), that measures the
reconstruction error, and in visual quality and maintenance of the edges even
for very high rates of noise.

2 SVMs classification and regression

The SVMs give a simple way to obtain good classification results with a reduced
knowledge of the problem. The principles of SVMs have been developed by
Vapnik [2] and have been presented in several works like [3].

The classification task is reduced to find a decision frontier that divide the
data into the groups that we want to separate. The simplest decision case is
when the data can be divided into two groups like in the application presented
in this work.

As a generalization of the SVMs classification the SVMs regression appears.
In this case the goal is to find a function that fits the sample data.

2.1 Bases of Support Vector Machines

In the simplest decision problem we have a number of vectors (x ∈ R
N ) divided

into two sets, and we must find the optimal decision frontier to divide these
sets. This optimal election will be the one that maximizes the distance from the
frontier to the data. In the two dimensional case, the frontier will be a line, in a
multidimensional space the frontier will be an hyperplane with the form,

(w · x) + b = 0 w ∈ R
N , b ∈ R. (1)

In order to obtain w and b we must solve the next optimization problem,


minimize τ(w) = 1

2‖w‖2

subject to yi((w · xi + b) ≥ 1, i = 1, . . . , l.
(2)

After the solution of the previous problem the decision function that we are
searching for has the next form where w is replaced with a linear combination
of example vectors,

f(x) =
l∑

i=1

αiyi 〈xi · x〉+ b. (3)

The y values that appear into this expression are +1 for positive classification
training vectors and –1 for the negative training vectors. Also, the inner product
is performed between each training input and the vector that must be classified.
Thus, we need a set of training data (x,y) in order to find the classification
function. The α values are the Lagrange multipliers obtained in the minimization
process and the l value will be the number of vectors that in the training process
contribute to form the decision frontier. These vectors are those with an α value
not equal to zero and are known as support vectors.
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When the data are not linearly separable this scheme can not be used directly.
To avoid this problem, the SVMs can map the input data into a high dimensional
feature space. The SVMs constructs an optimal hyperplane in a high dimensional
space and then returns to the original space transforming this hyperplane in
a non-linear decision frontier. The non-linear expression for the classification
function is given in (4) where K is the kernel that makes the non-linear mapping,

f(x) =
l∑

i=1

αiyiK(xi,x) + b. (4)

The choice of this non-linear mapping function or kernel is very important
in the performance of the SVMs. The kernel used in our work is the radial basis
function since it offers the best results with a reduced number of support vectors.
This function has the next expression,

K (x, y) = exp
(
−γ (x − y)2

)
. (5)

The γ parameter in (5) must be chosen to reflect the degree of generalization
that is applied to the data used. Also, when the input data is not normalized,
this parameter performs a normalization task.

When some data into the sets can not be separated (due to noise for exam-
ple), the SVMs can introduce slack variables (ξi ≥ 0) to relax the minimization
constraints. Then, the optimization problem takes the next form,



minimize τ (w, ξ) = 1
2‖w‖2 + C

l∑
i=1

ξi

subject to yi((w · xi + b) ≥ 1− ξi, i = 1, . . . , l.

(6)

A penalty term (C) that makes more or less important the misclassification
error in the minimization process is included.

2.2 SVMs Regression

The regression process is similar to the one of classification, but in this case the
values of y are real and represent the known values of the function on which we
make the regression. Another modification is the use of a function that measures
the required precision. The function that we use is the known as Vapnik’s ε-
insensitive loss function that has the next form,

|y − f (x)|ε := max {0, |y − f (x)| − ε} . (7)

this way with the desired precision ε, one minimizes

1
2
‖w‖2 + C

l∑
i=1

|yi − f (xi)|ε. (8)

This problem is similar to that in equation (6) but using as error measure
the ε-insensitive function and taking into account the fact that y values are real.
For further information about this optimization problem, [2] can be consulted.
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3 Noise detection and substitution

In this work the first problem is to detect the noisy pixels. This task is treated
as a classification procedure where the pixels are classified between ”noisy” and
”not noisy”. The pixels detected as noisy must be changed. For this change we
use a regression procedure based on SVMs.

In these processes we cannot simultaneously use all the pixels of the image
due to the amount of calculations needed. Then, we must extract the information
somehow. What we do is to form a vector for each pixel, formed by itself and
by those in a window around it (except for the border). This vector will be
the classifier input when we look for noisy pixels and the regression input when
we obtain the pixel reconstruction value. The window size used in the scanning
task depends on the quality and the speed required. A big window improves the
detection of noisy pixels and the regression obtained but increases the training
and execution time. In this work the results have been obtained using a 3x3
symmetric window (Figure 1).

x-1,j-1 x-1,j x-1,j+1

x,j-1 x,j x,j+1

x+1,j-1 x+1,j x+1,j+1

Fig. 1. 3x3 Scanning window

The type of impulse noise on that we are going to work is known like
salt&pepper. In this type of noise the noisy pixels take values 0 or 255 with
equal probability. In this work the detection of noisy pixels is done for parts.
First we detect the black pixels and we turn them into white ones. Later we look
for the white pixels and replace them. This is the best option, since the detection
of white and black pixels simultaneously and its regression is problematic given
the disparity of values. Some experiments trying to make the regression with
both noises have given an increasing number of support vectors and a reduction
in the quality. This is an still open work.

In order to train the SVMs used in the detection and regression tasks we
must take some example vectors of noisy images. One possibility is to take some
pieces of real noisy images to obtain the vectors. But, we decided to make our own
noisy images with a gray scale, a size and a noise ratio controlled. This way the
training obtained is more general and it is not conditioned by the images used.
We expect that the SVMs can generalize using only these reduced examples.
In figure 2 some of these images are shown. They have a size of 32x64 and a
percentage of noise of 30% (30% of pixels are noisy). The gray scale goes from 0
to 255 with steps depending on the image size.

As we see the images for noise detection and regression are similar but with a
difference in the central edge. This difference is only because empirically spoken
the results are better using these configurations. The central edges are necessary
to simulate the edges present in the real images. The detection of black pixels is
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(a) (b)

Fig. 2. Training images. (a) Detection (b) Regression

x-1,j-1 x-1,j x-1,j+1

x,j-1 — x,j+1

x+1,j-1 x+1,j x+1,j+1

→
— — —

— x,j —

— — —

Noisy Image Original Image

Fig. 3. Scheme of Regression procedure

make after training with images like those of figure 2(a) but with black pixels of
noise.

The training images are scanned and for each pixel a vector is formed. To
each one of these vectors we assign +1 when there is noise and –1 when no. After
the training process we have the α and b values and the support vectors that
forms the decision function (4).

In the regression process we use synthetic images like those of figure 2(b),
but in this case which we do is to form a vector around each pixel and to put like
value of regression the one of the original image (without noise) that occupies
the same position. In this case we exclude the central pixel since we consider it
like noisy. The process is resumed in figure 3.

4 Results

In this section some results obtained with the presented technique are presented.
These results show the performance of our noise reduction scheme, some prob-
lems of this technique and a comparison with some other algorithm.

4.1 Implementation

The presented algorithm has been implemented using Visual C++ 6.0 in a com-
puter with a Pentium IV processor (2.4 GHz) and 512 Megabytes of RAM. For
the implementation of the SVMs we use the LIBSVM library [4] written in C++.
This library have as advantage that is easy to use and tune.
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Table 1. PSNR results in dB

Albert Peppers
20% 30% 40% 50% 20% 30% 40% 50%

SDROM [1] 30.6 28.61 26.66 24.46 31.44 29.3 26.94 24.42

Median 3x3 27.11 23.13 18.95 15.3 29.05 23.84 18.94 15.17

Median 5x5 26.6 25.93 24.77 22.47 30 28.53 26.58 23.57

SVM Median 30% training 33.9 31.35 28.7 26.62 37.68 33.95 28.26 23.57

SVM 30% training 29 27.51 26.83 25.83 38.81 36.32 34.05 31.71

SVM 40% training 32.77 30.27 29.27 27.91 38.35 36.08 34.27 32.15

The SVMs noise reduction is a general framework where several implementa-
tions are possible. One possibility is to find the noisy pixels and then obtain the
reconstruction values using only the values of the noisy image, this procedure is
known as ”non recursive”. Another option is to use the previously calculated re-
construction values to find the new reconstruction values, this form is known as
”recursive” and allows a good reconstruction without apply the noise reduction
several times. In the results presented we use the recursive implementation for
all techniques except the median due to the poor results in this case.

The training process is fundamental for the performance of the SVMs algo-
rithm and then the values used in this process must be carefully elected. The
training images used are of 32x64 with 30% and 40% of noisy pixels. The pa-
rameters that must be tuned in the SVMs are the γ of the kernel (5) and C in
the minimization of (6) or (8). In our case γ = 2 · 10−6 for noise detection and
γ = 3 · 10−5 for regression and C = 1000 in all cases. These values have been
obtained empirically.

4.2 Tests

We use for the tests eight bits gray-scaled images of 512x512 (Figure 4). The
images in this figure represent two important types of images that we can find.
Albert has some textures in the hair and in the jacket and its most important
characteristic is the white collar of the shirt. This zone is problematic since part
of the noise is white and then this zone may be detected as noisy and replaced.
The images with uniform white or black zones have this problem. The image
Peppers has only gray values and no textures, then the results in this image and
those like this must be better.

In table 1 we present a comparison between the SVMs noise reduction and
some other techniques. The data presented are the PSNR of the reconstructed
images. This measure gives (in dB) the inverse of the normalized reconstruction
error. The SDROM [1] and the median have been mentioned previously. The
median SVM is a modified median filter [5] that applies a median filter to the
pixels detected as noisy using the SVMs. Besides, we show the results of our
technique with two training noise ratios in order to see how the performance is
changed according to the training parameters.
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(a) (b)

(c) (d)

Fig. 4. Test images. (a) Albert (b) Peppers (c) Albert 20% noise (d) Peppers 50% noise

We can see how the SVMs noise reduction gives the bests results except for
the Albert image with 20% and 30% of noise. This fact is due to an effect that
can be seen in figure 5(c). The collar of the shirt is treated as noise and then
some zones near the border have been blurred, this way the PSNR decreases.
This effect can be reduced (Figure 5(d)) if we use training images with more
noise ratio. In figures 5(a) and 5(b) we can see visual examples of how good our
algorithm is for even high noise ratios.

The only drawback of our algorithm is that it takes more time than other
techniques for the same images. For example, the median or the SDROM takes
about 1 second for our tests images (20%) while the SVMs takes 12 seconds. This
time is increased with the noise ratio and for 50% of noise can be 22 seconds.

5 Conclusions

In this work a new method of reduction of impulse noise that is very efficient
for very high rates of noise and that is even superior than other techniques
considered like standard is presented. This technique is based on the use of
Support Vector Machines in the detection of the noisy pixels and for obtaining
the values of reconstruction of these pixels.
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(a) (b)

(c) (d)

Fig. 5. Examples of noise removal. (a) Peppers (20%) recovered with 30% noise training
(b) Peppers (50%) recovered with 30% noise training (c) Albert (20%) recovered with
30% noise training (d) Albert (20%) recovered with 40% noise training

With this work the number of applications of this new technique of learning
is extended and in addition it demonstrates that they can be used successfully
in the image processing task.
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Abstract. This work presents ensembles of neural network models that
learn to discriminate images from di�erent categorical scenes. The basic
idea was to use ICA �lter energies and to train neural network ensem-
bles. The presented results improved the predictive accuracy of previ-
ously published work on the second classi�cation problem. Finally, rules
generated from ensembles in the less complex classi�cation task showed
that a few �lters are su�cient to reach a good recognition rate, whereas
many more �lters are represented in the rule antecedents of the most
di�cult classi�cation problem.

1 Introduction

Independent Component Analysis (ICA) and Principal Component Analysis
(PCA) are able to extract interesting �lters from qualitatively di�erent image
databases. Both local and global �lters can be determined and re
ect corre-
sponding features of the images. Generally, ICA �lters tend to be band-pass
and have localized and oriented receptive �elds, while PCA �lters tend to be
global with increasing frequencies [3]. Moreover, experimental �ndings suggest
that ICA �lters have close resemblance to simple cells' receptive �elds in the
primary visual system (mainly area V1).

Extracting features from an image database is only one step in a visual in-
formation processing system. It can be seen as data preprocessing providing a
more suitable representation for image classi�cation. Here we propose the Dis-

cretized Interpretable Multi Layer Perceptron (DIMLP) to learn di�erent classes
of images and to �nd out from ICA �lters how images are classi�ed by ensemble
of networks.

A remarkable characteristic of the DIMLP network [1, 2] is that rules are able
to be generated. As a consequence, insight in the decision mechanism of this
special neural network model is provided. With respect to the training set, the
degree of matching between network responses and extracted rules also denoted
as �delity is 100%. Moreover, the computational complexity of the rule extraction
algorithm scales in polynomial time with the dimensionality of the problem, the
number of examples, and the size of the network. Finally, continuous attributes
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do not need to be binary transformed as it is done in the majority of rule
extraction techniques.

2 Ensembles of DIMLP Networks

Combining the predictions of several classi�ers to produce a single classi�er
is generally more accurate than any of the individual classi�er making up the
ensemble. As shown in �gure 1, our purpose is to use combinations of DIMLPs
to improve the predictive accuracy of a single DIMLP network. More precisely,
to build these ensembles we adopt the bagging and arcing methods [4, 5].

DIMLP DIMLP

1/N 1/N 1/N 1/N

1 N

Fig. 1. An ensemble of N DIMLP networks.

2.1 Bagging and arcing

Bagging and arcing are based on resampling techniques. Assuming that p is the
size of the original training set, bagging generates for each classi�er p examples
drawn with replacement from the original training set. As a consequence, for each
network many of the generated examples may be repeated while others may be
left out. It is worth noting that the probability an individual example from the
training set will not be part of a re-sampled training set is (1� 1=p)p � 36:8%.

Arcing de�nes a probability to each example of the original training set. For
each classi�er the examples contained in the training set are selected according
to these probabilities. More particularly, the probability qi for selecting example
i to be part of classi�er K + 1's training set is de�ned as

qi =
1+m4

iPp

j=1(1 +m4

j )
; (1)

where mi is the number of times that example i is misclassi�ed by the previous
K classi�ers.
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2.2 Rule extraction

The rule extraction technique can be applied to any DIMLP architecture having
an arbitrary number of hidden layers. In fact, the �rst hidden layer determines
the exact location of axis parallel hyperplanes [1], whereas all other layers just
switch on or o� discriminant boundaries in a given region of the input space.
Note that the linear combination of several DIMLP networks is again a DIMLP
network with special connectivity. More precisely, for two consecutive layers and
for two di�erent networks of the ensemble, all weights between the two networks
are equal to zero.

3 Design principles

Considering a set of images, the assumption is that each image, or part of an
image, is a combination of a set of \basis images" which represent the statistically
most independent patterns occurring in the di�erent images. A linear model of
image synthesis considers images as arising from a linear mixture of basis images

I =
X

i

aisi (2)

where I is an observed image or part of an image, ai is the ith basis image,
and si represents the coe�cients of I . Several di�erent algorithms have been
proposed over the last few years for the extraction of independent components
of a dataset. We use the Fast-ICA algorithm [8], due to its fast convergence time.
This technique is based on kurtosis and belongs to the pool of methods using
higher order statistics [7, 6, 10].

Beside the choice of the ICA algorithm, several other aspects of the �lter
extraction have to be speci�ed. One important parameter is the size of the
extracted �lters. The choice must be made considering the statistically relevant
structures of the images. A �lter should re
ect features of the images which
discriminate between di�erent image classes. Small �lters might be useful for
texture comparison, medium-sized �lters might detect local structures in the
input and large �lters might re
ect for instance the global shape of an object.

4 Experiments

We developed two systems for image categorization based on ICA �lters' re-
sponses [3, 9]. In the �rst series of experiments the purpose was to recognize
faces, leaves, and buildings. The second series of experiments presented a more
di�cult task, based on the recognition of 5 classes of images: cities, beaches,
furnished rooms, mountains, and forests (cf. �gure 2). For the two problems the
size of images is 128x128 pixels.

Our approach was subdivided into two sequential steps. First, the image was
preprocessed by a �lter bank for feature extraction. The �lters were database
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Fig. 2. Several examples of scene images. Each row corresponds to one of the categories:
cities, beaches, furnished rooms, mountains, and forests.

speci�c and determined adaptively by ICA. This preprocessed representation was
then used for the classi�cation problem. More precisely, DIMLP neural networks
learned to discriminate the di�erent categories of images with the use of the
energy of ICA �lters given as

Eij = jjImagei � filterj jj (3)

Here we will show the best results; they have been obtained with ICA local �lters
of size 21x21 pixels. Table 1 summarizes the characteristics of the problems.

Data Set Cases Filters Classes

Data 1 150 64 3
Data 2 250 150 5

Table 1. Data sets and their characteristics.
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4.1 Methodology

The number of neurons in the hidden layers was based on the heuristic that
the number of weights must be less than the number of examples. Moreover, the
number of neurons in the second hidden layer was at least equal to the number of
output neurons. Finally, DIMLP networks were trained with default parameters.

The experiments were based on the average calculated after ten repetitions
of ten-fold cross-validation. Further, the training phase of single DIMLP net-
works was stopped according to the minimal error measured on an independent
validation set.

4.2 Results

For the �rst series of experiments, the average predictive accuracies from single
DIMLPs (DIMLP), bagged DIMLPs (DIMLP-B), and arced DIMLPs (DIMLP-
A) are shown in table 2. The �rst row is related to 10-fold cross-validation
experiments with 50% of training examples and 50% of testing examples. For
the second row the proportion of training and testing examples is 90% and 10%,
respectively. The best results are given by ensembles of bagged DIMLP networks.

Cross-Val. DIMLP DIMLP-B DIMLP-A

50%-50% 96.4�0.7 97.5�0.5 97.4�0.6
90%-10% 98.4�0.8 99.1�0.3 98.4�0.6

Table 2. Average predictive accuracies of the �rst series of experiments.

Table 3 shows the results of the second series of experiments. The aver-
age predictive accuracy of ensembles is signi�cantly greater than those of single
classi�ers. Moreover, in previous work [3], under the same experimental con-
ditions (cf. row 1) the best average accuracy with 150 �lters was below 70%
[3]. We clearly improved the average predictive accuracy (up to 10%). Finally,
when neural networks were trained with the raw images (thus without �lter en-
ergies as inputs) the average predictive accuracy is approximately 20%. Thus
corresponding to a random classi�er, as each class is represented by 20% of the
examples.

Cross-Val. DIMLP DIMLP-B DIMLP-A

80%-20% 76.3�1.0 79.1�0.7 80.2�0.9
90%-10% 76.5�2.0 79.5�0.5 79.6�1.4

Table 3. Average predictive accuracies of the second series of experiments.
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A rule set was generated from an ensemble of bagged DIMLPs trained on the
�rst problem (see �gure 3). The accuracy on the the training and the testing set
was 100%. Symbols fi depict the energy of the ith ICA �lter. It is worth noting
that a small number of �lters was su�cient to discriminate the three classes.
Typical rule sets generated from the second problem were much longer and thus
re
ected higher complexity.

Rule 1: If (f3 > 0:207) =) Face
Rule 2: If (f3 < 0:207) and (f9 > �1:690) and (f58 < 0:153) =) Leaf
Rule 3: If (f58 > 0:153) =) Building
Default Rule: Network Classi�cation

Fig. 3. An example of rule set generated from an ensemble of networks trained with
bagging.

It is worth noting that in our �rst problem and with our static model that
does not take into account the temporal dimension of nerve cells, the activation
of a �lter at di�erent levels of energy such as f3, was important to discriminate
faces and leaves, while f58 was crucial for buildings and faces. In the second
classi�cation problem, rules were much more complex with much more �lters in
the rule antecedents.

5 Conclusion

In the simplest classi�cation problem, ensembles of networks with ICA �lters
reached very high accuracy and simple rule sets showed that a few �lters are
su�cient to accomplish the discrimination between di�erent images. In the most
complex problem, ensembles of networks without ICA �lters were unable to
recognize the di�erent classes of images and the rules generated from ensembles
with ICA �lters were much more complex.

It would be interesting to learn whether a representation related to the energy
of feature detectors could be determined in the temporal domain of our living
neurons and whether simple rules would be able to be characterized in simple
classi�cation problems.
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Abstract. In this work we use Independent Component Analysis (ICA) as 

feature extraction stage for cloud screening of Meteosat images covering the 

Iberian Peninsula. The images are segmented in the classes land (L), sea (S), 

fog (F), low clouds (CL), middle clouds (CM), high clouds (CH) and clouds with 

vertical growth (CV). The classification of the pixels of the images is performed 

with a back propagation neural network (BPNN) from the features extracted by 

applying the FastICA algorithm over 3x3, 5x5 and 7x7 pixel windows of the 

images. 

1 Introduction 

In order to understand and model the radiation balance in the climatic system a 

very accurate information of the cloud cover is needed. Clouds play an important 

role reflecting the solar radiation and absorbing thermal radiation emitted by the 

land and the atmosphere, therefore reinforcing the greenhouse effect. The 

contribution of the clouds to the Earth albedo is very high, controlling the energy 

entering the climatic system. An increase in the average albedo of the Earth-

atmosphere system in only 10 percent could decrease the surface temperature to 

levels of the last ice age. Therefore, global change in surface temperature is 

highly sensitive to cloud amount and type. 

These reasons make that numerous works about this topic have been published in the 

last years. Many of them deal with the search of a suitable classifier. Welch [1] used 

linear discrimination techniques, Lee et al. [2] tested a back-propagation neural 

network (BPNN), Macías et al. at [3] showed that the classification results obtained 

with a BPNN were better than those obtained with a SOM+LVQ neural network, and 

at [4] they used a BPNN to studying the evolution of the cloud cover over Cáceres 

(Spain) along 1997. Bankert et al. [5] and Tiam et al. [6][7] used a probabilistic neural 

network (PNN). In [8] linear discrimination techniques, and PNN and BPNN neural 

networks were benchmarked and the results showed that BPNN achieves the highest 

classification accuracy. 

Other works are related with the search of an initial feature set that allow to obtain 

reliable classification results. First works used simple spectral features like albedo and 

temperature. Later works include textural features too since they are less sensitive to 
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the effects of atmospheric attenuation and detector noise that the first ones [9]. In [1] 

Welch et al. used statistical measures based on gray level co-occurrence matrix 

(GLCM) proposed by Haralick et al. in [10]. In [6] several image transformation 

schemes as singular value decomposition (SVD) and wavelet packets (WP’s) were 

exploited. In [11] Gabor filters and  Fourier features are recommended  for cloud 

classification and in [6] authors showed that SVD, WP´s and GLCM textural features 

achieved almost similar results. In [12] and [13] several feature extraction techniques 

applied to reduce the dimensionality of the feature set proposed by Welch were 

compared, showing that Independent Component Analysis (ICA) and Genetic 

Algoritm (GA) offered the best results. In spite of it, the initial set of features and the 

classifier proposed in each work is very dependent on the origin of the images 

(season, satellite type, location on the Earth, etc.) that have been used. 

In this work we want to test the classification results obtained by applying ICA over 

the feature set composed by the values of the pixels in the 3x3, 5x5 and 7x7 windows 

centred at the pixel at issue. In section 2 an introduction to ICA is presented, in 

section 3 we show the methodology followed in all the process, namely, the pre-

processing stage, the ICA algorithm and the neural network usage. In section 4 

the classification results are given and finally the conclusion and comments are 

presented in section 5. 

2 Independent Component Analysis 

Recently, blind source separation by Independent Component Analysis (ICA) has 

received attention because of its potential applications in signal processing such as in 

speech recognition systems, telecommunications and medical signal processing. The 

goal of ICA [14-15] is to recover independent sources given only sensor observations 

that are unknown linear mixtures of the unobserved independent source signals. In 

contrast to correlation-based transformations such as Principal Component Analysis 

(PCA), ICA not only decorrelates the signals (2nd-order statistics) but also reduces 

higher-order statistical dependencies, attempting to make the signals as independent 

as possible. In other words, ICA is a way of finding a linear non-orthogonal co-

ordinate system in any multivariate data. The directions of the axes of this co-ordinate 

system are determined by both the second and higher order statistics of the original 

data. The goal is to perform a linear transform which makes the resulting variables as 

statistically independent from each other as possible. This technique can be used in 

feature extraction essentially finding the building blocks of any given data [16]. 

Two different research communities have considered the analysis of independent 

components. On one hand, the study of separating mixed sources observed in an array 

of sensors has been a classical and difficult signal processing problem. 

The seminal work on blind source separation was by Herault and Jutten [17] where 

they introduced an adaptive algorithm in a simple feedback architecture that was able 

to separate several unknown independent sources. Their approach has been further 

developed by Jutten and Herault [18], Karhunen and Joutsensalo [19], Cichocki, 

Unbehauen and Rummert [20]. Comon [21] elaborated the concept of independent 
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component analysis and proposed cost functions related to the approximate 

minimization of mutual information between the sensors. 

One way of formulating the ICA problem is consider the data matrix X to be a linear 

combination of non-Gaussian (independent) components i.e. X=S A where columns 

of S contain the independent components and A is a linear mixing matrix. In short 

ICA attempts to ‘un-mix’ the data by estimating an un-mixing matrix W where 

X W=S 

Different algorithms for ICA have been proposed [22]. In our case, we used the 

FastICA algorithm [23] and simulations were performed using the FastICA package 

[24] for R (A Programming Environment for Data Analysis and Graphics) [25]. 

In FastICA, non-gaussianity is measured using approximations to neg-entropy (J) 

which are more robust than kurtosis based measures and fast to compute. First the 

data is centred by subtracting the mean of each columns of the data matrix X. Then 

the data matrix is “whitened” by projecting the data onto it’s principle component 

directions and finally the algorithm estimates a matrix W s.t. X W=S. The matrix W 

is chosen to maximize the neg-entropy approximation under the constraints that W is 

an orthonormal matrix. This constraint ensures that the estimated components are 

uncorrelated. 

3 Methodology 

In this paper images from the geostationary satellite Meteosat are used. This satellite 

gives multi-spectral data in three wavelength channels. In this work two of them, the 

visible and infrared channels, are used. The subjective interpretation of these images 

by Meteorology experts suggested us to consider the following classes: sea (S), land 

(L), fog (F), low clouds (CL), middle clouds (CM), high clouds (CH) and clouds with 

vertical growth (CV). 

For the learning step of the neural models, several Meteorology experts selected a 

large set of prototypes. These are grouped into rectangular zones, of such form that, 

each of these rectangular zones contains prototypes belonging to the same class. For 

this selection task a specific plug-in for the image-processing program GIMP was 

implemented. 

3.1 Preprocessing stage 

Our final aim is the definition of a segmentation system of images corresponding to 

different times of the day and different days of the year. Therefore, satellite data must 

be corrected in the preprocessing stage to obtain physical magnitudes which are 

characteristic of clouds and independent of the measurement process. 

From the infrared channel, we obtained brightness temperature information corrected 

from the aging effects and  transfer function of the radiometer. From the visible  

channel we obtained albedo after correcting it from the radiometer aging effects and 

considering the viewing and illumination geometry. This correction deals with the 

Sun-Earth distance and the solar zenith angle at the image acquisition date and time, 
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and the longitude and latitude of the pixel considered. In [7] no data correction is 

made and an adaptive PNN network is proposed to resolve this issue.  

3.2 Applying ICA 

To perform ICA each pixel is represented by the values of the pixels in the NxN 

window centered at the pixel at issue. We can define one window in the albedo data 

and another in the temperature data so each pixel is defined by a 2 N
2
 dimensional 

characteristic vector. 

In this study, 80000 pixels were randomly extracted from a set of 40 images chosen to 

be representative of all types of clouds, land and sea. So, the matrix X has 80000 files 

and 2 N
2

 columns. This matrix is passed to the fastICA algorithm to extract n 

independent components. These n independent components are extracted 

simultaneously and the function used in the approximation to neg-entropy is 

“logcosh” with a constant value of 1. The ICA algorithm then estimates a un-mixing 

matrix W and a pre-whitening matrix K s.t. X K W=S. 

Once ICA is done, we can define a new n dimensional characteristic vector 

representative of each pixel of the image by multiplying the old 2 N
2 

characteristic 

vector of the pixel by the K W matrix estimated by the ICA algorithm. 

3.3 Neural network usage 

In order to test the classification results obtained by our method and to select the best 

feature set extracted by ICA, the set of prototypes was divided into a training set, a 

validation set and a test set. Different feature sets are extracted from the images by 

changing the dimension of the windows, the number of the components extracted and 

the number of the patches extracted from each image. For obtaining an optimal neural 

network with good generalization for each feature set, we started from a BPNN with 

very few neurons in its hidden layer. This network was trained with the training set. 

The learning process stops when the sum of the squared errors over the validation set 

(SSEv) reaches a minimum. After that, the process was repeated by increasing the 

network size. The new network is considered optimal if the value of the SSEv 

obtained is lower than the previous one. This process is repeated for all the feature 

sets extracted by ICA algorithm and finally the best feature set and the best network 

are chosen according to the classification results over the validation set. The test set is 

used to compare the classification results with other classification methods. 

For the training of the BPNN, the Resilient Backpropagation RProp algorithm 

described in [26] is used. Basically this algorithm is a local adaptive learning scheme 

which performs supervised batch learning in multi-layer perceptrons. It differs from 

other algorithms since it considers only the sign of the summed gradient information 

over all patterns of the training set to indicate the direction of the weight update. The 

different simulations were performed by means of the freeware neural networks 

simulation program SNNS (Stuttgart Neural Network Simulator).  
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4 Results 

In order to implement the processes described above, the experts in Meteorology 

selected 4599 prototypes, 2781 for the training set, 918 for the validation set and 900 

for the test set. The prototype selection was made from the Iberian Peninsula 

Meteosat images corresponding to the years 1995-1998. 

 

  
 

 Sea    Land    Fog    Low clouds    Middle clouds    High clouds 

 Clouds with vertical growth    Indecisión class   

Fig 1. Example of an Iberian Peninsula Meteosat image segmentation (19981081200). Left: 

Visible channel, Center: Infrared channel, Right: Segmented image. 

The best results over the validation set was obtained with a one hidden layer neural 

network of 41 hidden neurons, a window dimension N of 5 and with a number of 

components extracted by the ICA algorithm n of 10. In this case the SSEV was 167 

and the SSEL was 166. The classification results over the prototypes of the learning 

and the validations sets can be observed in table 1.  

Table 1. Classification results over the learning and the validation sets reached by the network 

with the best generalization. 

SET F CL CM CH CV L S SSE 

Learning 94.4 91.4 98.3 98.9 96.5 100 100 166 

Validation 65.9 85.2 96.2 90.5 93.3 92.4 100 167 

 

In Figure 1 an example of an Iberian Peninsula Meteosat image segmentation can be 

observed. For the final classification a new class, the indecision class (I), has been 

added. We consider that one pixel belongs to a class when the output of the neuron 

representative of this class is bigger than 0.6 and the others outputs are least than 0.4. 

In other case the pixel is considered to belong to the indecision class. 
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5 Conclusions 

The classification results obtained in table 1 show that ICA is a very efficient feature 

extraction technique that can be applied at the problem at issue.  

At this point we want to compare the classification results obtained in this paper with 

the results obtained in [13]. In [13] the classification was performed from an initial set 

of several statistical features based on the gray level co-occurrence matrix (GLCM) 

proposed by Welch [1]. This initial set of features was made up of 144 parameters and 

to reduce its dimensionality three methods for feature selection were studied and 

compared, genetic algorithms (GA), principal component analysis (PCA) and 

independent component analysis (ICA). To compare the results we use the test set. In 

table 2 we can observe the classification results obtained over the test set in [13] and 

the ones obtained in this paper. 

Table 2. Classification results over the test set with the methods proposed in [13] and the 

method proposed in this paper. 

Test set 

Algorithm F CL CM CH CV L S SSET 

GA 92.7 86.5 77.6 100 75.9 100 100 167 

PCAR 84.6 69.7 78.8 97.3 76.8 97.6 100 194 

PCANR 62.6 94.2 94.1 91.8 60.7 69.6 99.3 262 

ICA (GLCM) 87 76.8 93.5 93.2 81.2 100 100 165 

ICA (Images) 68.3 67.3 95.9 95.9 91.1 99.2 100 180 

 

The results obtained in table 2 show that the method proposed in this paper offers 

better classification results than the results obtained applying PCA over the 144-

dimensional characteristic vector proposed by Welch [1]. But the classification results 

are worse than the ones obtained applying ICA and GA over the 144-dimensional 

characteristic vector.  

From the meteorology point of view the classification results obtained in this work 

could be considered the best because this method works quite well over the all classes 

defined except for the fog (F) and low clouds (CL) classes. These classes (F and CL) 

are very similar and it is very difficult to distinguish between them even for the 

meteorologists. Initial works concerning this issue did not include the class F and they 

consider it included into the CL class. 
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Abstract. In this paper the application of neural networks to Auto-
matic Target Recognition (ATR) using a High Range Resolution radar
is studied. Both Multi-layer Perceptrons (MLP) and Radial Basis Func-
tion Networks (RBFN) have been used. RBFNs can achieve very good
results with a considerably small size of the training set, but they re-
quire a high number of radial basis functions to implement the classifier
rule. MLPs need a high number of training patterns to achieve good re-
sults but when the training set size is higher enough, the performance of
the MLP-based classifier approaches the results obtained with RBFNs,
but with lower computational complexity. Taking into consideration the
complexity of the HRR radar data, the choice between these two kind
of neural networks is not easy. The computational capability and the
available data set size should be considered in order to choose the best
architecture. MLPs must be considered when a low computational com-
plexity is required, and when a large training set is available; RBFNs
must be used when the computational complexity is not constrained, or
when only few data patterns are available.

1 Introduction

High resolution radar (HRR) generates data sets that have significantly different
properties from others used in automatic target recognition (ATR) [1]. This kind
of radar uses broad-band linear frequency modulation or step frequency wave-
forms to measure range profiles (signatures) of targets [2]. Target signatures are
sensitive to minor changes in azimuth, elevation and time, because the scattering
into a range cell comes from the combination of scatter contributions of different
points in that cell.

In this paper, different possibilities are evaluated in order to solve a clas-
sification problem based on this kind of signals. In the literature this is called
an ”Automatic Target Recognition” (ATR) problem. We deal with the usage of
different Neural Network based solutions [3].

Automatic Target Recognition (ATR) can be formulated as a multiple hy-
pothesis test. The goal is to classify an example which has not been seen before,
based on knowledge extracted from previous examples. The probability density

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 559-566, 2003. 
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functions (pdfs) of the classes usually are unknown, and only a finite set of solved
cases (training set) is available. Different techniques have been developed, which
have different trade-offs in terms of accuracy and complexity, and make different
assumptions about the problem and its solution.

The classical approach to HRR radar target identification uses the entire
range profile as feature vector. One of the most popular choices is a constrained
quadratic classifier [4]. Other strategies are based on extracting reliable features
from radar profiles [5][6][7]. On the other hand, neural networks (NNs) have been
successfully applied to pattern recognition [8]. An overview of neural networks
application to ATR can be found in [9]. Modern approaches try to combine
neural networks with tuned pre-processing methods to enhance the performance
of ATR systems [10].

2 Problem Formulation

Our objective is to classify patterns that belong to six different classes of HRR
radar profiles corresponding to six kind of aircrafts. For each class 1,071 radar
profiles are available. The length of each profile is 128. The pose of the target
is head-on with an azimuth range of ±25o and elevations of −20o to 0o in one
degree increments. For each experiment, this data set is divided in three sets: a
training set, that is composed of M randomly selected signals from the data set;
a validation set, composed of other M signals, used during training to estimate
the probability of classification error, and a test set composed of the remaining
signals, used to measure the accuracy of classification after training. In this paper
experiments with M = 60, 240, 420 and 600 are used. So, the relation between the
results obtained with each classification method and data availability is studied.
Figure 1 shows range profiles of two targets, illustrating the extreme variability
in the radar signature with minor changes in azimuth, elevation and time.

To specify the performance of the classifier, the probability of correct classi-
fication (Pcc), the probability of misclassification (Pmc) or the error rate can
be used. The probability of correct classification is the probability of classifying
correctly a target. The probability of misclassification is the probability of clas-
sifying wrongly a target (Pmc = 1− Pcc). Finally, the error rate expresses the
percentage of classification errors when a set of known targets is presented to
the system.

3 ATR with classification methods

In this section, Neural Networks (NN) are proposed as a solution to ATR, due
to their ability to learn from their environment, and to improve performance
in some sense through learning. NN can approximate the Bayessian optimum
detector [11] and it has been demonstrated [12],[8] that the back-propagation
algorithm applied to a simple feed-forward network approximates the optimum
Bayessian classifier, when using the mean square error criterion.
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Fig. 1. Radar signatures of two different targets for an elevation angle of −20o and
different azimuth angles

For comparison purposes, results using the k-nearest neighbor classifier [13]
are also included.

3.1 Classification method based on a Multi-Layer Perceptron

Perceptron was developed by F. Rosenblatt [14] in the 1950s for optical charac-
ter recognition. The perceptron has multiple inputs fully connected to an output
layer with multiple outputs. Each output yj can be obtained by a linear combi-
nation of the inputs, applied to a non linear function called activation function.
In this work we are going to considerer the logistic function given in 1 as the
activation function.

L(x) =
1

1 + exp(−x)
(1)

Multilayer perceptrons (MLPs) extend the perceptron by cascading one or
more extra layer of processing elements. These extra layers are called hidden
layers, since their elements are not connected directly to the external world.
Figure 2 shows a one-hidden-layer MLP with K inputs, N neurons in the hidden
layer and 6 outputs.

On the other hand, with the data described in section 2, Cybenko [15] states
that a single hidden layer is sufficient for a MLP to compute an uniform ap-
proximation to the conditional probabilities, from a given training set and the
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corresponding desired target outputs. So, a MLP with a hidden layer has been 
considered. The activation function of every neuron in the hidden layer is the lo- 
gistic one. In order to study the influence of the training set size, the experiment 
has been repeated for the four designed partition of the data. These partitions 
are referenced according to the training set size (M = 60,240,420 and 600). 

According to this, the size of the MLP is K = 40 input nodes where the 
central samples of each pattern are applied, and 6 outputs units, one for each 
class. The number of neurons N on the hidden layer is an input parameter in 
the experiment. 

Table 1. Best average error rates (%) for the MLP with N hidden neurons trained 
with M patterns 

Moreover, each experiment has been repeated 10 times, and the best network 
has been selected using the validation sets. The MLP has been trained using the 
Levenberg-Marquardt alg~rit~hrn [16], wit>h t>he four different t>raining set>s, and 
the respective validation sets. The error rate classifying the test samples for the 
best training session of each value of M and N are presented in table 1. 

Fig. 2. MLP and RBFN architectures 



The best results for each M value are now compared with those obtained
using the k-nearest neighbor classifier. For comparison purposes, the error rate
and the computational complexity, measured in number of simple operations,
are used. Results are presented in tables 2 and 3.

As can be observed, the use of MLPs involve an increase in the error rate,
but highly improves the computational cost. Moreover, MLP computational cost
does not depend on set size, so MLPs are advisable when large training sets are
available.

Table 2. Number of operations and average error rates (%) for the MLP trained with
M samples and with best N value applied to the test sets

M=60 M=240 M=420 M=600

hidden neurons (N) 32 40 32 36

error rate 15.39 9.26 8.21 5.91

operations 3046 3806 3046 3426

Table 3. Error rates (%), best k value and number of simple operations for the k-
Nearest Neighbor method with the test sets

M=60 M=240 M=420 M=600

best k value 1 4 4 9

error rate 14.69 10.15 7.43 6.65

operations 7261 29758 52078 77373

3.2 Classification method based on a Radial Basis Function
Network

In Radial-Basis Function Networks, the function associated to the hidden units
(radial-basis function) is usually the multivariate normal function. For the i− th
hidden unit it can be expressed using (2).

Gi(z) =
|Ci|−1

2

(2π)
n
2

exp{−(z− ti)
TCi

−1(z− ti)
2

} (2)

where Ci is the covariance matrix, which controls the smoothness properties
of the function.

Using the weighted norm [17] defined in (3), equation (2) can be expressed
in (4).

‖z‖2
C =

1
2
zTC−1z (3)
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Gi(z) =
|Ci|−1

2

(2π)
n
2
exp(−‖z− ti‖2

Ci
) (4)

Taking into consideration that the hidden unit output is multiplied by a
weight that will be adjusted during the training, the considered RBF function
in figure 2 is:

G(z) = exp(−‖z− ti‖2
Ci
) (5)

The matrices Ci can be set to a scalar multiple of the unit matrix, to a
diagonal matrix with different diagonal elements or to a non-diagonal matrix. In
this case we have set them to a scalar multiple of the unit matrix.

For training the RBFNs, we have applied a three learning phases strategy
[17][18][19]. The centres of the radial basis functions are determined by fitting a
gaussian mixture model with circular covariances using the EM algorithm. The
mixture model is initialized using a small number of iterations of the k-means
algorithm; the basis function widths are set to the maximum inter-centre squared
distance; and the hidden to output weights that give rise to the least squares
solution can be determined using the LMS algorithm.

The experiment has been repeated for each partition and for different number
of hidden units N . This value has been chosen considering the training set size
M . So, for a given M , values from N = 0.05M to N = 0.5M in steps of 0.05M
have been selected. For each training, the validation set has been used to control
the training. Moreover, the training has been repeated 10 times and the best case
using the validation set has been selected. Table 4 shows results obtained with
the test set, depending on the training set size M and the normalized hidden
layer size n = N/M .

Table 4. Average error rates (%) for the RBFN trained with M samples and N = n*M
hidden neurons

M n=0.05 n=0.10 n=0.15 n=0.20 n=0.25 n=0.30 n=0.35 n=0.40 n=0.45 n=0.50

60 48.82 22.03 15.10 13.46 10.36 13.40 15.73 11.72 12.74 16.80

240 11.97 9.05 7.60 7.30 6.59 6.82 6.26 6.19 6.65 6.98

420 7.86 6.55 4.47 4.54 4.57 4.42 4.77 4.59 4.64 5.10

600 6.46 4.66 3.86 3.15 3.34 3.53 3.45 4.06 4.33 4.47

Once RBFNs are trained, validation sets are used to select the best trained
network for each M . The number of simple operations, the error rate estimated
with the test set and the number of hidden neurons are shown in table 5.

Compared with the ones obtained with MLP and kNN methods, results ob-
tained show that the error rates with the RBFN based classifier are significantly
lower than those obtained with the MLP or the kNN ones. On the other hand,
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the computational complexity is lower than the k-nearest neighbor one, but high
compared with the computational complexity of the MLP based classifier. An-
other characteristic of RBFN is the dependence of the computational cost on the
training set size. Due to the complexity of the HRR data, the number of hidden
layer neurons directly depends on the training set size. In order to compare the
results obtained in previous sections, we summarize them in table 6.

Table 5. Number of operations and average error rates (%) for the RBFN trained with
M samples and best N value applied to the test sets

M=60 M=240 M=420 M=600

best N 15 96 126 120

error rate 10.36 6.19 4.42 3.15

operations 2661 16998 22308 21246

Table 6. Average error rates and computational complexity (%/number of operations)
for the studied methods applied to the test sets

error/cost M=60 M=240 M=420 M=600

kNN 14.69 / 7261 10.15 / 29758 7.43 / 52078 6.65 / 77373

MLP 15.39 / 3046 9.26 / 3806 8.21 / 3046 5.91 / 3426

RBFN 10.36 / 2661 6.19 / 16988 4.42 / 22308 3.15 / 21246

4 Conclusions

In this paper the application of neural networks to Automatic Target Recognition
(ATR) using a High Range Resolution radar is studied. Due to the complexity
of High Range Resolution radar data, the classification objective is a difficult
task.

Both MLPs and RBFNs have been trained using different network structure
and training set sizes. Multilayer Perceptrons (MLP) need a high number of
training patterns to achieve good results. When the training set size is higher
enough, the performance of the MLP-based classifier approaches the results ob-
tained with the k-nearest neighbor, but with lower computational complexity.
On the other hand, Radial Basis Function Networks (RBFN) can achieve very
good results with a considerably small size of the training set, but they require
a high number of radial basis functions to implement the classifier rule.

Taking into consideration the complexity of the HRR radar data, the choice
between these two kind of neural networks is not easy. The computational ca-
pability and the available data set size should be considered in order to choose
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the best architecture. MLPs must be considered when a low computational com-
plexity is required, and when a large training set is available; RBFNs must be
used when the computational complexity is not constrained, or when only few
data patterns are available.
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On the application of Associative Morphological
Memories to Hyperspectral Image Analysis
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We propose a spectrum selection procedure from hyperspectral
images, which uses the Autoassociative Morphological Memories (AMM)
as detectors of morphological independence conditions. Selected spectra
may be used as endmembers for spectral unmixing. Endmember spectra
lie in the vertices of a convex region that covers the image pixel spectra.
Therefore, morphological independence is a necessary condition for these
vertices. The selective sensitivity of AMM)s to erosive and dilative noise
allows their use as morphological independence detectors.

The authors received partial support of the Ministerio de Ciencia y Tecnologia under
grant TIC2000-0739-C04-02

Manuel Graña , Josune Gallego, F. Javier Torrealdea, and Alicia d)Anjou

Hyperspectral sensing in hundreds of spectral bands allows the recognition of
physical materials in image pixels, however as these pixels are frequently a com-
bination of materials, a frequently needed image analysis procedure is to de-
compose each pixel spectrum into their constituent material spectra, a process
known as 8spectral unmixing8 [4]. In this paper we assume the linear mixture
model. We present a computational procedure for the detection in hyperspectral
images of pixel spectra that may serve as endmembers for spectral unmixing.
This procedure pro;ts from the selective sensitivity to noise of the Associative
Morphological Memories for the detection of the morphological independence
conditions that are a necessary condition of endmember spectra. Although we
have successfully tested the procedure on the original non-negative radiance
data, it works better after the original spectral data is shifted to zero mean. In
its actual implementation it works in a single pass over the image, which is a
desirable feature given the large computational cost of processing hyperspectral
images. The procedure is unsupervised and does not need the explicit setting
of the number of endmembers searched for. For a qualitative evaluation of the
results we present the abundance images obtained from the well-known Indian
Pines benchmark image [10] with the endmembers obtained with our procedure
and the CCA method [3].

In short, Morphological Neural Networks are those that somehow involve the
maximum and/or minimum (supremum and/or in;mum) operators. The Asso-
ciative Morphological Memories [6], [7], [8] are the morphological counterpart
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2 Spectral unmixing and the linear mixing model

of the well known Hop;eld Associative Memories [2]. AMM)s are constructed
as correlation matrices computed by either Min or Max matrix product. Dual
constructions can be made using the dual Min and Max operators. The AMM
are selectively sensitive to speci;c types of noise (erosive and dilative noise).
The notion of morphological independence and morphological strong indepen-
dence was introduced in [8] to study the construction of robust to general noise
AMM)s. It was established that AMM)s are able to robustly store and recall
morphologically strongly independent sets of patterns. Applying to the AMM
as input for recalling a pattern morphologically dependent on one of the stored
patterns gives the stored pattern. When the input pattern is morphologically
independent of the stored patterns, the result of recall is a morphological poly-
nomial on the stored patterns [9]. In essence our procedure tests if the recalled
pattern is different to the stored patterns to detect morphologically independent
patterns.

The structure of the paper is as follows: In section 2 we review the de;nition
of the linear mixing model and the spectral unmixing procedure. In section 3 we
review the basic de;nitions and properties of AMM)s. Section 4 gives our algo-
rithm of endmember selection for remote sensing hyperspectral images. Section
5 presents some experimental results of the proposed algorithm. Section 6 gives
our conclusions and directions of future work.

The linear mixing model [4] can be expressed as follows:

(1)

where is the -dimension received pixel spectrum vector, is the
matrix whose columns are the -dimension endmembers is the
-dimension fractional abundance vector, and is the -dimension additive

observation noise vector. The linear mixing model is subjected to two constraints
on the abundance coefficients. First, to be physically meaningful, all abundance
coefficients must be non-negative Second, to account for the
entire composition, they must be fully additive

The task of selecting image pixel spectra that may be used as endmember is
the focus of this paper. The ;rst signi;cant work on the automated induction
of endmember spectra from image data is [1], whose starting observation is that
the scatter plots of remotely sensed data are tear shaped or pyramidal, if two or
three spectral bands are considered. The apex lies in the so-called dark point. The
endmember detection becomes the search for non-orthogonal planes that enclose
the data de;ning a minimum volume simplex, hence the name of the method.
The method is computationally expensive and requires the prior speci;cation
of the number of endmenbers. A recent approach to the automatic endmember
detection is the Convex Cone Analysis (CCA) method proposed in [3], applied to
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target detection. The CCA selects the greatest eigenvalue eigenvectors, as many
as the speci;ed number of endmembers. These eigenvectors de;ne the basis of
the convex cone that covers the image data. The vertices of the convex cone
correspond to spectra with as many zero elements as the number of eigenvectors
minus one. The search for the convex cone vertices involves the exploration of the
combination of bands and the solution of a linear system for each combination.
The complexity of the search for these vertices is where is the number
of bands and the number of eigenvectors. At present we use a raw random
search to obtain the experimental results reported below. Another approach is
the modelling by Markov Random Fields and the detection of spatially consistent
regions whose spectra will be assumed as endmembers [5].

Once the endmember spectra have been determined the spectral unmixing
is the computation of the matrix inversion that gives the fractional abundance
of each endmember in each pixel spectra. The simplest approach is the uncon-
strained least squared error estimation given by:

(2)

The abundance coefficients that result from this computation do not necessarily
ful;ll the non-negativity and full additivity conditions. It is possible to enforce
each condition separately, but rather difficult to enforce both simultaneously [4].
As our aim is to test an endmember determination procedure, we will use un-
constrained estimation (2) to compute the abundance images. We will scale and
shift the abundance images to present them as grayscale images. This manipu-
lation is intended to enhance the visualization but introduces some deformation
of the relative values of the abundance coefficients for the same pixel.

The work on Associative Morphological Memories stems from the consideration
of an algebraic lattice structure as the alternative to the algebraic

framework for the de;nition of Neural Networks computation [6] [7].
The operators and denote, respectively, the discrete and operators
(resp. and in a continuous setting), which correspond to the morphologi-
cal dilation and erosion operators, respectively. Given a set of input/output pairs
of pattern , an heteroassociative neural network

based on the pattern)s crosscorrelation [2] is built up as Mim-
icking this construction procedure [6], [7] propose the following constructions of
Heteroassociative Morphological Memories (HMM)s):

and (3)

where is any of the or operators Here and denote the and
matrix product, respectively de;ned as follows:

(4)
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(5)

If then the HMM memories are Autoassociative Morphological Memories
(AMM). Conditions of perfect recall by the HMM)s and AMM)s of the stored
patterns are proved in [6],[7]. The AMM)s are able to store and recall any set of
patterns: , for any

These results hold when we try to recover the output patterns from the noise-
free input pattern. Let it be a noisy version of If then is an
eroded version of alternatively we say that is subjected to erosive noise.
If then is a dilated version of alternatively we say that is
subjected to dilative noise. Morphological memories are selectively sensitive to
these kinds of noise. The conditions of perfect recall are proven in [6], [7].
Given patterns , the equality holds when the noise affecting
the pattern is erosive and the following relation holds

Similarly, the equality holds

when the noise affecting the pattern is dilative and the following relation

holds: . Therefore, the AMM will fail

to recall the pattern if the noise is a mixture of erosive and dilative noise.
To obtain general noise robustness [6], [8], [9] proposed the kernel method.

Related to the construction of the kernels, [8] introduced the notion of mor-
phological independence. Here we distinguish erosive and dilative versions of
this de;nition: Given a set of pattern vectors , a pattern vec-
tor is said to be morphologically independent of in the erosive sense if

and morphologically independent of in the dilative
sense if The set of pattern vectors is said to be morpho-
logically independent in either sense when all the patterns are morphologically
independent of the remaining patterns in the set. For the current application
we want to use AMM as detectors of the set extreme points, to obtain a rough
approximation of the minimal simplex that covers the data points. We note that
given a set of pattern vectors and the erosive and dilative

memories constructed from it, and a test pattern if is morpho-
logically independent of in the erosive sense, then Also, if
is morphologically independent of in the dilative sense, then
Therefore the AMM)s can be used as detectors of morphological independence.

The endmembers that we are searching for de;ne a high dimensional box
that covers the image spectral data. Although, for convenience, we will perform
a shift of the data to the space origin, the endmember spectrum will be taken
from the original image. They are morphologically independent vectors both in
the erosive and dilative senses, and they enclose the remaining vectors. Let us
consider integer-valued vectors. Given a set of pattern vectors
and the erosive and dilative memories constructed from it, if a test
pattern for some then Also, if the test
pattern for some then Therefore, the
AMM will be useless for the detection of morphologically independent integer
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valued patterns. However, if we consider the binary vectors obtained as the sign
of the vector components, then morphological independence may be detected as
suggested above: The already detected endmembers are used to build the erosive
and dilative AMM. If the output recalled by a new pattern does not coincide
with any of the endmembers, then the new pattern is a new endmember.

The endmembers of a given hyperspectral image correspond to the vertices of the
minimal simplex that covers the data points. The region of the space de;ned by
a set of vectors morphologically independent in both erosive and dilative senses
is a high dimensional box that approaches the minimal simplex covering the data
points. Let us de;ne the -band hyperspec-
tral image, and the vectors of the mean and standard deviations of each band
computed over the image, the noise correction factor and the set of endmem-
bers discovered. The noise amplitude in (1) is estimated as , the patterns are
corrected by the addition and substraction of before being presented to the
AMM)s. The con;dence level controls the amount of Hexibility in the discover-
ing of new endmembers. Let us denote by the expression the construction
of the binary vector if if

The steps in the procedure are the following (Note that the endmember
spectra are the pixel spectra from the original image):

1. Compute the zero mean image
.

2. Initialize the set of endmembers with a pixel spectra randomly
picked from the image. Initialize the set of morphologically independent bi-
nary signatures

3. Construct the AMM)s based on the morphologically independent binary sig-
natures: and

4. For each pixel

(a) compute the vector of the signs of the Gaussian noise corrections
and

(b) compute the response of the dilative memory
(c) compute the response of the erosive memory
(d) if and then is a new endmember to be added to

go to step 3 and resume the exploration of the image.
(e) if and the pixel spectral signature is more extreme

than the stored endmember, then substitute with
(f) if and the pixel is more extreme than the stored

endmember, then substitute with

5. The ;nal set of endmembers is the set of original spectral signatures
of the pixels selected as members of
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Fig. 1.

5 Experimental results

Ground truth of the Indian Pines image.

The hperspectral image used for illustration in this work correspond to the Indian
Pines image obtained in 1992 by the Airborne Visible/Infrared Imaging Spec-
trometer (AVIRIS) developed by NASA JPL which has 224 contiguous spectral
channels covering a spectral region form 0.4 to 2.5 mm in 10 nm steps. It is
a 145 by 145 pixel image with 220 spectral bands that contains a distribution
of two-thirds of agricultural land and one-third of forest and other elements
(two highways, a railway line and some houses and smaller roads). The avail-
able ground truth for this image designates 16 mutually exclusive classes of land
cover. Figure 1 shows the ground truth as given in [10]. Comparison of the re-
sults of careful supervised classi;cation [10] with the abundance images in ;gure
2 resulting from the detected endmembers, con;rm the validity of the abundance
images and explain their discrepancies relative to the ground truth areas.

We have applied the procedure described in the previous section to the raw
data of the benchmark hyperspectral image, obtaining 8 endmember spectra. The
number of endmembers found depends on the initial choice of endmember and
on the control parameter , which was empirically set to . The abundance
images resulting from spectral unmixing with these spectra show some regions
that match the ground truth, while some new regions appear in the region labeled
as background in the ground truth. The comparison with the abundance images
obtained from the spectral unmixing with the CCA endmembers contributes
also to the qualitative validation of our procedure. This qualitative validation is
useful because there is no clear quantitative alternative to validate the approach.
The abundance images that result from our procedure are presented in ;gure
2. As said before, we have also applied the CCA method with the number of
endmembers set to 6 (a number of endmembers greater than that gave very large
computation times). The abundance images are presented in ;gure 3. Note that
these abundance images are in fact two images repeated three times. The CCA
obtains two very different endmember spectra, the remaining four are scaled
versions of these two basic spectra. Lack of space prevents us presenting the plot
of the endmembers that demonstrates this fact.

Consider, for example, the steel towers identi;ed in the ground truth. The
endmember spectra corresponding to the abundance images #5 and #1 in ;gure
2 may be considered as good steel detector. Curiously enough, the roads are also
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clearly drawn in abundance image #1. Image #5 of ;gures 2 and 3 shows good
detection of cultivated land and negative abundance response in woods areas,
besides the detection of the steel tower. Our interpretation is that the endmember
spectra corresponding to these images is a generic opposite to the vegetal cover
spectra. Furthermore, if we consider the fact that due to the early growth stages
most of the surface area corresponding to a pixel in the cultivated land is bare
soil, we may assume that the endmember that generates this abundance image
corresponds to soil cover. On the other hand, abundance image #7 in ;gure 2
and abundance image #3 in ;gure 3 clearly detach woods and tree canopy areas.
The detection in these images agrees with the ground truth in 1. Besides, the
ground truth background class pixels identi;ed also with woods in some areas of
these abundance images agree with the results of careful supervised classi;cation
experiments reported in [10].

We have proposed a procedure for the selection of pixel spectra in hyperspectral
images that applies the speci;c noise sensitivity of the Autoassociative Morpho-
logical Memories (AMM). The selected pixel spectra may be used as endmem-
bers for spectral unmixing. The procedure does not need the a priori setting
of the number of endmembers. Its Hexibility in the discovering of endmembers
is controlled by the amount of noise correction introduced in the pixel spectral
signature. Experimental results demonstrate that the procedure gives a sensi-
ble number of endmembers with little tuning of the control parameter ( ). The
abundance images show good correspondence with aspects of the ground truth
and agree with those obtained by the CCA method.

Although the number of endmembers obtained is within a sensible range, the
de;nition of rigorous algorithms to set the number of endmember spectra de-
tected is a desired enhancement of our approach. Future work may be addressed
to the de;nition of gradient based approaches to the search of morphologically
independent and extreme spectra, that may be truly adaptive.
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obtained with the proposed procedure.

Abundance images obtained by spectral unmixing using the endmember spectra
obtained with the CCA method setting .

7. Ritter G. X., P. Sussner, J. L. Diaz-de-Leon. (1998) Morphological associative mem-
ories. IEEE Trans. on Neural Networks, 9(2):281-292,

8. Ritter G.X., G. Urcid, L. Iancu, (2002) Reconstruction of patterns from moisy inputs
using morphological associative memories, J. Math. Imag. Vision

9. Sussner P., (2001) Observations on Morphological Associative Memories and the Ker-
nel Method, Proc. IJCNN)2001, Washington DC, July

10. Tadjudin, S. and D. Landgrebe,(1999) Covariance Estimation with Limited Training
Samples, IEEE Trans. Geos. Rem. Sensing, 37(4):2113-2118,

574 Manuel Graña et al.



A Generalized Eigendecomposition Approach

using Matrix Pencils to remove artefacts from

2D NMR Spectra

1 K. Stadlthanner, 2 A.M. Tom�e, 1 F.J. Theis, 1 E.W. Lang

1 Institute of Biophysics, University of Regensburg, D-93040 Regensburg, Germany
2 Dept. de Electr�onica e Telecomunica�c~oes, Universidade de Aveiro, P-3810 Aveiro,

Portugal
email: ana@ieeta.pt, elmar.lang@biologie.uni-regensburg.de

Abstract. Multidimensional 1 H nmr spectra of biomolecules dissolved
in light water are contaminated by an intense water artefact. We dis-
cuss the application of the generalized eigenvalue decomposition (GEVD)
method using a matrix pencil to explore the time structure of the signals
in order to separate out the water artefacts. Simulated as well as experi-
mental 2D NOESY spectra of proteins are studied. Results are compared
to those obtained with the FastICA algorithm.

1 Introduction

Modern multidimensional NMR spectrocopy [2] is a versatile tool for the de-
termination of the native 3D structure of biomolecules in their natural aqueous
environment. Proton NMR is an indespensible contribution to this structure de-
termination process but is hampered by the presence of the very intense water
(H2O) proton signal. The latter causes severe dynamic range problems, baseline
distortions, t1 noise and can obscure weak signals lying under its skirts. Sophis-
ticated experimental protocols to suppress the water signal introduce spectral
distortions close to the water resonance. Hence it is interesting whether blind
source separation techniques can contribute to the removal of the water arte-
fact in such spectra without regard to any sophisticated water suppression pulse
protocols except a simple presaturation to reduce the dynamic range problem
[8]. It has to be noted that even a long weak pulse on the water resonance can
bleach nearby solute proton resonances and can also a�ect other signals through
cross-relaxation or chemical exchange.
A two-dimensional NMR time domain signal S(t1;j ; t2) corresponds to a sum of
free induction decay (FID) signals sampled for �xed evolution periods t1;j and
extending over a sampling time interval of duration t2 . The evolution period
t1;j is incremented during the experiment to yield typically 512 FIDs. Signal
processing is performed by Fourier analysis, resulting in spectra S(!1; !2) made
of sums of Lorentzian shaped resonance lines [2].
Statistical independence of two signals implies their scalar product to be zero
both in the time domain or in the frequency domain. Therefore non-overlapping
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resonance lines should be reasonably independent. But because of the limited
range of chemical shifts, i.e. the spread of the proton resonances on the frequency
scale, compared to individual resonance line widths, statistical independence is
hard to assure in general. Second order blind identi�cation techniques like the
GEVD using matrix pencils exploit some weaker conditions for the separation
of sources assuming that they have temporal structure with di�erent autocorre-
lation functions or equivalently di�erent power spectra.
Recently GEVD solutions have been presented which comprise the simultaneous
diagonalization of a matrix pencil formed with the sensor signals. The matrices
forming the pencil can be computed in di�erent ways (see for example [7], [5], [6],
[1]). Tom�e [9] [10] considered �ltered versions of the sensor signals and presented
an algebraic formulation of the GEVD problem using the notion of congruent
matrix pencils. We will follow Tom�e's approach and apply it to the separation of
water artefacts from 2D NOESY NMR spectra [2]. A higher order decorrelation
technique as implemented with the FastICA algorithm [4] has been applied also
and corresponding results will be shown.

2 The generalized eigendecomposition approach

For convenience we shortly review the generalized eigenvalue decomposition
(GEVD) approach using congruent matrix pencils [9], [10]. The generalized
eigendecomposition approach to the blind source separation problem, based on
the model x(t) = As(t), considers a matrix pencil, (Rx;1;Rx;2) computed on
the sensor signals x(t) (henceforth called sensor pencil). The matrices of the
pencil have the following property

Rx;i = A�s;iA
T i = 1; 2 (1)

where A is the instantaneous but unknown mixing matrix and �s;i are diagonal
matrices related to the unknown source signals s(t). Then the eigenvector matrix
of the generalized eigendecomposition of the sensor pencil provides an estimate
of the inverse (or pseudo-inverse) of the mixing matrix. This solution is possible
because the sensor pencil, (Rx;1;Rx;2) and the source pencil (�s;1;�s;2) are
related as described by eqn (1). In particular if A is an invertible matrix the two
pencils are called congruent pencils. Congruent pencils have identical eigenvalues
as can be easily shown writing the characteristic polynomial of the sensor pencil

�x(�) = det(Rx;1 � �Rx;2) = 0 (2)

If A represents an invertible matrix then it follows

det(Rx;1 � �Rx;2) = det(A) det(�s;1 � ��s;2) det(A
T ) (3)

which has the same roots as the related characteristic polynomial of the source
pencil �s(�) = det(�s;1 � ��s;2).

The generalized eigendecomposition statement of the sensor pencil
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Rx;2E = Rx;1ED (4)

where E is the eigenvector matrix which will be an unique matrix (with the
columns normalized to unity length) if the diagonal matrix D has distinct eigen-
values �Di . Otherwise the eigenvectors which correspond to the same eigenvalue
might be substituted by their linear combinations without a�ecting the previous
equality. Supposing that the diagonal elements �Di of D are all distinct equation
(4) can be written as

A�s;2A
TE = A�s;1A

TED (5)

If A is an invertible matrix, we can multiply both sides of the eqn.(5) by A�1

and setting Es = ATE leads to the eigendecomposition of the source pencil
�s;2Es = �s;1EsD where Es is the eigenvector matrix. Hence each column of
Es is related to a column of E by the transpose of the mixing matrix. Then the
normalized eigenvectors corresponding to a particular eigenvalue are related by
es = �AT

e where � is a constant that normalizes, to unit length, the eigenvec-
tors. Concerning blind source separation problems the eigenvector matrix E will
provide an approximation to the inverse of the mixing matrix, if the eigenvector
matrix Es represents the identity matrix (or a permutation). The latter holds
true if, as was assumed, the source pencil is formed with diagonal matrices �s;i.
Tom�e [10] also presented an algebraic formulation of the GEVD problem using
the notion of congruent matrix pencils and block matrix operations when the
mixing matrix has more rows than columns.

3 Results and Discussion

FID's S(t1;j ; t2) recorded at �xed evolution times t1;j were sampled over times-
pans t2 and Fourier transformed with respect to both time domains to obtain
corresponding spectra S(!1; !2) which could be corrected for any phase dis-
tortions. Data matrices have been formed with one row representing one single
spectrum corresponding to a �xed evolution time t1;j . The �nal matrix, S(!2; t1);
then contained as many rows j as there were di�erent evolution times t1;j accord-
ing to the experimental protocol. Typically j = 512 evolution periods have been
considered and N = 2048 data points were sampled of each spectrum. However
due to phase cycling only 128 spectra have been considered at most hence data
matrices of size (128� 2048) have been used �nally.

Two data sets will be considered in the following comprising either an ex-
perimental water spectrum overlayed with a simulated noise- and artefact-free
protein spectrum or the corresponding experimental 2D NOESY spectrum of
the same protein.

A matrix pencil is �rst computed from the data matrices. The demixing
matrix is estimated then and used to estimate the independent components
(ICs). Those ICs showing spectral energy in the frequency range of the water
resonance only have been related with the water artefact and have been set to
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zero deliberately. Then the protein spectrum has been reconstructed with the
estimated inverse of the demixing matrix and the corrected matrix of estimated
source signals.

3.1 Computing the demixing matrix

The matrix pencil (Rx;1;Rx;2) of zero mean data comprises two correlation
matrices of the data. The �rst matrix is computed as follows

Rx;1 =
1

N
S(!2; t1)S

H(!2; t1) (6)

with N = 2048 representing the number of samples in the !2 domain and SH

the conjugate transpose of the matrix S. The second correlation matrix Rx;2

of the pencil has been computed after �ltering each single spectrum (each row
of S(!2; t1)) with a bandpass �lter of Gaussian shape centered in the spectrum
with a variance of 2 � �2 � 4. Both matrices of the pencil are of dimension
128� 128 as we assume as many sources as there are sensor signals.

A very common approach to compute the eigenvalues and eigenvectors of
a matrix pencil is to reduce the GEVD statement eqn. 4 to a standard EVD
problem. The strategy that we will follow is �rst to solve the eigendecomposition
of the symmetric positive matrix Rx;1 giving

Rx;1 =MKMT =MK1=2MTMK1=2MT =WW (7)

Substituting this result into the GEVD statement and de�ning Z =WE yields
the transformed equation CZ = ZD which is of the standard EVD form of
a real symmetric matrix C = W�1Rx;2W

�1 with W�1 = MK�1=2MT . The
eigenvalues of the matrix pencil are available from the solution of the EVD of
matrix C while the corresponding eigenvectors are obtained via E =W�1Z.

3.2 Toy spectra

First simulated [3] noise- and artefact-free 2D NOESY spectra of the cold-shock
protein (we will shortly call it simCSP in the following) of Thermotoga mar-

itima comprising 66 amino acids have been overlayed with experimental spectra
of pure water taken with presaturation of the water resonance.
A 1D slice of the 2D NOESY spectrum of simCSP back-calculated with the algo-
rithm RELAX [3] and overlayed with the experimental water spectrum is shown
in Fig. (1 ) illustrating the rather intense water artefact around sample point
1050. Note that because of the presaturation the water resonance does not corre-
spond to a single Lorentzian line. The matrix pencil calculated from these data
has been treated in the manner given above to estimate the independent com-
ponents (ICs) of the artCSP spectra and the corresponding demixing matrix.
Fig.(2) presents the reconstructed spectrum with the water artefact removed.
The small distortions remaining are due to a limited number of IC's components
estimated. It is to be noted that attempts with overlaying water spectra that
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Fig. 1. ID slice of a simulated 2D NOESY CSP spectrum (simCSP) overlayed with an 
experimental NOESY water spectrum corresponding to the shortest evolution period 
t l , l .  The chemical shift ranges from 10.934ppm (left) to -0.630ppm (right). Only the 
real part of the complex quantity S(w2,  t ~ , ~ )  is shown. 

Fig. 2. Reconstructed simCSP spectrum with the water artefact removed by solving 
the BSS problem with a congruent matrix pencil 



580 K. Stadlthanner et al. 

have been taken without presaturation, hence show an undistorted water reso- 
nance, indicated that a 3 x 3 mixing matrix then suffices to  reach an equally 
good separation. This is due to  the fact that the presaturation pulse introduces 
many phase distortions which then cause the algorithm to decompose the water 
resonance into many ICs instead of just one. 

3.3 Protein spectra 

Fig. 3. I D  slice of a 2D NOESY spectrum of the protein CSP in aqueous solution corre- 
sponding to the shortest evolution period t l .  The chemical shift ranges from 10.771ppm 
to -1.241ppm 

Next we present fully experimental 2D NOESY CSP spectra which contain 
considerably more protein resonances as in case of the protein RALGEF [8]. Note 
that the water resonance overlapps considerably with part of the protein spec- 
trum with some protein resonances very close t o  or even hidden underneath the 
solvent resonance. Fig. (3) and Fig. ( 4) show an original CSP protein spectrum 
with the prominent water artefact and its reconstructed version with the water 
artefact separated out by applying Tomk's GEVD algorithm using a matrix pen- 
cil in the frequency domain. Some remnants of the intense water artefact are still 
visible in the reconstructed spectrum indicating that a complete separation into 
independent components has not been achieved yet. This is due to  the limited 
number of ICs that could be estimated with the data available. 

The data have been analyzed with the FastICA algorithm as well yielding 
less convincing results as is shown in Fig.(5). Also the FastICA algorithm intro- 
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Fig. 4. Reconstructed CSP protein spectrum obtained with the GEVD algorithm using 
a matrix pencil in the frequency domain. 

Fig. 5. Reconstructed CSP protein spectrum as obtained with the FastICA algorithm 

duced some spectral distortions like inverted multipletts, hardly visible on the 
figures presented, that have not been observed in the analysis with the GEVD 
method using a matrix pencil. This is of course an important issue concerning 



an automatized water artefact separation procedure, as any spectral distortions
might result in false structure determinations using these 2D NOESY data.

4 Conclusions

We have shown that ICA methods can be useful to separate water artefacts out
and obtain largely undistorted 2D NOESY protein spectra. GEVD methods us-
ing a matrix pencil represent an exact and easily applied second order technique
to e�ect such arefact removal from the spectra. We have tested the method with
simulated protein spectra overlayed with an experimental water resonance. Ap-
plication of the method to 2D NOESY protein spectra showed a good separation
quality with only little remaining spetral distortions in the frequency range of
the removed water resonance. It is important that no noticable spectral distor-
tions have been introduced farther away from the water artefact contrary to
the FastICA algorithm which caused distortions in other parts of the spectrum.
Further investigations will have to improve the separation quality even further
and will have to answer the question if solute resonances hidden underneath the
water resonance can be made visible with these or related methods. Also meth-
ods to suitably quantify a comparison of di�erent separation results need to be
developed.
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Abstract. This paper presents and tests a methodology that sinergi-
cally combines a select of successful advances in each step to automati-
cally classify microcalcifications (MCs) in digitized mammography. The
method combines selection of regions of interest (ROI), enhancement by
histogram adaptive techniques, processing by multiscale wavelet and gray
level statistical techniques, generation, clustering and labelling of subop-
timal feature vectors (SFVs), and a Neural feature selector and detector
to finally classify the MCs. The experimental results with the method
promise interesting advances in the problem of automatic detection and
classification of MCs1.

1 Introduction

The breast cancer is the most frequent form of cancer in woman. Statistics indi-
cate that 1 in 9 women will develop breast cancer at some time in their life [1].
Currently, X ray mammography is the single most important factor in early de-
tection, and screening mammography could result in at least a 30 percent reduc-
tion in breast cancer deaths [2]. A screening mammography program separates
normal mammograms from the abnormal ones. The abnormal mammograms are
then further evaluated by methods such as diagnostic mammography or biopsy
to determine if a malignancy exists. Computer Aided Diagnosis (CAD), is a way
to potentially counter many of the problems that would result from screening
a large number of women for breast cancer using mammography [2, 3].

The paper is organized as follows: In section 2, Model and theoretical fun-
dament is presented. In section 3, we present and briefly discuss the results of
experimental analysis. In section 4, conclusions are summarized.
1 This research has been supported by the National Spanish Research Institution
”Comisin Interministerial de Ciencia y Tecnologa-CICYT” as part of the project
TIC2002-03519
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2 Model and Theoretical Fundament

In Fig.1, we illustrate the model proposed for feature vector generation. First, the
ROI image is segmented from full digitized mammography previously diagnosed
with MCs. Then, the ROI is analyzed by their histogram and it is then processed.
The high bright values in the image are enhanced and the low bright values are
diminished. In the following step, we apply feature extraction using wavelet
features and gray level statistical features, building a SFV set by pixel as Ss =
{x(qs) : qs = 1, .., Qs}, where x(qs) ∈ R

D is a D−dimensional vector and Qs

is the number of pixels into ROI. The feature vectors set by pixel in Ss, are
then clustered using a self-organizing method to determine two classes, one class
defined as normal S0, and other class defined as MC S1. The feature vectors
subsets obtained are S0 = {x(q0) : q0 = 1, .., Q0, and Q0 ≤ Qs} and S1 =
{x(q1) : q1 = 1, .., Q1, and Q1 < Qs}, where x(q0),x(q1) ∈ R

D and Q0+Q1 = Qs.
Then, each x(q0/1) ∈ S0/1 is labeled as normal (0) and MC (1). We used both
subsets to be analyzed in their dimension by a GRNN as feature selector due to
its capability of discriminate the existence of irrelevant and redundant attributes
in each x(q0/1). So, we build two new feature vectors subsets S = {x(q0/1) : q0/1 =
1, .., Q0/1}, where x(q0/1) ∈ R

d and d ≤ D and Q = Q0 + Q1. The new labeled
subsets of d−dimensional features vectors and Q samples are most useful to
distinguish normal tissue and MCs. Set S, is divided to obtain a training set
and a test set. We use a three layered Multilayer Perceptron (MLP) feedforward
neural network for detect MCs.

Fig. 1. Block diagram for feature extraction and feature selector to detect MCs

2.1 Database and Preprocessing

The images database used in this paper are provided by Digital Database for
Screening Mammography (DDSM) of the University of South Florida [4]. Special
volumes of data have been extracted from DDSM for use in evaluating of our
algorithms that focus on detection of clustered MCs. These volumes are defined
as BCRP CALC 0 and BCRP CALC 1 in [4].
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2.2 Processing of Region of Interest

We focus in the analysis of the ROI images because the relevant information of
MCs is concentred in this area. Contrast between normal and malignant tissue
is usually present on a ROI but with an unclear threshold to human percep-
tion [5]. Similarly, MCs are a common indicator of disease, may not be easily
visible because of low contrast. So, one of the main enhancements needed in
mammography is an increase in contrast while reducing the noise enhancement
to obtain a enhanced image fe(i, j) [6].

Adaptive Histogram Enhancement. The histogram equalization is a widely
used and well-established method for enhancing images [6], and it will no be
further explained in order to avoid to extend this paper too much.

2.3 Feature Extraction

As it is the basic information to design the NNs, feature extraction is of key
relevance in this experiment. We use a four level multi-scale image decompo-
sition to build four features by pixel. Additionally, we use a method proposed
by Karssemeijer et al. [7] to found two features most relevant in the gray level
structure as the local contrast and normalized local contrast . Then, we build
a vector x(qs), with six features.

Multi-scale Image Decomposition. In mammogram frequency representa-
tion, MCs are relatively high-frequency components buried in the background
of the low-frequency components and very high-frequency noise [8, 9]. A tool
very used in space and frequency domains is the wavelet transform [10]. Wavelet
transform decompose the image in image bands of different frequency ranges.
This can help to identify useful information important to MCs and eliminate
the image bands which are not relevant [11].

Applying 1D wavelet, the enhanced image fe(i, j) is first decomposed row by
row and then column by column using 1D wavelet transform. This yields four
quarter-sized sub-images, LL(i, j), LH(i, j), HL(i, j), and HH(i, j), as shown in
Fig.2(b). The wavelet processing is achieved through the filter bank also shown
in Fig.2(a), where D0 is low-pass filter and D1 is a high-pass filter, the symbol
(↓ 2) means down-sampling by two and removing the odd-numbered samples.
The input enhanced image fe(i, j) is filtered by the low-pass filter and by down-
sampling it by two, it yields low frequency components. The high frequency
component are selected by the high-pass filter. The low frequency and high
frequency components are the further decomposed into low and high frequency
in the same way. This decomposition is called level-1. Sub-image HH(i, j) is
called approximation level-1 and the rest details level-1. If we apply again the
process to the approximation level-1, HH(i, j), we obtain level-2 decomposition,
and so on to higher levels.
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(c) 

(b) (c) 

Fig. 2. Image decomposition by multiresolution. (a) Filter Bank at level-1,
(b)Wavelet decomposition at level-2 (4 sub-images), (c) Approximation at level-2

The image fe(i, j) can be reconstructed in reverse order process. In Fig.2
(b)-(c), the ROI enhancement and their decomposition by wavelet 2D transform
at level-2 of resolution are shown. In order to generate the wavelet features,
each image fe(i, j), is decomposed up to four levels using the separable 2D
wavelet transform. The wavelet used in this study is Daubechies orthogonal
wavelet of length four [8, 10]. Then we eliminated the low frequency coefficients
in the transform domain and later reconstructed at level 0 in each level. In each
reconstructed level we have information of the MCs. Then, we have four features
by pixel {x(qs)

w = [x(qs)
1 , x

(qs)
2 , x

(qs)
3 , x

(qs)
4 ]}, where w = 1, .., 4, qs = 1, .., Qs, Qs

is the image size and x(qs)
w = f

(qs)
ew (i, j) is a pixel value centered in (i, j) and

reconstructed from resolution level w.

Local Contrast and Normalized Local Contrast We consider adding two
relevant features from gray level statistical image of fe(i, j) such as local contrast
(LC) and normalized local contrast (NLC) proposed in [7]. LC is defined by the
convolution of fe(i, j) with a 2D filter function. The filter function used in this
experiment is a mean filter of window1 size l × k centered into position (i, j)
and is defined as x(q)

c in (1). NLC, is also defined as a contrast to noise ratio
and is defined as x(q)

cn in (2), where x(q)
c value is the LC and std(q)(fe(i, j)) is the

standard deviation in a window2 size n× n centered into position (i, j).

x(q)
c = fe(i, j)− 1

N

∑

(i,j)∈window1

fe(i, j), where N = l × k (1)

x(q)
cn =

x
(q)
c

std(q)(fe(i, j))(i,j)∈window2
(2)

We build a normalized SFVs set into [0, 1] with the four wavelet features and
the two gray level features as follow,

Ss = {x(qs) = [x(qs)
w , x(qs)

c , x(qs)
cn ] : w = 1, .., 4; qs = 1, .., Qs} (3)
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Clustering Method. In previous processes, we filter the ROI to remove amount
signals of noise and background, but there exists the probability of finding low
level objects in Ss. It is possible that some features represent background, vases
and tissue (Class 0) and others represent MCs (Class 1). The idea is that Ss

may be clustered in two possible class and build two sets S0 and S1 around
of the prototypes of the class centres z(0) = {z(0)w , z

(0)
c , z

(0)
cn : w = 1, .., 4} and

z(1) = {z(1)w , z
(1)
c , z

(1)
cn : w = 1, .., 4} respectively. So, we applied a well-established

unsupervised statistical method base on improved K-means algorithm to classify
the features into Ss in two class S0 and S1 and defined as S0/1 respectively in
(4), where,

Ss = {x(q0/1) : q0/1 = 1, .., Q0/1 and, x(q0/1) ∈ R
D} (4)

note that Q0+Q1 = Qs. So, we use the centre values z(0) and z(1) as criteria
to determine to which class belongs the MCs.

Feature Selection. The set Ss, have Qs sample vectors and x(q0/1) ∈ R
6 there-

foreD = 6. We do not know if the six features in x(q0/1) are relevant attributes or
are strongly correlated to obtain a high accuracy. We used a measure method fo-
cused to selecting features proposed by Belue-Buer in [12], but we introduce the
use of a GRNN instead of a Multilayer Perceptron (MLP), under the hypothesis
that it is much more appropriate for the application as explained in the next
subsection. In order to prove which feature work best, the Belues’s algorithm
propose to train a MLP on the full set with D features. Their algorithm use the
training to determine the relative significance of the input features and eliminate
the ones that have low significance by a relevance metric. The relevance metric
λr, is defined on the rth input feature x(qs)

r by

λr =
M∑

m=1

w(r,m)2 (5)

where w(r,m) is the weight on the line from the rth input node to themth hidden
neurode of a MLP with a single hidden neurode. The sensitivity of the network
output to each input feature x(qs)

r is determined and the input feature are ranked
in order of relevance. Features with low relevance metric are eliminated, as their
relevance is sufficiently low compared with the rest of relevances.

Generalized Neural Network. We can see that the feature selector algorithm
use G + 1 retrainings and this supposes a very slow process. Then, we use a
GRNN instead of a MLP. The GRNN was introduced by Donald F. Specht [13].
The main advantage of GRNN over the MLP is that, unlike the MLP which
need a larger number of iterations to be performed in training to converge to
a desired solution, the GRNN needs only a single pass of learning to achieve
optimal performance in classification. In general, we describe the operation of
the GRNNs. Let x be a feature vector and y be a scalar (target), and f(x, y)
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the joint probability density function (pdf) of x and y. The expected value of y,
given x, is,

E[y | x] =
∫ ∞
−∞ yf(x, y)dy∫ ∞
−∞ f(x, y)dy

(6)

the probability distribution function pdf is unknown, therefore it must be esti-
mated from sample values of x(qs) and y(qs) from a kernel function estimator
proposed by Parzen, see [13]. So that we can obtain the conditional mean of y
given x as,

y(x) =

∑Qs

qs=1 y
(qs) exp(−D(qs)2

2ρ2 )
∑Qs

qs=1 exp(−D(qs)2

2ρ2 )
(7)

where ρ is the width of the estimating kernel, Qs is the number of feature vectors
andD(qs)2 = (x−x(qs))T (x−x(qs)). We use a topology of GRNN proposed in [13].
The input layer simply passes the feature vectors x to all units in the hidden
layers that are a radial basis function exp[(−D(qs)2

2ρ2 )] and computes the squared
distances between the new pattern and training samples; the hidden-to-output
weights are just the targets y(qs) so the output y(x), is simply a weighted average
of the target values y(qs) of the training cases x(qs) close to the given input case
x. We choose the most relevant features using Belue’s algorithm combined with
this GRNN and build a new d−dimensional feature vector set,

S = {x(q) : q = 1, .., Qs, and x(q) ∈ R
d} .

Classifier. For its good results to classify MCs controlling the false positive
rate[11], we use a three layer MLP neural network to classify the new patterns
as normal (0) or MCs (1). The elements of the set S are used to train and
test the MLP accuracy. The MLP have a topology of 10:6:1 fully connected
with a sigmoidal function in each hidden node. The output node is thresholded
to have a output between 0 or 1 for each class. We build a confusion matrix to
determine the probability of detection MCs (TP),versus probability of false MCs
(FP).

3 Experimental Results

We have used a database with 50 cases of mammographies diagnosed as MCs.
The type of digitizer is a HOWTEK 960. The image resolution is 43.5 microns
at 12 bits by pixel. The ROIs are extracted out of database with a overlay
image marked previously by an expert. We obtained 168 ROIs in the segmenta-
tion. We centered and set each ROI in a sub-image of 256 pixels × 256 pixels
(≈ 1.24cm2 of area, MCs diameter have into .1mm at .05mm), so that we have
65,536 pixels by ROI. The ROIs (f) are equalized by histogram analysis, and
we suppress the pixels values very small to obtain a fe in each ROI. Then, we
applied a wavelet decomposition on fe from level 1 at 4. We analyze only the
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high frequencies in each level due that MCs are high frequency objects. So, the
low frequencies coefficients are suppressed before of the reconstruction of each
image at level 0. We obtain four sub-images few of the same size in each ROI.
We filter the fe using (1) and (2) to obtain two sub-images and we get fec for
LC and fenc for NLC in each ROI. In our experiments, we choose the window1

size of LC as 9 × 9 and the window2 size of NLC as 3 × 3 as in [8]. With the
six sub-images {few, fec, fenc : w = 1, .., 4}, we build the SFVs of the set Ss

with 550, 500 feature vectors obtained in image processing. Obviously, some fea-
ture vectors of Ss belong to vases, tissue and background. Then, we clustered
and labeled the feature vectors into set Ss using the improved K-means algo-
rithm. We obtained the labeled sets S0 with 548,020 samples and S1 with 2,480
samples. The sets S0/1 are partitioned into two mutually exclusive subsets with
2480 samples in training set and 2,480 samples in test set. We train the GRNN
and MLP (6:1) neural selectors with the training set to measure the relevance
metric of each feature into feature vector. In Table 3(a), reports the relevance
metric λi using Belue’s method to compre the performs of both neural networks.

In Fig.3(b), we show the effects in MCs detection using the trained MLP clas-
sifier (10:6:1), with 6, 5, 4 and 3 features in relevancy order. We denoted that
with 4 most relevant features the detection of MC’s is better with a area under
curve Az = 0.954. The worse performance is with 3 features with Az = 0.721,
and where Sensitivity = TP

TP+FN for a given level of specificity (Specificity =
TN

TN+FP ), that is, more cancers detected (True Positive TP), (fewer missed can-
cers (False Positive, FP)).

The results are comparable to other very well known researchs in the field [8,
7], but on feature set that represents a typical MC with a shorter feature vector.
Also, Belue’s method modified with a GRNN reduces the time of training.
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Fig. 3. (a) Comparison between GRNN and MLP Neural Selectors for relevance
measure with Belue’s Method, (b) Comparison with different number of features
into feature vectors
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4 Conclusions

We build a promising method to extract and select features to contribute to
solve the problem of automatic detection of MCs. Advantages are: (a) sensitivity
versus 1-specificity achieves good results with a short features vector. This fact
strongly suggests that the selected features are a representation of the MC that
can support a robust detection. (b) We efficiently discrimine the MC versus
normal tissue through the application of ANNs. (c) We save Processing time is
saved through the use of a GRNN variant in Belue’s method.
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Abstract. In this paper, a model o l  the neuronal regulator ol' the lower urinary 
tract that regulates the micturition process is presented. A multiagent system 
has been used in which each agent models the behaviour of the dil'lerent 
neuronal centres involved in the process. This model enables the distribution 
'and emergence characteristics of neuronal regulation to be represented. 
Likewise, aspects such as modularity and flexibility that allow new advances in 
research into the nervous system to be incorporatecl into the inodel have also 
been taken into account. Based on the proposed inoclel, a tool has been 
implemented which allows to simulate the functioning ol' the model showing 
the values related to urodymanic variables graphically. Several examples of the 
tests carried out with the inodel are presented in this paper and the results have 
been validated by comparing them with real data. 

1. Introduction 

The lower urinary tract is made up of a mechanical part, conlprising the bladder and 
the urethra that allow urine to be stored and expelled from the body, and a neuronal 
part that controls these two functions [I]. The complexity of the lower urinary tract 
(LUT) neuronal regulator can easily be appreciated if we take into account that both 
reflex and voluntary mechanisms are involved in its functioning [2]. 

In the study of disorders affecting the LUT we collie across critical situations that 
can cause problems of a social or psycliological nature and which aggravate the 
original physiological problem. For example, urinary incontinence leads to many 
psychosocial problems (isolation, embarrassing situations, frustration, etc) that have a 
great impact on the patient's quality of life [3],[4]. In spite of having the tools to 
obtain urodynianic data, urologists often find themselves in situations to which there 
is no reference in bibliographies or in which the references are somewhat confusing, 
for exailiple, obstruction analysis graphs with blurred areas [5]. 

Multiagent systems form a paradigm capable of providing sufficient expressive 
capacity to tackle the developnlent of a system with the characteristics of the lower 
urinary tract neuronal regulator: a distributed system with a very varied casuistry, 
emerging behaviour and the possibility of modifying its structure as new advances are 
made in neurological research. 

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 591-598,2003 
@ Springer-Verlag Berlin Heidelberg 2003 
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This paper is structured in the following way: first, a brief explanation of the 
characteristics and functioning of the biological model; second, the architecture of the 
PDE agents (perception, deliberation, execution) is defined; then, the application that 
has been carried out based on the model is presented together with the results 
obtained; and finally, comnients are made on the conclusions drawn from this study 
as well as on future lines of research. 

2. Structure of the biological neuronal regulator 

The biological neuronal regulator of the LUT is made up of neuronal centres and 
paths. The latter are in cllarge of cotni~~unication between the mechanical system and 
the neuronal centres [5]. Inforlnation passes fro111 the nlechanical system to the 
neuronal centres wllicli process it and retransmit it to the nieclianical components in 
order to contract or relax different nluscles [6], [7], [S]. Figure 1 shows the structure 
of the neuronal regulator. 

Fig. 1. Structure of the biological neuronal regulator with the afferent (A), efferent (E), 
voluntary (I) and internal signals between the neuronal centres 

The cortical diencephalic centre (CD) is associated with the start of micturition and 
its voluntary interruption. The preoptic area (PA), controlled by the CD centre, is a 
centre that facilitates micturition. Tlie periacqueductal grey area (PAG) centre also 
facilitates micturition and can be regarded as the retransnlitter of afferent signals from 
the bladder and urethra. The pontine storage (PS) and micturition (PM) areas are 
regarded as retransmitter centres of internal signals between the suprapontines and 
infrapontines centres (figure I). The sacral micturition centre (SM) is associated with 
nlicturition and sends efferent signals to the detrusor, the internal sphincter and the 
urethral instrinsic muscle. The sacral storage centre (SS) generates the contraction of 
the pelvic floor and the urethral extrinsic muscle, facilitating storage. The dorsal grey 
conlmissure (DGC) is associated with micturition and generates the inhibition of the 
sacral centres that facilitate retention. Finally, the thoracolumbar storage centre 
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causes the detrusor 
[71, ~91, [lo]. 

relax and the spincter contract, allowing urine stored 

3. Model of the neuronal regulator 

3.1 Multiagent system 

Although the agent concept is frequently used, there is no widely accepted definition 
[Ill .  In this paper, we regard agents as computational entities that are continually 
carrying out three functions: perception of the dynamic conditions of the 
environment, action (affecting these conditions) and reasoning (to interpret 
perception, solve problems, make inferences and decide on what action to take). This 
approach is known ac PDE architecture (perception, deliberation and execution) [12]. 

A multiagent eyeten1 conlpricec a group of agents cooperating among themselves in 
order to colve problemc. The characteristics of thece cystemc can be cummarized in 
the following points: 

- They allow problems to be tackled that are too large for one centralized agent to 
deal with. They provide solutions for problems of a distributed nature in an 
inherent way. 

- They facilitate the integration of quantative variables and behaviours based on 
synlbolic rules into the same model. 

- Scalability and a great flexibility are obtained. The organizational structure of the 
agents can be changed dynanlically in order to reflect the environment's evolution. 

- They provide control solutions in systems with enlerging behaviour. 

These cl~aracteristics coincide with the peculiarities of many biological control 
systems, and particularly with those of tlie system under study. The neuronal 
regulator of the LUT can be regarded ac a distributed control, considerably conlplex 
and with evidently enlerging behaviour cince the final regulation of the mechanical 
system is a result of the interaction of the neuronal centres related to the control. In 
addition, the continual progress in knowledge with regard to the functioning of the 
nervous system lnust be taken into account, and nlakes it advisable to offer scalable 
solutions that can be adapted to the advances made in the structure and organization 
of the biological model without tlie need for major modifications or changes in 
design. Likewise, the characteristics of any biological system or organism make it 
essential that the conlponents of a biological control model be flexible and adaptable. 

Multiagent sycten~c are cuccescfully uced in ceveral modelling and control projects. 
Some of those projects are the following: 

DR ABBility. This is a general-purpose system to monitor and manage different 
kinds of systems such as a personal diary [13] or control and surveillance systems. 
NRS or node regeneration system. This is a system based on intelligent agents 
used to maintain all the nodes on a network operational irrespective of their nature 
or function [14]. 
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Telemedicine. Telemedicine services can function as a group of agents that interact 
and provide a support for professional doctors [15]. 

3.2 Formalization of the model 

We define the neuronal regulator of the LUT in the following way: 

Neural Regulator = ('ls~R, NC) (1) 

let "'IR be the regulator interface with the mechanical system of the LUT and NC the 
group of neuronal centres. We consider that the interface regards the LUT as a system 
of actions and reactions, using the following structure: 

M S ~ R  = @, r, P, React) (2) 

in which C represents the group of poscible ctates for the syctenl. r identifiec the 
group made up of the poscible intentions of actions on the cyctem. The neuronal 
centres do not have overall control of the system and they also have to combine their 
objectives with those of other centres, so that the result of each action will be 
represented as an intention of action on the system. P is the set of all the possible 
actions that the centres can perform on the system. Finally, the React function will be 
in charge of coordinating the different contributions carried out by the neuronal 
centres as intluencec. 

Fig. 2. Graphic representation of the neuronal regulator 

The states of the system (Z) can be expressed by defining the value of the different 
neuronal signals, both the afferent and efferent ones, tlzat act as an interface with the 
mnechanical system. Each state o, E Z is defined as a list of pairs (signal, valuesignal): 

o, = n (sig,, valj) = ((sigl, d l ) ,  (sig2, va12), ..., (sig,, val,)) (3) 

Cognitive agents have been used to model the neuronal centres tlzat configure the 
neuronal regulator. These agents are characterized by possessing an internal state that 
gives them the capacity to memorize and develop a decision function that is more 
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powerful than the one used in other types of agent (reactive) [12]. Figure 2 shows the 
diagram of the cognitive agents equivalent to the design of our neuronal centres. 

A cognitive agent can be formally described using the structure: 

a = (a,, S,, Percepb, Mem,, Decisibn,, Exec,) (4) 

That is, as a set of perceptions a,, a set of internal states S,, a perception function 
Percept, a memorization function Mem,, a decision function Decision, and an 
execution function Exec,. 

In the case of our neuronal regulator, the perception function of agent a will 
consist of extracting the sublist of pairs from the state of the world whose afferent 
neuronal signals are the destination of the a agent and whose efferent signals are the 
origin. The menlorization function will connect the internal state of the agent with a 
perception and the decision function will be in charge of connecting a task with this 
perception in a specific internal state. 

Percept, : C + a, ; Mem, : a, x S, + S, ; Decision, : a, x S, + P 

Finally, and since we are dealing with a nlultiagent system, the different influences 
from all tlie centres taking part in the regulator will have to be combined (figure 2). In 
order to do this, the union function is defined. The stzzte of the system with regard to 
time will be expressed by the following equation: 

4. Implementation of the model 

In order to validate the model, a visual simulator has been developed with which the 
mechanical variables (input flow of urine, elasticity of the detrusor nluscle etc.) can 
easily be modified and the functioning thresholds of the different neuronal centres can 
be controlled independently. This control enables the behaviour of the neuronal 
centres to be modified artificially, by operating with out-of-range values, and by 
simulating disorders in the functioning of the lower urinary tract. 

The simulator has been developed using Java as the progranlming language [16] 
and with the support of a graphical representation tool. The application is made up of 
a module in charge of controlling tlie parameters (figure 3) in which tlie modifications 
to be carried out on the normal functioning values are indicated. These modifications 
can be performed in execution time, simulating in this way a sporadic change in any 
active elements of the system and enabling the regulator's behaviour to be analyzed. 
The other conlponent of the simulator is the graphic viewfinder that will show the 
changes in the values of the urodynalnic variables represented in the model during the 
micturition cycle. 

Several examples are given of the tests carried out to verify the functioning of the 
model: one in a normal situation and one that reflects the model in a situation with a 
disorder. In the first example, the results presented are those obtained with the model 
considering normal initial values and the functioning of the model without any 
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alteration, that is, with the neuronal centres working as they have been designed to 
according to their biological functioning or behaviour. 

Fig. 3. Capture on screen with the simulator in execution for illustrative purposes. The 
particular data appearing in this diagram are irrelevant 

Figure 4 @) sliows a cliaracteristic vesical pressure curve. Initially, increases in 
urine (figure 4 (a)) generate exponential increases in pressure due to stretching of the 
niuscle. The process is followed by an adaptation phase and ends with the contraction 
of the detrusor, which increases vesical pressure and therefore leads to micturition. 

Fig. 4. Emnptying-filling behaviour in a normal situation provided by the sirnulator 

Vesical volume Dehusor pressure 

In the second exanlple (figure 5), a disorder resulting from a suprasacral injury, 
that is, a loss in communication between the sacral centres (SM, SS, DGC) and the 
upper centres, is reflected. This type of injury usually generates a detrusor-sphincter 
dyssynergia [17]: at die same time as tlie detrusor contracts, contraction of tlie 
external sphincter is also produced. With this injury, the individual cannot retain urine 
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voluntarily and small quantities of urine are expelled. In order to model this disorder, 
the internal communications among the aforementioned centres have been cancelled. 
The flexibility offered by the agent paradigm makes this operation extremely simple 
to perform without the need to worry about other interactions of the agents with the 
rest of the system since it is the system itself that will solve this problem (emergency 
property). 

Fig. 5. Simulation of a cletrusor-sphincter clyssynergia using the simulator 

Vesical volume Detrusor pressure 

5. Conclusions 

1%- 

1M ~ 
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e 
1 4 0 ~  
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Tluougl~out this paper a model of the neuronal regulator of the LUT using the 
intelligent agent paradigm has been set out. This paradigm, widely used in other 
fields cuch as roboticc or communicationc, has interecting featurec that cover the 
implicit requirements common to the majority of biological control models 
(distribution, adaptability, emergency, etc). 

A cinlulator has been used to validate the model and with it, urodynamic graphs 
have been obtained and comparisons have been made wit11 real data obtained from 
healthy individuals or ones with simulated disorders. This simulator can be used by 
specialists in research tasks to discover new information about the mechanical- 
neuronal functioning of the lower urinary tract or to complement existing data. In 
hocpitalc, it can be of uce ac a nucleuc of a monitoring and diagnostic aid tool. In the 
field of teaching, it can be used to explain and understand pathological disorders 
connected with the lower urinary tract. 

Our most immediate tack is to improve the ucer interface of the application 
designed in such a way that its use is more intuitive for urology specialists. At the 
same time, we aim to enlarge the model by improving the cognitive capacity of the 
agents in order to create an ~ i f i c i a l  system capable of self-regulation and of reducing 
the problems posed by the biological regulator. Over a longer ternl, this research 
aims to be used as a basis for designing control devices that can be implanted. 
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Abstract. A neural network model is used for estimating Ambulatory
Systolic Blood Pressure (ASBP) variations from corporal acceleration
and heart rate measurements. The temporal correlation of the estimation
residual, modeled by a �rst order autoregressive (AR) process, is used
for training the neural network in a maximum likelihood framework,
which yields a better estimation performance. As data are collected at
irregular time intervals, the �rst order AR model is modi�ed for taking
into account this irregularity. The results are compared by those of a
neural network trained using an ordinary least square method.

1 Introduction

24-hours Ambulatory Systolic Blood Pressure (ASBP) recording has become a
common tool to diagnose hypertension and evaluate anti-hypertensive drugs ef-
�ciency. The ASBP pro�le is obtained by a portable device which measures and
records blood pressure during 24 hours, while the patient is leading a normal
life. However, ASBP is a time varying variable which may increase signi�cantly,
in response to various parameters like emotional stress, physical activity, etc.
This high variability makes the pro�le analysis and the evaluation of the drug
treatment eÆciency very diÆcult since the e�ect of the drug can be masked by
sudden variations in ASBP due to external stimuli.

One of the solution proposed [1] for this problem is to equip the systolic blood
pressure recorder with an accelerometer and an ECG portable recorder. They
will provide body acceleration and heart rate data concomitant with ASBP mea-
surements. Then, we will develop a model that can link ASBP variations with
body acceleration and heart rate data. The estimation obtained by this model
will be compared by the ASBP measurements, and used for reducing the varia-
tions due to changes in physical activities and, to a certain extent, to emotions.

In this paper, our objective is to estimate ASBP as a function of body acceler-
ation and heart rate, using a neural network in a maximum likelihood framework.

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 599-606, 2003. 
c Springer-Verlag Berlin Heidelberg 2003



As we will see, the estimation residual is temporally correlated. This correlation
must be taken into account in maximum likelihood estimation. Since data are
not collected in regular time intervals, the temporal correlation modeling requires
some special consideration. Although the approach is developed for this special
application, it is theoretically interesting and can be generalized to many other
practical applications where the estimation residual is temporally correlated.

2 Experiments and data analysis

2.1 Description of the experiments

32 recordings of ASBP were achieved, from 16 di�erent subjects1. For each sub-
ject, the experiment was repeated twice, separated by a period of a minimum of
one week. Each recording lasted 24 hours, during which ASBP is monitored by a
portable device. The ASBP is measured nearly every 15 minutes during the day
and nearly every 30 minutes during the night. the intervals were not however
completely regular and depend also on subjects. Body movement is measured
continuously by a portable accelerometer (worn on the chest) which measures
acceleration along the three axes. The acceleration signal is �ltered between 0.05
and 10 Hz with two analog �lters, and samples at a frequency of 50 Hz. The
mean of the absolute value of the signal is measured continuously with a portable
device.

2.2 Data analysis

For reducing the dynamic range, the logarithm of acceleration signal is computed.
The heart rate over 3 minutes and the acceleration over 5 minutes preceding the
ASBP measurements seem have the maximum correlation with ASBP. Thus,
their averages over these periods are used in modeling. Data are also centered
and divided by their standard deviations.

3 Neural network modeling

After the preprocessing of the previous section, for each subject, two data base
corresponding to two experiments separated by at least one week are obtained.
The �rst one is considered as the training data base and the second one as test
data base. Some samples of training data base are used for forming a validation
data set, used for choosing the network size. In the �rst modeling experiment,
we use a two-inputs, one-output, multi layer perceptron (MLP) with one hidden
layer. The output is the ASBP signal and the inputs are the normalized heart
rate and body acceleration as explained in previous section.

1 All the subjects were young students, male or female, between 20 and 30 years old,
some su�ering from mild hypertension.
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To determine the optimal number of neurons in the network hidden layer, 
we could use a constructive algorithm [2]. However, since the constructive ap- 
proaches may lead to  sub-optimal solutions, we preferred to  use a trial and error 
approach, especially as we have a validation data set. Thus, for each subject, 
the networks containing one to  ten hidden neurons are trained by training data 
to  minimize an Ordinary Least Square (OLS) criterion using a gradient descent 
algorithm. For each network, the validation error is evaluated using validation 
data and a cross-validation framework. The network providing minimum valida- 
tion error is chosen as the optimal network. For one of the subject, the residual 
of this network estimation (as a function of time) and its autocorrelation func- 
tion are presented in Fig. 1. The existence of the temporal correlation in the 
residual shows that the two above known inputs are not sufficient for removing 
the temporal correlation. It  can be due to  the influence of unknown tempo- 
rally correlated sources (stress, feeding, static activities, ...). As we will show, 
this temporal correlation can be exploited by maximum likelihood method to  
improve the estimation. 

IIeart rate 

Corporal acceleration 

Blood ~ 
pressure + 

- ;/' \, , 
Estin~ation of "L-1 residue 
hlood pressure 

Fig. 1. Blood pressure modeling: Estimation residual and its autocorrelation function. 



4 Maximum likelihood estimation

A typical non linear time series modeling using MLP can be presented as follows.
Given a N-size data set, collected at time instances t1; t2; � � � ; tN :

(x(ti); y(ti)) = (x(ti); f(x(ti)) + �(ti)) ; i = 1; :::; N (1)

where x(ti) are samples of the input variable x(t) 2 RP , y(ti) are samples of the
output variable y(t) 2 R and �(ti) represent the samples of the output noise,
one wants to �nd a good approximation of the function f(:). The noise is de�ned
as the part of y which does not depend on x. Supposing f(:) a continuous and
bounded function, the universal approximation theorem of Cybenko [3] guaran-
tees that f(:) can be approximated with an arbitrary precision using a suitable
size single hidden layer MLP whose output can be written as g(x(t);w�) where
w� is the optimal weight vector. In this case, (1) may be rewritten as:

(x(ti); y(ti)) ' (x(ti); g(x(ti);w
�) + �(ti)) ; i = 1; :::; N (2)

Let g(x(t);w�) contains R sigmoidal hidden neurons and suppose g(x(t);w)
represents the output of the class of single hidden layer MLP containing R sig-
moidal hidden neurons; denoting �(t;w) = y(t) � g(x(t);w), we would like to
optimize w to obtain the best approximator for w�. When the noise samples,
�(t), are independent and identically distributed (i.i.d.) Gaussian variables, ordi-
nary least square (OLS) estimation is usually used and coincides with asymptot-
ically eÆcient maximum likelihood (ML) estimation. It consists in minimizing
EOLS = �(w)T �(w) where � is the vector containing all the samples of the resid-
ual. However, in many practical situations, like what we saw in ASBP modeling,
the noise samples may be correlated in time. In this case, the OLS estimator
is sub optimal and does not coincide with ML estimator . We have recently
proposed [4] an algorithm for maximizing the likelihood function by taking into
account the temporal correlation of the residual, which is modeled by an au-
toregressive process. This algorithm was however designed only for the case of
regular data sampling, and can not be applied directly to our problem, because
here the samples are collected at irregular time periods. In the following, for the
special case of residual modeled by a �rst order autoregressive (AR1) process,
we generalize the idea developed in [4] for irregular sampled data.

4.1 Theory

Inspired by the work of [5], the temporally correlated sequence �(t) in the relation
1, will be described using the following non stationary AR1 model.

�(ti) = �Ti�(ti�1) + n(ti) (3)

where n(t) represents a sequence of Gaussian independent random samples and
Ti = ti � ti�1. Note that if the sequence �(t) is stationary: �(t) � N (0; �2� ) ,
the sequence n(t) can not be stationary unless Ti is constant, because: �

2
n(ti)

=
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(1� �2Ti)�2� , depends on Ti.

Our objective is to �nd the maximum likelihood estimation of the MLP
weights w, and the noise parameters � and �2� , which may be concatenated in
a parameter vector � = [w; �; �2� ]

T . This estimation is obtained by maximizing
the joint density of all the output observations:

L1 = fy(y(t1); y(t2); � � � ; y(tN )) (4)

Denoting the estimation residual by �(ti;W) = y(ti)�g(x(ti);w), where g(x(ti);w)
is the network output at instant ti and w is the actual network weight vector,
the above criterion can be rewritten as:

L1 = f�(�(t1;w); �(t2;w); � � � ; �(tN ;w)) (5)

Considering (3), the above relation writes:

L1 = f�(�(t1;w))
NY

i=2

f�(�(ti;w)j�(ti�1;w)) (6)

or equivalently,

L1 = f�(�(t1;w))

NY

i=2

fn(�(ti;w)� �Ti�(ti�1;w)) (7)

Since �(t1) and n(t) are supposed Gaussian, we can write:

L1 =
expf��

2(t1;w)
2�2

�

g
p
2��2�

NY

i=2

1p
2��2� (1� �2Ti)

expf
�[�(ti;w)� �Ti�(ti�1;w)]2

2�2� (1� �2Ti)
g

(8)
Taking the logarithm and after eliminating the constant terms, maximizing the
likelihood function reduces �nally to minimizing the following cost function:

L2 = N log�2� +

NX

i=2

log(1� �2Ti)+
1

�2�
[�2(t1;w)+

NX

i=2

[�(ti;w)� �Ti�(ti�1;w)]2

1� �2Ti

]

(9)
It is suÆcient then to replace �(ti;w) by y(ti) � g(x(ti);w), and to minimize
the cost function with respect to the parameter vector �, using an iterative
algorithm. We use the conjugate gradient method which �nds the optimal value
of the learning rate using a line minimization algorithm. To ensure that the
estimation of � satis�es the condition j�̂j � 1, we use the variable change � =
b=(1 + jbj), and estimate b instead of �.
Note that if data are regularly collected, Ti is constant so that the cost function
(9) may be considerably simpli�ed.
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5 Experimental results

For the 16 patients, the training data, preprocessed as explained in section 2, are
used for training the one hidden layer MLP using both OLS and ML methods.
For each patient and each method, the networks containing one to ten hidden
neurons are trained, and the network providing minimum validation error is se-
lected as the best network.

Figure 2 represents the variation of ASBP and its estimations by OLS and
ML methods as functions of logarithm of corporal acceleration and heart rate
for one of the patient. The extremely noisy nature of data can be remarked in
this �gure.

The training and the test mean square errors for the 16 patients are given
in Table 1. The results con�rm the better performance of ML estimator in gen-
eralization, thanks to the noise modeling. The OLS estimator pays no attention
to noise structure and tries to memorize the noisy data. Hence, it has a better
performance on the training data but a weaker generalization performance in
comparison with ML estimator. Thus, the ML-trained networks are the better
candidates for modeling ASBP.

Table 1. Training and test mean square errors for each of Ordinary Least Square and
Maximum Likelihood estimators for the 16 subjects.

training error test error

Patient Least Square Maximum Likelihood Least Square Maximum Likelihood

1 0.3581 0.3429 0.8141 0.7158

2 0.3076 0.3160 0.3818 0.3662

3 0.3838 0.3899 0.6675 0.5318

4 0.2514 0.3625 0.2364 0.2235

5 0.2550 0.2571 0.5917 0.5297

6 0.3185 0.3190 0.4953 0.4834

7 0.3261 0.3311 0.7162 0.7271

8 0.1583 0.1614 0.3903 0.4087

9 0.4555 0.5277 0.4745 0.4563

10 0.4205 0.4849 0.8057 0.7389

11 0.2790 0.2940 0.5317 0.5170

12 0.2075 0.2495 0.5425 0.5246

13 0.3073 0.3140 0.2684 0.2312

14 0.2631 0.2632 0.4832 0.4517

15 0.6797 0.7558 0.7194 0.6802

16 0.3680 0.4138 0.7339 0.6704

mean 0.3337 0.3614 0.5553 0.5160
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6 Conclusion

In this paper, we used a multilayer perceptron (MLP) for modeling ambulatory
systolic blood pressure (ASBP) as a function of corporal acceleration and heart
rate. We saw that whatever be the size of MLP, the estimation residual preserves
some temporal correlation. It is because that the unknown temporally correlated
factors in
uence ASBP. This e�ect was represented using an additive noise term,
modeled by a �rst order autoregressive (AR1) model. To cope with the irregular
data sampling, the AR1 model was modi�ed to be non stationary. Afterwards, a
maximum likelihood (ML) approach was used for estimating simultaneously the
MLP weights and the noise model parameters. The experimental results showed
that the ML estimator had a better generalization performance in comparison
with the ordinary least square estimator. The approach, initially developed for
this special application, may be used in many practical situations where the
estimation residual is temporally correlated.
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Abstract. The ele~trocardiograrn (ECG) has a characteristic morphology com- 
posed by various waves, corresponding to the activities in different regions of 
the human heart. These waves h a ~ ~ e  expected ranges of diration and arnpli- 
tude, and large deviations from such values indicate a series of heart diseases. 
This work proposes an algorithm, based on multiple multi-layer perceptron 
(MLP) neural networks, to automatically determine the onset and offset of 
each component wave, as a fist step for implementing a fully automated diag- 
nosis system. Data obtained from the ME-BM databaqe have been used, com- 
prising a series of long term measurements in patients and also manual defini- 
tion of the limit points performed by clinical physicians. The results clearly 
show the applicability of the MLP model in this biomedical task. Also, the 
combination of the results provided by all trained neural networks, instead of 
only the best one, has proven to impro~~e the overall performance of the sys- 
tem. 

1 Introduction 

An electrocardiograph is a noninvasive diagnostic tool that records the electrical 
activity of the heart, presently being the most widely used biomedical instrument for 
the investigation of heart diseases [I]. Ten electrodes are connected to the patient 
(four electrodes connected to the limbs, and six electrodes attached to the chest) and, 
by combining pairs of electrodes, up to twelve standard leads can be measured. The 
recorded signal is called an electrocardiogram (ECG), being divided into six "limb 
leads called I, 11, III, avL, avR and avF, and six "precordial" leads, V1 through V6. 
The limb leads can be considered as projections of an equivalent current dipole (that 
encompasses the electrical propagation in the heart) on various directions in the 
frontal plane, whilst the precordial leads are projections on the transverse plane. 

Fig. 1 shows a typical lead I1 measurement, where it can be clearly seen that the 
signal is composed by various separate waves, each one corresponding to the propa- 
gation of the electrical activity in a specific region of the heart. The P wave corre- 
sponds to atrial electrical activation, the QRS complex corresponds to ventricular 
electrical activation, and the T wave to ventricular electrical recovery. 
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Fig. 1. Lead I1 ECG signal, depicting the three distinct wave components: P, QRS and T. 

Any physician is able to interpret an electrocardiogram and obtain a large amount 
of information about the patient's health. Also, several intelligent algorithms have 
already been applied in this field, mainly aiming to classifji between normal and 
pathologic patterns, which generally is a conventional classification task [2-41. 

Another approach to the automatic analysis and diagnosis of ECG signals is to 
initially determine the amplitude and duration of the individual waves, and then 
compare such values with average expected ranges, with large deviations indicating 
a series of heart diseases. This first problem, of extracting and measuring the indi- 
vidual waves, has been tackled by a n~unber of different algorithms, of which the 
wavelet transform seems to be the most promising [5,6]. However, some signal-to- 
noise issues sometimes prevent correct application of wavelets. 

This work presents a multiple MLP neural network system, trained using data 
from the MIT-BIH database [7,8], to automatically determine the onset and offset of 
each wave. Next section presents the ECG data nsed in this work, followed by the 
pre-processing that defines the training patterns for the neural networks. Sections 4 
and 5 present the neural networks and results, followed by a brief discussion. 

2 ECG Data 

The ECG data nsed in this work was obtained from the MIT-BIH database [7,8], a 
well-known public database of ECG recordings. A total of 11 long term signals have 
been selected, with an average of 30 cardiac cycles per patient, for which there were 
available also annotation data defined by expert physicians. For each annotated cy- 
cle, the instants corresponding to the following events have been marked: 

P wave onset, peak and offqet 
QRS complex onset and offset 
R wave peak 
T wave onset, peak and offiet 

There are available a total of 273 cardiac cycles, each one resembling the sample 
shown in Fig. 1, and 273 sets of time instants that define the limits and peak posi- 
tions of the various components of each cycle. However, only 103 annotations are 
available for the T wave onset, due to the difficulty of defining such time instants. 
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From the time instants above defined, clinically relevant time and amplitude pa- 
rameters can be determined, such as: 

Heart rate (bpm) 
P wave duration (ms) and amplitude (mV) 
QRS complex duration (ms) and R wave amplitude (mV) 
T wave duration (~ns) and amplitude (mV) 
PR interval duration (ms) 
QT interval duration (ms) 

Next section describes the pre-processing steps necessary to define the neural net- 
works input and output patterns. 

Initially, the time instants corresponding to P, R and T wave peaks are determined, 
by means of a simple threshold and windowing algorithm. From the time instants 
corresponding to consecutive R wave peak?, the instantaneous heart rate can be eas- 
ily calculated. Next, a time window, herein called capture frame, is defined such as 
to extract a single cardiac cycle (PQRST sequence), as shown in Fig. 1. 

A heuristic algorithm has been empirically derived in order to define the captwe 
frames, based on the position of the individual wave peaks. The beginning of each 
captwe frame is defined at 90% the distance between the corresponding P wave peak 
and the preceding T wave peak, whilst its endpoint is defined at 30% the distance 
between the corresponding T wave peak and the following P wave peak, as shown in 
Fig. 2. This way, the asymmetry of the ECG signal about the R peak is taken into 
account. Also shown in Fig. 2 are the expert-defined time instants corresponding to 
the various waves. 

For each capture frame, the isoelectric line (zero milivolts, corresponding to ab- 
sence of cardiac electrical activity) is recovered, as the signal is generally corrupted 
by low frequency noise, mainly due to patient motion and respiration. To do so, a 
linear best fit is employed, considering that the beginning and endpoint of each cap- 
ture frame must be at zero level. 

Each capture frame is then subdivided into three wave frames, corresponding to P 
wave, QRS complex and T wave. The P wave frame spans from the beginning of the 
capture frame to half the distance between the P wave and R wave peaks. 

t ~ m e  (ms) 

Fig. 2. Capture frarne (defined by the vertical solid lines) divided into three wave frames 
(defined by the vertical dashed lines), and annotated time instants (crosses) as defined in the 
MIT-EM database by clinical experts. 
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The QRS wave frame starts at the endpoint of the P wave frame and ends at half 
the distance between the R and T wave peak?. Finally, the T wave frame spans from 
the endpoint of the QRS wave frame to the endpoint of the capture frame, as depicted 
in Fig. 2. The signals corresponding to each wave frame are then extracted and nor- 
malised. Finally, the absolute value of the QRS wave frame is calculated. 

Then, for each wave frame, a number of percent levels is defined (e.g. 1596, 3096, 
45%, 60%, 75%), and the time instants at which the normalised wave crosses each 
level are determined. Also, the instant relative to each wave peak is considered as the 
origin of time (t  = 0), thus time instants located to the left of the peaks are negative, 
and the ones to the right are positive. Figures 3 through 5 show examples of the 
procedure for the three types of wave frame. 

Finally, each time instant is divided by half of its corresponding wave frame 
length, thus being normalised to the range [-I, +I]. These normalised values define 
the neural network input patterns, as described in the next section. 

-60 -40 -20 0 20 40 60 
time (ms) 

Fig. 3. P wave frame, P wave peak position (cross) and time instants corresponding to the 
various percent levels (dots). 

-50 -25 0 25 50 
t~me (ms) 

Fig. 4. QRS wave frame, R wave peak position (cross) and time instants corresponding to the 
various percent level (dots). 

-100 -50 0 50 100 
t~me (ms) 

Fig. 5. T wave frame, T wave peak position (cross) and time instants corresponding to the 
various percent levels (dots). 
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4 MLP Neural Network System and Results 

The MLP neural system is composed by four neural networks, with one hidden layer 
and log sigmoid activation functions. The first and second neural networks types, 
called "P" and "QRS" networks, have 2 output neurons, yielding the onset and ofhet 
of the corresponding wave or complex. The remaining neural networks, denoted 
"TB" and "TE ,  have one output neuron, yielding T wave onset and offset, respec- 
tively. Such division was due to the asymmetry that is inherent to the T waves. 

The total n~unber of patterns was divided in 196 for training, 50 for validation and 
27 for test. In the case of "TB" network the patterns were divided in 60 for training, 
16 for validation and 27 for test. The number of input neurons varied from 10 to 18, 
and the optimal number can be different for each wave. For each neural network, the 
number of hidden neurons has been varied from 5 to 20. For each configuration, a 
total of ten neural networks have been trained, in order to take into account the ran- 
domness associated with synaptic weights initialisation. Tables 1 through 4 presents 
the mean absolute percent errors (MAPE) for the most relevant configurations tested 
for the "P", "QRS", "TB" and "TE" neural networks, respectively. 

Table 1. Results obtained for the "P" neural network 

# Input Layer # Hidden Layer Training Validation Test 
Neurons Neurons MAPE (5%) MAPE (5%) MAPE (%) 

10 10 6.75 12.68 24.05 
15 4.55 12.58 23.84 

12 5 8.99 13.01 25.65 
10 6.00 13.67 24.76 

14 5 8.61 12.88 25.33 
20 0.41 13.02 24.52 

16 5 8.71 13.52 26.28 
20 0.06 13.74 24.25 

18 5 7.75 14.17 29.13 
20 0.00 13.56 24.42 

Table 2. Results obtained for the "QRS" neural network 

# Input Layer # Hidden Layer Training Validation Test 
Neurons Neurons MAPE (%) MAPE (5%) MAPE (%) 

10 5 4.21 5.28 5.17 
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Table 3. Results obtained for the "TB" neural network 

# Inpnt Layer # Hidden Layer Training Validation Test 
Ne~uons Ne~uons MAPE (%) MAPE (5%) MAPE (5%) 

10 5 5.64 7.77 13.23 
10 4.62 7.52 12.66 

12 10 4.20 7.34 11.76 
20 3.16 6.89 11.80 

14 5 4.88 7.09 13.16 
15 2.98 6.64 12.68 

16 5 4.54 6.94 12.03 
10 3.01 6.88 12.02 

18 10 2.96 7.26 1 1.92 

Table 4. Results obtained for the "TE neural network 

# Inpnt Layer # Hidden Layer Training Validation Test 
Ne~uons Ne~wons MAPE (') MAPE (%) MAPE (%) 

10 5 6.34 7.44 7.97 

The best configuration for each table, based on the validation MAPE, is indicated 
in boldface. The results obtained for the test patterns were satisfactory, with the larg- 
est errors in the "K' networks (23.84%), followed by "TB" (12.68%) and " T E  
(9.49%), with the best results obtained for the "QRS" network (5.36%). Such results 
are compatible with the nature of the individual waves, as the P wave is generally the 
one with the poorest signal-to-noise ratio. 

Regard now that a total of 200 networks have been trained for each wave (5 input 
layer sizes, 4 hidden layer sizes, and 10 networks for each configuration) and are 
already available for use. Also, the test patterns had already been presented to all 
neural networks, yielding a vector of output values for each test pattern. 

For instance, Fig. 6 presents two examples of histograms of the output values, for 
the "K' neural networks, together with the arithmetic means and corresponding 
targets. It can be noticed a dispersion of the outputs about the mean and about the 
target, what suggested that the combination of the values provided by more than one 
individual network could improve the system performance. 
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Fig. 6. Two examples of histograms (for two distinct test patterns) composed by all trained 
"P" neural networks outputs. The solid vertical lines are the arithmetic means, and the verti- 
cal dashed lines are the corresponding targets. 

0 

The combination of several n~unbers of ne~ual networks have been tested, includ- 
ing the best individnal configurations shown in Tables 1 through 4 (that is, only one 
network for each wave), and also the combination of all available networks. Table 5 
presents a sumnary of the res~dts, for 1, 5, 25 and 200 combined network outputs. 
The best configurations were selected based on the validation MAPE errors. 

0 

Table 5. Results obtained for the four types of neural networks, using only the best configu- 
ration, all trained configurations, or combinations of 5 and 25 best configurations 

0 5 10 15 0 5 10 15 
t ime  (msj  t ime  (ms)  

# Ne~ual "F"' Test "QRS" Test "TB" Test " T E  Test 
Networks MAPE (%) MAPE (%) MAPE (5%) MAPE (%) 

1 23.84 5.10 11.76 7.97 
5 19.44 5.18 8.93 7.76 
25 19.44 5.99 1 1.02 12.75 
200 21.62 4.85 10.72 8.68 

Fig. 7 presents two sample tests of the four combinations of neural networks in 
full heart cycles, using the test patterns as inputs to the five best configurations. 

0 200 400 600 0 200 400 600 
t ~ m e  (ms) t ~ m e  (ms) 

Fig. 7. Test of the combined best five neural networks in a full cycle. The expert annotated 
time instants are shown as circles, and the positions defined by the neural network as crosses. 
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5 Discussion 

In Table 5 ,  it can be noticed that, with the exception of the "QRS" network, the 
combination of networks has improved the performance, as long as the number of 
combined network? is kept small. Indeed, 5 networks can be considered as an opti- 
mum number, having improved the "P" network MAPE by 4 percentile points and 
the "TB" MAPE by 3 points. If this number is further increased, to 25 and 200 net- 
works, the performance degrades. As for the "QRS" network, the there not much 
difference between the various tests, mainly because the MAPE error is already quite 
small, and thus it does not benefit from the combination of various waves. 

The test results clearly show the applicability of the MLP model in the biomedical 
task of determining the onset and offiet of the various waves that compose an ECG 
signal. When comparing the onsets and offiets with the expert-defined positions, as 
shown in Fig. 7, the actual absolute errors are very small, with the larger ones con- 
centrated in the P wave (due to poor signal-to-noise ratio) and in the T wave onset 
(as there were less available training data in this case). 
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Abstract. This work presents the development of an automatic recognition sys-
tem of infant cry, with the objective to classify two types of cry: normal and 
pathological cry from deaf babies. In this study, we used acoustic characteristics 
obtained by the Mel-Frequency Cepstrum and Lineal Prediction Coding tech-
niques and as a classifier a feed-forward neural network that was trained with 
several learning methods, resulting better the Scaled Conjugate Gradient algo-
rithm. Current results are shown, which, up to the moment, are very encourag-
ing with an accuracy up to 97.43%.  

1   Introduction 

The infant crying is a communication way, although more limited, it is similar to 
adult's speech. Through crying, the baby shows his or her physical and psychological 
state. Based on human and animal studies, it is known that the cry is related to the 
neuropsychological status of the infant. The studies had led to the development of 
conceptual models that describe the anatomical and physiologic basis of the produc-
tion and neurological control of the cry [1].  
Parents and specialists in the area of child care can learn to distinguish among the 
different kinds of baby cries, making use of individual perception for the auditive 
differentiation and interpretation of the several ways an infant cries. In this case, both, 
differentiation and interpretation are totally subjective, and their only support comes 
from the training and experience of each person. According to the specialists, babies´ 
and crying wave carries useful information, as to determine the physical and psycho-
logical state of the baby, as well as to detect possible physical pathologies, mainly 
cerebral, from very early stages. Our initial hypothesis was that if this relevant infor-
mation exists into the cry, it could be possible the extraction, recognition, and classifi-
cation by automatic mechanisms.  
In previous works on the acoustical analysis of baby crying, it has been shown that 
there exist significant differences among the several types of crying, like healthy, pain 
and pathological infant cry. Using classification methodologies based on Self-
Organizing Maps, Cano [2] attempted to classify cry units from normal and pathologi-
cal infants. In another study, Petroni used Neural Networks [3] to differentiate be-
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tween pain and no-pain crying. Previously, in the seminal work done by Wasz-
Hockert spectral analysis was used to identify several types of crying [4]. In a recent 
investigation,  Taco Ekkel [5] attempted to expand  a set of useful sound characteris-
tics, and find a robust way of classifying these features. The goal of Ekkel was to 
classify neonate crying sound into categories called normal or abnormal (hypoxia) and 
reports a correct classification rate of 85%, in the most successful results, based on a 
redial basis function network. All the studies mentioned were done using a small set of 
samples. However, up to this moment, there is not a concrete and effective research 
technique, on baby crying, useful for clinical and diagnosis purposes. 

2   Infant Cry 

Crying is the only communication mean that the baby has in the first months of life, 
before the use of signs or words. The Crying wave is generated in the Central Nervous 
System, that’s why the cry is thought to reflect the neuropsychological integrity of the 
infant, and may be useful in the early detection of the infant at risk for adverse 
developmental outcome. Two kinds of crying are considered: normal and pathological 
crying. In our study, pathological cry is a cry from a deaf baby and a cry from a 
healthy baby is considered normal cry. Hearing is not bounded only to the ear, instead 
it is a more complex neurological function. The ear has the function of a microphone, 
which is enable to perceive sound, but not to processing and recognition of the sound, 
which purely is a cerebral function. Cerebral nerves determine the sound qualities of 
the cry, in this sense, the alteration or damage to any of these nerves will affect di-
rectly the acoustic characteristics of the cry.  
The Automatic Infant Cry Recognition process is basically a problem of pattern proc-
essing. The goal is to take the crying wave as the input pattern, and finally obtain the 
type of cry or pathology detected in the baby. Generally, Automatic Cry Recognition 
is done in two steps. The first step is known as signal processing, or feature extraction, 
while the second is known as pattern classification. The infant cry corpus has been 
collected from 53 babies. A set of 116 samples have been directly recorded from 53 
babies by pediatricians, with digital ICD-67 Sony digital recorders, and then sampled 
at 8000 Hertz. The same pediatricians, at the end of each recorded sample, do the 
labeling. The babies selected for recording are from just born up to 6 month old, re-
gardless of gender.  The corpus collection is still in its initial stage, and will continue 
for a while. 116 crying records, from both categories, were segmented in signals of 
three seconds length. 542 segmented samples were obtained, 253 of them belong to 
normal cry, and 289 to pathological cry. For our experiments, we took the same num-
ber of samples for each class, 253.  
Infant cry shows significant differences between the several kinds of crying, which can 
be perceptually distinguished by a trained person. The general acoustical features for 
normal crying show, raising-falling pitch pattern, ascending-descending melody, high 
intensity as shown in Fig. 1. Pathological crying (Fig. 2) shows acoustical characteris-
tics like: intensity lower than normal, rapid pitch shifts, generally glottal plosives, 
weak phonations and silences during the crying. 
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Fig. 1. Waveform and spectrogram             Fig. 2. Waveform and spectrogram 
                 of normal crying                                                        of pathological crying 

3   Mel Frequency Cepstral Coefficients 

The digitized sound signal contains irrelevant information and requires large amounts 
of storage space. To simplify the subsequent processing of the signal, useful features 
must be extracted and the data compressed. Mel Frequency Cepstral coefficients 
(MFCCs) [6] are used to encode the speech signal. Mel scale frequencies are distrib-
uted linearly in the low range but logarithmically in the high range which corresponds 
to the physiological characteristics of the human ear. Cepstral analysis calculates the 
inverse Fourier transform of the logarithm of the power spectrum of the speech signal. 
For each utterance, the Cepstral coefficients are calculated for all samples with suc-
cessive frames. A Fast Fourier Transform (FFT) is used to calculate the discrete mag-
nitude spectrum. The energy values in 20 overlapping Mel spaced frequency bands are 
calculated. This results in each frame being represented by 16 and 21 MFCCs. 

4   Linear Prediction Coefficients 

The objective of the application of these techniques is to describe the signal in terms 
of its fundamental components. LP analysis attempts to predict "as well as possible" a 
speech sample through a linear combination of several previous signal samples. The 
particular way in which data are segmented determines whether the covariance 
method, the autocorrelation method, or any of the so-called lattice methods of LP 
analysis is used. The first method that we are using is the autocorrelation LP tech-
nique, where the autocorrelation function, for the finite-length signal s(n) is defined by 
[7]: 
 
 
where, l is the delay between the signal and his delayed version, N is the total number 
of examples. The prediction error function between the data segment s(n) and the 
prediction (n) is defined as [7]: 

 
(2) 

(1) 
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5   Neural Networks 

Neural Networks are one of the more used methodologies for classification and pat-
terns recognition. Among the more utilized neural network models, there are the feed-
forward networks. In general, a neural network is a set of nodes and a set of links. The 
nodes correspond to neurons and the links represent the connections and the data flow 
among neurons. Connections are quantified by weights, which are dynamically ad-
justed during training. The required training can be done through the back-
propagation technique. During training (or learning), a set of training instances is 
given. Each training instance is typically described by a feature vector (called an input 
vector). It should be associated with a desired output (a concept, a class), which is 
encoded as another vector, called the desired output vector. In our study, several 
methods were tested to train the feed-forward neural networks. 

5.1   Training  

The back-propagation training method uses the following technique [8]: given an 
input pattern to the network, its output is compared with the desired output, and a 
distance or error between them is calculated. Next, all relevant weights are adjusted in 
such a way that the next time the same instance is processed, the real output is closer 
to the desired one, which means that the error is decreasing. This process continues 
until a minimum error is reached or until a given number of training epochs is com-
pleted. Other algorithms used are Gradient Descent Backpropagation, Gradient De-
scent with Adaptive Learning Rate Backpropagation, Gradient Descent with Momen-
tum and Adaptive Learning Rate Backpropagation, Conjugate gradient backpropaga-
tion with Fletcher-Reeves updates, and Scaled Conjugate Gradient Method. 

6   Training Procedures and Experimentation 

In the baby cry we do not have a basic unit for analysis, as phonemes in speech. That 
fact allows us to focus in the analysis and feature extraction of long period patterns. 
We made two kinds of experiments, one with Linear Prediction Coefficients (LPCs) 
and the other with Mel-Frequency Cepstral Coefficients (MFCCs). The selection of 
samples for training and testing was done at random. Training stops when the maxi-
mum number of epochs is reached, or when the maximum quantity of time has been 
exceeded, or when the performance error has been minimized. To be sure the per-
formance at an acceptable level, in terms of accuracy and efficiency, we used the 10-
fold cross validation technique [10]. The sample set was randomly divided into 10 
disjoint subsets, each time leaving one subset out for testing and the others for train-
ing. For the MFCCs and LPCs analysis, the samples were segmented in windows of 
50ms and 100ms for different experiments. We extracted 16 and 21 MFCCs per win-
dow. Depending on coefficients number and window length, we got different parame-
ters number for each sample. For example, with 16 coefficients for a window length of 

618 José Orozco Garcı́a and Carlos A. Reyes Garcı́a



50ms for a one second sample, the features vector contains 928 parameters, corre-
sponding to 928 data inputs to the neural network. In this situation, the dimension of 
the input vector is large, but the components of the vectors are highly correlated (re-
dundant). It is useful in this situation to reduce the dimension of the input vectors. An 
effective procedure for performing this operation is the Principal Component Analysis 
(PCA). This technique has three effects: it orthogonalizes the components of the input 
vectors (so that they are uncorrelated with each other); it orders the resulting orthogo-
nal components (Principal Components or PC) so that those with the largest variation 
come first; and it eliminates those components that contribute the least to the variation 
in the data set. After several tests, we got good results with 50 parameters by each 
vector or pattern. 

7   System Implementation 

For the acoustic processing of the cry waves, we used Praat 4.0.2 [11]  to obtain the 
LPCs and MFCCs. Feed-forward network was developed for training and testing with 
MFCCs samples. The number of nodes in the hidden layer were heuristically estab-
lished. The implementation of the neural network and the training methods were done 
with the Neural Networks ToolBox of Matlab 6.0.0.88 [12]. The same Matlab version 
was used to implement the PCA algorithm.  

8   Experimental Results 

Several training algorithms were applied to the neural network. The algorithms used 
are: the basic gradient descendent method (GD), the gradient descendent with adap-
tive rate (GDA), and the gradient descendent adaptive learning rate with momentum 
(GDX), the standard backpropagation (RP), conjugate gradient backpropagation with 
Fletcher-Reeves updates (CGF), and scaled conjugate gradient algorithm (SCG). All 
the algorithms used 253 samples belonging to each class, with LPCs. The experiments 
were done with the use of the original feature vector, with 928 LPCs. These results 
were obtained with the SCG network configured by 928, 50, 20 and 2 nodes, in the 
input, two hidden and output layers, respectively. 
Training stops when it has found the established minimum error (0.00001) or when 
the training time exceeds an established maximum, which in this case is 90 minutes.  
The classification accuracy obtained after applying each training algorithm, using ten-
fold validation in each run to randomly selected samples, and the training time in-
volved  are shown in Table 1. As can be observed, the GD and GDA algorithms 
reached the maximum time of 90 minutes without converging to the minimum error, 
still the classification accuracy was 96.25% and 95.82%, respectively. With the RP 
algorithm we could get a 95.19% of accuracy after only five minutes to reach the 
minimum error.  
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The CGF algorithm needed 9.5 minutes to train, with 95.68% of accuracy, while the 
SCG took only 8.5 minutes for an accuracy of 96.18% and the GDX took 24.8 min-
utes, to bring a correct classification rate of 96.48 %. 
Table 1. Training time and accuracy of normal and abnormal infant cry using several 

training algorithms for LPCs 
 
 
 
 

 

 

After analyzing the performance of the algorithms, we chose the one with high classi-
fication accuracy and low training time. Under these conditions we selected SCG to 
continue with our experiments. 
The reduction of the original input vectors was made with the  Principal Components 
Analysis technique. The original features vector have 928 LPCs for each sample.  To 
establish the adequate number of principal components, we made an analysis on the 
information each number preserves.  The Fig. 3 shows the preserved information by 
principal components from 1 to 928. The preserved information is calculated by the 
addition of the m eigenvalues divided by the total sum of original features n. Where m 

 n. For example, the 10 first components keep 90.89%, while the 30 first components 
keep 93.08% from the original features.  
The original LPC features vector was reduced to different number of principal 
components. Their performance was evaluated by measuring the precision of the 
classifier with vectors containing between 10 to 110 principal components (Fig. 
4). As can be observed, up to 50, the accuracy increases as the number of princi-
pal components increases. From 50 components on the precision slightly de-
creases (Fig. 4). We did not analyzed more than 110 components because our 
goal was to reduce the original features vector to a manageable size. 
 
 
 
 
 
 

 

 

In our experiments, the highest accuracy was obtained with 50 principal components, 
that is why we selected 50 to be the size of the input vector. These results were ob-
tained with the SCG network configured by 50, 15 and 2 nodes, in the input, hidden  
and output layers, respectively. 
 

 CGF SCG RP GDX GDA GD 

Time 

(minutes) 
9.5 8.5 5 24.8 90 90 

Accuracy 95.68% 96.18% 95.19% 96.48% 96.82% 95.25% 

Fig. 3. Preserved information to differ-
ent  number of principal components. 

Fig 4. Accuracy for different number 
of principal components. 
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Besides testing the system with different frame length and different type of coeffi-
cients, we experimented also with two different number of coefficients by frame. In 
general the performance of 16 coefficients by frame was better than when using 21 
coefficients. The neural networks were trained to classify the cries into normal and 
pathological classes.  For training with 10-fold cross validation technique, the sample 
set is divided into 10 subsets, 4 groups with 103 samples and 6 groups with 104 sam-
ples. Each time leaving one set for testing and the remaining for training. This process 
is repeated until all sets have been used once for testing. The classification accuracy 
was calculated by taking the number of correctly classified samples by the network, 
and divided by the total number of samples into the test data set. Details of results for 
infant cry signals of three second, fragmented in 50ms and 100ms for its 16 and 21 
MFCCs are showed in the table 2, and with LPCs in the Table 3.  
Table 2.  Classification of SCG Artificial Neural Networks vs Different Mel Fre-
quency Cepstral Coefficients and Different Frame Length 

Table 3. Classification of SCG Artificial Neural Networks vs Different Lineal Prediction 
Coefficients and Different Frame Length  

 
As can be noticed, the best results obtained when using the MFCCs vectors are better 
(97.43%), than the best results with LPCs vectors (91.30%). 

9   Conclusion and Future Work 

The SCG Method avoids a time consuming line-search per learning iteration, which 
makes the algorithm faster than other second order Conjugate Gradient algorithms. 
This work has shown good results, with the MFC technique, using a neural network 
architecture. The results obtained when using the MFCCs vectors are better than LPCs 
vectors in the test. We still intent to experiment with mixed features, as well as with 
the length of frames to further improve our results. During the progress of the project, 
besides consistently improving the results, we have gathered useful acoustical infor-
mation on the infant cry. We think that in one moment, this information will be very 
helpful to pediatricians, and doctors in general. Our main problem has been the collec-
tion of samples, not only in number, but also with good labeling, and with an even 

Samples of three seconds length

Frames of 50ms Frames of 100ms Samples

16 MFCCs 21 MFCCs 16 MFCCs 21 MFCCs 
506 96.83 % 96.64 % 97.43 % 97.43 % 

Samples of three seconds length

Frames of 50ms Frames of 100ms Samples

16 LPCs 21 LPCs 16 LPCs 21 LPCs 
506 88.14 % 79.05 % 91.30 % 86.75 % 
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amount of samples among classes. As future work we consider to collect enough sam-
ples to train the classifiers appropriately and several classes to classify. Also, we plan 
to experiment with other acoustical features  like, pitch, intensity, etc, and different 
combinations of them, as well as other neural network and hybrid  models. Finally, 
after tuning up our recognizers we will attempt to develop a real time system able to 
recognize the infant cry type and emit a synthesized voice message. 
 
This work is part of a project that is being financed by CONACYT (37914-A num-
ber). We like to thank Dr. Edgar M. Garcia-Tamayo and Dr. Emilio Arch-Tirado for 
their invaluable collaboration in helping us to collect the cry samples. 
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Abstract. In this paper we describe a new method for the definition of cortical 
abnormalities in epileptic patients. Our objective was to define non-invasively cortical 
arcas with abnormal glucosc consumption as mcasurcd with positron cmission 
tomography (PET). Using coregistered MRI and PET image volumes, the cortical 
surface is geometrically parceled into areas of various sizes. The depth of the surface 
arcas is dctcnnincd using a gray mattcr mask rcsulting in small volurnc clcmcnts from 
which histograms are extracted. Using a back propagation neural network, a system is 
designed for classifying the histograms into a normal and abnormal group. Those 
volume elements that are detected as abnormal are marked and the brains are surface 
rcndcrcd in ordcr to allow asscssmcnt of cortical abnormalitics wit11 rcspcct to cortical 
landmarks. 

Introduction 
About two million Americans have epilepsy. Of the 125,000 new cases that develop 
each year, up to 50% are children. The reality is that conventional treatments are not 
cffcctivc for all paticnts so for somc of thcm surgcry is thc final trcatmcnt. In this casc 
the problem is localization of the epileptogenic regions. 
Thc main objcctivc of prcswgical cvaluation of paticnts with mcdically rcfractory 
epilepsy is to define the boundaries of epileptogenic regions to be resected. Towards 
this goal, invasive subdural EEG evaluation remains the gold standard. In order to 
acquire a subdural EEG, the skull is partially removed and the brain is exposed. After 
placing thc EEG clcctrodcs dircctly on thc brain thc cpilcptogcnic foci arc dctcctcd 
by monitoring the patient for two days. However, the accuracy of foci localization 
using subdural electrodes depends greatly on the initial placement of the electrode 
grid. This is cspccially truc in pediatric cpilcpsy, whcrc t11c vcry invasivc naturc of 
the intervention sets a limit to the cortical exposure. In order to guide the placement 
of subdural electrodes, non-invasive functional imaging techniques such as positron 
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emission tomography (PET) or singlc photon emission computcd tomography 
(SPECT) are frequently used. These modalities provide the surgeon with imaging 
cues, which considerably improve the localization of epileptogenic brain regions, 
bascd on t11c position and cxtcnt of functional abnormalities [1][2]. The goal of tl- is 
study is to develop a method for the definition of functional abnormalities in PET 
image volumes that provides a maximum of objectivity in defining the location and 
spatial extent of such abnormalities. 

According to our knowledge, no methods available to achieve this goal are available 
in the literature. Our own laboratory had previously developed two methods able to 
analyze the cortical surface and detect PET abnormalities. In the first method a two- 
dimensional tcchniquc was dcsigncd that was bascd upon lcft/rigl~t asymmctrics 
derived from homotopic cortical areas within the same plane [3]. Despite the overall 
usefulness of this method this approach suffered from several limitations. Firstly, this 
method is dependent on a pi-iori knowledge with respect to the side of abnormality 
and whether the abnormality consists of an increase or decrease of activity 
concentration. Secondly, this method providcs only a rclativcly crude cstimatc of t11c 
size of PET abnormalities and does not take into account the individual cortical 
structurc of thc patient. And finally, this mcthod is not specific to anatomical cortical 
territories as the threshold to detect abnormal asymmetry between homotopic cortical 
areas is fixed for the whole brain. 

Thc sccond mctl~od uscd for the analysis of functional PET images is also bascd on 
finding the asymmetric regions on the two hemispheres but is extended to three 
dimensions (3D). In contrast to t11c first mcthod, t11c sccond 3D analysis approach 
does not rely exclusively on an intra-subject asymmetry measure, but employs the 
comparison of regional asymmctry as wcll as normalizcd traccr conccntration dcrivcd 
from an individual patient against a normal database. Spatial normalization across 
subjects is accomplished by the definition of anatomical brain territories directly on 
the cortical surface of individual subjects. By employing a normative database, this 
method allows the definition of bilateral functional abnormalities without requiring a 
priori information indicating an increase or decrease of tracer concentration in the 
abnormal brain arcas. Thc advantagcs of this mcthod with rcspcct to thc 2D mcthod 
are: lower sensitivity to noise due to the analysis of larger areas and an increased 
accuracy due to the exact definition of the mid-plane. The increased accuracy is also 
achieved by using different thresholds for the brain lobes and by using the MR image 
to define the brain anatomy. 
Howcvcr cvcn this sccond mctllod has its drawbacks: Onc of thc steps in analyzing 
the brain with this method is manually marking the anatomically significant brain 
lobes. This makes the overall performance time consuming. In addition, this factor 
might make the final result dependent on the user. Another problem with this 
approach is that the sectors that enclose the PET voxels for analysis have a fixed size. 
If the abnormality is smaller that a certain size, it might be difficult to detect. 
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Design of an advanced analysis method (The fractal analysis method): 
In order to improve the objective definition of functional abnormalities, we designed a 
new software tool that improves on the existing methods and eliminates many of the 
drawbacks that arc prcscnt in thc carlicr mcthods. 

The main idea behind the new approach is to divide the surface of the brain into areas 
of different sizes and analyze each area individually. By using the information 
obtained from each area for the normal and abnormal subjects, one can decide if that 
part of the PET image is abnormal or not. These areas are defined at different levels. 
Each level is consisted of areas of a certain size; in tlis way abnormalities of different 
sizes are detected. The information extracted from each area is based on the histogram 
of thc PET voxcls within each arca. Each arca has a certain indcx that indicates its sizc 
and also its location on the surface of the brain. This index is sufficient to compare the 
histograms extracted from a specific part of the brain in different patients. 

The proposed method for finding abnormal sectors is based on extracting features 
from thc listograms obtained from thc PET voxcls in corresponding arcas of normal 
and abnormal brains. These features are used to train a back propagation neural 
network (NN) for thc dctcction of thc abnormal arcas on thc brain cortex. 

In the following section the steps for data analysis are described in detail: 

A. Input Data Thc input data for tlis software arc t11c PET and MRI images of thc 
brain. Before these images are read in, the PET and MRI image volumes are 
co-rcgistcrcd and thc brain is extracted from cxtra-ccrcbral structures in thc MR 
image. The co-registration is done using a three-dimensional co-registration software 
(MPI-Tool) [4][5]. The co-registration method is highly interactive and is based on 
simultaneous alignment of PET-MRI contours that are exchanged in three orthogonal 
cuts tlvough the brain. 

B. The Fractal Analysis Method 
Surface rendering. The first step in analyzing the brain is to read in and render the 3D 
brain MR image. This is done using the built-in functions of IDL 5.4. After the 3D 
imagc is rcad in, thc vcrticcs of all swfacc polygons and swfacc normals for cach arc 
calculated and a surface mesh is created [6]. A shaded surface of the cortical shell is 
then created using the Phong shading algorithm [7]. Using the slide-bars in the GUI, 
different views of the brain can be visually inspected. 

Mid-plane definition. One of the main tasks of this approach is to find cue points on 
the brain that can be used as a basis for the segmentation of the brain. It is important 
that these points be in the same position in the brains of all subjects that are studied 
and analyzed with tlis software. For tlis purpose we define landmarks that could 
automatically lead the program to those points. One of them is the plane that divides 
the brain into the left and right hemispheres. We designed a method to automatically 
find this plane. Tlis method identifies multiple points (usually about 100) in the front 
and rear of the upper part of the inter-hemispheric cleft. Subsequently, a plane is 
fittcd through thcsc points using Powcll's Quadratically Convcrgcnt Mctl~od for 
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Fig. I. (a) The lidplane fitted to the inter-hemispheric cleft (b) The first eight areas defined on 
the brain surface 

Minimization of functions of N variables [a] .  The equation of the plane fitted to these 
points is uscd throughout thc program for further calculations. Figure l(a) shows an 
example of a plane fitted to the inter-hemispheric cleft. 

Definition of the Corpus Callosum. Other cues are needed in order to define the base 
points for scgmcnting thc surfacc of the brain. Onc such cue is thc Antcrior and 
Posterior commissure (ACPC) line. This line is defined as the line that passes 
through the two lower points of the Corpus Callosum. Using the plane equation 
dcfincd in t11c previous step, the intcrscction of the plane and the brain volume is 
produccd and displayed as a 2D imagc. In this imagc t11c Corpus Callosum is clearly 
seen. The user is required to select the two lower points of the Corpus Callosum. The 
equation of thc linc that passes through thcsc points i.c. the ACPC linc can then be 
easily cornputcd. 

Aftcr finding the ACPC linc the softwarc automatically finds six rcfcrcncc points that 
arc uscd as thc base for parccllation of t11c brain. T11c first two rcfcrcncc points arc 
given by the intersection of the ACPC line with the brain outline. Tlle center of the 
brain is dcfincd by calculating the midpoint bctwccn thcsc two points. T11c top and 
bottom rcfcrcncc points arc found by intcrsccting the normal to ACPC linc wit11 thc 
surface of the brain. The left and right rcfcrcncc points arc found by drawing the 
normal to the mid-plane in t11c ccntcr of the brain. Thc intcrscction of this normal wit11 
t11c surfacc of the brain will provide thc required rcfcrcncc points. Thcsc six points arc 
the basis for parcellation of the brain, which is discussed in the next section. 

Parccllation of the Brain. Our aim is to define areas on thc surfacc of the brain and to 
analyze the PET voxels that lie beneath them. We would like to be able to define such 
areas in a consistent way between brains. Furthermore, the approach should be able to 
detect abnormalities of different sizes, so the brain parcellation should be self-similar 
at various scales. A fractal approach satisfies both requirements. 
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Fig. 2. The triangular areas in the ilrst and ilfth level 

The first eight areas are found using the six points defined above. Figure l(b) shows 
tllcsc first 3D brain scgmcnts. Thc lincs bctwccn t11c points arc thc intcrscction of t11c 
brain surface wit11 the plane that goes through the brain center and the two end points 
of each scgmcnt. Thcsc eight areas cover t11c whole brain surface; this is t11c f i s t  lcvcl 
of detail for our parcellation. 

In order to create the parcellation that will provide the next level of detail, the 
midpoints on cvcry spl~crical scgmcnt arc connected. Thcsc new points will dividc 
each 3D brain segment into 4 similar but smaller 3D brain segments. This procedure 
continues for four lcvcls. Thc first lcvcl will dividc the brain into 8 scgmcnts. At t11c 
sccond lcvcl, thc brain is dividcd into 4x8=32 scgmcnts. At thc highcst lcvcl of dctail, 
the brain is divided into 2048 segments. Figure 2 shows the brain segmentation at 
levels two and five. 

T11c brain scgmcnts in thc f i s t  lcvcl arc indcxcd from 0 to 7. In t11c sccond lcvcl thc 
segments are indexed from 8 to 39 and so on. The last triangle at the lowest level, has 
an indcx of 2727. 

Histogram Extraction. After the brain surface is segmented as above, the histograms 
corresponding to each segment are extracted from the PET image. The first step for 
creating the histograms is normalizing the PET image. The actual PET voxels have a 
real value that reflects the tracer concentration. The average tracer concentration in the 
PET image might vary in different patients. For this reason it is necessary to 
normalize them to the average activity in each brain so that they all fall within the 
same range. 

Sampling and histogram creation start after the PET image is normalized. The 
segments created in the parcellation section are used to sample the PET voxels. The 
segments belonging to the lowest level (smallest segments) are the ones that serve this 
purpose. The segments are selected one by one and the voxels beneath each are 
samplcd. A 3D mask that marks the gray matter of thc brain is used to sample only thc 
PET voxels that belong to the gray matter. The depth of penetration is approximately 
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Fig. 3. Marked abnoimalities overlaying with the ti-ian,dar areas 

2.0 cm. The angle of penetration is the normal vector of the plane that passes through 
the three vertices of every segments. Once the histograms for the small triangles are 
found, the listograms for t l~e ligher levels are calculated by summing up the 
histograms of the triangles that are enclosed within the higher level triangles. All these 
histograms are stored in a file for later processing. 

Histogram Analysis. The program is run for a number of normal and abnormal cases 
and a database of histograms is created. This will be used for the subsequent 
classification of the abnormal histograms in patients. 

Due to the small number of input instances and the large number of bins in the 
histograms we cannot use the raw histogram data directly as input to the NN. A 
dimensionality reduction is necessary. This is performed by represented each 
histogram by 3 features. 

The mcan of the histogram is onc of the fcatwcs used. An important issue is to dccidc 
whether there is an increase or decrease of tracer concentration in the area that is 
analyzed. Thus calculating the mcan PET intensity value for each arca is useful for 
detecting the abnormalities. 

Another important feature that tells us if there is abnormality in an area is the shape of 
the histogram. A histogram from a normal brain, if obtained from a significant number 
of voxels would be similar to a normal distribution. Voxels from abnormal volumes 
changc thc shapc of the histogram and dcviatc from normality. Thcrcforc, wc sclcctcd 
the kurtosis and the standard deviation of the histogram as the other two features 
rcprcscnting an individual histogram. 

Training the Neural Network We used 14 normal and 8 abnormal brain images. The 
abnormal areas on the abnormal brains are found with the asymmetry techniques 
discussed earlier and validated by human expert?. Figure 3 shows the brain 
parccllation ovcrlappcd with the abnormal rcgions. Each brain arca confers diffcrcnt 
characteristics to the corresponding histogram. In consequence, the analysis must be 
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Table I. Percentage of correctly classified instances: true negative (TN) and true positives (TP) 
for the 12 selected areas. 

performed on corresponding areas of the brain. We found several abnormal brain 
regions that are common to all or most of the patients. The brain region that is 
abnormal in most of the patients in our database is the left temporal lobe. Six of the 
patients have common abnormal areas on this region. We used only the areas at the 
highest level of detail. After finding all the abnormal areas for the six patients, we 
find t11c arcas that arc common in fivc or six of thc patients. This yicldcd 12 arcas. 

As the number of normal cases in our database is more than the abnormal ones, for 
each area we randomly select only a few of the normal instances so that the number of 
the normal and abnormal instances is the same. This produced 10 to 12 instances in 
every training set as the input to the NN. We did the random selection more than once 
and rcpcatcd thc classification proccss with cvcry. Thc NN uscd is a back-propagation 
neural network (as implemented in WEKA[9]). As the number or instances is low we 
used an n-fold cross validation method to estimate the classification performance of 
t11c NN (scc Table I). 

Discussion: 
The approacll proposed here has a number of advantages over the existing techniques. 
Firstly, thc brain can bc markcd almost automatically with littlc uscr intcrvcntion. 
After the user marks the Corpus Callosum, the program does everything 
automatically. This makcs thc program lcss dcpcndcnt on thc uscr and conscqucntly 
makes the results more reproducible. Since no preprocessing is necessary for the 
imagcs thc ovcrall processing timc is rcduccd. Furtl~crmorc, thc softwarc 
implementing this approach is faster than the existing asymmetry-based software. In 
addition, the method is more sensitive since smaller abnormalities are also detectable 
due to the scalable, fractal based segmentation strategy used, 
Thc rcsults of classifying thc sclcctcd arcas arc shown in Tablc I. Thc first column in 
t l ~ s  table represents the index of the area that the histogram was derived from. The 
second column shows the overall correctly classified instances in both the normal and 
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abnormal cascs. Thc third and fourth columns show thc truc ncgativc (TN) and truc 
positive (TP) rates (the normal and abnormal cases, respectively). The table shows 
that thc mcthod yiclds a high ratc of corrcct classification for thc cortical arcas. 
However the true positive rate for the abnormal areas is lower than that of the normal 
ones. This means that some of the abnormal sectors would be missed. 

The results presented here are limited by the relatively small size of the pool of 
patients available. Better results can be obtained when more data, in particular more 
abnormal cascs, will bccomc availablc. 
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Abstract. In this paper I review Arti�cial Neural Network based so-
lutions to common problems in Astrophysics in order to de�ne generic
tasks suitable for a connectionist approach. Also, a new contribution is
presented in collaboration with the Group of Operations and Archives
(GOA) at LAEFF (Laboratory of Space Astrophysics and Fundamental
Physics) consisting of a neural network module for similarity based re-
trieval of pulsating star light curve samples from astronomical archives,
based on morphological and intrinsic stellar parameters.

1 Introduction

Uses of arti�cial neural networks in the �eld of astrophysics can be categorized
in two main groups (leaving telescope control tasks aside): (i) ANNs for classi-
�cation tasks and (ii) prediction tasks in nonlinear systems. In the following we
will review some of the most recent developments in each �eld and try to analyse
and decompose these generic tasks.

1.1 Classi�cation

For obvious reasons, arti�cial neural networks have played a central rôle in all
sub-domains of astrophysics where classi�cation tasks were necessary. The clas-
si�cation process is always based on morphologies de�ned upon one of three
distinct sustrata:

1. 2-dimensional images
(a) into galactic morphological types (see [1], [2] or [3])
(b) for star/galaxy separation (see ([4]) or [5])
(c) 
-ray/hadron separation in Cerenkov detectors images (see [6])

2. wavelength/frequency spectra, either stellar (see [7], [8] or [9]) or galactic
([10])

3. or time itself as in 
-ray Bursts (GRBs) clustering ([11]) or light curve clas-
si�cation (see Section 2)

Sometimes the classi�cation process takes input data spanning a combination
of several sustrata as in the case of solar 
are detection where time series of
images are used for the classi�cation of events ([12]).
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1.2 Nonlinear Modelling

In the second generic task, arti�cial neural networks are used to model complex
nonlinear systems. The system properties are captured and represented by means
of a neural network that stores information in the architecture itself and in the
neuron connection weights. The tasks consists of �nding the state of a system
given a set of observations of it. Again, the physical nature of the sustrata

distinguishes two ways of querying the task. In the case of a temporal sustratum,
the task can be understood as predicting the future state of the system based
on the inmediate past record of states. This is the well known problem of time
series prediction which in astronomy has a rich set of applications specially with
the Sun as modelled object. See [13] for a review of such applications and [14]
or [15] for recent work in the �eld of solar activity prediction.

When the model is parameterized with intrinsic (but accessible) properties of
the system as opposed to the temporal description of its states, we �nd nonlinear
models used to obtain unknown descriptive variables of the system as a function
of observable magnitudes. Thus, the model is queried with partial, possibly noisy
information on the system (most often electromagnetic data) to obtain intrinsic
variables. These variables can be stellar atmospheric temperatures, gravities or
metallicities as in [16] or even solar magnetic �eld vectors, line-of-sight velocity,
microturbulence, macroturbulence and the �lling factor from Stokes line pro�les
as in [17].

We have intentionally left aside geophysical applications of both types of
modelling (temporal and static) despite the fact that most of the target appli-
cations in this �eld are related to solar phenomena in their origin.

1.3 Control

Although not strictly part of the astrophysics domain, the operation of astro-
nomical instruments has received signi�cant contributions from the �eld of con-
nectionism (see [18] for adaptive optics control or [19] for time series prediction
for dome temperature control).

The overwhelming amount of astronomical data collected each day worldwide
and stored in a wealth of independent and incompatible archives is a poten-
tial tool for astronomers, not fully exploited due to the inconsistencies between
archives and the lack of specialized tools to cope with such huge databases.
In other terms, a uni�ed (although not necessarily centralized) archive could
provide astronomers with an invaluable source of both experimental data and
research tools which are otherwise buried under the diversity and lack of inter-
operability of now-a-days archives.

In order to overcome the diÆculties encountered by astronomers trying to
collect samples of di�erent objects with observations in di�erent wavelength
ranges with di�erent instruments stored in di�erent archives with di�erent for-
mats, several projects of a uni�ed astronomical archive have emerged (most
prominently, the Astrophysical Virtual Observatory, Astrogrid and the National
Virtual Observatory).
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2 First results for GOA and AVO: similarity based

sample retrieval for the OMC and Eddington

A good example of the necessity for fast inline processing of astronomical data
and subsequent retrieval tools is provided by the operation of the Optical Mon-
itoring Camera (OMC) on board INTEGRAL. INTEGRAL is a medium-size
European Space Agency mission to observe the Universe in the high energy
range. Besides gamma ray spectrometers and imagers, INTEGRAL is equipped
with an X ray monitor and the OMC.

The Optical Monitoring Camera provides hundreds and thousands of pho-
tometric measurements of stars in the vicinity of the targets observed with the
high energy instruments. It is thus likely to discover hundreds of new variable
stars of any kind that need to be classi�ed according to meaningful and repro-
ducible criteria. This need will be outshined by the requirements imposed by the
Eddington mission which will produce several orders of magnitude more light
curves (folded time records of photometric brightness of a star, see Figure 1)
than OMC.
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Fig. 1. Examples of pulsating star light curves taken from the Hipparcos catalogue.
Plots represent V magnitudes vs. phase.

In a previous paper ([20]), I reported on a study of three di�erent super-
vised algorithms to automatically classify stellar light curves of eclipsing binary
systems, and found similar results for a multilayer perceptron trained with back-
propagation, a dynamic learning vector quantization network and a radial basis
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function expansion network. The algorithms were speci�cally designed to classify
eclipsing binary systems into �ve subclasses de�ned in [21], but, nevertheless,
they also incorporated the ability to distinguish eclipsing binary light curves
from the di�erent type of light curvea produced by pulsating stars. This type of
variability is of a totally di�erent kind because it is of intrinsic nature as opposed
to the geometrical causes of eclipsing systems. Anyhow, the neural networks ref-
ered to above did not have the capacity to distinguish the di�erent pulsation
classes de�ned by astrophysicists. As it will be shown in this paper, a minimum
input space of free variables for the classi�cation of these subgroup of pulsating
stars implies at least two di�erent levels of signi�cance and has to be therefore
accomplished in succesive stages.

There are eight subclasses of pulsating stars with a signi�cant number of
observations in the Hipparcos catalogue. These are � Cygni stars, � Cephei
stars, Cepheids, W Virginis stars Æ Cephei type stars, Æ Scuti stars, Mira stars
and RR Lyrae stars. See [22] and [23] for a detailed review on the physical
mechanisms responsibles for the di�erent types of pulsation. Within this subclass
of pulsating stars, a continuum of light curve shapes can be found, with a given
morphology shared by di�erent pulsation types as exempli�ed in Fig. 1. This
means that the brightness variations are not enough to tell which class a given
star belongs to and therefore the approach inspiring [20] is clearly insuÆcient
(the problem is underspeci�ed). In this work we have chosen three new free
variables at the same signi�cance level as the whole light curve in order to break
the underspeci�cation of the problem: the period of variability P and the B-V
and V-I colours. The justi�cation of this choice lies on their physical relevance
as observational correlates (exactly the same as the light curve as a whole, and
thus at the same signi�cance level) of the inner structure of the star and of the
mechanism behind the pulsation, and on the availability of these parameters for
any star with a light curve observed. In this section then, I address this subgroup
of variable stars in the perspective of a speci�c task which is the end-user retrieval
of pulsating star light curves for sample construction.

The construction of the module is based on Hipparcos ([24]) data and se-
cuential Kohonen maps used to retrieve object samples based on morphological
features and higher level restrictions (P, (B-V) and (V-I)). The design of the
tool is totally innovative in the framework of astronomical archives in the sense
that it is aimed at selecting objects (in this case ligh curves) in an astronomical
archive based on morphological similarities plus restrictions. This type of task,
common in data mining applications, has never been implemented in astronom-
ical archives despite the obvious functionalities it adds.

The module is divided into four consecutive stages sketched in Fig. 2:

1. Light curve pre-processing and normalization
2. Light curve classi�cation in terms of metric coordinates in a Kohonen map
3. Construction of a higher signi�cance level vector of stellar properties
4. System classi�cation in the second Kohonen map and sample retrieval

The Kohonen maps were constructed with the Self-Organizing Map Pro-
gram Package SOM PAK written at Helsinki University of Technology. In order
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Fig. 2. Sketch of the sequentiation of the maps and the di�erent signi�cance levels
involved in the module.

to construct the �rst Kohonen map, light curves were obtained from the Hip-
parcos mission archive. The exact number of light curves of each class can be
inspected in Table 1 which includes eclipsing binary systems just as a proof of the
scalability of the module. These light curves were preprocessed (compacti�ed)
and normalized to unit length. The preprocessing stage is the same described in
detail in [20].

The light curves used to construct the �rst Kohonen map are a complete set
covering the entire range of possible values of the morphological characteristics
used in classi�cation (see [21] and [24]) and show otherwise a wide range of
signal-to-noise ratios and phase coverages. It is important to point out that it is
required of any method used for the same tasks tackled here that it be tolerant
to incomplete phase coverage and to the presence of noise since this is inher-
ent to the (discontinuous) observing methods used both by orbiting detectors
and ground telescopes. The map lattice is hexagonal (recommended for visual
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Ecl. binaries � Cyg � Cep Cepheids W Vir Æ Cep Æ Sct Mira RR Lyr

855 19 46 23 27 247 87 222 152

Table 1. Number of light curves of each subclass used to construct the �rst Kohonen
map.

inspection) and has 20�10 neurons. These numbers are justi�ed in terms of the
desired density of points per node and the stability of the learning process. The
former is expected to be an optimal choice (arrived at in a process of trial and
error) which guaranties that the astronomer is still able to explore second or
even third neurons if the sample needs to be extended, i.e. it is left to the as-
tronomer the decision as to how far (in the metric sense) in the neighborhood
of the winning neuron we place the limit of accepted similarity. In any case, the
map construction takes place under a bubble type de�nition of neighbourhood.
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Fig. 3. Example of input light curve for sample queries.

In the third stage of the module, the x-y coordinates of the winning neuron
in the map are used together with P, (B-V) and (V-I) to create a second feature
vector which is subsequently used to construct the second Kohonen map of
equal dimensions. This map is stored and transformed into a database. Later
on, the astronomer may present the module with a light curve produced by a
stellar system plus the three additional free parameters which altogether de�ne
a class, in order to retrieve a sample of systems with similar characteristics. The
second Kohonen network produces as output a series of activations of the map
neurons which are subsequently used together with the database to obtain those
light curves that originally activated the same neurons. A neighbourhood is then
de�ned by the astronomer as justi�ed above, that limits the degree of likeness
or similarity that we want for our sample.
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Fig. 4. Retrieved light curves for input query shown in Fig. 3.

The last stages of the module are left open as they crucially depend on the
exact need (research target) behind the query. This tool, at this stage, has no
visual interface (that would help de�ne e.g. the metric limit of the concept of
similarity) because there is no speci�cation at GOA as to the module interoper-
ability yet.

As an example of a minimal retrieval, we show Figure 3, with an input light
curve of a Mira type pulsating variable (Hipparcos number 96647), and Figure 4
with the �rst map selection of 5 closest light curves. Three of them are Mira type
indeed (HIPs 21252, 97629, 104451), the fourth one (HIP 92370) is a Æ Cephei
type star and the �fth one (HIP 98757), a Æ Scuti type star. Upon presentation
of these �ve cases (period, colours and �rst map coordinates) to the second map
we obtain a value of 3, 2 and 2 for the euclidean distance to the (known) Mira
type variables and 7 for the Æ Cephei type star and 14 for the Æ Scuti type star,
in a map that as stated above has dimensions 20�10.
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Abstract. This paper presents the design and implementation of sev-
eral models of artificial neural networks for the automatic classification
of low-resolution spectra of stars. In previous works, we have developed
knowledge-based systems for the analysis of spectra. We shall now use
these analysis methods to extract the most important spectral features,
training the proposed neural networks with this numeric characteriza-
tion. Although there are published works about neural networks applied
to the classification problem, our final purpose is the integration of sev-
eral artificial techniques in a unique hybrid system. In the development of
such a systemwe have combined signal processing techniques, knowledge-
based systems, fuzzy logic and artificial neural networks, integrating
them by means of a relational database which allow us to structure the
collected astronomical data and also contrast the results achieved with
the different classification methods.

1 Introduction

This work is included in a global project devoted to the study of the last phases
of stellar evolution throug the determination of chemical and physical stellar
parameters with multirange spectroscopy.

Stellar spectroscopy is one of the most powerful techniques for the study
of the physical conditions (temperature, pressure, density) and chemical abun-
dances of stars. In general terms, a spectrum consists of a black body continuum
light distribution, distorted by the interstellar absorption and reemission of light
and by the presence of absorption and emission lines and bands [1].

The spectra are collected from telescopes using appropriated spectrographs
and detectors. Observers collect the flux distribution of each object and re-
duce these data to obtain a one-dimensional spectrum calibrated in flux (erg
−1cm−2s−1Å−1) and wavelength (Å). Fig. 1 shows the main spectral features of
a B-type spectrum.

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 639-646, 2003. 
c Springer-Verlag Berlin Heidelberg 2003



Fig. 1. Stellar spectrum of a B-type star

In recent years, we have collected a sample of about 350 optical spectra of
low resolution (2-4 Å/pixel) in the range 3500 to 9000 Å. In order to extract
useful information from each spectrum and to perform an evolutionary study in
the whole sample, we need a solid and systematic classification in the current
Morgan-Keenan system (MK) [2].

The classification process is often performed directly by human experts, who
analyze and classify the spectra by hand. These manual techniques are very
time-consuming and involve a great amount of human resources. Consequently,
it would be advisable to perform an evolution by means of automatic, fast and
efficient computational techniques that assist the experts in this phase of the
evolutionary study of stars.

Among the different techniques of artificial intelligence, knowledge-based sys-
tems and neural networks seem most appropriate to approach the problem of
stellar classification. Knowledge-based systems can reproduce the reasoning of
the experts in the field to classify spectra. Neural networks have proved their
success in classification problems [3] since they are generally capable of learning
the intrinsic relations present in the patterns with which they have been trained.

During previous developments, we have designed a knowledge-based system
to classify stellar spectra in the MK system [4]. This work presents several models
of neural networks designed and implemented to classify spectra.

Some well-known previous works have also used this artificial intelligence
technique in the problem of stellar classification [5], [6], obtaining different grades
of resolution in the classification. We do not intend to test models that have
already demonstrated their suitability; we implement different models of neural
networks that allow us to perform a sensibility analysis of this technique in the
classification of spectra, while trying to determine the best learning algorithm
and the best network structure for this specific problem.

Our final purpose is the formalization of an hybrid system that integrates
signal processing techniques, knowledge-based systems, fuzzy logic and artificial
neural networks. Such a system will be able to choose the most appropriate
classification method for each different type of spectrum. This kind of system,
which combines several artificial intelligence techniques, is more versatile than
a system which uses only one technique, and in addition presents a greater
capability of adaptation to the problem of the classification of stars.
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2 Methodology

As mentioned in the previous section, we use the MK system for the classification
the spectra.

This system quantifies seven stellar temperatures and five levels of luminosity.
Stars are divided into groups, called spectral types, that are based mainly on
the strength of the absorption lines and on the depth of molecular bands. The
temperature of the stars is divided in a sequence called OBAFGKM, ranging
from the hottest (type O) to the coolest (type M) stars. These spectral types
are further subdivided with a decimal system, ranging from 0 (hottest) to 9.5
(coolest). In addition, a luminosity class (from I to V) is assigned to the star,
which depends on the stellar intrinsic brightness.

Since we intended to apply neural networks to the problem of stellar clas-
sification, we chose a complete and consistent set of spectra to design and test
the networks. We selected 285 spectra coming from public catalogs [7], [8] and
spectra collected from various telescopes. These spectra cover all the types and
luminosities and are representative enough, since we have looked for a continuous
transition of the spectral features between each spectral type and its adjacent
types. In order to reach the best generalization of the networks, we built the
training set with approximately 50% of the spectra of each spectral type and
luminosity, leaving the remaining 50% to validate and test the networks.

The patterns of training, validation and testing presented to the neural net-
works have been automatically obtained by adding the necessary functions to
the spectral analyzer developed in the knowledge-based systems approach. These
patterns include the measurement of 25 spectral features that can be grouped
into three types:

— Absorption and emission lines: including hydrogen, helium and metallic lines
(Ca, K).

— Molecular bands: hydrogen and carbon absorption bands.
— Rates between lines: CH-K rates, He-H rates.

These spectral features are extracted and measured by means of signal process-
ing algorithms. This paper does not describe in detail the implemented algo-
rithms to obtain the parameters: a more complete description can be found in
[4].

Once the input values have been obtained with the spectral analyzer, they
have to be normalized so as to be presented to the neural networks. In our study,
we have standardized the inputs of the networks by means of a specific sigmoidal
function that is applied to each parameter, which is

1/
(
1 + e−(a∗x+b)

)
with a > 0 . (1)

This function normalizes the input parameters in the interval [0,1] and centers
and scales the distribution function of each parameter properly. The constants a
and b were obtained by choosing a minimum and a maximum for each parameter,
so that 95% of the parameter values are found between them.
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The input patters of the proposed models consist of the complete set or a
subset of the 25 normalized spectral parameters, although in some networks we
have considered full spectral zones in the training process.

The neural networks used in the experimentation are based on both super-
vised and non-supervised learning models, in particular backpropagation, Koho-
nen and Radial Basis Functions (RBF) networks. We have trained networks using
these three models with different topologies, including global and hierarchic ap-
proaches and have also implemented several enhanced learning algorithms. The
topologies, the learning functions and the results obtained by these networks are
described below.

2.1 Backpropagation Networks

Backpropagation is a supervised learning algorithm that belongs to the general
feed-forward model. This model is based on two stages of learning: forward
propagation and backward propagation.

Training a feed-forward neural network with supervised learning consists of
presenting a set of input patterns, which the net will propagate forward un-
til activation reaches the output layer. This constitutes the so-called forward
propagation phase. When the activation reaches the output layer, the output is
compared with the teaching input (provided in the input patterns). The error, or
difference between the output and the teaching input of a target output unit, is
then used together with the output of the source unit to compute the necessary
changes of the link between both units. In this way the errors are propagated
backwards, which is why this phase is called backward propagation [9].

We have made use of three different backpropagation learning algorithms in
our proofs:

— Standard backpropagation: this is the most common learning algorithm, it
updates the weights after each training pattern.

— Enhanced backpropagation: it uses a momentum term that introduces the
old weight change as a parameter for the computation of the new weight
change.

— Batch Backpropagation: in standard backpropagation an update step is per-
formed after each single pattern, in batch backpropagation all weight changes
are summed over a full presentation of all training patterns (one epoch). Only
then, an update with the accumulated weight changes is performed.

We have tested the three backpropagation learning algorithms for the spectral
types, spectral subtypes and luminosity classes. As for the topology, the different
networks that were implemented are shown in Table 1. These topologies have
been tested for the three backpropagation learning algorithms.

In the training phase, we used the topological order to update the weights:
first the weights of units in the input layer are updated, then the units in the
hidden layers and finally the units in the output layer. The weights are initiated
randomly with values in the interval [-1,1].
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Table 1. Different topologies tested for backpropagation networks

Network Input patterns Hidden layer

Type/subtype 25 spectral parameters 10
Type/subtype 25 spectral parameters 5x5
Type/subtype 25 spectral parameters 10x10
Type/subtype 16 spectral parameters 10
Type/subtype 16 spectral parameters 10x5x3
Type/subtype 400 flux values 100x50x10x3
Luminosity 25 spectral parameters 10x10
Luminosity 16 spectral parameters 10x5x2

The number of training cycles, the frequency of validation and the values of
the learning parameters were changed during the learning phase of the different
implemented topologies. In addition, we changed the order of the input patterns
after each learning epoch.

We used the Stuttgart Neural Network Simulator (SNNS v.4.1) to implement
the above-described networks. Our observations show that the implemented net-
works converge when MSE (Mean Square Error) is equal or inferior to 0.05 and
the net becomes stable. If the training continues after having reached this rate
of MSE, the net is over trained and its performance decreases. In this simulator,
an output greater than 0.5 is equivalent to 1, otherwise to 0. In the analysis of
the results, we have not considered the outputs near 0.5 as successes (from 0.45
to 0.55).

2.2 Kohonen Networks

The Self-Organizing Map (SOM) algorithm of Kohonen is based on non-supervised
learning. SOMs are a unique class of neural networks, since they construct
topology-preserving mappings of the training data where the location of a unit
carries semantic information [10].

Self-Organizing maps consist of two layers of units: A one-dimensional input
layer and a two dimensional competitive layer, organized as a 2D grid of units.
Each unit in the competitive layer holds a weight vector that, after training,
resembles a different input pattern.

The learning algorithm for the SOM networks accomplishes two important
goals: the clustering of the the input data and the spatial ordering of the map
so that similar input patterns tend to produce a response in units that are close
to each other in the grid. In the learning process, the input pattern vectors are
presented to all competitive units in parallel and the best matching unit is chosen
as a winner.

We have tested Kohonen networks for the spectral types/subtypes and lumi-
nosity classes, using bidimensional maps from 2x2 to 24x24 units.
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2.3 RBF Networks

Networks based on Radial Basis Functions (RBF) combine non-supervised learn-
ing for hidden units and supervised learning in the output layer. The hidden neu-
rons apply a radial function (generally Gaussian) to the distance that separates
the input vector and the weight vector that each one stores, called centroid.

We have tested the RBF algorithm for the spectral types, spectral subtypes
and luminosity classes. As for the topology, the different networks that were
implemented are shown in Table 2.

Table 2. Different topologies tested for RBF networks

Network Input patterns Hidden layer

Type/subtype 25 spectral parameters 16
Type/subtype 25 spectral parameters 8x8
Type/subtype 25 spectral parameters 4
Type/subtype 16 spectral parameters 8x8
Type/subtype 16 spectral parameters 4
Type/subtype 400 flux values 124x50x20x8x4
Luminosity 25 spectral parameters 8
Luminosity 16 spectral parameters 8x4x3

Besides each individual model proposed above, we have also designed a hi-
erarchical network, which is a structure of several neural networks based on the
best networks for each type.

The first level consists of a backpropagation network that determines the
global type of each spectrum, i.e. early star (B, A), intermediate star (F, G) or
late star (K, M). This network presents 26 neurons in the input layer, 6 neurons
in the hidden layer and 3 neurons in the output layer (one for each global type).

The second level was built with the best neural networks we obtained for
each couple of consecutive spectral types or luminosity levels. In the case of
temperature, there is a third level where the spectral subtype of the star is
obtained.

The first backpropagation network decides to which network the spectra are
sent; sometimes the spectra are sent to two different networks of the second level,
especially those that are in the threshold of a spectral type or luminosity, for
example B9A0.

The final trained networks of this model were implemented in C++ so as to
be able to send the spectra from the first level to the second one.

After analyzing the performance of the different networks designed for each
level of classification, we implemented the best models in C++ integrating them
with the other classification techniques that we had implemented.
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3 Results

Fig. 2 shows the success rate for the different learning algorithms and network

topologies that were implemented during our exhaustive study. These results

were obtained for a set of more than 100 spectra.

Fig. 2. Comparative results achieved with the main proposed models

These results show that artificial neural networks are more suitable for the
classification of the spectra of stars than our first approach based on knowledge-
based systems and fuzzy logic [4]. The best networks have reached a success
rate around 97% for a sample of 100 testing spectra, which ,compared with the
manual classification, means an increase of about 10% in performance, since the
experts have classified 87% of the spectra.

Backpropagation and RBF models have obtained a success rate around 95%
while our approach based on knowledge-based systems reached a 82% success
rate in its better development. The criteria to classify spectra are not always clear
and the knowledge-based systems include them in their rules, however, artificial
neural networks extract the implicit knowledge of the data by themselves, so
they are not supposed to include predetermined wrong criteria.

Kohonen model has obtained a low success rate in all its implementations,
which could be due to the size of the training set, since this kind of networks are
not supervised during training and they have to cluster the data by themselves
and, consequently, they need a training set big enough to be capable of extracting
similarities and grouping the data.

4 Conclusion

This paper has presented an analysis of the capability of artificial neural networks
to classify the spectra of stars. We have confirmed that neural networks are
more adequate than knowledge-based systems to determine the spectral types
and luminosity of stars, since they have obtained a higher performance (97% vs.
82% of success rate in a set of about 100 spectra).
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In order to obtain the input patterns of the neural networks, the morphologi-

cal analysis algorithms developed in the knowledge-based systems have been used

to extract and measure spectral features. Several networks have been trained

with this parameterization and other networks with flux values of specific spec-

tral zones, the first strategy having resulted in a higher performance.

We have described several models of neural networks and analyzed their

performance and results to find out the best approach to the classification of each

type of spectrum. In particular, backpropagation networks, Kohonen maps and

RBF networks were designed and tested, while implementing different topologies

so as to obtain the global classification, spectral type and luminosity of stars. The

best networks have reached a success rate around 97% for a sample of 100 testing

spectra, which ,compared with the manual classification, means an increase of

about 10% in performance, since the experts have classified 87% of the spectra.

At present, we are analyzing functional networks to determine the suitability

of this artificial technique for stellar classification. Also, we are still trying to

make the stellar database, called STARMIND, accessible via Internet, so that

users worldwide will be able to store and classify their spectra and thus help us

to improve the adaptability and accuracy of the automatic classification systems.
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Abstract. Identification of non-linear syslerns is an important [ask for model 
based control, system design, simulation, prediction and fault diagnosis. In real 
world applications, strong linearity and large number of related parameters 
make the realization of those steps challenging, and so, the identification task 
difficult. Recently, a number of works based on Multiple Modelling have been 
proposed LO avoid difficulties related to non-linearity. In this paper we use an 
Artificial Neural Network based data driven Multiple Model generator, that we 
called T-DTS (Treelike Divide To Simplify), for non-linear systems identifica- 
tion. T-DTS reduces modeling complexity on both data and processing levels. 
The efficiency of such approach has been analyzed trough two applications 
dealing with none-linear process identification. Experimen~al resulls validating 
our approach have been reported. 

1 Introduction 

Identification of non-linear systems is an important task for model based control, 
system design, siniulation, prediction and fault diagnosis. The identification task in- 
volves two essential steps: structure selection and paralneter estimation. These two 
steps are linked and generally have to be realized in order to achieve the best com- 
promise between error tnininlization and the total nuniber of paranieters in the final 
global model. In real world applications (situations), strong linearity and large number 
of related paraliieters make the realization of those steps challenging, and so, the iden- 
tification task difficult. A large variety of structures to take into account systems non- 
linearity have already been proposed anlong which, Wiener and Hammerstein type 
liiodels [I], Volterra series [2], Fuzzy logic based liiodels [3], [4] and especially in last 
decades, neural network based approaches ([5] to [8]). Applications of these neural 
based niodels are nunierous in dynanlical systelii ~ilodeling ([5] to [9]). 

Recently, a number of works propose Multiple Model based approaches to avoid 
difficulties (modelling complexity) related to non-linearity ([lo] to [14]). However, if 
such kind of approached show their efficiency in nunierous areas, an inappropriate 
usage of these techniques could lead to worsen results. That nlainly concerns com- 
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plexity reduction and choice of relevant tnodels. Two general approaches could be 
used: gradually extension of multiple nlodels to allow new local tnodels in regions 
most needed, and, removing the less important nlodels and merging the redundant 
ones to achieve a number of relevant local models. 

In this paper we use an ANN based data driven Multiple Model generator, that we 
called T-DTS (Treelike Divide To Simplify), for non-linear systems identification. T- 
DTS is capable of reducing modeling cotnplexity on both data and processing levels. 
The paper is organized in following way. We present first a Kohonen Self Organizing 
Map based T-DTS structure. Then, we will analyze the efficiency of such neural based 
nlultiple nlodel structure applying it to non-linear process identification. Experimental 
results will be given, validating our approach. 

2 Tree-DTS Neural Structure 

The main idea of the T-DTS is based on the notion "Divide et impera"' (Julius Cae- 
sar), transformed here as "Divide To Sitnplify" (DTS). The purpose is based on using 
a set of snull and specialized mapping neural networks, called Neural Networks based 
Models (NNM), supervised by a Supervisor/Scheduler Unit (SSU). Supervi- 
sorIScheduler Unit could be a prototype based neural network, Markovian decision 
process, etc.. T-DTS and associated algorithm construct a treelike neural architecture 
in dynamically and autom?tically. Leafs of the obtained tree are Artificial Neural 
Networks (nlodels). At the node's level, the input space (problem's feature space) is 
decomposed into a set of sub-spaces of smaller sizes. T-DTS consists of two nuin 
operation modes. The first is the learning mode, when T-DTS system decomposes the 
input data and provides processing sub-structures and tools for deconlposed sets of 
data. The second is the operation mode, during the which, unlearned data is processed 
(working tnode). There could be a pre-processing phase at the beginning, which ar- 
ranges data to be processed. After the learning phase, a set of neural network based 
nlodels (trained from sub-databases) are available modeling behavior region-by-region 
in the problem's feature space. In this way, a complex problem is deconlposed recur- 
sively into a set of simpler sub-problems: the initial feature space is divided into M 
sub-spaces. For each subspace k, T-DTS constructs a neural based nlodel describing 
the relations between inputs and outputs. Various conventional neural techniques are, 
then, used to build neural based models. If a neural based model cannot be built for an 
obtained sub-database, then, a new decotnposition will be performed on the concerned 
sub-space, dividing it into several other sub-spaces. 

Figure 1 shows T-DTS nlultiple tnodel bloc diagram (left) and compares it to a 
typical conventional multiple tnodel bloc diagranx (presented in literature 
[6][10][11][12]), respectively. In most of the presented multiple models based 
schemes, global behaviour is expressed as some fused (weighted) contribution of each 
sub-model to multi-model structure's output. In our structure, the global nlodel is 
decomposed into a set of sub-problems with construction, for each of them, a special- 

"divide and rule". 
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ized neural based model. During the splitting and inodels construction, a Supervi- 
sor/Scheduler Unit (SSU) is constructed recursively. In identification phase (generali- 
zation phase), SSU receives data (input vector) classifying it as corresponding to one 
of the processing subsets (using prototypes linked with subsets). Then, the most ap- 
propriated neural processing unit (NNM) is activated to process that pattern. It is 
iinportant to emphasize that in this way, on the one hand, T-DTS simplifies the learn- 
ing coinplexity and duration, and on the other hand it reduces the processing proce- 
dure's or unit's conlplexity. Finally it decreases globally implementation and parame- 
ters optinlization constraints. 

) (11 

System b 

Fig. 1. Bloc diagram of T-DTS NN based multiple model structure (left). . General bloc dia- 
gram of existent multiple modeling structure (riL&t). 

The T-DTS based inulti-model identifier's output Y ( y ,  S , t )  will be obtained 

thank to relation (1), where, Y(t) represents the input ( ~ ( t )  E '%"+ ,an nlIr-D vector), 

S(Y (tX p, 4 )  E B" (with B = {o,l))denotes the Supervisor/Scheduler Unit's 

(SSU) output (called also Scheduling Function, which depends toY(t)) and 

Y, ( t ) ~  %I7' the k-th ( k  E {l,. ., M ) )  model's output vector (of dimension ny,. In this 

relation, Fk (.) : '%'zy + %I"' is the k-tll NNM's transfer function. The scheduling 

vector S( Y, p, 6) = S( Y, pk, ck) will activate (select) the k-th NNM, and so the proc- 
essing of an unlearned input data conform to parameter p=pk and condition 5=ck will 

be given by the output of the selected NNM. In a general frame, s(Y(~),  p , ( )  may 

also depend on some parameters p andlor conditions 5. 

s t p = s  
T 

sk s , , ~ )  with s,=l V y = p , n n d j ' = j ' A  (2) 
Y, = O  else 
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3 Application to Process Identification 

Tlie T-DTS structure on wlich tlie validation has been performed uses Self Organiza- 
tion Map (SOM) [lo] SSU. In this case, splitting process dividing the initial complex 
problem into M reduced sub-problem takes advantage from Kohonen SOM properties 
(Siinilarity Matching).The activation of an appropriate NNM will be issued from 
similarity nieasure between an unlearned input vector Y(t) and the k-th SOM cluster 
(Wk). If the initial feature space has been decoinposed into M clusters by a Kohonen 
like SOM process, then, the Scheduling vector (SSU output) will be confon~i to rela- 
tion (3). 

1 IY(t)-w,l = ~ f l ~ ( ~ ) - ~ , l )  
s, (Y-w,) = (3) 

Else 
Different topology (different topologies for SOM as: 2x1, 2x2, 3x2, 3x3, 4x4 or 

5x5) have been implemented. In die case where Kohonen maps have a grid 2x1 topol- 
ogy, T-DTS builds a binary decision tree. Tlie implemented spitting optinization 
criterion (loop) is for now quite simple. It depends on the standard deviation of the 
learned data in subset. Tlie nuin parameter is MaxStd, wlich defines the standard 
deviation maximum value (in each dinlension) in a given subset. Concerning Neural 
Networks based models (processing units) they are MLP-like (Multi-Layers Percep- 
tron) units. 

3.1 Case Study of a Non Linear Behavior Identification 

A dynamic non linear system described by the equations (4) has been considered, 
where o represent the system output and i the system input. The goal is to construct a 
systeni-representative model. The main interest of tlie above-considered study case is 
related to it's transfer function availability, allowing an objective evaluation of T-DTS 
identification capability.. 

The perforinances testing protocol has been defined as following: two databases have 
been generated using relation (4). The first one, used for the learning phase, corre- 

sponds to the system's response with signal s l ( t )  (5) as input. The second one, used 

for generalization phase, is the system's response to signal s q t  ) (5). 

We use a Kohonen self organizing map as SSU with a grid 2x1. Neural Network 
based Models (NNM) are MLP-like structures with back propagation Levenberg- 
Marqstadt learning rule. Input patterns are constituted as an AutoRegressive Moving 
Average ARMA(6,6) vector given by (6). 
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The T-DTS builds a treelike structure as represented in figure 2. This tree is consti- 
tuted by 3 SU at the node level and 4 NNM at the leaf level. The initial problem fea- 
ture space is spitted in two sub-spaces la  and lb. The algoritl1111 achieves a first model 
(NNM 1) for the f i s t  subspace and decomposes the second subspace, lb, in to two 
sub-spaces 2a and 2b. The nlodel for the subspace 2a (NNM 2) is then determined and 
new splitting is performed for subspace 2b. Figure 3 conlpares the T-DTS issued 

~ ~ ~ o d e l ' s  output and the original's when the unlearned verification signal ( s g  ( t ) )  is 

used as input. As it could be remarked froin that figure, the built nlodel, identifying 
the system, is a faithful model: the difference between the system's output and the T- 
DTS based estimated output is very low (reaching a square mean error lees than 
This proves the T-DTS paradigm efficiency. Reducing initial database complexity 
drops NNM training time: few epochs (recursion) are needed to reach mean 
square error (50 epochs in the worst case). 

Fig. 2. System identification model built by T-DTS (left), Learning Sub-databases and cone- 
sponding pallems obtained koin T-DTS after splitting Lhe learning database (righi). 

st- 

SNN 1 SNh'? 
* -*3*- *a"- 

--. *" 0 = - ~  
SNN 7 SNK 1 

Fig. 3. Comparison of the nonlinear system Fig, 4. Mean square error evolutions for each 
ouLpul and the T-DTD issued model ou~pul. NNM in the learning slep. 
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3.2 Application to Real Industrial Non Linear Process Identification 

We have applied T-DTS based Identifier to a real world industrial process control 
problem. The process is a drilling rubber process used in plastic manufacturing indus- 
try. Several non-linear parameters influence the manufacturing process. To perform an 
efficient control of the manufacturing quality (process quality), one should identify the 
global process. 

Conventional Feedback Loop 

Fig. 5. Implemented industrial processing loop using a Kohonen SSU based T-DTS identifier. 

Similar approach, as described in the previous sub-section, has been implemented. 
Input patterns have a M-AFWA shape (Multi inputs ARMA model). Figure 6 shows 
some of process signals shapes. We have represented the nuin parameters that are 
involved in the drilling rubber process. Other parameters, that are less significant, 
have been onlitted. 

Fig. 6. Example process input order, oull~ul (metric properlies of produced profiles) and some 
of process parameters (confidential) shapes. 

Kohonen SOM based Supervisor/Scheduler Unit (SSU) uses a 4x3 grid leading to 
12 feature sub-spaces. So, 12 Neural Network based Models (NNM) have been gener- 
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ated and trained (from learning database). Figure 7 shows exanlples of database split- 
ting after T-DTS learning phase, giving four anlong twelve obtained sub-databases. It 
shows also, the learning phase validation presenting the learned process output identi- 
fication. Figure 8 shows system output in the generalization phase. One can conclude 
that estimated output is in accord with the measured one. 

Fig. 7. Exanlples of database splitting after T-DTS learning phase: four anlong twelve 
obtained sub-databases (left). Learned process output identification (right). 

Fig. 8. Identification of an unlearned sequence of drilling rubber plant's output in the 
generalization phase. 

4 Conclusion 

An ANN based data driven treelike multiple model generator, called T-DTS (Treelike 
Divide To Simplify) has been proposed to perform non-linear system behaviors iden- 
tification. The proposed multi-model based identifier decomposes the initial complex 
feature space into simpler sub-spaces in recursive way associating a NN based special- 
ized model to each generated sub-problem. An inlplementation example, implement- 
ing a Kohonen SOM based splitting has then been applied for non-linear processes 
identification. Two applications have been presented: an academic case-study example 
and a real world industrial application dealing with a drilling rubber plant dedicated to 
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special plastic profiles ilunufacturing. Obtained experimental results show feasibility 
and efficiency of such ANN based multiple illode1 identifief. 
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Abstract. Predicting the failure of a company is a difficult problem
traditionally performed by accounting experts using heuristic rules
extracted from experience. In this work we apply HLVQ, a new
algorithm to train neural networks, to this problem and compared its
results with G-Prop, a neural network optimized with evolutionary
algorithms. We show that HLVQ is an efficient alternative for the
bankruptcy prediction problem.

1 Introduction

Financial failure prediction is a classic problem in econometrics of extreme
importance for company stakeholders and banks. Several generic tools to address this
problem have been presented [1-4], but all these techniques acknowledge that less
restrictive tools, containing more explicative variables, can achieve not only a better
predictability but have also a wider applicability.

Traditional statistical techniques require tentative functional relation among
dependent and independent variables. Although this assumption is useful in many
cases, if this function is not correct the prediction may be completely wrong. Besides,
these methods are very sensitive to exceptions, very common in this problem, which
make them generalize poorly. Atypical examples could completely damage the
predictions.

Neural networks have shown a competitive performance [6] but may suffer from
other difficulties. When categories to be classified are very similar, either
unsupervised learning like SOM [7,8] or supervised, like Multi Layer Perceptrons
(MLP) [9,10], performs poorly. This difficulty becomes more acute when the data
have characteristics that are highly correlated. Relevant features can be hidden and
only be resolved through non-linear transformations. The cornerstone of classification
algorithms is to extract these features from raw data so that discrimination between
classes can be easily performed.
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We will apply a recently proposed MLP training algorithm named Hidden Layer
Learning Vector Quantization (HLVQ) [11]. It combines the merits of MLP and
Kohonen�s LVQ and is particularity suitable for classification of high dimensionality
data. For this paper we compare its performance with G-Prop, an evolutionary method
to optimise MLP.

The rest of this paper is structured as follows: section 2 presents the HLVQ
method. Section 3 describes the hybrid method (G-Prop). Section 4 describes the
methodology used to obtain samples related to companies. Section 5 describes the
results obtained using both methods, followed by a brief conclusion in section 6.

2 HLVQ

After being trained the last hidden layer of a MLP learns a map that produce an
optimum discrimination of the classes of input vectors by means of a linear
transformation. Minimizing the error of this linear discriminant requires that the input
data undergo a non-linear transformation into the space spanned by the activations of
the hidden units in such a way that it maximizes a discriminant function.

The hidden layer is an intermediate processing unity capable to extract relevant
features for classification from the data. It can be considered as a map

)(xh M=                                                            (1)

where Nxxx ,...,1=  is the vector of the inputs, with N attributes, and 
hNhhh ,...,1=

the vector containing the outputs of the Nh nodes of the last hidden layer of the MLP.
This map is basically a projection of the input domain onto a usually lower
dimensional space of the hidden layer nodes.

HLVQ is implemented in three steps. First, a specific MLP for the problem at hand
is trained. Second, supervised Learning Vector Quantization is applied, to extract

codevectors icw  corresponding to each class ci in which data are to be classified.
These codevectors are built using the outputs of the last hidden layer of the trained

MLP. Each example, ix , is classified as belonging to the class ck with the smallest
Euclidian distance to the respective codevector:

)(min xhwk jc
j

−=                                                 (2)

where ⋅  denotes the usual Euclidian distance.
The third step consists of retraining the MLP with the backpropagation algorithm

(see Rumelhart [12]), but with two important differences. First the error correction is
applied not to the output layer but directly to the last hidden layer, thus ignoring from
now on the output layer. The second difference is that the error applied is a function

of the difference between )(xh  and the codevector, kcw , of the respective class ck
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to which the input pattern x  belongs. Several expressions might be used, but we
tested the following:

( )∑ −=
i

ikc xhwE
β

β
)(1

1                                       (3)

The parameter β  may be set to small values to reduce the contribution of outliers.
After training a new set of codevectors,

Seq icic
new
c www i ∆+=

is obtained according to the following training scheme:

))(( icic wxtw −=∆ α  if x  ∈  class ci ,                          (4)

0=∆ icw                   if x ∉class ci

The parameterα (t) is the learning rate, which should decrease with iteration t to
guarantee convergence. The following expression was chosen:

INtt /
0 )1.0()( ×= αα                                            (5)

where NI is the number of training examples presented to the network.
Steps two and three are repeated following a iterative process. The method stops

when a minimum classification error on the test set is found.

3 G-Prop Method

Before training an artificial neural network (ANN) its architecture, connectivity and
the training parameters must be specified. Moreover, an adequate training and test set
must also be provided. All these parameters can be obtained either with incremental
or  decremental methods (see Alpaydm et al [13] for a good review), or evolutionary
algorithms (see Yao [14] for a review).

We use the G-Prop algorithm to tune learning parameters, set the initial weights
and hidden layer size of a multilayer perceptron (MLP): it merges the capabilities of
Evolutionary Algorithm to find good network structure, initial weights and learning
parameters, with the ability of Backpropagation to train the network. The G-Prop
algorithm has been fully described and analysed in previous papers (see Castillo et al.
[15-17]). In this section, we briefly describe the main components of the method, such
as population individuals, genetic operators and fitness functions.

In general, evolved MLPs are codified into chromosomes that are handled by
genetic operators. We use six variation operators to change MLPs: mutation,
crossover, addition and elimination of hidden units, and Quick Propagation training
applied as operator [15-17].
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G-Prop does not use binary codification, but the initial parameters of the network
are rather generators. In G-Prop the fitness function is given by the number of hits on
the test set after each training epoch. The classification accuracy or number of hits is
obtained by dividing the number of hits between the total number of examples in the
testing set. When two individuals have identical classification error, the one with
fewer neurons on the hidden layer is chosen. By using this strategy not only a greater
speed in training is achieved, but also facilitates a hardware implementation of the
network.

4 Data and Pre-processing

This study continues the research on bankruptcy prediction analysis using artificial
neural networks (see [21,22]) and was carried out using a sample referred to the
period of 1998 and 1999, consisting of 450 non-financial firms taken from the Infotel
(http://www.axesor.com) database, of which half are companies that have failed and
the other half boast good financial health. The group of financial failures corresponds
to those firms that had suspended payments or had declared legal bankruptcy, in
accordance with Spanish Law, while the healthy firms were randomly selected from
among 150.000 companies. In establishing the sample, estate agents and construction
companies were excluded, since the characteristics of these sectors could distort the
results obtained from the study models. The training set is composed of 336 examples
and the test set contains the remaining 114.

The dependent variable is either 1, in the case of legal failure, or 0 for a healthy
firm. The independent variables are quantitative ratios taken from financial
statements, along with qualitative information. The number of indicators considered
in this work is much larger (20) than the usual finantial ratios purposed by Altman
and still common in literature [20]. All data is normalized to a value between 0 and 1.

To test the robustness and the relevance of each of these variables to discriminate
companies, it should be of interest to use data two years before the declaration of
bankruptcy. It would have been interesting to include variables representative of the
cash flows to test their explanatory capacity [18]. Likewise, we may have to include
categorical indicators in the model, such as the existence of exceptions in the firm�s
audit report [19].

5 Results

To obtain the results using HLVQ method, a MLP with a single hidden layer of 10,
15, 20, 25 and 30 nodes and a single output node was trained. The back-propagation
algorithm was used with the sum of square errors as the target function, a learning
rate of 0.1 and a momentum term of 0.25. Since the available training set is relatively
small we train the network with only 50 epochs to avoid over-training. A miss-
classification error on the test set, i.e., number of cases ill-classified divided by the
total number of examples, is obtained.
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Table 1. Results obtained with HLVQ and G-Prop

Classification ability (% error) Network size (hidden nodes)

HLVQ

13
11
10
11
14

10
15
20
25
30

G-Prop 18 ± 3 30 ± 10

Different MLP configurations have been tested, namely with 2 hidden layers.
However, higher errors were found. This may be due to the fact that we do not have
enough training data to constrain a larger network.

Then HLVQ was applied, starting from the weights obtained by the previously
trained MLP. We set the learning parameter at α0 = 0.5 and β = 2 (different values of
these parameters lead to similar results), and a limit in the number of iterations of 10.

For the G-Prop, results have been obtained after an average of 10 runs, testing the
MLP obtained for in each run. Errors are shown as an average plus standard
deviation. In order to obtain the fitness of an individual, the MLP is trained with the
training set and its fitness is established from the classification error with the
validating set. Once the EA is finished (when it reaches the limit of generations), the
classification error with the testing set is calculated: this is the result shown.

Fig. 1. Code vector components for the two classes. This figure corresponds to the experiment
where 10 hidden units are used
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Results obtained with HLVQ (using several hidden layer sizes) and G-Prop are
shown in Table 1.

As can be seen, HLVQ clearly performs better. This may be due to the fact that
HLVQ implements decision boundaries that are not defined by hyperplanes but rather
by hyperspheres defined by Eq. 2. It is important to note that for a high number of
hidden units HLVQ obtains higher classification errors; that implies that the hidden
layer size should be optimised.

In Figure 1 we present the codevectors correspondent to bankrupt and healthy
companies (experiment using 10 hidden nodes). We can see that both prototypes are
very similar which is an indication that the problem is very hard. Furthermore, only
three of the ten components (0, 2 and 5) are relevant for class membership
discrimination. This indicates that HLVQ may be efficiently used to perform feature
extraction, reducing the initial 20 explanatory variables to only three.

To test this hypothesis, we removed all but nodes 0, 2 and 5 from the hidden layer
and run HLVQ with only these three nodes. Surprisingly, an error on the test set of
only 20% (23 miss-classified examples) was found. This result is remarkable since,
with HLVQ applied to only three selective nodes, a better performance than this for a
MLP with a 10 hidden node layer was found.

6 Conclusions and Work in Progress

Artificial Neural Networks are valid alternatives to the problem of bankruptcy
prediction. In this paper we present a new algorithm for training neural networks,
named Hidden Layer Learning Vector Quantization (HLVQ), that achieved a better
out-of-sample error prediction than multilayer preceptrons. This method has shown a
superior performance that neural networks optimised using evolutionary algorithms.
We show that HLVQ is also an efficient method to perform feature extraction, being
able to drastically reduce the dimensionality of a data set.

In future studies it would be of interest to apply HLVQ to the optimised MLP
obtained with G-Prop. Thus, better results could be obtained since the HLVQ will not
work with a random MLP, but an optimised MLP. It should also be of interest to use
data two years before the declaration of bankruptcy, including variables representative
of the cash flows to test their explanatory capacity.

Finally, let us remark one drawback of HLVQ that we can not extract bankruptcy
probabilities as it can be done in MLP. This is particularly severe in this problem
since these probabilities are of great importance.  This is a problem we intend to
approach in the future.
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Abstract. The k-Nearest Neighbour (kNN) approach is a widely-used
technique for pattern classi�cation. Ranked distance measurements to
a known sample set determine the classi�cation of unknown samples.
Though e�ective, kNN, like most classi�cation methods does not scale
well with increased sample size. This is due to their being a relationship
between the unknown query and every other sample in the data space.
In order to make this operation scalable, we apply AURA to the kNN
problem. AURA is a highly-scalable associative-memory based binary
neural-network intended for high-speed approximate search and match
operations on large unstructured datasets. Previous work has seen AURA
methods applied to this problem as a scalable, but approximate kNN
classi�er. This paper continues this work by using AURA in conjunction
with kernel-based input vectors, in order to create a fast scalable kNN
classi�er, whilst improving recall accuracy to levels similar to standard
kNN implementations.

1 Introduction

Many pattern matching techniques, whilst e�ective, do not scale well with in-
creased sample data space. The k-Nearest Neighbour (kNN) approach is one such
method that is widely-used[1]. For each applied query, a distance measurement
must be calculated between the query and every sample in the data space, and
the data ranked to determine the queries neighbours. With a large set of known
data, this can be restrictively slow.

In order to increase performance, we apply AURA to the kNN problem[7].
AURA is a highly-scalable associative-memory based binary neural-network, in-
tended for high-speed approximate search and match operations on large un-
structured datasets. It is typically used in large pattern-matching applications
that are unsuited to conventional pattern-matching algorithms. Upon presenta-
tion of a query, AURA can rapidly process a large dataset, returning a smaller
subset of approximate matches. This subset can then be rapidly processed using
more traditional, computationally-intensive methods such as kNN. This two-
stage approach is used in the FEDAURA project for fraud detection in large
data sets [2]. Initial work on AURA kNN used \blurred" input vectors (3-bits
set) to obtain a recalled subset of approximate matches[3]. Though fast and

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 663-670, 2003. 
c Springer-Verlag Berlin Heidelberg 2003



scalable, it has been shown to be inaccurate. In order for the top k neighbours
to be contained in the subset recalled from AURA, the subset must be large.
In [3], we showed that the AURA kNN was faster than a standard C++ kNN
implementation. Here we investigate the recall accuracy of various kernel shapes
applied to the AURA input vectors with di�erent data types and speci�cations.

2 kNN Classi�er

Several distance metrics are used to measure the similarity of a query sample
and all known samples in the data space. For accurate geometrical distance
measurement, the Euclidean metric is used (see equation 1). However, since
this must be calculated for all samples, this can require intensive computation
with large data sets. The City Block metric simpli�es measurement though
introduces some error (equation 2).

d(X;Y )euc =

vuut nX
i=1

(Xi � Yi)2 (1)

d(X;Y )cb =

nX
i=1

jXi � Yij (2)

By plotting these distance equations about a query point in 2-dimensional space
(�gure 1) we can see the e�ect of both metrics. The query vector lies at the centre
of the plots with a distance score of zero. All other data points are measured
from the query point, radiating out linearly with increasing distance score.

Distance
score

Attribute A

Attribute B

Distance
score

Attribute A

Attribute B

(a) (b)

Fig. 1. Plots of (a) city block and (b) euclidean distance around a (central) point in
2D space
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3 AURA

AURA (Advanced Uncertain Reasoning Architecture) is a family of techniques
and implementations intended for high-speed approximate search and match
operations on large unstructured datasets [4]. AURA technology is fast, scalable,
economical, and o�ers unique advantages for �nding near-matches not available
with other methods.

AURA is based on a high-performance binary neural network called Corre-
lation Matrix Memory (CMM). Typically, several CMM elements are used in
combination to solve soft or fuzzy pattern-matching problems. AURA �nds ex-
act and near-matches between indexed records and a given query, where the
query itself may have omissions and errors. The degree of nearness required
during matching can be varied through thresholding techniques. AURA implic-
itly supports powerful combinatorial queries, which accept a match between, for
example, any 5 from 10 �elds in the query against the stored records.

A CMM consists of a binary correlation matrix neural network implemented
in memory, for the storage and retrieval of vector patterns. Each column of the
matrix is seen as a neuron, and each row represents an input and synapses to
each neuron. The CMM concept has two main modes of operation; teach and
recall. In teach mode, associated input and output binary vectors are trained
into the CMM and its matrix weights (bits) are set. The training operation is
expressed in equations 3 and 4, where M0 is the initial empty CMM weights
memory matrix, and Mk is the CMM matrix after k training operations. �
denotes a logical OR operation, ST

k
is the transposed separator pattern and Pk

is the input pattern. N is the number of patterns trained into the CMM.

M0 = 0 (3)

Mk =Mk�1 � ST

k � Pk; wherek 2 N (4)

O =
X

MP T

i
(5)

To perform a CMM recall, only the input binary vector is applied to the CMM
matrix. Rows are selected by bits set in the input pattern, Pi, and columns in
the CMM are summed to create an output integer vector, O (equation 5). The
resulting summed column data can be read unprocessed, or thresholded to obtain
the �nal binary vector containing the possible matches, Sk. When recalling, the
input pattern can also be applied as a weighted (positive integer) vector. The
integer input, I , is applied to a CMM row and any bits set in that row are
added I times to their respective column count. Two types of thresholding can
be applied (Willshaw or Lmax) dependent upon the application. Willshaw [5]
thresholding compares the summed columns with a thresholded level, whilst
Lmax [6] retrieves the top L or more matches from all of the summed columns.
A detailed description of CMM neural networks can be found in [7].

CMM techniques lend themselves to such applications as inverted indices,
whereby objects are stored in the CMM categorised by certain attributes. For
attributes containing discrete, real, and categorical data, binning must be used
to encode the data into the input vector. Each attribute is quantised over a range
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of bins, with each bin represented as a row in the CMM. Multiple attributes can
be encoded into an input vector by allocating a sub-vector to each attribute and
binning each attribute within this range.

4 AURA kNN Classi�er

Comparing the conventional kNN and the AURA-based approach, the latter cal-
culates the k-nearest neighbours by traversing rows in a matrix. The standard
kNN is similar to traversing columns in the same CMM with 
oating-point ma-
trix entries rather than the binary entries of the AURA CMMs. The nested loop
for standard on-line kNN for a single query record is:

For all records (columns)
For all attributes (rows)

In contrast the loop for the CMM for a single query record is:

For all attributes (rows)
For all records (columns)

Thus we can speed calculation using AURA as we only select speci�c rows (bins),
so working with only a fraction of the data.

The input data is quantised and binned prior to its application to the CMM.
The quantised data retrieved from the CMM is therefore an approximation of
kNN. To compensate for this we retrieve a larger than k subset from AURA,
then post-process this small batch using conventional kNN. Another problem
with quantisation is the boundary e�ect. The bins have hard boundaries so
records lie within one bin only. Hence, for a particular value the distance to
other points in the same bin may be greater than the distance to a point in a
neighbouring bin. A technique developed as part of the FEDAURA project [2]
attempted to overcome this problem during recall by blurring the input vectors.
When setting a bit in the input query to represent an attribute's bin, bits are
also set for the two adjacent bins. Thus, we retrieve any values that lie just
across the bin boundary and hence may be closer. This blurring of the input
query proved to be fast, but inaccurate, and so for the top k-nearest neighbours
to be recalled from AURA, the recalled subset must be large[3].

Figure 2(a) shows how distance scores are calculated around a central query
point, for a binary-weighted block kernel (multiple-bits set) method in a 2-
attribute (2-dimensional) problem. Note that the distance score at the query
is at maximum, and a nearest-neighbour record is only valid if its distance score
is greater than 1 (i.e. the top plateau). Records that return a score of 1 lie
within one of the radial �eld weighting regions, and can only be said to be an
approximate match. Similarly a record that scored '0' could be actually closer
to the query than a record that lay at the extremities of the '1' region. Filtering
out these uncertainties can be easily achieved by absolute (Willshaw) thresh-
olding at level 2. For n-dimensional space using binary-weighted input vectors,
equation 6 determines the threshold level at which valid records are returned.
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Equation 6 can be expanded when input vectors are weighted, and assuming that 
every field's input vector shares a common maximum weight, w, then equation 
7 applies. 

threshold > n - I 

threshold > (n  - I) . w 

In order to  emulate kNN distance measurement using AURA, we decided to  
improve on the binary-weighted approach by applying a kernel-weighted integer 
input function to  the query. For each attribute within the input vector query, we 
apply a quantised integer kernel function centred on the query's attribute bins. 
The summed intersection of these kernel projections contains stepped concentric 
patterns of equal scores. These scores, representing distance, will be at  a max- 
imum (n . w) a t  the query, and will radiate out into n-dimensional space until 
the limiting threshold is reached (equation 7). Two kernel shapes were selected: 
a triangular function that attempts to  emulate the block-distance metric and 
a semi-circular function that attempts to  emulate euclidean-distance measure- 
ment. In n-dimensional scenarios, the kernels produce an n-dimensional stepped 
hyper-diamond or stepped hyper-sphere respectively. Figures 2(b) and 2(c) plot 
score against attribute distance from a central (query) point, for both kernel 
methods in a two-dimensional scenario. It can be seen that when using the tri- 
angular kernel function, the intersecting scores, although stepped, compare well 
with the traditional kNN block-measurement approach (figure I). Note that 
AURA-kNN, unlike traditional kNN, gives a maximum distance score at  the 
query and reduces as we move away from the query. The semi-circular kernel 
method produces an intersection that approximates to  euclidean distance, how- 
ever, the distance t o  score stepping is non-linear. This non-linearity creates poor 
resolution nearest the query point. For thorough evaluation we set the value of 

Fig. 2. Plot of AURA distance scores around a (central) point in 2D space using (a) 
block (multi-bits set), (b) triangular, and (c) semi-circular kernel functions 

k = 99. We vary the number of candidate matches retrieved by AURA using a 
parameter we call the Er rorMarg in(EM),  which is effectively a multiple of k. 
AURA reduces the L-Max threshold value until it has recalled at  least E M  * k 
matches. Throughout our evaluation we use an EM of 10 which retrieves a t  



least 990 candidate matches. The setting is a trade-o� between recall accuracy
and retrieval speed. A higher value will retrieve more candidate matches which
maximises the likelihood of recalling the true k nearest neighbours as de�ned
by standard Euclidean kNN but increases the retrieval time as more candidate
matches have to be post-processed.

4.1 Kernels

We evaluate 3 kernel shapes in this paper; Triangle, Semi-Circle, and a blurred
(or 3-Bits Set) kernel. In the following, ni is the number of bins for attribute
i, max(n) is the maximum number of bins across all attributes and �i is the
scale factor to ensure all attributes have the same potential maximum score so
all attributes are ascribed an equal weight.

Triangle Has a linear decrement and is equivalent to quantised City Block
Distance, see equation 8.

Triangle(x; y) =
X
i

�
max(n)

2
� (xi � yi)�i

�
where �i =

max(n)

ni
(8)

Semi-Circle Has a quadratic decrement, and is equivalent to quantised Eu-
clidean Distance, see equation 91.

SemiCircle(x; y) =
X
i

"�
max(n)

2

�2
� (xi � yi)

2�i

#
where �i =

max(n)2

n2
i

(9)
3-Bits Set Cheapest - only activate 3 lines of CMM per attribute, no control

required, tendency to retrieve too many equal-valued matches which all have
to be post-processed so overall retrieval can be slow.

5 Evaluation

We implemented the standard kNN that forms the baseline comparator using
C++. We employed range normalisation in the Euclidean Distance calculation
(see equation 10) to ensure all attributes were ascribed equal weights as all
attributes have equal weight in the AURA evaluation. We note that the weights
can be varied in both approaches if desired to re
ect attribute weights. We
omitted the square root for speed as this does not a�ect the order of the nearest
neighbours. rangei denotes the range of data for attribute i.

EuclidDist(x; y) =
X
i

(
xi � yi

rangei
)2 for all i attributes (10)

The k nearest neighbours for vector i are the k records with the lowest euclidian
distance, EuclidDist(x; y). This equates to the inverse of the Semi-Circle. AURA

1 Derived from discussions with Bojian Liang and Garry Hollier

668 Michael Weeks  et al.



retrieved the nearest neighbours as those with the highest score but conversely,
standard kNN retrieves the records with the lowest score.

For our evaluation we use three data sets:

LR The Letter Recognition data set from the UCI data repository [8]. The
data comprises 20,000 vectors of 14 randomly-distributed, integer-valued at-
tributes ranging from 0-15.

REAL A data set containing 200,000 vectors of 14 real-valued attributes with
values between 0 and 1. The data set was generated using the Java random
number generator.

IBM A data set containing 20,000 vectors of 9 integer-valued attributes with
ranges between 0-4 and 0-1,349,600. This data set was generated using the
IBM data set generator [9] with standard settings. Note that we removed
the �nal class attribute from the data.

For the purposes of our evaluation here, we are only interested in the recall
accuracy of binning continuous or discrete attributes combined with the kernel
shape input vector scores. Thus, we treat all attributes from all three data sets
as continuous or discrete and subdivide the ranges into a series of bins.

We use 10 bins for the LR data set (LR 10) as the range of values in each
attribute is small. We use a higher number of bins (25) for the REAL data set
(REAL 25) as the attributes are continuously valued between 0 and 1 so a higher
degree of binning accuracy is desirable. For the �nal IBM data set, there is a
disparity in the attribute ranges so we analyse two setting of 10 and 25 bins
(IBM 10 & IBM 25) to investigate which performs best when attributes ranges
di�er between 4 and 1,349,600.

We compare the top 99 matches retrieved by each of the kernel shapes across
the four settings (LR 10, REAL 25, IBM 10, IBM 25) against the 99 top matches
retrieved by a standard kNN technique implemented using C++. This will ver-
ify that the AURA pre-processing step which e�ectively minimises the search
space is accurate. Post-processing of the top matches ensures the nearest neigh-
bour orders will be identical. Therefore we are interested only in the number of
neighbours in the top 99 as their orders will be identical.

6 Results and analysis

LR 10 REAL 25 IBM 10 IBM 25

Triangle 99.49 99.95 100.00 100.00
Semi-Circle 99.57 100.00 100.00 100.00
3-Bits Set 89.27 17.01 63.51 52.33

Table 1. Table listing the recall accuracy (percentage) for the three kernel shapes
using the three data sets. There are two settings for the IBM data set for comparison.
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In table 1 we list the recall accuracy percentages for the various kernel shape
and data set combinations. The Semi-circle kernel is most accurate, closely fol-
lowed by the Triangle. The original 3-Bits Set kernel performs poorly. The Tri-
angle and the Semi-Circle are suÆciently accurate (over 99% recall accuracy) for
most application domains. The di�erence in the recall accuracy between these
two is negligible, though it is expected that the Semi-Circle kernel approach will
prove more accurate as we reduce the size of the recalled subset.

We note that the records missed by the Triangle and Semi-Circle kernels are
always at the tail of the neighbour list. For most applications, we feel this slight
inaccuracy at the least critical end of the neighbour list is easily mitigated by
the performance enhancements facilitated by the AURA techniques [3].

7 Conclusions

Previous work [3] has shown the AURA-knn approach to be faster than the
standard computational approach. This is achieved by using AURA as a coarse
�lter to rapidly extract a subset of records from the data space, then process-
ing this smaller, manageable subset with traditional methods. In this paper we
have improved on this approach by dramatically increasing the accuracy of the
recalled AURA subset, which equates to a smaller recalled subset and reduced
post processing requirements.
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Abstract. In this paper we propose a nonlinear scalar predictor based on a 
combination of Multi Layer Perceptron, Radial Basis Functions and Elrnan 
networks. This system is applied to speech coding in an ADPCM backward 
scheme. The combination of this predictors improves the results of one predic- 
tor alone. A comparative study of this three neural networks for speech predic- 
tion is also presented. 

1. Introduction 

Time series analysis and prediction has potential applications in several fields, such as 
automation and quality control, financial time series analysis, stock exchange, eficient 
planning and production, operator assistance in process industry, medicine, weather, 
etc. One important application of time series prediction is found in speech signals 
related applications. For instance, most of the speech coders use some kind of predic- 
tion. The most popular one is the scalar linear prediction, but several papers have 
shown that a nonlinear predictor can outperform the classical LPC linear prediction 
scheme [l-31. 
In our previous work, we used a Multi Layer Perceptron (MLP) instead of the classi- 
cal linear predictor, for speech coding purposes. In order to keep the speech coder 
stable, it was introduced in a closed loop scheme with a quantizer, named ADPCM 
(Adaptive differential PCM). 
In this paper, we study two new different neural networks predictors (Elrnan recurrent 
network and Radial Basis Functions), that replace and combine with our scheme pro- 
posed in [I]. Figure 1 shows the scheme of the ADPCM speech encoder. The neural 
predictor is updated on a frame basis, using a backward strategy. That is, the coeffi- 
cients are computed over the previous frame. Thus, it is not needed to transmit the 
coefficients of the predictor, because the receiver has already decoded the previous 
frame and can obtain the same set of coefficients. 
This paper shows that the combination of this three kind of neural net predictors can 
improve the results of one predictor alone and can reduce the computational burden of 
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the original ADPCM scheme with MLP prediction that we have used in our previous 
work. 

Fig. 1. ADPCM scheme with neural net prediction 

2. Conditions of the experiments 

This section describes the conditions of the experiments. 

2.1 Conditions of the experiments 

The experimental results have been obtained with an ADPCM speech coder with an 
adaptive scalar quantizer based on multipliers [4]. The number of quantization bits is 
variable between Nq=2 and Nq=5, that correspond to 16kbps and 40kbps (the sam- 
pling rate of the speech signal is 8kHz). We have encoded eight sentences uttered by 
eight different speakers (4 males and 4 females). These are the same sentences that we 
used in our previous work [l-31. 

2.2 Evaluation of the results 

For waveform speech coders, we can evaluate the speech encoder quality using the 
Segmental signal to Noise Ratio (SEGSNR). The SEGSNR is computed with the 

l K  
expression SEGSNR = - SNRj , where SNRj is the signal to noise ratio (dB) of 

K f=1 

fi-ame j : SNR = 
E{x2 In11 , and K is the number of frames of the encoded file. 

E{e2 [nl) 
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3. MLP, Elman, and RBF networks parameter settings. 

In this section we describe the new prediction networks and their parameter setting, 
with special emphasis on Elman and RBF networks. 

3.1 Multi Layer Perceptron 

We have used the same adjustments for the MLP than in our previous work: 
We fixed the structure of the neural net to 10 inputs, 2 neurons in the hidden 
layer, and one output. 
The selected training algorithm was the Levenberg-Marquardt, that computes the 
approximate Hessian matrix, because it is faster and achieves better results than 
the classical backpropagation algorithm 
We also applied a multi-start algorithm with five random initializations for each 
neural net, and a committee between these five networks [3]. 

The combination between Bayesian regularization with a committee of neural nets 
increased the SEGSNR up to 1.2 dB over the MLP trained with the Levenberg- 
Marquardt algorithm [5-61, and decreases the variance of the SEGSNR between 
frames. For more information about the MLP setup you can refer to [I-31. Anyway, 
this study has been made with the neural network toolbox of MATLAB 6.5, that uses 
a different random initialization algorithm than previous versions, so there are small 
differences of SEGNSR than the previous reported results for MLP. 

3.2 Elman network 

The Elman network commonly is a two-layer network with feedback from the first- 
layer output to the first layer input. The Elman network has tansig neurons in its hid- 
den (recurrent) layer, and linear transfer functions in its output layer. This combina- 
tion is special in that two-layer networks with these transfer functions can approximate 
any function (with a finite number of discontinuities) with arbitrary accuracy. The 
only requirement is that the hidden layer must have enough neurons. More hidden 
neurons are needed as the function being fitted increases in complexity. Note that the 
Elman network differs from conventional two-layer networks in that the first layer has 
a recurrent connection. The delay in this connection stores values from the previous 
time step, which can be used in the current time step. Thus, even if two Elman net- 
works, with the same weights and biases, are given identical inputs at a given time 
step, their outputs can be different due to different feedback states. 
In this paper we have used the Elman network with Bayesian Regularization and the 
Levenberg-Marquardt algorithm in a similar fashion and parameter setting than the 
MLP. Figure 2 shows a comparison between MLP and Elman networks architecture. 
One important parameter setting is the number of epochs. We have evaluated two 
cases: 6 and 50 epochs. These are the same values that we used in our previous work 
for the MLP. 
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input lcryer input l q e r  

inpis:  
x[n-p] x[n-ptl] x[n-L] x[n] x[n-p] x[n-p+l] x[n-L] r[n] 

Fig. 2. MLP and Elman networks 

3.3 Radial Basis Function 

While Elman networks are close together to MLP, the RBF networks may require 
more neurons than MLP or Elrnan networks, but they can be fitted to the training data 
with less time. On the other hand, the transfer function is different: 

radbas [n] = e-"' 
The RBF network consists on a Radial Basis layer of S neurons and an output linear 

layer. The output of ith Radial Basis neuron is R, = radbas ( 1 1  4 - f 1 x hi ) , where: 

2 is the p dimensional input vector 

bi is the scalar bias or spread (o) of the gaussian 

Gi is the p dimensional weight vector of the Radial Basis neuron i. 

In our case, the output is just one neuron. Figure 3 shows the scheme of a RBF net- 
work. 
\ 

output 4 

Fig. 3. RBF network architecture 

The radial basis function has a maximum of 1 when its input is 0. As the distance 
between w and p decreases, the output increases. Thus, a radial basis neuron acts as a 
detector that produces 1 whenever the input is identical to its weight vector Gi . 
The bias b allows the sensitivity of the radbas neuron to be adjusted. For example, if a 
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neuron had a bias of 0.1 it would output 0.5 for any input vector 2 at vector distance 

of 8.326 (0.8326h) from its weight vector Gi, because e4.83262 = 0.5. 

We have studied the relevance of two parameters: spread and number of neurons. 
First, we have evaluated the SEGSNR as function of the spread of the gaussian func- 
tions. Figure 4, on the left, shows the results using one sentence, for spread values 
ranging 0.011 to 0.5 with an step of 0.01 and S=50 neurons. It also shows a polyno- 
mial interpolation of third order, with the aim to smooth the results. Based on this plot, 
we have chosen a spread value of 0.22. Using this value, we have evaluated the rele- 
vance of the number of neurons. Figure 4, on the right, shows the results using one 
sentence and a number of neurons ranging from 5 to 100 with an step of 5. This plot 
also shows an interpolation using a third order polynomial. Using this plot we have 
chosen an RBF architecture with S 2 0  neurons. If the number of neurons (and/ or the 
spread of the guassians) is increased, there is an overfit (over parameterization that 
implies a memorization of the data and a loose of the generalization capability). 
Radial basis neurons with weight vectors quite different from the input vector 2 have 
outputs near zero. These small outputs have only a negligible effect on the linear out- 
put neurons. In contrast, a radial basis neuron with a weight vector close to the input 
vector 2 produces a value near 1. If a neuron has an output of 1 its output weights in 
the second layer pass their values to the linear neurons in the second layer. In fact, if 
only one radial basis neuron had an output of 1, and all others had outputs of 0's (or 
very close to O), the output of the linear layer would be the active neuron's output 
weights. This would, however, be an extreme case. Each neuron's weighted input is 
the distance between the input vector and its weight vector. Each neuron's net input is 
the element-by-element product of its weighted input with its bias. 

Fig. 4. Relevance of the (3 of the gaussians; Relevance of the number of neurons, with ~ 0 . 2 2  

The algorithm for training the RBF is the following: 
The algorithm iteratively creates a radial basis network one neuron at a time. 
Neurons are added to the network until the maximum number of neurons has been 
reached. 
At each iteration the input vector that results in lowering the network error the 
most, is used to create a radial basis neuron. 
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This problem of over/under fit can also be understood trying to interpolate between 
samples of a one dimensional signal using a RBF. Figure 5 shows several examples of 
gaussians, signal to fit, and output of the RBF for training samples and interpolated 
samples. It is interesting to observe that the output of the RBF is zero is those parts not 
covered by any gaussian (around f 0.5 in the first example with 10 gaussians). 

-0.06 and 10 gaussians 

-0.3 and 3 gaussians 

.7 

-1. " " ' " " 1  
dl -0.8 -0.6 4.4 -0.2 0 0.2 0.4 0.6 0.8 1 

-0.9 and 3 gaussians 

Fig. 5. Example of function approximation using RBF with different settings. 

4. Results 

This section describes the results using one neural net predictor and the combination 
between the three different kinds of neural net predictors. 
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Table 1 shows the results using one single kind of neural net predictor and different 
parameters. For instance, third column corresponds to a committee of five MLP (one 
different random initialization per network), and each net trained with 6 epochs. Table 
2 shows the results for the combined system. 

Table 1. Mean (m) and standard deviation (0) of the SEGSNR for several predictors and 
quantization bits (Nq) 

Table 2. Mean and standard deviation of the SEGSNR for several combinations 

300000 
250000 
200000 
150000 
100000 
50000 

0 
MLP 6 Elman 6 RBF 6 MLP50 Elman 50 RBF 50 

I El min .median max I 

Fig. 6. Number of frames with minimum, median and maximum output for each predictor 

For the combined scheme with MLP+ Elman+ RBF, all the predictors run in parallel 
for each sample, and two different combination strategies have been used: mean and 
median of the three outputs. Figure 6 shows the number of frames with minimum, 
median and maximum predicted value for each predictor, after sorting the three out- 
puts for each sample. These results have been obtained with 6 and 50 epochs and 
median combination between the three outputs. For the RBF, the number of epochs 
has no sense. Thus RBF 6 means that the RBF network has been used in conjunction 
with MLP and Elman trained with 6 epochs. It is interesting to observe that the "best" 
predictor (from table 1 it can be deduced that the best predictor alone is the MLP) 
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tends to be always in the middle between RBF (that tends to give smaller values) and 
Elman (that tends to give higher values). 

5. Conclusions 

In this paper we have evaluated three different kinds of neural networks for speech 
coding: Multi Layer Perceptron, Elman, and RBF. The comparison between them has 
shown the following: 

There are few differences in SEGSNR when using just one kind of predictor, 
although the MLP and Elman network can outperform the RBF when the number 
of epochs is 50. 
The combination of the three kind of neural predictors yields an improvement in 
SEGSNR. This is equivalent to a committee of experts in the field of pattern rec- 
ognition (classification), where the combination of different classifiers can out- 
perform the results obtained with one single classifier. 

The combination of several predictors is similar to the Committee machines strategy 
[7]. If the combination of experts were replaced by a single neural network with a 
large number of adjustable parameters, the training time for such a large network is 
likely to be longer than for the case of a set of experts trained in parallel. The expecta- 
tion is that the differently trained experts converge to different local minima on the 
error surface, and overall performance is improved by combining the outputs of each 
predictor. 
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Abstract. This paper proposes a novel Independent Component Analysis algo- 
rithm based on the use of genetic algorithms intended for its application to the 
field of non-linear speech processing. Independent Component Analysis (ICA) 
is a method for finding underlying factors from multidimensional statistical 
data, so it can be efficiently applied to suppress interferences and demodulate 
information in MultiInput-MuliOutput (MIMO) systems. 

1 Introduction 

The blind signal separation method such as Independent Component Analysis 
(ICA) is a novel nonlinear signal processing algorithm that performs linear data trans- 
formation that exploits high-order statistical information to project the data along the 
direction of maximal independence. The framework of the ICA is inherently analo- 
gous to that of multi-input multi-output (MIMO) systems. As a nonlinear signal proc- 
essing technique, the ICA has demonstrated the enormous potential in many signal 
processing research areas. Viewing these facts, we expect that the ICA can be effi- 
ciently used to suppress interference and demodulate information data in MIMO 
wireless communication systems. Additionally, the replacement of a linear filter by a 
nonlinear model will guide us to more accurate results in real-world speech process- 
ing problems [6]. 

The guiding principle for ICA is statistical independence, meaning that the value 
of any of the components gives no information on the values of the other compo- 
nents. This method differs from other statistical approaches such as principal compo- 
nent analysis (PCA) and factor analysis precisely in the fact that is not a correlation- 
based transformation, but also reduces higher-order statistical dependencies. There- 
fore, blind source separation (BSS) consists in recovering unobserved signals from a 
known set of mixtures. The separation of independent sources from mixed observed 
data is a fundamental and challenging signal-processing problem [I], [3], [8]. 

Nonlinear ICA, on the other hand, is rather unconstrained, and normally demands 
additional information to make the estimations coincide with the estimations 
[91,[21,[111,[151.. 

This paper is structured as follows: Section 2 introduces the post-nonlinear model 
as an alternative to the unconstrained pure nonlinear model. Afterwards, in Section 3, 
the basis of the algorithm is described: independence measure, probability density 
function estimation and evolutionary method depiction. Some experiments are shown 
in Section 4, using speech and synthetic signals. Finally, a few conclusion remarks 
and future lines of research terminate this paper. 
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2 Nonlinear Independent Component Analysis. 

2.1 Linear Model. 

The ICA model when the mixture model is linear, i.e. a model which assumes the 
existence of n independent signals sl,. . ., s, and the observation of XI,. . ., x, instanta- 
neous linear mixtures, can be represented by the following equation: 

x(t) = A - s(t) . 
where A is some unknown nxn matrix of real coefficients. 

In the linear case we need to make the following tolerable assumptions, so the 
"blindness" of the method may be questioned [lo]: the sources are statistically inde- 
pendent of one another, matrix A is assumed to be invertible and the sources have at 
most one Gaussian distribution. 

Under this assumptions, we want to obtain a matrix W (separating matrix) whose 
output y(t) would be an estimate of the sources s(t): 

2.2 Post-Nonlinear Model. 

The linear assumption is an approximation of nonlinear phenomena in many real 
world situations. Thus, the linear assumption may lead to incorrect solutions. Hence, 
researchers in BSS have started addressing the nonlinear mixing models, however a 
fundamental difficulty in nonlinear ICA is that it is highly nonunique without some 
extra constraints, therefore finding independent components does not lead us neces- 
sarily to the original sources [9]. 

Blind source separation in the nonlinear case is, in general, impossible. Taleb and 
Jutten [16] added some extra constraints to the nonlinear mixture so that the nonlin- 
earities are independently applied in each channel after a linear mixture (see Fig.1). In 
this way, the indeterminacies are the same as for the basic linear instantaneous mix- 
ing model: invertible scaling and permutation. 

The mixture model can be described by the following equation: 

x(t) = f ( A .  s(t)) . (3) 

Fig. 1 Post-nonlinear model. 

The unmixing stage, which will be performed by the algorithm here proposed is 
expressed by Equation 4: 
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The post-nonlinearity assumption is reasonable in many signal processing applica- 
tions where the nonlinearities are introduced by sensors and preamplifiers, as usually 
happens in speech processing. In this case, the nonlinearity is assumed to be intro- 
duced by the signal acquisition system. 

3 Algorithm Description. 

3.1 Mutual Information and Entropy Approximation. 

The proposed algorithm will be based on the estimation of mutual information, value 
which cancels out when the signals involved are independent. Mutual information I 
between the elements of a multidimensional variable y is defined as: 

n 

I (y l ,  y,, ..., ya )  = C H ( y i )  -H(y1, Y,,.+.,Y~) + 

i=l 
(5)  

For Eq. 5, in the case that all components yl . . . .. y, are independent, the joint en- 
tropy is equal to the sum of the marginal entropies. Therefore, mutual information 
will be zero. In the rest of the cases (not independent components), the sum of mar- 
ginal entropies will be higher than the joint entropy, leading thus to a positive value 
of mutual information. 

In order to exactly compute mutual information, we need also to calculate entro- 
pies, which likewise require knowing the analytical expression of the probability 
density function (PDF) which is generally not available in practical applications of 
speech processing. Thus, we propose to approximate densities through the discretiza- 
tion of the estimated signals building histograms and then calculate their joint and 
marginal entropies. In this way, we define a number of bins m that covers the selected 
estimation space and then we calculate how many points of the signal fall in each of 
the bins ( Bi i = 1, ..., m) .  Finally, we easily approximate marginal entropies using the 
following formula: 

where Card@) denotes cardinality of set B, n is the number of points of estimation y, 
and Eiis the set of points which fall in thefh bin. 

The same method can be applied for computing the joint entropies of all the esti- 
mated signals: 
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where p is the number of components which need to be approximated and m is the 
number of bins in each dimension. 

Therefore, substituting entropies in Eq.5 by approximations of Eqs.6 and 7, we ob- 
tain an approximation of mutual information (Eq. 8) which will reach its minimum 
value when the estimations are independent: 

P 

Est(I(y)) = XE~~(H(Y,))  - Est(H(y)) = 
i=l 

= -2 [i; card@, 0; 1) Card(Bj bi )) ] 
log2 t... 

i=1 j=1 n 

where Est(X) stands for "estimation of x". 

Next section describes an evolution based algorithm that minimizes the contrast 
function defined in Eq. 8, escaping from local minima. 

3.2 Proposed Genetic Algorithm. 

A genetic algorithm (GA) evaluates a population of possible solutions and generates a 
new one iteratively, with each successive population referred to as a generation. 
Given the current generation at iteration t, G(t), the GA generates a new generation, 
G(t+l), based on the previous generation, applying a set of genetic operations. Aside 
from other aspects regarding genetic algorithms, the key features that characterize a 
genetic algorithm are the encoding scheme and the evaluation or fitness function. 

First of all, it should be recalled that the proposed algorithm needs to estimate two 
different mixtures (see Eq. 4): a family of nonlinearities g which approximates the 
inverse of the nonlinear mixtures f and a linear demixing matrix W which approxi- 
mates the inverse of the linear mixture A. This linear demixing stage will be per- 
formed by the well-known FastICA algorithm by Hyvarinen and Oja [8]. To be pre- 
cise, FastICA will be embedded into the genetic algorithm in order to approximate 
the linear mixture. 

Therefore, the encoding scheme for the chromosome in the post-nonlinear mixture 
will be the coefficients of the odd polynomials which approximate the family of 
nonlinearities g . 
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,. Gene 

+ 1 L X .  v 

Chromosome 

Fig. 2 Encoding sample forp=2 signals and polynomials up to grade 5. 

The fitness function is easily derived from Eq. 8 which is precisely the inverse of 
the approximation of mutual information, so that the genetic algorithm maximizes the 
fitness function, which is more usual in evolution programs literature. 

Regarding other aspects of the genetic algorithm, the population (i.e. set of chro- 
mosomes) was initialized randomly within a known interval of search for the poly- 
nomial coefficients. The genetic operators involved were "Simple One-point Cross- 
over" and "Non-Uniform Mutation" [13]. Selection strategy is elitist, keeping the 
best individual of a generation for the next one. 

1. Randomly initialize population 

2. Create offspring through 

each candidate solution - (mdependence of outputs y) 

4. Apply elitist selection @,, khmsw 

Jyes 

6. Solution y = g [Wx] 
(tahng g fmm best sblutlon and Wfmm FastlCA) 

Fig. 3 Genetic algorithm scheme for post-nonlinear blind separation of sources 

4 Speech Experiments. 

This section illustrates the validity of the genetic algorithm here proposed and inves- 
tigates the accuracy of the method. We combined voice signals and noise nonlinearly 
and then try to recover the original sources. In order to measure the accuracy of the 
algorithm, we evaluate it using the Mean Square Enor (MSE) and the Crosstalk in 
decibels (Ct): 
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z (s, (0  - Y' (t))> 
MSE, = I=' ct, = l O l O g l  '-' , 

N 
I 

4.1 Voice signal and a synthetic pulse. 

A voice signal saying "Where are you?' and a square pulse were nonlinearly mixed 
according to the post-nonlinear model. The length of both signals was of 6912 sam- 
ples. The following mixing matrix and nonlinearities were applied in order to obtain 
the nonlinear mixtures: 

Then the genetic algorithm was applied (population size=40, number of itera- 
tions=60). Polynomials of fifth order were used as the approximators for g=f I. Figure 
4 shows how the approximations of the proposed solutions fit the original f . 

I; rs u. 

Fig. 4 Nonlinearities approximations compared to the original ones. 

Performance indexes after performing normalization (zero mean, unit variance) to 
avoid dissonances due to invertible scalings and permutations, which are undeter- 
mined in the ICA model, where the following: 
MSE(yl, sl) = 0.0014 Crosstalk(yl, st) (dB) = -18.94 dB, 
MSE(y2, s2) = 0.0010 Crosstalk(y2, s2) (dB) = -21.41 dB. 

Figure 5 (left) shows the sources, mixtures and estimated signals, together with 
their scatter plots. As can be seen, estimations (y) are approximately equivalent to the 
original sources (s) up to invertible scalings and permutations. E.g. estimation yl is 
scaled and inverted in relation to sl. 
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4.2 Two voice signals. 

This experiment corresponds to the "Cocktail Problem" [4], that is, separating one 
voice from another. Two voice signals corresponding to two persons saying the num- 
bers from one to ten in English and Spanish were non-linearly according to the fol- 
lowing matrix and functions: 

Genetic algorithm parameters were the same as those used in Sec. 4.1. Perform- 
ance results and a plot of the original and estimated signals are briefly depicted below 
(Figure 5.b, right). 
MSE(yl, sl) = 0.0012 Crosstalk(yl, s,) (dB) = -17.32 dB, 
MSE(y2, s2) = 0.0009 Crosstalk(y2, s2) (dB) = -19.33 dB. 

Fig. 5 Sources, mixtures and estimations (along time and scatter plots) for Section 4.1 (Fig 
5.a, left) and Section 4.2 (Fig 5.b, right) 

5 Concluding Remarks and Future Research. 

In this work, the nonlinear speech processing problem has been tackled by an ICA 
algorithm based on the use of genetic algorithms. As the separation sources is impos- 
sible in nonlinear mixtures, we assumed a linear mixture followed by a nonlinear 
distortion in each channel which constraints the solution space. Experimental results 
showed promising results, although future research will focus on the adaptation of the 
algorithm for higher dimensionality and stronger nonlinearities. 
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Abstract. In this paper, a geometry-based algorithm for nonlinear blind

source separation is presented. The mixture space is decomposed in a set

of concentric rings, in which ordinary linear ICA is performed in order

to get a set of images of ring points under the original mixing mapping.

Putting those together the mixing mapping can be reconstructed. Vari-

ous applications to two- and three-dimensional arti�cial and natural data

sets are presented.

1 Introduction

Independent component analysis (ICA) tries to transform a random vector X
such that f(X) is as independent as possible. This is applied to the blind source
separation (BSS) case, where X is already the mixture of some underlying inde-
pendent sources S.

Classically, linear BSS, where X = AS, has been treated most thoroughly.
Several linear blind separation algorithms have been developed starting with
Jutten's Hebbian learning algorithm [2] and the maximum mutual information
algorithm by Linsker [1] and . With growing popularity of ICA, more and more
nonlinear algorithms have been proposed, like for example algorithms for post-
nonlinear ICA [3] [4], ideas based on various clustering algorithms to approximate
the mixing or unmixing models [5] [6] or pattern repulsion concepts using density
uniformization [7].

We present a generalization of geometric ICA to special nonlinear models.
This nonlinear geometric algorithm is based on the fact that when performing
linear ICA, already any restriction of the mixture random vector contains all the
information about the mixture matrix, [8] lemma 2.1. Here, we will subdivide
the mixture space and perform linear approximations in each subdivision.

The �rst ideas of this kind of algorithm have been presented by Puntonet
et al. [9] and improved using genetic algorithms and simulated annealing [10].
More theoretical details of the presented algorithm are summarized in [8].
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2 Algorithm 

We want to  introduce a special kind of nonlinear symmetric ICA called non- 
linearGeo that encompasses linear and postnonlinear ICA. The mixing map- 
ping can hereby be a mapping f with I f  (x)l = 1x1 for all x E Rn. Indeed, 
we could also allow any increasing function in each coordinate, but for sim- 
plicity we will restrict ourselves to  this case for now. Then f (0) = 0, and f 
maps centered random vectors to  centered ones. So in spherical coordinates 
(r ,  @) := (r,  p, 291,. . . , tYn-2), we have f (r,  @) = (r, g(r,  @)) for some possibly 
nonlinear function g : R$+ x [O, 27r) x [0, 7r)n-2 + [O, 27r) x [0, 7r)n-2. 

Given a independent random variable S : R + Rn, set as usual X = f 0 S. 
The basic idea of the presented algorithm then is to  divide the mixture space 
Rn into a set of concentric rings with growing radii r l ,  . . . , r,. In each of the 
rings so defined perform a linear ICA after central transformation in order to  
get f (riej). These images of the basis vectors are then used to  reconstruct the 
original signals. This idea is visualized in figure I. 

Mixtures in 1 0  rings, Sources after 1 0  ringsteps 

0.5 r 

Fig. 1. Idea of nonlinearGeo: In the first step divide the mixture space in a set of 
equi-distant concentric circles, and perform linear ICA on the samples in each ring, 
left figure. The small circles indicate the images ui  of the recovered mixing matrices in 
each ring after normalization. In the second step, right figure, recover the sources. 

The main algorithm consists of two parts: 

- Mixing model recovery step: In the first step, quite similar to  the BMMR step 
in overcomplete ICA [Ill, the mixing model is recovered. So given the sam- 
ples X ,  choose ro := 0 < rl < . . . < r,. Denote Ki  := {x E RnIri-1 < 1x1 < 



rig:We assume that the ringsKi cover the mixture space, so
S
iKi = X(
):

After applying central transformation 
R(r; �) := (r � R;�), we perform
linear ICA on 
ri�1(X jKi) and get mixing matrices Ai for i = 1; : : : ; s. Nor-

malizing the columns of Ai we get vectors v
j
i :=

ri�1+ri
2

Aej
jAej j

for j = 1; : : : ; n

and i = 1; : : : ; s. De�ne the middle radius mi :=
ri�1+r�i

2
; and m0 := 0 and

ms+1 := rs.
{ Source recovery step: The second step now is similar to the BSR step in over-

complete ICA [11]: It consists of recovering the sources using the estimated
images vji of the 'ring' unit vectors. For this several di�erent possibilities
exist. The most direct yet somewhat problematic one is to simply invert the
matrices (v1i j : : : jv

n
i ) in order to get the recovered sources of each ring, which

we call piecewise-linear nonlinearGeo or pl-nonlinearGeo. This has al-
ready been proposed by Puntonet [9]. It is easy to use, but fails to properly
invert the mixing mapping, so various improvements of pl-nonlinearGeo have
been proposed. We suggest taking the inherent nonlinearities into account
by using a fully nonlinear inversion. We want to call nonlinearGeo using
this algorithm polar nonlinearGeo. Noting that 'stitching' together the
mappings on the various rings as done in pl-nonlinearGeo seems to be prob-
lematic, we take a pragmatic approach and simply make them �t together
by introducing nonlinearities. For more details refer to [8].

Note that in the linear case the nonlinearGeo algorithm indeed �nds the
linearly demixed sources, because the various ring ICAs always result in the same
mixing matrix, and the recovery step (both pl-nonlinear and polar nonlinear) in
this case simply inverts the same matrix in every ring as can be easily checked.

In [8] further details about the algorithm and its theoretical background are
provided. Here we present applications in order to experimentally corroborate
the theoretical considerations presented in [8].

3 Experimental results

In this section, example applications of nonlinearGeo are presented. Given the
name of this algorithm, we use as ICA algorithm in the �rst step a geometric
algorithm, namely the FastGeo-algorithm [12].

In example 1, we consider a mixture of two speech signals (see �g. 2) that
have been mixed using the nonlinear 'spiral' mapping

� : R2 �! R
2

x 7�!

�
cos(�jxj) � sin(�jxj)
sin(�jxj) cos(�jxj)

�
x

In �gure 3 we can also see how the linear recoveries in the rings worked, and
how polar nonlinearGeo recovered the sources. Table 1 gives a comparison of the
di�erent algorithms for this example; we see that polar nonlinearGeo performs
quite well. We have also shown the performance of linear algorithms which clearly
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shows that � is a rather strong nonlinearity. As expected, polar nonlinearGeo
performs best. Here E� denotes the signal recovery error E� := E1(Cov(S; T )),
which measures how close the covariance matrix is to a permutation.

Algorithm covariance E�

polar nonlinearGeo

�
0:8255 �0:0012

�0:0275 0:7926

�
0.0710

pl-nonlinearGeo

�
0:9968 �0:0238

�0:0437 0:9974

�
0.1353

fastGeo

�
0:9808 0:1047

�0:2253 0:9857

�
0.4792

fastICA

�
0:9935 0:0755

�0:1259 0:9899

�
0.4062

Table 1. Example 1, performance: recovery of the nonlinearly-mixed speech signals

from �gure 2 using nonlinearGeo and linear algorithms.

In our second example we want to consider postnonlinear ICA [3] [4]. The
mixing mapping was chosen to be

f(x) := arctan

�
1 1
1 �1

�
x =

�
arctan(x1 + x2)
arctan(x1 � x2)

�

We mix the two speech signals from example 2 with f , see �gure 4. Using polar
nonlinearGeo we separate these signals; the algorithm can be seen in �gure 4.
Table 2 again shows the performance of the various algorithms; polar nonlinear-
Geo performs quite well again. We see that also this postnonlinear case is nicely
modelled by nonlinearGeo.

Algorithm covariance E�

polar nonlinearGeo

�
0:8 0:001

�0:04 �0:8

�
0.097

pl-nonlinearGeo

�
1:0 0:03

�0:06 �1:0

�
0.18

fastGeo

�
1:0 0:06

�0:04 �1:0

�
0.20

fastICA

�
�1:0 �0:08

0:1 �1:0

�
0.42

Table 2. Example 2, performance: recovery of the postnonlinearly-mixed speech signals

from �gure 2 using nonlinearGeo and linear algorithms.

The last example is an application of nonlinearGeo to 3-dimensional nonlinear
mixed signals. As sources we use three gamma-distributed signals with high-
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Fig. 2. Example 2 :  Nonlinear mixture of two speech signals. The left column shows the 
original sources, the middle column the mixtures, and the right column the recovered 
sources using polar nonlinearGeo. 

Mixtures in 1 0  rings Sources after 1 0  ringsteps 

0 .06  C 

Fig. 3. Example 1: scatterplot of the nonlinear mixture from figure 2. To the left, we 
see a scatterplot of the mixture together with the equi-sampled ring divisions, and to 
the right, the scatterplot of the recovered sources using the polar inversion algorithm. 
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Mixtures in 1 0  rings 
0.2 I 

Sources after 10 ringsteps 

Fig. 4. Example 2: 2 speech signals mixed using the postnonlinearity f .  Left figure 
shows scatter plot of the mixtures and right figure the one of the recovered sources. 

kurtosis. They have been mixed using 

r : iK3 + iK3 

(x, y, z) H (a(0.05x, 0.05y), O.lz + a(0.05x, 0.05y)l) 

A scatter plot of the mixture is shown in the left-hand image of figure 5. There 
we also show the recovered sources using pl-nonlinearGeo with radii choosen 
such that the number of samples in each ring was constant. 

The recovery error E, was only 0.195 which is very low in comparison to  a 
linear recovery using fastICA, which produced a signal-recovery error of 0.984. As 
already the image visually confirmed, we can clearly see that we mixed the signals 
using a quite strong nonlinearity. Again nonlinearGeo performs well. In terms of 
implementation of the algorithm, we want to  note that care has to  be taken when 
fitting together recovered matrices from adjacent rings due to  the scaling and 
permutation indeterminacies of ICA. As shown above, we account for scaling by 
assuming a polar mapping; hence we can use normalization in each ring. In order 
to  deal with a permutation indeterminacy, we adjust adjacent matrices Ai and 
Aitl by selecting a permutation matrix P such that ((Ai - Ai+lP((  is minimal; 
then we replace Ai+l by Ai+1P. In two dimensions, this only means mapping 
closest angles to  each other; in higher dimensions however, a list of permutations 
has to  be generated and matrices adjusted as explained above. A similar idea is 
used in [13] in order to  stitch matrices together after projections onto various 
hyper planes. 
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Mixtures in 10 rings Sources after 10 ringsteps 

Fig. 5. Example 3: 3 dimensional example gamma distributed sources mixed using the 
nonlinearity r. Again, the left figure shows the scatter plot of the mixtures and right 
figure the one of the recovered sources. 

4 Conclusion 

We have presented a new nonlinear BSS algorithm that can be interpreted as 
an extension of the linear geoICA algorithm. In the first step, we subdivide the 
mixture space into rings and find approximate linear unmixing mappings in each 
such region. In the next step, we use those approximated matrices to  construct 
an unmixing mapping defined on the whole space; for this we recall Puntonet's 
piecewise-linear approach [9], and improve it using a so-called polar nonlinear 
approximation. We finish this chapter with some examples and see that the 
presented polar unmixing model even contains some postnonlinear problems. 

For future work, we suggest studying the theoretical properties of the used 
model in more detail. It would be nice to  directly get error thresholds for the 
approximation depending on the recovery algorithm. Furthermore other recovery 
algorithms like for example polynomial approximation using the v{ as points with 
given values could be used. First tests with polynomial approximations in two 
dimensions seem to restrict the degree to  a maximum of 3 however, so that other 
approximation methods would still have to  be applied afterwards. 
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Abstract. Blind source separation (BSS) tries to transform a mixed
random vector in order to recover the original independent sources. We
present a new approach to linear BSS by using either a self-organizing
map (SOM) or a neural gas (NG). In comparison to other mixture-space
analysis ('geometric') algorithms, these result in a considerable improve-
ment in separation quality, although the computational cost is rather
high. One goal of these algorithms is to establish connections between
neural networks and BSS that could further be exploited by for example
transferring convergence proofs for SOMs to geometric BSS algorithms.

1 Introduction

In independent component analysis (ICA) one tries to �nd statistically indepen-
dent data within a given random vector. An application of ICA lies in blind
source separation (BSS), where it is furthermore assumed that the given vector
has been mixed using a �xed set of independent sources. The advantage of apply-
ing ICA algorithms to BSS problems in contrast to correlation-based algorithms
is the fact that ICA tries to make the output signals as independent as possible
by also including higher-order statistics.

Since the �rst introduction of the ICA method by Herault and Jutten [6] var-
ious algorithms have been proposed to solve the blind source separation problem
[4] [2] [3].

Most of them are based on information theory, but there also exist so-called
geometrical algorithms that are based on mixture space analysis. They were
�rst proposed in [12]; the theoretical background for geometric ICA has been
studied in detail [15], and a convergence condition has been formulated, which
then resulted in a new, faster geometric algorithm called FastGeo. Here, we will
propose two new 'geometric' algorithms, which analyze the mixture space using
a self-organizing map respectively a neural gas.

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 695-702, 2003. 
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2 ICA and BSS

For m;n 2 N let Mat(m� n) be the R�vectorspace of real m� n matrices, and
Gl(n) := fW 2 Mat(n � n) j det(W ) 6= 0g be the general linear group of Rn .
Let [1 : n] := [1; n]\ N = f1; : : : ; ng for n 2 N. Cov(X) := E(XXT ) denotes the
covariance matrix of a random vector X .

Given an independent random vector S : 
 �! R
n , which will be called

source vector with zero mean and symmetric distribution, where 
 is a �xed
probability space, and A 2 Gl(n) is a quadratic invertible matrix, we call the
random variable X := A � S the mixed vector. The goal of linear ICA is to
recover the sources and the mixing matrix A from the given mixture X .

In the following we denote two matrices B;C 2 Mat(m�n) to be equivalent,
B � C, if C can be written as C = BPL with an invertible diagonal matrix
(scaling matrix) L 2 Gl(n) and an invertible matrix with unit vectors in each
row (permutation matrix) P 2 Gl(n). Uniqueness of linear ICA states that if at
most one of the source variables Si is Gaussian then for any solution to the
symmetric (m = n) BSS problem, i.e. any D 2 Gl(n) such that D Æ X is
independent, D�1 is equivalent to A [4]. Vice versa, any matrix D 2 Gl(n) such
that D�1 is equivalent to A solves the BSS problem, since we calculate for the
transformed mutual information

I(D ÆX) = I(LPA�1 ÆX) = I(A�1 ÆX) = I(S) = 0;

taking into account that the information is invariant under scaling and permu-
tation of coordinates.

Without loss of generality let E(X) = 0; this can be accomplished using a
translation of the data vectors. Then alsoE(S) = 0, so both the mixtures and the
sources are centered. Furthermore, by applying a whitening transformation to
the mixtures (full rank principal component analysis), we can already decorrelate
the data. Then

I = Cov(X) = E(ASS>A>) = ACov(S)A> = AA>

if we assume that also the sources are whitened. This means that solving the
orthogonal BSS problem will also solve the general BSS problem, so we can
restrict ourselves to the case A 2 O(n).

3 ICA using a self-organizing map

The selforganizing map algorithm (SOM) is a clustering algorithm often
used for the visualization of high-dimensional data. SOMs have been developed
by Kohonen in 1981 [9] and have since then become a widely used and studied
visualization and clustering technique.

In this section we want to hybridize the two concepts of ICA and SOMs.
There have already been some other approaches to this like Local ICA [8], where
the mixture data is �rst clustered using a SOM, and the ICA is applied to
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each cluster, or nonlinear BSS using a SOM as approximation to  the demixing 
mapping [Ill. Our approach is somewhat similar to  Pajunen et al.'s idea [Ill in 
the linear case but it does not require the sources to  be subgaussian. 

The idea of what we call SOMICA is very simple, based on the ideas of 
geometric ICA. Figure I shows the basic idea of SOMICA: Given observations 
X first whiten them such that Cov(X) = I. Then use a SOM to approximate X .  
The corner unit locations then contain similar to  geometric ICA the information 
of the mixing matrix A. 

Trained map Trained rnap 

1 

Fig. 1. SOMICA algorithm, sub(1eft)- and super(right)-gaussian case, Separation of 
a mixture of two uniform respectively Laplacian signals. The 2-dimensional SOM is 
used to approximate the whitened mixtures. The extremal units (those at the corners 
of the grid) are then images of the unit vectors or their sum, depending on super- 
or subgaussianity of the sources, so here rnll = XA(e1 + ez) (left image) and rnll = 
XA(e1 - ez) (right image) for some X # 0. Crosstalking error of the separation in the 
subgaussian case was 0.108 and in the supergaussian case 0.0846. 

So assume S is an independent non-gaussian 2-dimensional symmetric non- 
deterministic random vector, and let X = AS  with A E O(n )  already whitened. 
Let r E N and define a 2-dimensional SOM on the input grid 

R =  [1: r] x [1: r]. 

Note that we index the processing units by 2-tuples (i, j) E R. Use the SOM- 
learning-algorithm to approximate the whitened mixtures X .  Let mij be the 
processing unit location of unit (i ,  j) after the learning process has converged. 
Define 

B = (mil - m,,lml, - m,,l) 

and 
B = (mll  + ml, - m,l - m,,lmll - ml, + m,l - m,,). 



We claim that if S is supergaussian, then B is equivalent to A and that if S is
subgaussian, then B̂ is equivalent to A.

Note that we only have to show that m11+m1r�mr1�mrr and m11�m1r+
mr1�mrr are proportional to Ae1 and Ae2 or Ae2 and Ae1 respectively, because
then the B and A have the same columns except for scaling and permutation, so
they are equivalent. We will not be able to give a full explanation of this claim
here. A proof should follow the lines of the geometric case [14] and maybe use
the convergence results of SOMs [5].

The intuitive idea of why this conjecture should be true is that for example in
the uniform case (more general subgaussian case) the cornersm11;m1r;mr1;mrr

of the SOM correspond to 'corners' of the mixture distribution, which are iden-
ti�ed as A(�e1 � e2). So the matrix (m11 + m1rjm11 � m1r) will have to be
equivalent to A. Using symmetry we in fact use matrix B̂, which takes a mean
over both opposite corners in order to stabilize the algorithm a bit. In the super-
gaussian case, left picture of �gure 1, however, the corners of the SOM should
correspond directly to A(ei), so (m11jm1r) will be equivalent to A. Again we use
B as above for stability reasons.

SOMICA does not work without whitening. The reason is that the SOM
algorithm looks for points which lie at the mean in their receptive �elds, whereas
in geometric ICA we know that we should look for points ful�lling the GCC i.e.
for points lying at the median in their receptive �elds. However after whitening,
we have orthogonal structures, so median and mean are the same.

Note that if it is not known in the beginning whether the sources are super-
or subgaussian then one can determine the correct solution by comparing the
covariance C of both recoveries B�1X and B̂�1X and taking the better solution
in terms of minimal kC � Ik. A similar idea has been applied in the LatticeICA
algorithm [13], where the geometric structure of the mixture space is approxi-
mated using a histogram.

4 ICA using a neural gas

Now, we want to use a similar algorithm as in section 3, but instead of using a
SOM we will use a neural gas.

The term neural gas (NG), �rst introduced by Martinetz et al [10] describes
an adaptive neural system with a growing architecture; they were introduced to
improve vector quantization techniques by converging better to to lower approx-
imation errors than other methods. Similar to a SOM, a NG consists of a set
of neurons located in an input space (centroid of the neuron) together with
corresponding output vectorsin order to realize a correspondence between the
input space and the output space. In this paper, we use the neural gas algorithm
implemented by the 'SOM Toolbox' from the Helsinki group1; in contrast to
SOMs it does not track a neighborhood relationship. However, we will see that
this is not necessary in order to separate the data.

1 http://www.cis.hut.�/projects/somtoolbox/
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Fig. 2. NGICA algorithm, sub(left)- and super(right)-gaussian case: Separation of a
mixture of two uniform respectively gamma-distributed signals; here a scatter plot of
the mixtures is displayed. A 2-dimensional NG with 25 respectively 40 units is used to
approximate the whitened mixtures. Again, extremal units are the images of the unit
vectors or their sum, depending on super- or subgaussianity of the sources, so here
p1 = �A(e1 + e2) in the left image or p1 = �A(e1 � e2) in the right image for some
� 6= 0.

The algorithm which we denote by NGICA now works very similar to the
SOMICA algorithm. The idea is shown in �gure 2 for the sub- and supergaussian
case: Given whitened observations X , we use a neural gas to approximate X .
Units with maximal modulus then contain the mixture matrix information as
seen above.

In practice for the two-dimensional case we use a neural gas with only 4 units.
Let the unit positions in R2 be p1; p2; p3 and p4; we assume that the indices 1 to
4 have been chosen in such a way that pi and pi+2 are opposite each other in the
sense that the modulus of their sum is minimal under all indices permutations.
After this index ordering, we proceed exactly as in section 3, where the vectors
m11;m1;r;mrr and mr;1 are to be replaced by p1; p2; p3 and p4.

Again, we claim that

B = (p1 � p3jp2 � p4)

respectively
B̂ = (p1 + p2 � p3 � p4jp1 � p2 � p3 + p4)

are equivalent to A, depending on whether S is super- or subgaussian.
A proof of this claim is strongly connected to a proof of the SOMICA algo-

rithm, because it is quite easy to see that in standard settings the corner points
of a SOM are opposite each other in the sense stated above, so the SOMICA al-
gorithm can be translated into the NGICA algorithm and vice versa. For proper
proofs however, apart from convergence details more care has to be taken when
analyzing the di�erent update rules of a SOM and a NG.
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An advantage of NGICA clearly lies in the fact that it is easy to generalize to
higher dimensions - after all only the number of points (2n) and their ordering
has to be adapted. Typical SOM algorithms however are restricted to 2 or 3
dimensions.

5 Examples

In this section, we compare SOM- and NGICA with other ICA algorithms,
namely the FastICA algorithm [7] by Hyv�arinen and Oja, the two geomet-
ric algorithms FastGeo [15] and an early implementation of LatticeICA [13],
and an easy PCA-based algorithm, which we denote by SimpleICA: given two-

dimensional signals X , then

�
E
p
D

�
1 1
1 �1

���1
X is independent if E and D

are calculated using the Matlab eigenvalue decomposition algorithm; this only
works for problems with the same source component distributions and normal-
ized mixing matrices. We give performance comparison with SimpleICA in order
to show how much algorithm time is used up by prewhitening. Calculations have
been performed on a P4-2000 PC with Windows and Matlab using the SOM
Toolbox.

For comparison, we calculate the performance index E1 or crosstalking
error as proposed by Amari [1]

E1 =

nX
i=1

0
@ nX

j=1

jpij j
maxk jpikj � 1

1
A+

nX
j=1

 
nX

i=1

jpij j
maxk jpkj j � 1

!

where P = (pij) = B�1A, B the calculated estimate of A.
In our �rst example, we consider a mixture of two Laplacian signals. These

results as well as those of the following three examples are shown in table 1: for
each algorithm we measure the mean elapsed cpu-time per run and the mean
crosstalking error E1 with its standard deviation. FastICA, SimpleICA (PCA)
and the two geometric algorithms are fast, SOMICA is very slow in comparison,
but we have not yet done any optimization and SOM algorithms usually tend
to be rather slow. In terms of accuracy however, SOMICA performs better than
FastICA. NGICA is twice as fast as SOMICA, but somewhat less accurate. Note
that this can be changed by varying the number of learning epochs of the neural
gas algorithm.

In the second and third example, we compare these algorithms for uniform
and delta-like data distributions. Again both SOMICA and NGICA are very
accurate but slow; FastICA and LatticeICA seem to have problems with the
delta case, which is not surprising considering the fact that the delta distribution
is not independent; they are, nonetheless, separable by geometric algorithms and
show that geometric algorithms can only be used in ICA problems where a BSS
mixing model is indeed given.

The fourth example deals with real-world data: two audio signals (two speech
signals). The results are similar to the above toy examples. FastICA outperforms
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SOMICA and NGICA in terms of speed, the accuracy of FastICA, SOMICA and
FastGeo however are comparable, followed by NGICA. The SimpleICA algorithm
is less accurate, mainly due to the di�erent source distributions.

Table 1. Comparison of time per run and crosstalking error of ICA algorithms for a
random mixture of various signals. Means and standard deviations were taken over 100
runs with 1000 samples and uniformly distributed mixing matrix elements.

Source type Algorithm time/run [ms] index E1

Laplacian FastICA (pow3) 6 0.27�0.22

FastGeo 18 0.51 �0.73

LatticeICA 57 1.0�0.71

SimpleICA 2 0.23�0.43

SOMICA 852 0.15�0.11

NGICA 501 0.22�0.14

uniform FastICA (pow3) 5 0.099�0.059

FastGeo 17 0.52 �0.65

LatticeICA 64 0.27�0.39

SimpleICA 1 0.17�0.44

SOMICA 850 0.095�0.055

NGICA 510 0.16�0.12

delta-like(deterministic) FastICA (pow3) 1487 0.39�1.2

FastGeo 29 0.49 �0.29

LatticeICA 73 2.0�1.2

SimpleICA 13 0.36�0.82

SOMICA 868 0.012�0.001

NGICA 511 0.014�0.012

sound (speech) FastICA (pow3) 41 0.49�0.45

FastGeo 49 0.30 �0.65

LatticeICA 88 0.74�0.65

SimpleICA 35 0.60�0.74

SOMICA 883 0.20�0.12

NGICA 536 0.40�0.29

6 Conclusion

We presented a new approach for linear ICA similar to geometric ICA using a
SOM and a neural gas for the mixture space approximation. Both SOMICA and
NGICA are very stable, and give accuracy results comparable or slightly better
than those of the FastICA algorithm. The adaptive algorithms are very accurate
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but in its current non-improved state very slow, so they are mostly interesting
from a theoretical point of view, especially if one tries to generalize convergence
and other theoretical results from neural networks to ICA algorithms; for ex-
ample, we hope to prove convergence of the geometric algorithm in a manner
similar to the SOM convergence proof in one dimension.

Simulations with non-symmetrical and non-unimodal distributions will have
to be performed. This is the subject of ongoing research in our group. In the
future, the algorithms could be extended to the non-linear case similar to [11].
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Abstract. This work presents a methodological approach to build dis-
tributed information systems intended to work with inductive machine
learning. More speci�cally, it introduces the METALA architecture. It
is a set of recommendations which allows an user to work, generically,
with that task. Web usage mining, using transactions clustering is used,
as an example of possible applications of METALA. A methodological
work path is followed to integrate not only the clustering algorithms but
the produced models (i.e. centroids) from data. We demonstrate that a
powerful web usage mining tool can be built by reusing a general purpose
tool for inductive learning and with very little e�ort.

1 Introduction

Nowadays, we need software solutions focused on a better organization of in-
formation in order to a�ord the enormous growing of information coming from
di�erent sources. The authors believe that one of the keys for a better disposi-
tion of information in Web servers is Web mining. This intelligent data analysis
technique can be seen from two di�erent perspectives. The �rst one is content
mining and the second one is web usage mining. This work focuses on the second
perspective of web mining [9]. The other purpose we pursue here is to show the
bene�ts of using METALA (META-Learning Architecture) [2] as a methodolog-
ical tool for typical inductive learning tasks. This tool, as a software architec-
ture, is a set of recommendations which allows integration, use and deployment
of both inductive learning algorithms and the corresponding inductive theories
the algorithms produce. More speci�cally, we will focus in web usage mining, by
using a typical unsupervised learning task as clustering. The rest of the article
is organized as follows. Section 2 presents the web usage mining algorithms we
have choose to integrate in the system. Section 3 is devoted to introduce the
inductive learning platform we have built with METALA. After that, it comes
section 4 that studies the integration of both algorithms and inductive theories
afore mentioned. Finally, we will point out most important conclusions obtained
and some future works in section 5.

? Supported by the CICYT project TIC2000-0062-P4-03.
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c Springer-Verlag Berlin Heidelberg 2003



2 Algorithms for web usage mining

Web usage mining is the application of data mining [7] to patterns discovery
in web transactions. This is useful to improve web applications [15]. Web usage
mining is compound of three di�erent phases: (a) preprocessing, (b) pattern
discovery and (c) pattern analysis. The present work studies a particular family
of pattern discovery algorithms in the particular domain of web usage mining,
hence we will focus on the second phase. Preprocessing prepares source data (i.e.
web transactions) and let it ready for the second phase. Analysis phase �lters,
from among the discovered patterns, those that are not interesting for the �nal
application [4].

Among all inductive learning algorithms we have integrated into METALA,
these related to this work perform usage clusters discovery [5]. Its basic function-
ing is simple and it is based on K-means [10] algorithm but it uses now a di�erent
metric to cope with discrete domains in the calculus of cluster prototypes.

All clustering based discovery process is based on a set of non labeled obser-
vations, over which the di�erent groups are detected. In web mining, and in the
most simple case, these observations are simply accesses to web pages registered
on a web server. Howerver, simple accesses have very little information to be
used directly for clustering. Accesses must be sessionized [8] instead (i.e. they
have to be be transformed into sessions). A session is a group of accesses from
the same user, and not too separated in time. If maximum time de�ned for a
session s is t, the di�erence between two consecutive accesses ti and ti+1 from
the same session can not be greater than t.

As a good example of a session based clustering algorithm we have the com-
plete family of algorithms introduced by Joshi in [8]. All these algorithms have
been integrated into METALA platform. They all use a similarity measure be-
tween sessions. This is based in two di�erent previous measures. The �rst one,
let it be denoted asM1;kl for two sessions l and k, takes into account the number
of equal accesses between the two sessions, divided by the sum of all accesses.
Lets see how it works with an example. In the one hand, following this measure,
the couple of URLs

/courses/ai.html /courses/compilers.html,

would have the same similarity than
/courses/ai.html /offers/grants.html.

In the other hand, this measure does not take into account overlapping be-
tween two URLs. To put it in other words, we expect from a similarity measure
of this kind to take into account the syntactic likeness. This is because the deeper
an user moves in a directory tree, the better the information we can have. The
second measure, let it be denoted as M2;kl, �xes that lack. This second mea-
sure is basically the �rst, but with the new Su(i; j) factor applied. This factor is
de�ned, for each couple of URLs, i and j of the di�erent sessions as

Su(i; j) = min

�
1;

jpi \ pj j

max(1;max(jpij; jpj j)� 1)

�
;
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where pi and pj are the text paths of the corresponding directories. The value
of M2;kl is in [0; 1]. Finally, the similarity measure between two sessions k and l

is

Mkl = max(M1;kl;M2;kl):

In the one hand, when two sessions are very di�erent syntactically, M1;kl

measure generally takes higher and accurate values. In the other hand, when the
two sessions are very similar, then M2;kl measures results in higher and accurate
values. For a deeper discussion of this issue see [12]. The �nal measure models
dissimilarity as

r(k; l) = (1�Mkl)
2:

The k-means basic algorithm minimize the expression

Jm(V ;X) =

nX
i=1

cX
j=1

umij r(xj ; vi);

where V is the set of centroids, de�ned in the space of possible sessions X , n is
the number of total sessions, c is the cardinality of V , xj is the j�th session, vi
is the i�th centroid, r is the dissimilarity measure and uij is the membership
grade, either fuzzy or posibilistic, of session xj in centroid vi.

The two �rst versions of the algorithm come from the use of two typical
membership functions and the other two versions use posibilistic membership
functions. The �fth version takes into account outlier values and aleviate their
perturbating e�ect in the whole algorithm. We have integrated the �ve di�erent
versions into METALA.

3 METALA architecture

METALA is a set of software recommendations providing a methodological ap-
proach to perform typical inductive machine learning tasks. More speci�cally, we
have proved the validity of METALA for building a tool for the generic research
of supervised learning including induction of arti�cial neural networks [1], deci-
sion trees and rules [14], genetic algorithms [6], and induction of classi�cation
theories by naive bayes [16].

The following subsections are devoted to a description of the architecture
and the corresponding prototypes developed.

METALA is structured into four di�erent levels. The level n � 1 servers
the level n. They appear represented at �gure 1. The �rst and deepest level is
the object oriented (OO) level. It is a set of UML speci�cations which de�ne the
basic services for trainning data, inductive learning algorithms, its corresponding
generated theories and techniques to aggregate algorithms. The second is the
middleware level. It distributes services over di�erent execution environments.
The third level is a multi-agent system. It is the last level before the application
one. Most important features of METALA are the following:
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{ distributed: agents can be located at di�erent hosts, to make an eÆcient
use of available servers,

{ extensible: it comes with a methodology to integrate new inductive learning
algorithms and theories, even new paradigms for learning as it is the case of
this work,

{ 
exible: all agents can be totally independent and this feature allows for an
easy adaptation to almost any particular execution condition,

{ scalable: it correctly support the growing of both pending learning tasks to
perform and available servers to manage,

{ autonomous: it is capable of deciding the best way to distribute machine
learning tasks among the available learning servers (see [3]),

{ multi-user : di�erent users can make use of inductive learning algorithms
and the other services the system o�ers at the same time; METALA allows
management of users and each one of them dispose of its own user space to
read and write produced results.

Aggregation
AlgorithmsTheoriesAlgorithmsData

OO

MAS

Application Inductive learning research and apps.

Learning tasks as services

Learning algorithms and data sources distributionMIDDLEWARE

Fig. 1. Levels structure of METALA architecture.

The methodological view of learning algorithms and theories make use of
two related concepts, search bias and representational bias [13]. Search bias
refers to the particular strategy a learning technique uses to move through the
possible theories space with the purpose of �nding the best data representation.
Representational bias concerns with how that solutions space is represented. For
example, search bias of a backpropagation based algorithm over the connection
weights of an arti�cial neural network moves from point to point on the direction
through which the error variation is higher. Moreover, from point to point, the
performed hop in the space is very small. As opposite, when learning is done by
using GAs, a beam search is performed maintainning each time a pool of possible
solutions to consider. Besides, new generated solution from iteration to iteration
can be very di�erent by the e�ects of mutation over parent solutions. Regarding
representational biases, a three layer sigmoidal perceptron can approximate any
smooth surface with an arbitrarily small error (see [1] for discussion). However,
GAs do not have an associated representational bias. Individuals (i.e. possible
solutions) can be of any kind of representation. For example, GAs can work
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with neural networks, decision rules, etc. All learning techniques and theories
are threated in this way in METALA.

4 Web usage mining algorithms integration

Concerning the extension of METALA with the new clustering algorithms for
mining log �les, there are two main aspects to be signaled. The �rst one is that
the architecture was preliminary designed to cope with supervised inductive
learning (i.e. no clustering or aprioristic algorithm were considered at all). This
lead us to consider models in a di�erent way as no inferences are performed by
clustering or association rules models. Displayed models have more informative
power, in this case, than error estimation measures. The second aspect is that
web usage mining is a application domain for a particular learning task: that of
clustering. This will in
uence positively the system in the sense that a higher
software particularization can be done to transform a generic inductive learning
tool into a web mining tool.

In order to integrate a new algorithm into the system, the �rst thing to do
is to identify and de�ne its con�guration parameters. These parameters, for the
case of Joshi's algorithms, are the following:

{ attsToInput is a common parameter for all learning algorithm and indicates
which attributes of the trainning data will be used for learning. In this case,
as the structure of a web server log �le is always �xed, the content of this
parameter should be always a list of integers from 0 to 6.

{ valid codes, relative to the �ltering of web accesses, allows the user to
indicate what HTTP request result codes are considered for mining (all those
accesses with di�erent result codes are not considered)

{ valid reqs refers to HTTP requests considered as valid like, for example,
GET and POST,

{ invalid exts in the case the request refers to a concrete document, this
parameter include typical document extensions that are not interesting to
mine like, for example, �gure/icon �les (e.g. gif, png, jpeg)

{ invalid docs specify concrete documents not to be taken into account in
requests, like count.cgi and similars.

{ fuzzifier the fuzzi�er parameter used in Joshi's algorithms [8],
{ maxIter is the total number of iterations for the k-means algorithm,
{ n cand is a percentage value from the whole sessions available on each iter-
ation of the algorithm, to be candidate as centroid,

{ n cluster indicates the number of clusters (i.e. value of k parameter),
{ groupDepth: when a clustering model of this kind is saved into the directory,
it comes with the URLs of a session; usually URLs in a session correspond
to the di�erent paths of a directory tree, this parameter indicates to which
depth will all URLs totally saved.

For all these parameters, the developer must program get/set methods in
order to allow the platform a correct management of the new learning service.
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Once algorithm and model are integrated, the UA allows the de�nition of new
learning tasks by indicating the web server log �le to mine, the kind of access
applied, where do we want results to be saved, etc.

One interesting thing when de�ning a new learning task is that the UA allows
to indicate a multi-valued parameter value, like for example to the parameter
n cluster. It would be interesting, if we do not know a good number of centroids
in advance, to test a pool of possible candidates. Through the UA, we can give
a set of possible values to test, lets say 3; 4; : : : ; 10 for the parameter. The the
UA should create a di�erent learning task for each di�erent value and execute
them all in parallel. When all clustering models are produced, we can visualize
each one and decide what is the best for us.

The UA allows for monitorization of experiments. It can be seen, for the ex-
ample we have just mentioned, at �gure 2 which shows the dynamic behaviour

Fig. 2. Monitorization of learning jobs that the user can follow interactively through
the UA.

of the learning tasks generated for each di�erent number of clusters value. Each
row represents a learning tasks, and each column an interesting feature to fol-
low. In this particular case, remember that monitoring depends on search bias,
the �rst column shows the experiment globally unique identi�cator. The second
one indicates the progress (in terms of percentage) of the �rst phase of Joshi
algorithm: obtainning the sessions. The third one indicates sessions obtained in
that phase. As you can see, for the concrete web server log �le used, 337 dif-
ferent sessions were obtained. This value is the same for all rows as all learning
tasks use the same data. The fourth column refers to iterations performed in
the k-means algorithm. The following three indicate the progress for each one
of the three phases of the Joshi algorithm. The eighth shows the progress on
creating clusters, once centroids are obtained. The ninth refers to the activity of
assigning an score to each URL on a cluster. The last column refers to the time
in milliseconds elapsed from the beginning.

Once all learning jobs are �nished, we can use the visualization service to
see the web clustering model generated. The interface we have developed for
this kind of model can be seen at �gure 3. In the left window at the frame, we
can see a tree structure which shows each cluster found. Under the cluster, we
can �nd the URLs (i.e. directory paths) which compound the cluster. On the
right part and from top to bottom, we can see the list of parameters and values
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for the algorithm used. Then, on the box labeled with Data, we can indicate a
web server transactions data source to use with the cluster model. With that
part of the window we can see the real functionality of this model. It is to be
a recommender of new URLs the user could be interested on visiting from the
URLs it is currently visiting. Once sessions are created from the data source, if
we select one from the combo labeled with Transaction, we can see the URLs
of the session, inmediatly below and following the set of recommendations the
model gives for it. If there are many URLs suggested, we can select a higher
Threshold of score for the suggested URLs to appear.

Fig. 3. Display service for a clustering model obtained from a web server log �le.

5 Conclusions and future work

METALA o�ers a methodological approach to build information systems based
on supervised and unsupervised learning. This fact has been demonstrated with
the integration of a family of clustering algorithms intended to web usage mining.

Not only methodological integration of inductive learning algorithms has
proved to be useful in building a powerful web usage mining tool with very little
e�ort by reusing a previous general purpose inductive learning system. But the
manner through which models are managed generically in METALA is suited to
manage clustering models in the form of a recommender of URLs to visit.

The work we are currently developing now is integrating one more web usage
mining algorithm, the one Mobasher proposes on [11]. But we are also interested
in the integration of clustering models into web servers to provide with a rec-
ommender system and test it in our University web pages. Finally, we want to
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extend the architecture working on cluster quality estimation by using measures
based on separation and compactness of clusters.
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Abstract. Web mining aims to learn regularities automatically in the World 
Wide Web for retrieving useful information. In spite of the enormous potential 
of soft computing techniques like neural networks (NN) for web mining, their 
use has been very restricted to date. Our work examines and discusses the 
application of unsupervised NN to group retrieval results in a novel meta- 
searcher. 

1. Introduction 

A significant increase in the amount of information accessible on the World Wide 
Web (WWW) has occurred in the last few years. Search engines like Google [I] are 
faced to index more than 1000 million pages and their users are interested in 
retrieving useful information (e.g. links to Web pages and documents) according to 
their interests. In this context, techniques that automatically discover and extract 
information from the WWW, which has been given the name Web mining [2], will 
enhance the quality of the retrieved search results. Web mining is based on the use of 
data mining methods [3] [4] that are placed in the common frontiers of different fields 
like databases, artificial intelligence, machine and statistical learning, pattern 
recognition and data visualization. Recently, the potential of soft computing 
techniques like neural networks 0 for enhancing current web mining applications 
[5] has been highlighted, since their use in this area has been very limited so far. 

In this paper, we will explore the use of unsupervised NN in a web mining area of 
enormous interest: search engines. In particular, we will apply the popular k-means 
clustering algorithm to organize retrieval results fiom a novel meta-searcher. The rest 
of the paper is organized as follows. Section 2 reviews the application of data mining 
in search engines and considers several limitations of current approaches. Section 3 
discusses the role of clustering in meta-search engines. Section 4 introduces a novel 
meta-searcher that groups web links with k-means and presents some preliminary 
experiments. Finally, Section 5 presents some conclusions and suggestions for further 
work. 

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 711-718,2003. 
@ Springer-Verlag Berlin Heidelberg 2003 
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2. Web Mining in Search Engines: Prospects and Problems 

2.1. Web Mining Elements and Problems 

As suggested by several authors [5][6], Web mining problems, like other related 
information-processing problems, can usually be broken down into four sub-tasks: 

1. Information Retrieval (IR): An automatic retrieval of relevant documents is 
performed, ensuring that non-relevant ones are filtered as much as possible. 

2. Information Feature SelectiodExtraction: Once the documents have been 
obtained, some specific features of the document (i.e. index terms) are extracted 
and selected in order to facilitate the processing of further stages. 

3. Machine learning: Empirical mapping concerning the goal of the processing 
information system (e.g. a user profiler or a grouper of Web documents) is built 
upon the selected features. Unsupervised learning methods must play a 
predominant role since much of the Web data is not labeled. Also, good 
generalization performance, i.e. the response to unseen data during training, is 
mandatory in order to obtain a reliable mapping to be used in the next stage for 
analysis purposes. 

4. Post-analysis: The data available from machine learning is analyzed in order to 
understand, visualize and interpret it. 

Web mining applications must face many challenges, which in many cases originate 
fiom the nature of the Web data itself. Among the Web data problems [19], we 
particularly stress the following: 

1. Data is widely distributed across a large network of interconnected computers 
with no predefined topology and with a highly variable bandwidth. 

2. Data is highly volatile since many computers and data can be added or removed 
(In 1999,40% of the WWW was estimated to change every month). 

3. Data is sometimes hidden since it is generated dynamically. 
4. Data is often unstructured and redundant and can include many errors of different 

origins (old-fashioned, poorly-written, grammatical mistakes, etc.). 
5. Data grows exponentially, so numerous scaling problems arise for coping with a 

large amount of information 

2.2. Searching the Web 

There are essentially three different ways of searching the Web that are widely 
employed in commercial search engines. The first is to rank a portion of Web 
documents found in the database of the search engine, formerly updated by a web 
spider included in the engine which crawls the Web, according to the search terms 
introduced by the user. The second, closely related to the first one, is to exploit 
hyperlinks, i.e. links found on a Web page, to refine previous searches. And finally, 
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the third is to use Web directories that organize Web documents by subject, which is 
known as browsing. Current practices are focused on supplying a combination of 
these solutions. 

Most users go through search engines to obtain specific information available on 
the Web, which in some cases is ordered according to an estimated relevance. 
Additionally, links to similar pages are also provided as a search result. While search 
engines offer large Web coverage (millions of Web pages), browsing in Web 
directories of search engines is restricted only to a reduced spectrum of the WWW 
(estimated at being less than 1% of all Web pages). However, the documents provided 
to the user by Web directories are often much more significant. Also, the current 
instability observed in major WWW search engines [9], possibly due to quality-for- 
speed trade-offs made by them, considerably limits the quality of the information 
retrieved. 

One simple idea for obtaining stable information from the results of single search 
services, which vary considerably according to the time and the engine, is to merge 
the answers fiom several search engines into a single one. With this approach, low- 
quality links can be identified and eliminated quickly [lo]. Through a parallel search 
in several search engines, a meta-search softbot like MetaCrawler [ l l ]  allows 
significant documents to be obtained by merging and ranking the retrieval results of 
single queries. A meta-searcher must accomplish some specific tasks related to its 
meta-service, like the understanding of queries and output formats supported by each 
search service and the elimination of duplicated information. The way in which meta- 
searchers can retrieve information on search engines offers many possibilities. The 
most direct is a query based on search terms, but browsing in directories or exploiting 
dynamic search methods [12][13] based on following links in retrieved documents is 
also a good option. 

3 Clustering in Web Searching 

3.1. Clusters and Categories 

A quite unusual approach for organizing retrieved documents in current search 
engines is document clustering, which aims to form natural groups of similar 
documents [6][7]. However, this method could help the user to gain a deeper 
understanding of how the recovered collection is organized. In order to apply 
clustering (or any other machine learning algorithm) to text processing, each 
document must be represented as a feature vector that numerically represents the 
information included in it [14]. Additionally, a clustering algorithm employed in Web 
search must fulfill some key requirements [6]: 
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1. Finding coherent clusters: The algorithm must find natural groups that contain 
similar documents. 

2. Extraction of relevant group information: The algorithm must provide short 
and precise descriptions of each natural group that summarize the information 
contained in the documents. 

3. High speed: The algorithm must be able to cluster thousands of documents in a 
few seconds. 

Although text clustering seems to identify heterogeneous collections of documents 
and help to discover meaningful themes, in some cases a high variability of results 
among different queries has been observed [7], which is related to its unsupervised 
approach to learning. In this context, the use of categories from Web directories can 
help to find more stable clusters that can bias the learner with supervised data. A 
related approach can be found in the intelligent browsing of Intranets, in which 
certain domain knowledge is applied to retrieve more significant information [18]. 

3.2. Clustering with K-means 

One form of clustering is achieved through vector quantization [15], which aims to 
design a vector quantizer VQ of dimension p and size K, i.e. a mapping from a p- 
dimensional Euclidean space, nP, into a set or codebook C=(w,, j=1, ..., Kt. 
Associated with every code vector wj there is a region of influence Rj (or cluster) 
where VQ maps any input vector that falls into it to wj. The simplest form of a VQ is 
based on a nearest-neighbor rule in which R, is defined by 

Thus, VQ(x) can be expressed as 

and then the codebook C is computed through the minimization of a measure of 
performance considering the total sequence of input patterns to be quantized, which 
can be expressed in terms of a statistical criterion. In optimal K-means, the statistical 
criterion is the expected error of the vector quantizer given by the functional 

where @(x) is the probability density h c t i o n  of X. Since @(x) is often unknown, we 
build an empirical estimator of I[VQ], Iw[VQ] with a set of random vectors in the 
following way: 
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where the samplesf xi, i=O, . . . ,N- 1 ) are known as the training set T. Batch K-means 
make use of the Newton optimization method over Icq[VQ], which is defined as: 

with H denoting the Hessian matrix H. As [16] shows, the learning equation is simply 

where NJ is the number of training samples that fall into the Voronoi region RJ. Two 
additional remarks are worth noting. First, the generalization error of K-means for 
finite sample sizes can be bounded using tools of statistical learning [17], which 
allows practical measures of performance to be obtained. Furthermore, the use of 
Newton optimization at a much-reduced computational cost (since the Hessian matrix 
is diagonal) allows batch k-means to be applied in real-time problems like web 
search. 

4 Intelligent Meta-searchers: A Case Study 

4.1. Architecture 

Figure 1 shows the architecture of ow meta-searcher. A search agent is responsible 
for submitting user queries to the search engines Yahoo and Metacrawler (a meta- 
searcher). The idea of combining Yahoo and Metacrawler is to merge the results of 
meta-searching with Web directories provided by Yahoo. Each retrieved result is 
stored in our database, and any repetition is eliminated. Then, the filtering agents 
extract a feature vector of 21 components for each result with the frequency of the 
most common index terms found in the search. Furthermore, a spider provided to 
explore a particular domain and fish and shark searches [12][13] from the retrieved 
documents can also be activated. Finally, a clustering agent groups the results into 
categories, as described in Section 4.2. The user interface of our meta-searcher is 
shown in Figure 2. 
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r-7 WWW: Yahoo & 

Fig. 1. Architecture of our metasearcher. 

Fig. 2. User interface of ow k-means meta-searcher. 

4.2. The K-means Meta-Search Algorithm 

The aim of our algorithm is to group N search results obtained from one or more 
search engines, in which each result is a text chain, into K natural groups in which K 
can be automatically estimated. The adaptive meta-search algorithm is divided into 
three steps: 
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1. Preprocessing of search results: which obtain the keywords or index terms for 
each retrieved document. This processing is divided into the followings steps 
1191: . - 

a. Lexical analysis, which converts a stream of characters into a stream of 
words 

b. Elimination of stopwords with the aim of filtering words with no 
meaning for retrieval purposes. 

c. Stemming or affur elimination 
d. Index selection, which determines the words employed as indexing 

elements. 
2. Feature extraction: Once the preprocessing is performed on N retrieved results 

(B,, j=1, ..., N), an index vector bJ=(bJl, bJ2, ..., bJQ) can be formed where b,,=l if 
B, contains the key word I, from the set of indexing terms (I,, i=1, ...,Q}, with Q 
denoting the number of existing indexes. However, the use of a binary indicator 
does not take account of the importance of each index term in the document. 
Hence, a feature component b,, that denotes the frequency of occurrence of the 
index term I, in B, is preferable. 

3. Training: The k-means clustering algorithm computes the natural groups 
according to the set of features vectors obtained in preprocessing. Using a 
validation set, i.e. a subset of the original data, estimation of the optimal number 
of training epochs and clusters is also feasible. 

4.3. Empirical evaluation 

Three key terms were investigated with our intelligent search engine: "salamandra", 
"learning", "neural networks". The k-means meta-searcher detected five relevant 
natural groups. Table 1 shows the results. As one can observe, an automatic detection 
of meaningful categories was achieved. However, several overlaps of categories were 
detected in the formed natural groups. For instance, one of the salamandra groups is 
composed of pages about people and companies named Salamandra as well as 
Spanish pages about the amphibious Salamander. The same happens in "learning" 
groups in which machine learning and e-learning pages are collapsed into one single 
group. Additionally, pages that does not apply to the extracted categories were 
detected in the all the natural groups. All these limitations are in fact related to the 
nature of the learning process which was unsupervised. 

Table 1. Natural groups automatically detected with K-means meta search. 
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5. Conclusions 

Web mining emerges as one of the most interesting applications of machine learning 
techniques like neural networks. However, it creates many challenging problems 
since web data is large, redundant, distributed, and volatile. Additionally, it often 
contains many errors that cause learning algorithms to fail. In our work, we have 
explored the application of unsupervised learning methods for the clustering of Web 
documents in a meta-search engine. In spite of the promising results, further work 
must be done to obtain more homogenous clusters through a robust feature extraction 
process and also to group documents within a hierarchy according to pre-established 
(or on-line) categories. 
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Abstract. Human learning over the Internet (e-learning) aims to
improve both the availability of information and the performance of the
students involved. Virtual laboratories are one form of e-learning in
which students learn practical skills by carrying out practical work. Our
work here discusses the impact of e-learning, virtual labs and intelligent
tutoring systems in education. We also introduce a neural network e-
lab, which has several features that support active learning and assist
the assessment of the students.

1 Introduction

The use of information and telecommunication technology (ITT) in higher education
is allowing for the progressive disappearance of the limitations of space and time. ITT
systems have many features that promote the active, experimenting and investigating
student [1]. Some of the main changes that ITT systems will induce are the
development of students� competencies and practical skills in virtual laboratories.

This paper introduces a virtual laboratory of neural networks (NNs) for Internet
courses based on personal assistants, which promotes the active role of students in
their learning and provides several features that facilitate their assessment. The rest of
the paper is organized as follows: Section 2 introduces the basics of e-learning,
describes how virtual labs are organized, and briefly reviews intelligent tutoring
systems (ITSs), with a particular emphasis on personal assistants; and Section 3
introduces a virtual NN lab and its basic features. Finally, several conclusions are
drawn and further work is suggested.

2 E-learning and Artificial Intelligence

2.1 E-learning

Electronic learning, or e-learning, refers to the use of Internet technologies to deliver
a wide spectrum of learning solutions with the aim of improving the availability of
knowledge and the performance of the students involved. It is based on three main
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principles [2]: networking; delivery through standard Internet technologies; and a
view of learning that goes beyond the teacher-student paradigm, with an increased
emphasis on informal and on-demand learning [3][4][5]. Generally speaking, the use
of the Internet in this way has a wide range of potential advantages, such as [1]:

(1) The availability of digital format contents. Information can be instantly
accessed, stored, distributed, shared and updated.

(2) Support for group work. Computer networking facilitates associative and
group work.

(3) Articulate communication. E-mail enables students to contact experts and
classmates on their Intranet. Furthermore, the writing an email compels them to
state their needs in a concise and articulate manner.

(4) Presentation features. The digital format of information on the Internet
facilitates its use in presentations. Text and images can be displayed in
documents or slides, while video and voice can be deployed in HTML-based
formats and hypertext.

(5) Curiosity trigger. When contents are available on the Internet, it is no longer
necessary to limit the search to the course material. Teachers can therefore
simply introduce new topics or different points of view within a subject through
a focused Internet search, thus stimulating the student to learn more.

2.2 Virtual Labs

One of the most interesting e-learning solutions for higher education is the electronic
laboratory. E-laboratories aim to fulfill the same function as traditional laboratories:
to give students the opportunity to put into practice their recently acquired knowledge
and skills through unlimited and repeated use [6]. Due to e-implementation, the limits
of time and space are not particularly restrictive for laboratory work. It is possible to
carry out laboratory experiments in a structured or open-ended enquiry form, in which
students develop manual, observation, problem-solving and interpretation skills in a
similar way to researchers [7]. There are two different approaches to implementing an
e-lab: virtual and remote laboratories.

In a remote laboratory, students can access the equipment of a physical laboratory
through a web browser. Using a remote connection to real training environments,
students acquire practical skills without damage to equipment or to themselves.

Virtual laboratories, however, have no physical point of reference: students use a
simulator that reproduces a real situation or implements a CAD tool (e.g. a software
engineering tool, a software/hardware co-design tool, etc.). Virtual laboratories can be
accessed in a straightforward manner through the use of applets embedded in a
HTML page. Applets are small programs that can be used to implement simulators
and other features required in a virtual lab. A considerable amount of applet
repositories are freely available, and it is possible to build a virtual laboratory using
these free resources.
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2.3 Intelligent Tutoring Systems and Personal Assistants

In the early stages of so-called computed-based instruction (CBI), psychologists and
educators rapidly became aware of the enormous potential of computers in human
learning. At the end of the sixties, a group of CBI researchers began to explore a CBI
approach to human cognition and learning anchored in artificial intelligence, which
resulted in what are today known as intelligent tutoring systems (ITSs) [8][9][10][11].

ITS researchers adopted the idea that computers could be brought to understand
students and knowledge domains, and to infer the most appropriate teaching strategies
from student interaction. However, several factors meant ITSs failed and the original
difficulties still remain, such as the problem of adapting the environment to the user�s
needs [12][13].

One of the current approaches in the ITS and related AI fields such as software
agents [14] and multi-agent systems [15] is the design of personal assistants that
supervise users� actions in a computer environment in order to provide assistance
[16][17]. More specifically, personal assistants are interface agents that cooperate
with the user in reaching an objective [18][19]. This closer cooperation between the
user and the agent [20] [21][22] considerably increases user performance.

3 A Web-Based Virtual Neural Network Lab

Unlike previous Java or C++ NN labs [23][24][25], our virtual NN lab has been
developed in order to provide all the elements necessary to complete a neural network
project based on multi-layer perceptrons and several unsupervised NNs. Users
perform a set of neural experiments under the supervision of an assistant that guides
them through the various steps of a neural project, notifying them when necessary.
Students log on to a portal (http://server:port/index.html) through a web browser
before starting their neural experiments (Fig. 1). Additionally, there is a portal for
teachers (http://server:port/professor.html) that provides administrative services (e.g.
student management) and other teaching facilities, such as an editing assistant tool
and an assessment module. The virtual NN lab is a web-based application written in
Java that uses an object-oriented (O-O) methodology [26] and which includes the
following elements:

(1) A Java server that manages all the virtual lab�s services.
(2) A database engine, which stores internal information and information for an

assessment of the student�s progress.
(3) Java applets and other downloadable elements (Flash movies, etc.) that are

automatically provided through the Web browser when necessary.

An off-line version through which users locally execute a light version of the web
application is also provided, and an additional communication module can exchange
information with the server when it is necessary to send assessment information. All
the elements included (Java server, etc.) are freeware and are available upon request.
Due to the O-O architecture, new features can easily be added to the existing virtual
NN lab, as well as other neural networks not included in this version.
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Fig. 1. The virtual NN lab�s student portal

As previously mentioned, assistants designed by teachers provide students with a
guide to completing several neural experiments. If mistakes are detected by the
assistant in the course of the experiments, which students are free to perform in the
order that they choose, a warning message will be displayed. Otherwise, assistants
play a monitoring role by storing all the students� actions and reporting them to the
database engine for assessment purposes. The steps that users should follow in the lab
are outlined below (Fig. 2):

(1) Target application. Users must select a problem for the NN to solve. Currently,
there are two kinds of problems or applications: classification and vector
quantization.

(2) Database formation. An uploaded dataset or a set of graphically created
samples must be provided and partitioned into training, validation and test sets.

(3) Prototype selection and configuration. A neural network architecture that fits
the problem must be selected and its parameters must be determined.

(4) Training. The configured prototype is trained according to several parameters
selected by the user.

(5) Test. Finally, generalization errors computed with an independent set are
provided, as well as training and validation curves.
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a) b)

c) d)

Fig. 2. Several steps in the development of a neural network project supported by the virtual
lab: a) database formation, b) prototype selection and configuration, c) training, and d) test

4 Conclusions and Further Work

A web-based Java application of a virtual NN laboratory has been introduced. Our e-
learning platform is based on personal assistants that support students� active learning
of practical skills and provide features for their assessment. Further work will focus
on providing a multi-idiom version and improving the assistants� intelligence.
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Abstract. This paper presents a general description of MISTRAL, a 
knowledge-based system for distance education that incorporates neural 

network techniques for teaching strategies planning. It is described the 

motivation to create such platform, the theoretical foundations 

supporting it, the services it offers to users and some results to discuss. 

1.  Introduction 

WWW opens new ways of learning for many people. However, most of existing 

educational WWW applications uses simplest solutions that are weak and restricted 

‘on-site’ educational systems and tools. In particular, most of WWW educational 

systems do not use powerful Intelligent Tutoring System (ITS) technologies. The very 

first artificial intelligence application in the field of education has been the 

implementation of intelligent tutorials. Many specific systems has been deeply 

discussed by different authors [12], [6].  
A promising direction of research is to translate these technologies to WWW 

platforms, thus adding the flexibility and intelligence of ITS to world-wide 

availability of WWW applications, which appear as a powerful option in computer 
aided education.  Although these systems are now efficient and popular they are 

expensive and hard to build. To solve that problem, the construction and use of author 

tools to facilitate the work for people without experience in Artificial Intelligence is 

proposed.  These tools born, at the same time that ITS and different prototypes have 

been built as presented by Brusilovsky [1].  
This work introduces a distance education platform based on the above mentioned 

techniques and which novelty lies in considering aspects like learning strategies 

adaptability, communication tools and student profile evaluation, their learning styles 

and knowledge, issues that we have found only partially in revised platforms both in 

literature and through Internet [2]. 
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Fig. 1. Construction Process 

2.  The proposed Platform 

MISTRAL shares some features to most of similar projects in use today.  The novelty 

here lies in the manner in which it adapts to different student profiles, suggesting 

activities, tools and evaluating mechanisms for correcting detected problems. 

We can say that MISTRAL allows managing and automatic generation of different 

distance courses in multi-user modality, making easy the knowledge acquisition in 
contents and activities in a particular course.  Besides that, it generates in the server, 

based in Portfolios strategy, a folder structure for each course and student, so those 

students can store their works for instructor evaluation.  The platform has the 

necessary knowledge for detection and diagnostic of the learning degree in a specific 

unit and the necessary activities required for enhancing the learning process. 

MISTRAL generates a Virtual Room personalized for each student, with 

discussion groups that adapt to learning styles and a mailing system that includes a 

tracking mechanism for warning if the interaction level of a student is lower than 
required.  The diagnostic of the learning level of a student and the sequence of 

activities devised for a particular student profile (learning style and acquired 

knowledge) is accomplished by using Bayes nets and rules.  The course is built by 

selecting or generating a set of necessary rules and objects in terms of specified 

knowledge and generates corrective actions when detecting, through neural networks 

(NN), the possible unsuccessful performance of a student in a course. 

 

3. MISTRAL Design 
 

We have used CommonKADS [11], for the analysis and design of this proposal and 
UML for model descriptions.   MISTRAL is explained through two central concepts.  

The construction process and operation process. 
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Fig. 2. Sequence of contents for different styles 

3.1 The construction process 

In general terms, the development process of a course is generated through two 

phases (see figure 1).  In the first, the purpose is to put into the platform the 

knowledge about the topic the course must cover.  The fundamental support is given 

by the expert experience, books and Internet where it can be found information about 

contents (syllabus) more adequate to different students profiles.  The knowledge 

above includes: General Objective (guides the course), Specific Objectives (guide 

specific topics), Stop Condition and Relative Relevance for each objective, Contents 

(linked to specific objectives), Relative Relevance for each content, Activities 
according to different profiles, and Difficulty levels and Discrimination indexes for 

each activity. In the second, the purpose is to configure the teaching strategy 

(sequence of activities) that is done in MISTRAL configurating the sequence of 

contents depending on different knowledge profiles, then configurating the sequence 

of activities depending on different learning profiles (see figure 2).  Finally, the neural 

net is trained for detecting the student success possibility. 

 

3.2 The operation process 
 

The operation process in MISTRAL is associated to actors (student, instructor and 

system manager)  that may use: Virtual Room, in which student and instructor can 

access synchronous and non-synchronous communication tools like CHAT, Private 

Discussion Forum (depending on learning styles), access to portfolio and electronic 

mail; Activities to execute, in which students execute some activity and answer some 

questions and Teaching Strategies configuration, that as an extension from Activities 

to execute determine the most adequate strategy for a particular user. 

728 L. Pedro Salcedo  et al.



4. Inference level 

Once big tasks over MISTRAL are clear; material preparation, teaching strategy 

definition, user dialog and evaluation design, the next step is to describe the way in 

hich the neural network implements one of the subtasks. 

 

Task: STRATEGY in KML (see figure 3): 

TASK Strategy    

GOAL:  

“Determine the more promising teaching strategy to achieve the learning 

process for the student” 
ROLS: 

        INPUT: User identification information 

  OUTPUT: Teaching strategy (sequence of activities, sequence of questions and 

actions to take)                               

  SPEC: “get student identification, then select profile from table student module 

and match to expert module table and strategy to get activities to accomplish, 

in doing so evaluate a new teaching strategy and determine if the student is 

going to succeed in the course and finally choose actions to carry on if 

unsuccessful results are possible”. 

END TASK Strategy  

 
SUBTASKS 

EVALUATE subtask must “evaluate a new teaching strategy (sequence of 

activities) in terms of activities to be accomplished, derived from MATCH inference 

and upon the user profile”. ESTIME inference in MISTRAL uses Bayes Nets 

techniques to achieve this goal (description is out the scope of this paper).  

DETECT subtask is aimed to establish if student can have an unsuccessful 

performance in a course, considering different factors associated to his profile. This 

subtask in MISTRAL is accomplished through neural networks as described in the 
following. 

 

NN in DETECT Subtask 

 

Analysis  

Different studies on educational products [9], [10], [5], [3], maintain many elements 
as a common core. Besides traditional variables like expenses by students, educational 

level and teachers experience, they consider different inputs strongly conditioning 

results in these studies. Santín [10], analyzing students from 41 countries put in 
evidence that there are some socioeconomic characteristics and specific habits that 

have influence on performance. Factors such as parents level of education and family 
income, home resources (computer, TV, fax, etc.), study habits like number of hours 

devoted to electronic games, help in house jobs or see TV and read newspapers. For a 

more comprehensive study see [3], [4].    
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Fig. 3 Strategy task and Evaluate subtask 

In MISTRAL exists the possibility to automate the deductive and strategy selection 

processes to minimize the possibility of having an unsuccessful behavior in a course.  
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Fig. 4. Algorithm for detecting the unsuccessful degree for a student. 

MISTRAL is ruled by algorithm shown in figure 4.  Training is the process of NN 

learning based on a series of examples.  So, the proposal implies a just trained net 

with a relevant set of cases to get acceptable conclusions, but considering a bounded 

social and geographical reality.  The neural net can be trained again adding required 

factors according to local reality, having the capability of using added tools to help in 
knowledge acquisition. 

Factors that MISTRAL uses in the initial training are: sex (male/female), parents 

education level (none/basic/high school/technical/professional/M.Sc./Ph.D.), parents 

compromise, family size, material resources (TV, computer, car), learning strategy 

hours devoted to study, hours in house tasks, hours devoted to TV), cultural level 

(hours devoted to read, books read in a year), interest field, self-esteem. 

Course information acquisition will depend on factors to choose, and possibilities 

are tests, sets of questions or databases.  In MISTRAL simple sets of questions are 
used existing the possibility to add new factors and tools for information acquisition 

and net training.  In other words, we present a net with adaptive architecture.  

In figure 5, using UML is shown the strategic knowledge required in determining 

the set of actions to carry on after deducing the probability of unsuccessful results. 
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Development of neural net application 
 

The net has one hidden layer and a variable number of nodes, depending on quantity 

of factors to take in account.  The user must supply the available data considering 

70% for training, 10% for validation and 20% for testing.   The activation function 

chosen is the hyperbolic tangent because the convergence process is faster than when 
using a sigmoid function.  Besides that, the chosen technique for our learning 

algorithm is descendent gradient with one term for moment. 

During training, the neural net learns to classify students in two groups: successful 

students and unsuccessful students, upon above mentioned characteristics.  Training 

stops when a number of steps is reached or when the mean quadratic error, in our 

validation set, does not present improvement during 50 consecutive steps to avoid 

overlearning.  

Data in MISTRAL is characterized in two ways.  First, default data available in 

MISTRAL that belongs to a concrete reality.  Successful data can be similar for 
different geographic environments and so, successful data subsets can be shared 

among different local realities, for example Age (numerical variable) to measure how 

old a student is, Parent’s educational level (variable having three levels: none or basic, 

high school studies, university studies), Grades before university or previous courses 

(numerical variable), Previous education (private or particular educational 

organization), Self-esteem, Interest fields and Learning strategy.  Second, another 

data set not considered in this application, for example Social level, World locality, 

Mother work, Logic thinking. 

Training and test data 
 

To face the data acquisition problem in training the net, we used available information 

belonging to University of Concepción considering a universe of 500 students.  

Anyway, in using MISTRAL in a different environment, users can train the net 

starting with default values zeroes. If new factors are to be added, data for training the 
net must be supplied by the user.  

Inputs are previously mentioned variables and output is an indication of 

unsuccessful performance in the course.  

In our experience, input data will be transformed to zeroes and ones pointing to 

accept new factors and so creating an adaptive structure.  The 1 to n method is 

applied, i.e., exist n different categories marking with one only those with 

corresponding data.  For example, the month of birth of a student is represented 

through 12 entries, one of which hold the value 1. 

An Analysis and Object Oriented Design course with MISTRAL 
 

One of the experiences we developed in testing MISTRAL is “Analysis and Object 

Oriented Design”, for students in an engineering third year course.  This course is a 

proof for the different adapting possibilities MISTRAL has, as is expressed in the 

following. The course structure adapts to particular student’s characteristics as 
previous knowledge in programming languages and modeling tools; the  designer  has 

731MISTRAL: A Knowledge-Based System for Distance Education          



 

Fig. 5.  Activities for  “Detect” subtask 

 

decided to offer the capability for choosing the language to use in the course or to 

begin with a specific programming language and choose the modeling tool (Rational 

Rose, GDPro, etc.), allowing for adapting activities and sequences of contents. The 
course structure adapts to learning styles for each student.  MISTRAL evaluates each 

student style and then adapts the more adequate strategy for each one of them. Once 

the student has developed the sequence of activities suggested by MISTRAL, the 

course structure adapts to the level of knowledge achieved by the student; if he has 

not get a minimum threshold during evaluation, MISTRAL will propose a series of 

activities, different from the formers, that will allow to enhance the learning process. 

The proposed activities the instructor can take are diverse, and wasted work is 

avoided if we consider the capability for using material reachable via Internet. The 
private list, above mentioned, put together students with different learning styles in 

such a way that different styles are improved. The possibility of storing files in the 

server (portfolio technique) allows both, the instructor and the student to access that 

material. 

 

5. Conclusions 

 

Functions in MISTRAL, implemented through Bayes nets and neural networks 

techniques allow a personalized education, which considers different psychological, 

social and knowledge influences, by generating a strategy focused in student’s 

requirements.  

In this work we have presented a tool that allow us to manipulate independently the 

course structure and the course contents. The particular implementation just discussed 
has shown that benefits using MISTRAL satisfy the expected goals that can be 

classified from two points of view: the student perspective and the organization 

perspective. 

From the organization point of view, the platform use doesn’t imply structural 

changes in the institution responsible for the distance education process, although a 

certain training level with MISTRAL for people is necessary. From the student point 

of view, it is important to notice that learning-teaching process is tailored to particular 

student’s characteristics. MISTRAL has the necessary knowledge to detect and 
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diagnostic a unit learning degree and the necessary sequence of activities to reinforce 

that unit if required. 

In this work it has been shown that by incorporating neural nets techniques to 

MISTRAL we improve the success probability for a student, because it is possible to 

propose corrective actions to enhance the learning process after diagnostic. 
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Abstract. The p-hub problem is a facility location problem that can
be viewed as a type of network design problem. Each node, within a
given set of node, sends and receives some type of traffic to and from the
other nodes. The hub location must be chosen from among these nodes
to act as switching points for the traffic. Hubs are facilities that serve as
transshipment and switching points for transportation and telecommu-
nication systems with many origins and destinations. In this paper we
consider the uncapacitated, single allocation, p-hub median problem. In
the single allocation, each nonhub node must be allocated to exactly one
of the p hubs. We provide a reduced size formulation and a competitive
recurrent neural model for this problem. The neural network consists of
a two layers (allocation layer and location layer) of np binary neurons,
where n is the number of nodes and p is the number of hubs. The pro-
cess units (neurons) are formed in groups, where one neuron per group
is active at the same time and neurons of different groups are updated
in parallel. Computational experience with another neural networks is
provided using the data given in the literature.

1 Introduction

The problem of locating hub facilities arises frequently in the design of telecom-
munication networks, as well as in airline passenger flow. Discrete hub location
problems involve locating a set of fully interconnected facilities called hubs, which
serve as transshipment and switching points for traffic between specified origins
and destinations. A non-negative flow is associated with every origin-destination
pair and an attribute such as distance, time or cost is associated with move-
ment. The term of cost is used throughout this paper to represent the attribute
of interest. In hub systems, origin-destination movements are generally via one
or two hubs. As long as the cost of movement is a nondecreasing function of dis-
tance, no origin-destination movements are via more than two hubs, since hubs
are fully interconnected.

The problem addressed in this paper models the situation where there are n
nodes in a network, and p of these nodes are to be designed as hubs. Each node
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in the network can interact with each other only via the hubs to which they
have been allocated. More specifically, the problem dealt with in this paper is
the uncapacitated, single allocation, p-hub median problem (USApHMP).

A quadratic integer programming formulation for USApHMP was proposed
by O’Kelly [8]. Since O’Kelly original formulation, several researchers have used
various heuristics to solve this problem. The USApHMP is known to be NP-
complete, like related p-median and p-center problems. While these other prob-
lems become trivial once the locations are known however, the USApHMP re-
mains NP-complete even if the hub location are known (see [9]). This is due to
the lack of a simple rule for solving the allocation phase of the USApHMP.

O’Kelly [8] considered the use of two heuristics for solving a USApHMP
which models flights paths of an airline company, and attempts to assign each
airport to a fixed hub. Thus, the problem was reduced from location-allocation
problem to a problem alone. Klincewicz [7] examined ways of avoiding conver-
gence of such heuristics to sub-optimal local minima by using tabu search and
GRASP strategies, although the problem being considered was still the simpli-
fied problem of allocating nodes to a fixed hubs using a minimum distance rule.
Skorin-Kapov and Skorin-Kapov [10] considered the use of tabu search for solv-
ing the complete location-allocation problem. Aykin [1] devised various others
heuristics, Ernst and Krishnamoorthy [5] applied a simulated annealing heuristic
and Smith, Krishnamoorthy and Palaniswami [6] considered a modified Hopfield
netowrk to solve the USApHMP. In this paper we proposed a recurrent neural
model for solving the USApHMP that we applied usefully to related problem
like the p-median problem [3].

The paper is organized as follows. In section 2 we review the problem formu-
lations and we propose a new reduced size formulation. Section 3 presents the
proposed recurrent neural model. Illustrative simulations and computational re-
sults with the well known 1970 Civil Aeronautics Board (CAB) data set are
described in section 4. Finally, section 5 provides a summary and conclusions.

2 Problem Formulation

The hub location problem we consider here can be described as follows: we are
given the location of a set of nodes N = {1, 2, ...n}, the volume of flow (wij) that
must be shipped between each origin-destination pair and the cost per unit flow
(cij) between each origin-destination pair. From the set N of nodes we select
p of them to be hubs. Hubs are consolidation or switching points for flow and
they are fully connected. All flow travels via hubs and each non-hub node must
be allocated to a unique hub node. The location of the hubs and the allocation
of the nodes is chosen so that the total cost of the system is minimized. It
should be noted that all flow that must be shipped between nodes, has three
separate components: collection (origin node to hub), transfer (hub to hub) and
distribution (hub to destination node).

O’Kelly [8] first formulated the USApHMP as a quadratic integer program.
This formulation has O(n2) variables, even so this problem is difficult to solve

735A Recurrent Neural Network Model for the p-hub Problem      



due to the non-convexity of the objective function. Subsequently a mixed integer
linear program with O(n4) variables was developed by Campbell [2] to obviate
the non-convexity of the objective function. Ernst and Krishamoorthy [5] devel-
oped a reduced mixed integer linear program using O(n3), and recently, Ebery
[4] presented a formulation with O(n2) variables. In this paper, we proposed a
new reduced formulation for the USApHMP using O(n) variables. The proposed
formulation is defined as follow

Minimize

n∑
i=1

n∑
j=1

p∑
q=1

n∑
k=1

(
βwikcij + γwkicji + α

n∑
m=1

p∑
r=1

wikcjmxkrymr

)
xiqyjq (1)

Subject to
p∑

q=1

xiq = 1 i = 1, ..N (2)

N∑
j=1

yjq = 1 q = 1, ..p (3)

where

xiq =
{

1 if the node i is allocated to the cluster q
0 otherwise

yjq =
{

1 if the node j is the hub in the cluster q
0 otherwise

wij is the amount of flow from the node i to the node j
cij is the transportation cost associated between the nodes i and j
α is the transfer coefficient
β is the collection coefficient
γ is the distribution coefficient
In (1) the first two terms inside the brackets evaluate the cost of assigning

a node to its hub for outgoing and incoming flows respectively. These terms
are multiplied by two parameters respectively: β (collection coefficient) and γ
(distribution coefficient). The third component (the double summation over m
and r) counts the costs of those interactions, which must flow between hubs.
These inter-hub costs are multiplied by a parameter α to reflect the scale effects
in inter-facility flows. Constraint (2) ensures that each node is allocated to a
unique cluster and restriction (3) ensures that one and only one hub is opened
in each cluster.

3 Competitive Recurrent Neural Model

The proposed neural network consists of two layers (allocation layer and location
layer) of interconnected binary neurons or processing elements. Each neuron i
has an input hi and an output Si. In order to design a suitable neural network for
this problem, the key step is to construct an appropriate energy function E for
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which the global minimum is simultaneously a solution of the above formulation.
The simplest approach to constructing a desired energy function is the penalty
function method. The basic idea in this approach is to transform the constrained
problem into an unconstrained one by adding penalty function terms to the
objective function (1). These terms cause a high cost if any constraint is violated.
More precisely, some or all constraints are eliminated by increasing the objective
function by a quantity which depends on the amount by which the constraints
are violated. That is, the energy function of the neural network is given by the
Liapunov energy function defined as

n∑
i=1

n∑
j=1

p∑
q=1

n∑
k=1

(
βwikcij + γwkicji + α

n∑
m=1

p∑
r=1

wikcjmxkrymr

)
xiqyjq+

+λ1

n∑
i=1

(
1 −

p∑
q=1

xiq

)
+ λ2

p∑
q=1

(
1 −

n∑
j=1

yjq

) (4)

where λi > 0 are penalty parameters that they determine the relative weight
of the constraints. The penalty parameters tuning is an important problem as-
sociated with this approach. In order to guarantee a valid solution and avoid the
parameter tuning problem, we will divide our neural network in disjoint groups
according to the two restrictions, that is, for the USApHMP with n points, we
will have n groups, according to restriction 2, plus p groups, according to re-
striction 3. Then, we will reorganize our neurons in two matrices (one matrix
per neuron type) where a group is represented by a row or column of the matrix
according to neuron type.

x11 x12 · · · x1p → group 1
x21 x22 · · · x2p → group 2
...

...
. . .

...
...

xn1 xn2 · · · xnp → group n

y11 y12 · · · y1p

y21 y22 · · · y2p

...
...

. . .
...

yn1 yn2 · · · yNp

↓ ↓ ↓
group n + 1 group n + 2 group n + p

Fig. 1. Neuron organization of the neural network for the USApHMP with n points.

Figure 1 shows two matrices, the first matrix contains the allocation neurons
and the second contains the location neurons. The allocation neurons inside same
group are in the same row of the matrix, and the location neurons inside same
group are in the same column.

In this model one and only one neuron per group must have one as its outputs,
so the penalty terms are eliminated from the objective function. The neurons
inside same group are updated in parallel. Then we should ought introduce the
notion of group update. Observe that the groups are updated sequentially. Then,
the energy function of the neural network is reduced to
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E =
n∑

i=1

n∑
j=1

p∑
q=1

n∑
k=1

(
βwikcij + γwkicji + α

n∑
m=1

p∑
r=1

wikcjmxkrymr

)
xiqyjq (5)

We avoid the parameter tuning problem of λ1 and λ2 in the expression (4)
with the new model due to the energy function of the new model (5) do not have
penalty terms.

The inputs of each neuron of the network are

hxiq = −
n∑

j=1

n∑
k=1

(
βwikcij + γwkicji + α

n∑
m=1

p∑
r=1

wikcjmxkrymr

)
yjq (6)

hyjq = −
n∑

i=1

n∑
k=1

(
βwikcij + γwkicji + α

n∑
m=1

p∑
r=1

wikcjmxkrymr

)
xiq (7)

where hxiq
is the activation potential of allocation neuron iq and hyjq

is the
activation potential of the location neuron jq.

The central property of the proposed network is that the computational
energy function always decrease (or remains constant) as the system evolve ac-
cording to its dynamical rule

xiq(k + 1) =

{
1 if hxiq (k) = max

1≤j≤n
{hxjq (k)}

0 otherwise
(8)

yjq(k + 1) =

{
1 if hyjq

(k) = max
1≤i≤n

{hyiq
(k)}

0 otherwise
(9)

Theorem 1. Let M be a binary neural network characterized by a Liapunov
energy function (5) where the inputs of the neurons are computed by (6) and (7).
If only one group g is selected for updating at every time k and the dynamics of
the neural network are given by expressions (8) and (9), then the energy function
is guaranteed to decrease.

Proof. If we consider discrete time dynamics then the energy difference for any
change of the state of any neurons of the network is

∆E(k) = E(k + 1) − E(k) =

=
n∑

i=1

p∑
q=1

hxiq
(k)xiq(k) −

n∑
i=1

p∑
q=1

hxiq
(k + 1)xiq(k + 1) =
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=
n∑

j=1

p∑
q=1

hyjq
(k)yjq(k) −

n∑
j=1

p∑
q=1

hyjq
(k + 1)yjq(k + 1)

We introduce now the notion of group update, that is, instead of selecting
a single neuron for update we can select a group g containing a number of m
neurons. Then, the difference in the energy that would result if only the states
of the neurons in the group g was altered depends on the type of group. If all
neurons contained in the selected group (g = i) are allocation neurons (xiq),
namely allocation group, the difference in the energy is

∆Eg(k) =
p∑

q=1

hxiq (k)xiq(k) −
p∑

q=1

hxiq (k + 1)xiq(k + 1)

If all neurons contained in the selected group (g = n+q) are location neurons
(Tjq), namely location group, the difference in the energy is

∆Eg(k) =
n∑

j=1

hyjq
(k)yjq(k) −

n∑
j=1

hyjq
(k + 1)yjq(k + 1)

Let us suppose now that at time k the allocation neuron xir is the only one
that is “on” in group i and that allocation neuron xio is the candidate neuron
in group i that is going to be “on” at time k + 1. Then we have that

xiq(k) =
{

1 if q = r
0 otherwise xiq(k + 1) =

{
1 if q = o
0 otherwise

By substituting this values we have that

∆Ei(k) = hxir (k) − hxio(k + 1) = hxir (k) − hxio(k)

Hence, we have that if the neuron with the maximum input hxio per group
i is always selected as the candidate neuron xio, then the energy descent is
guaranteed. Thus, the value of the energy decrease ∆Ei(k) is the maximum
possible at every time k.

Let us suppose now that at time k the location neuron yrq is the only one
that is “on” in group n+ q and that location neuron yoq is the candidate neuron
in group n + q that is going to be “on” at time k + 1. Then we have that

yjq(k) =
{

1 if j = r
0 otherwise yjq(k + 1) =

{
1 if j = o
0 otherwise

By substituting this values we have that

∆En+q(k) = hyrq
(k) − hyoq

(k + 1) = hyrq
(k) − hyoq

(k)

Hence, we have that if the neuron with the maximum input hyoq per group
n + q is always selected as the candidate neuron yoq, then the energy descent is
guaranteed. Thus, the value of the energy decrease ∆EN+q(k) is the maximum
possible at every time k. ��
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The following procedure describes the neural network algorithm (NNA).

1. Set the initial state by randomly setting the output of one neuron in each of
n + p groups to be one and all the others neurons in the group to be zero.

2. Evaluate the initial value of the energy function by expression (5).
3. Select a group g where 1 ≤ g ≤ n + p.
4. Compute the inputs of the neurons in the group g, by expression (6) if

1 ≤ g ≤ n or by expression (7) otherwise.
5. Update neurons by expression (8) if 1 ≤ g ≤ n , or update neurons by

expression (9) if n + 1 ≤ g ≤ n + p.
6. Repeat from step 3 until no more changes.

On step 3 we select a group randomly or sequencely. On step 5, if there are
different neurons with the maximum input value, the algorithm must randomly
select one of them.

4 Simulation Results

The data for this study are based on the well known CAB (Civil Aeronautics
Board) data sets from the literature (see [8, 6]). Problems of size n = 10 and 15
are extracted from this data set, while further problems are generated by varying
the number of hubs p ∈ {2, 3, 4} and the transfer cost α ∈ {0.2, 0.4, 0.6, 0.8, 1}.
The values of the collection and distribution coefficients are fixed at β = γ = 1.
Exact results are again provided using the linear programming approach of Ernst
and Krishnamoorthy [5]. The results are compared to the Hopfield network (HN)
and the modified hill-climbing Hopfield network (HCHN) provided by Smith et
al. [6]. All algorithms were coded in the Matlab programming language and run
on an Origin 2000 (Silicon Graphics Inc.) multiprocessor operated under IRIX
6.5 with 16 CPUs MIPS R1000.

The results presented in Table 1 demonstrate quite clearly that the pro-
posed NNA are able to compete effectively with the Hopfield neural networks
approaches proposed by Smith et al. [6] in finding optimal or near-optimal solu-
tions to the CAB data sets. The HN often converges to a poor quality solution,
since it becomes caught in the first local minima it encounters. Although the
HCHN considerably improves the quality of solutions, with optimal solutions be-
ing located in 73% of the CAB problem instances. However, the amount of CPU
time required to simulated the proposed NNA is the main advantage with respect
the Hopfield network approaches. Thus, the CPU time for the HN and HCHN
simulations are several orders of magnitude greater than those for the NNA.
Moreover, the memory requirements for these simulations (HN and HCHN) also
make it difficult to obtain solutions for problems greater than n = 20.

5 Conclusions

In this paper, we have reviewed the uncapacitated single allocation p-hub prob-
lem. We have reduced the number of variables and constraints of the formula-
tions provided by several authors [8, 5, 2]. As another neural solution approach,
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Table 1. Results of CAB data sets for NNA, HN, HCHN

n p α Optimal NNA HN HCHN

10 2 0,2 615,99 0,08% 0,00% 0,00%
0,4 674,31 0,05% 0,00% 0,00%
0,6 732,63 0,03% 0,00% 0,00%
0,8 790,94 0,02% 0,00% 0,00%
1 835,81 0,02% 6,60% 1,60%

3 0,2 491,93 0,13% 18,80% 0,00%
0,4 567,91 0,08% 15,90% 0,00%
0,6 643,89 0,08% 1,70% 0,00%
0,8 716,98 0,07% 0,00% 0,00%
1 776,68 0,05% 1,00% 0,40%

4 0,2 395,13 0,24% 0,00% 0,00%
0,4 493,79 0,10% 1,10% 0,00%
0,6 577,83 0,10% 4,80% 0,00%
0,8 661,42 0,09% 6,90% 0,40%
1 736,26 0,08% 0,70% 0,40%

n p α Optimal NNA HN HCHN

15 2 0,2 981,28 0,16% 0,00% 0,00%
0,4 1062,63 0,14% 0,00% 0,00%
0,6 1143,97 0,09% 0,00% 0,00%
0,8 1190,77 0,08% 3,00% 0,20%
1 1221,92 0,07% 7,20% 0,50%

3 0,2 799,97 0,09% 0,20% 0,00%
0,4 905,1 0,08% 2,10% 0,00%
0,6 1009,93 0,16% 0,60% 0,00%
0,8 1099,51 0,12% 3,50% 0,00%
1 1168,68 0,13% 1,40% 1,00%

4 0,2 639,78 0,11% 0,00% 0,00%
0,4 779,71 0,11% 4,60% 0,00%
0,6 910,21 0,14% 2,80% 0,00%
0,8 1026,52 0,15% 1,90% 0,00%
1 1118,23 0,18% 3,70% 1,20%

we considered a competitive recurrent neural model. In the computational expe-
rience, we have shown that the proposed neural model worked well, only 0,1%
average error for the CAB data sets, and found optimal or near-optimal solu-
tions quickly. Therefore, the proposed recurrent neural network might be used
for large problems.
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1 Artificial Intelligence Center, University of Oviedo. Campus de Viesques, Gijón
(Asturias) Spain

2 Computer Science Department, University of Oviedo. Campus de Viesques, Gijón
(Asturias) Spain

Abstract. Text Categorization (TC) is the process of assigning docu-
ments to a set of previously fixed categories. A lot of research is going on
with the goal of automating this time-consuming task due to the great
amount of information available. Machine Learning (ML) algorithms are
methods recently applied with this purpose. In this paper, we compare
the performance of two of these algorithms (SVM and ARNI) on a col-
lection with an unbalanced distribution of documents into categories.
Feature reduction is previously applied with both classical measures (in-
formation gain and term frequency) and 3 new measures that we propose
here for first time. We also compare their performance.

1 Introduction

One of the main tasks in processing large collections of text files is that of
assigning the documents of a corpus into a set of previously fixed categories,
what is known as TC. Formally, TC consists of determining whether a document
di (from a set of documents D) belongs or not to a category cj (from a set of
categories C).

Since TC involves a great amount of features and most of them could be irrel-
evant or noisy [18], a previous feature reduction could improve the performance
of the classifiers.

The aim of this paper is to study the performance of TC with feature re-
duction using Support Vector Machines (SVM) [10] and ARNI ([15]), a ML
algorithm that constructs decision trees using a measure of the quality of the
tests which is called impurity level. To tackle feature reduction, we used some
measures previously applied by other authors and some new measures proposed
by us, based on concepts of the ML environment.

The rest of the paper is organized as follows. In Section 2 it is discussed
some previous work. In Section 3 the process of TC is described. The corpus
description and the experiments are exposed in Section 4. Finally, in Section 5
some conclusions and ideas for further research are presented.
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2 Previous Work

The aim of TC is to find out whether a document is relevant to a category or
not. Typically, the task of assigning a category to a document from a finite set of
m categories is commonly converted into m binary problems each one consisting
of determining whether a document belongs to a fixed category or not. This
transformation makes possible the use of a wide number of binary classifiers
to solve the multi-category classification problem [2], [10] (one-against-the-rest).
The rest of the section briefly presents some previous work about classification
and feature reduction.

2.1 Classification Algorithms

In the literature about TC two main streams can be found: statistical methods
and, recently, algorithms from the field of artificial intelligence.

Among the statistical methods, one of the first to be used on TC was Roc-
chio’s algorithm [17]. Other statistical approaches are the naive Bayes classifier
[10] and the instance-based algorithm called KNN [22].

In ML field we find algorithms that induce decision trees (or, more gener-
ally, classification rules) from previously labeled examples: C4.5 of Quinlan [14]
used for TC in [10]; ARNI (Trees and Rules based on the Impurity Level) [15]
previously used for TC in [8] or RIPPER [4] used in TC in [5].

One of the latest approaches is SVM used for TC in [10], which is a universal
binary classifier able to find out threshold functions to separate the examples of
a certain category from the rest.

2.2 Feature Reduction

Feature selection is one of the techniques of feature reduction which has been
shown to be more adequate for TC. It is performed by keeping the words with
highest score according to a predetermined measure of the importance of the
word. Among the measures previously used in TC for this purpose we found the
traditional Information Retrieval (IR) measures tf and tf × idf in [12], [22] and
Information Theory (IT) measures like information gain or mutual information
in [22].

Previous feature reduction [18] is typically carried out eliminating meaning-
less words like articles, conjunctions, auxiliary verbs which are called stop words.
Additionally, the reduction of words to their common roots or stems, which is
called stemming is usually performed. Simultaneously, there are two different
ways of feature selection: local, which consists of the words occurring in docu-
ments of each category; and global, which consists of the words occurring in all
the documents of all categories. In this paper local reduction is performed since
it has been proved that it performs better [12].

3 Process of Text Categorization

In this section it is described how we perform the process of TC.
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3.1 Document Representation

The most widely used document representation is that of vector of words or bag
of words (see [18]), which consists of identifying each document with a numerical
vector whose components evaluate the importance of the different words in the
document. We used tf (the absolute frequency of the word in the document),
which has been widely adopted in previous work [10] and [22].

3.2 Feature Reduction

Here it is described the measures for feature reduction followed in this paper.
First, we consider (after eliminating stop words and performing stemming,

following Porter [13]) feature reduction by weighting over local vocabularies.
As traditional IR scoring measure we chose tf following the results presented

in [12]. This measure simply counts the number of occurrences of each word.
Among the IT measures we select information gain since it has been showed

to perform very well [22]. Its expression is

IG(w, c) = P (w)P (c/w) log(
P (c/w)
P (c)

) + P (w)P (c/w) log(
P (c/w)
P (c)

)

where P (w) is the probability that the word w appears in a document, P (c/w)
is the probability that a document belongs to the category c if we know that
the word w appears in it, P (w) is the probability that the word w does not
appear in a document and P (c/w) is the probability that a document belongs
to the category c if we know that the word w does not occur in it. Usually, these
probabilities are estimated by means of the corresponding relative frequencies.

The measures proposed in this paper are taken from the ML environment.
These measures have been applied to quantify the quality of the rules induced
by a ML algorithm. In order to be able to adopt these measures we propose
to associate each pair (w, c) to the following rule: If the word w appears in a
document, then that document belongs to category c. From now on, this rule is
denoted by w → c. In this way the quantification of the importance of a word w
in a category c is reduced to the quantification of the quality of the rule w → c.
Some notation must be introduced in order to define the measures: for each
pair (w, c), aw,c denotes the number of documents of the category c in which
w appears, bw,c denotes the number of documents that contain the word w but
they do not belong to the category c, cw,c denotes the number of documents of
the category c in which w does not appear and finally dw,c denotes the number
of documents which neither belong to category c nor contain the word w.

In general, the rule quality measures are based on the percentage of successes
and failures. The Laplace measure used in CN2 [3] and in RISE [7] and the
difference that supposes a simplification of the accuracy used by Muggleton [11]
and by Fürnkranz & Widmer [9] are measures of this kind. The Laplace measure
is obtained by means of L(w → c) = aw,c+1

aw,c+bw,c+s , where s is the number of
categories. The particularity of this measure is that it penalizes the words that
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appear in few documents. The difference penalizes the number of documents of
the category in which the word appears by subtracting from them the number of
documents of the rest of categories in which the word also appears. Its expression
is D(w → c) = aw,c − bw,c. Besides, there exist other rule quality measures
that additionally take into account the number of documents in which the word
occurs in the category and the unbalanced distribution of documents over the
categories. A measure of this kind is the impurity level (IL) proposed by Ranilla
et al. [16] and motivated by the criterium used in IB3 [1]: If a rule is applied
n times and has m successes, the confident interval of its percentage of success
is determined by the formula taken from Spiegel [20], which takes into account
the percentage of success (m

n or aw,c

aw,c+bw,c
). The distribution of examples over

the categories is considered by means of the canonic chance rule (denoted by
→ c, which is the rule that do not have any antecedent and has the category as
consequent). Then, IL is defined by the overlapping degree between the confident
interval of the rule and the confident interval of its correspondent canonic rule
IL(w → c) = 100 · CId(→c)−CIi(w→c)

CId(w→c)−CIi(w→c) .
Since in IR is important to take into account the positive failures, a variant of

each measure is proposed. Each variant consists of adding the parameter cw,c to
the previous expressions, that is, to take into account the number of documents
of the category in which w does not appear. The effect of this modification is to
penalize that words which appear in few documents of the category. The new
expressions are (the percentage of successes pir is only what it changes in the
definition of IL) Lir(w → c, w → c) = aw,c+1

aw,c+bw,c+cw,c+2 , Dir(w → c, w → c) =
aw,c − bw,c − cw,c and pir(w → c, w → c) = aw,c

aw,c+bw,c+cw,c
respectively.

3.3 Classification

In this section, ARNI and SVM, the algorithms used in this paper, are described.
ARNI [15] is based on the principles of Hunt for the construction of decision

trees. In this approach the original train set of examples is recursively divided
into subsets that either only contain examples of one category or they are near
of it. The division is made according to a predefined test over the features. The
test adopted in ARNI is based on the impurity level.

SVM is a good handler of many features and it deals very well with sparse ex-
amples. These are universal binary classifiers able to find out linear or non-linear
threshold functions to separate the examples of a certain category from the rest
and they are based on the Structural Minimization Risk principle from compu-
tational learning theory [21]. We adopt this approach with a linear threshold
function since the most of TC problems are linearly separable [10].

3.4 Evaluation of the Performance

Two measures of effectiveness commonly used in IR have been widely adopted
[19]: precision and recall. Given the trade off existing between them [19], it is
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adequate to combine them. One adequate combination is F1 which gives the
same relevance to both and it is defined as F1 = 1

0.5 1
P r +0.5 1

Re

.
To compute the global performance over all the categories there exist two

different approaches: macroaveraging (averaging the precision, recall and F1) or
microaveraging (averaging in proportion to the number of documents in each
category). If we use both on a collection with an unbalanced distribution of
documents into categories (like Reuters) then we could have two different views
of the performance of the methods: the microaverage will reflect the behavior
of the system on the document level, while the macroaverage will focus on the
behavior on the individual categories, giving the same importance to the big and
the small ones. The study of the variation of these two averages on the different
systems and filtering measures can give us a deeper insight into the way they
really act and into the dependence of their performances on the sizes of the
categories. For this reason, we will use both and compare them.

4 Experiments

This section describes the corpus and shows the experiments over this corpus.

4.1 The Corpus

As in [8] and [12] we take the Reuters-21578 corpus. It contains short news related
to economy published by Reuters during the year 1987 (it is publicly available at
[6]). These stories are unbalanced distributed on 135 different prefixed categories.
Each document is allowed to belong to one or more of these categories. We have
chosen the split into train and test documents which was made by Apté (cf. [2]).
After eliminating the documents with no body or no topics we have finally
obtained 7063 train and 2742 test documents assigned to 90 different categories.

4.2 The Results

We have applied two different classification algorithms (ARNI and SVM) when
local reduction feature according to the measures described is previously applied.
A sweeping of filtering levels (fl) was made ranging from 20% to 98% (this level
indicates the percentage of words of the vocabulary that are removed from the
representation of the documents).

Since Reuters collection is unbalanced (there are categories with 1, 000 doc-
uments while others have only 2 documents) the behavior of microaveraged and
macroaveraged F1’s can differ since macroaveraged F1 gives the same weight to
F1 for each category while microaveraged F1 assigns a weight to F1 for each cate-
gory proportional to the size of the category. Hence, let us study both measures.

Table 1 shows the macroaveraged F1 for all filtering levels and feature re-
duction measures. These results show the improvement of F1 when local feature
reduction is performed for both classifiers, and all measures and filtering levels.
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In addition, when microaveraged F1 is studied (see table 2), it is easy to see
that local feature reduction also improves the performance of both classifiers for
all measures (except for Dir) and for most filtering levels.

ARNI
fl(%) Lir Dir ILir IG tf

0% Local 78.08% 78.08% 78.08% 78.08% 78.08%
20% 79.04% 78.03% 79.69% 79.15% 78.99%
40% 82.16% 80.74% 78.65% 79.85% 78.93%
60% 85.29% 81.21% 80.46% 79.06% 78.13%
80% 86.37% 85.28% 80.02% 80.69% 78.67%
85% 83.79% 79.87% 77.69% 77.62% 80.06%
90% 84.24% 78.57% 82.01% 80.31% 79.62%
95% 81.89% 68.60% 82.65% 82.97% 83.05%
98% 77.94% 67.23% 84.92% 83.55% 79.50%

SVM
fl(%) Lir Dir ILir IG tf

0% Local 50.66% 50.66% 50.66% 50.66% 50.66%
20% 59.57% 57.74% 59.18% 58.58% 60.19%
40% 60.44% 56.55% 59.44% 58.56% 58.61%
60% 60.58% 55.15% 59.62% 59.97% 57.79%
80% 63.69% 57.28% 62.11% 61.75% 61.39%
85% 63.35% 56.83% 64.15% 63.40% 62.20%
90% 64.85% 58.16% 63.82% 64.68% 60.95%
95% 62.99% 58.51% 65.98% 65.34% 57.84%
98% 63.60% 58.39% 66.28% 64.30% 58.60%

Table 1. Macroaverage of F1 for ARNI and SVM

However, the behavior of the systems varies with regard to the microaveraged
and macroaveraged F1’s. In fact, if we select the best method according to mi-
croaverage we conclude that SVM is better than ARNI. However, if macroaverage
is considered ARNI is clearly better. Something similar happens to the different
measures. While the results of the microaverage suggest that IG should be used,
with macroaverage Lir seems to be a better choice (at least with ARNI).

These differences can be caused, as we exposed in section 3.4, by the different
importance given by macroaverage and microaverage to the behavior of the
systems on the individual categories. In Reuters, just two of the 89 categories
(earn and acq) accumulate a half of the positive test examples. A system or
measure which performs well on this two categories but not so well on the rest
might have a bigger microaveraged F1 than other that performs well on the other
87 categories but no so well on the big ones. Looking at the results obtained make
us think that this might be happening here: SVM seems to perform better in
presence of a large number of positive examples. With ARNI it seems to happen
the other way round: it performs better than SVM on small categories but worse
on the big ones. The same happens to the new introduced measures: they seem
to work better than IG for small categories.

Then, we can raise an interesting conclusion. When dealing with unbalanced
distributions of documents, a combination of systems and measures might im-
prove the overall performance, and the size of the categories might be the key
to take into account for the election of this combination.

747A Comparison of the Performance of SVM and ARNI        



ARNI
fl(%) Lir Dir ILir IG tf

0% Local 81.02% 81.02% 81.02% 81.02% 81.02%
20% 81.15% 78.82% 81.82% 82.32% 81.08%
40% 81.61% 78.37% 81.88% 82.47% 81.05%
60% 81.38% 78.92% 81.28% 81.91% 80.60%
80% 81.43% 78.84% 81.52% 81.63% 80.56%
85% 81.39% 78.97% 80.86% 82.18% 81.35%
90% 81.35% 78.73% 81.12% 81.77% 81.99%
95% 81.04% 77.32% 80.67% 82.01% 81.77%
98% 81.56% 78.30% 81.47% 82.21% 81.64%

SVM
fl(%) Lir Dir ILir IG tf

0% Local 84.87% 84.87% 84.87% 84.87% 84.87%
20% 85.03% 81.54% 84.92% 84.78% 84.86%
40% 85.16% 80.49% 84.99% 84.96% 84.76%
60% 85.26% 79.79% 84.67% 85.02% 84.76%
80% 85.21% 79.99% 85.07% 85.42% 85.00%
85% 85.05% 80.25% 84.89% 85.53% 85.03%
90% 84.81% 80.26% 84.53% 85.48% 85.28%
95% 84.47% 79.26% 84.35% 85.40% 84.74%
98% 83.43% 80.37% 83.69% 84.76% 83.38%

Table 2. Microaverage of F1 for ARNI and SVM

5 Conclusions and Future Work

We have introduced some new measures for feature reduction based on concepts
from ML. We have compared the performance of these measures and some clas-
sical ones (IG and tf) with SVM and ARNI on an unbalanced collection of
documents which has been extensively used on the research of TC (Reuters).

The results of the different measures and of the systems vary when the
macroaverage or the microaverage of the F1’s is considered. ARNI and the new
measures obtain the best results with macroaverage and SVM and IG with mi-
croaverage. This suggests that there is a difference on the performance of the
measures and the systems on big and small categories. Thus, we argue that the
optimal results on TC when the collection of documents has an unbalanced dis-
tribution into categories might not be obtained with a single system and a single
filtering measure. The size of the categories might have to be taken into account
to choose and adequate system and filtering measure.

Then, it would be interesting to study further the influence of the size of
the categories on the performance of the TC task with different algorithms and
methods for feature reduction. When this is settled down it would be of great
interest to develop a method capable of selecting a priori the best system and
measure for each category depending on its size (and, possibly, on other factors).
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Abstract. The presence of interferences is an usual problem when some-
body is working with antennas. In order to alleviate their e�ects, it
is common to lessen the received energy in the direction of arrival of
this unwanted signal. But depending on the antenna con�guration, the
process of calculating the excitation values which allow to do this, can
be extremely complex if analytical or optimization numerical methods
are used. The required process time makes impossible to adopt real-
time corrective actions. This article proposes the use of Arti�cial Neural
Networks to avoid these interferences, allowing to take the corrective
measures at the same moment as they are detected.

1 Introduction

The design of antennas placed on communication satellites is a very active in-
vestigation area. Plannar arrays are the most common type of antennas placed
on satellites.

Plannar arrays are formed by a set of active elements placed in a two-
dimensional lattice. Each one of these elements is individually con�gurated with
an intensity value. In this way, if one of these antennas is put on a satellite,
changing the intensity values can modify the power pattern. This intensity re-
con�guration makes possible the control of the coverage zone in the Earth's
surface.

The existence of interferences is one of the problems that can appear when
people works with antennas in general, and with plannar arrays in particular.
These interferences can take place by natural ways or deliberately with the aim
of a fraudulent use or to degrade the quality of the service.

When the origin of these interferences is detected in a speci�c point, the
solution consists in isolating that point by introducing a quasi-null position in
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the power pattern. Figure 1 shows how the received energy can be reduced near
the position where a given interference signal comes from.

Fig. 1. Power pattern with and without a quasi-null position. The �rst kind of pattern
can be used when there is not any interference focus. When there are some interferences
they can be reduced locating a quasi-null position in the power diagram.

Nevertheless, the change of the power pattern involves the change of all
the intensity values of all the active elements on the array, so it is required to
calculate the feeding parameters of the whole array again.

A rough solution is the use of a database containing the feeding con�gura-
tions of the elements for a certain number of cases in which a quasi-null were
positioned, at prede�ned angular coordinates. The disadvantage of this approach
is that not all the possible angular positions can be stored.

An alternative solution to the use of databases with prede�ned coordinates
consists in the use of simulated annealing techniques. For instance, taking a
speci�ed array similar to the used in this work, this technique requires approxi-
mately 3 or 4 hours using a Athlon 1800XP processor [1]. However, it is not a
viable response time because it should be desirable to eliminate the interference
e�ects at the same time that they are detected.

In accordance with the commented characteristics, this kind of problem is
adapted for the use of Arti�cial Neural Netwoks (ANNs). ANNs can generate
the parameters of the active elements of the antenna from the set of patterns
input-output previously shown.

ANNs have been used in several applications in the �eld of the electromag-
netism [2]. In particular, plannar array applications is an often-studid area. For
instance, ANNs were used to perform aspects of digital beamforming with im-
perfectly manufactured, degraded or failed antenna components. As a result, an-
tenna manufacturing and maintenance cost will decrease while increasing mission
uptime and performance between repair actions [3]. Another application example
is reported in a work of Rahnamai et al. [4] related to a spacecraft tracking
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problem. ANN outputs are used as part of a hypothesis testing procedure to dis-
tinguish between the presence or absence of the beacon signal. Other examples
of the use of ANNS in this �eld are described in the works related by Zooghby
et al. [5,6].

2 The Method

In this case, it is possible to produce a set of examples from which ANN can learn
the relations between the coordinates desired to establish the attenuation zone
and the parameters of the active elements. When the training process �nishes,
ANN will be able to generate in a reasonable time (about a few milliseconds)
the parameters of the active elements. So, when an interference is detected, it
will be possible to modify the power pattern almost instantaneously and avoid
its undesired e�ects.

2.1 Building the Data Set

The plannar array used in this article is composed of 52 active and 12 inactive
elements. The inactive elements have been removed from the array in order to
improve the perfomance of the antenna. However, these inactive elements can
be used when one of the active elements crash.

Figure 2 shows its spatial con�guration, from which it can be seen the inactive
elements placed on the vertices of the square. Each one of these 52 elements is
composed by a subarray of 8 individual ones. So, the total number of single
elements is 416. The process time needed by the simulated annealing makes it
unacceptable for this kind of problem.

Fig. 2. The plannar array spatial con�guration. Grey squares represents the active
elements.

Thus, a possibility is the use of an ANN. What is its goal? The developed
ANN will determine the activation parameters of each one of the subarrays
(group of 8 single elements). These new activation parameters will originate a

752 Marcos Gestal  et al.



quasi-null position on the power pattern over the input coordinates in a desired
angular position.

Then, �rst of all, it has been generated a training and validation set. The
input of each one of the patterns is the coordinate (u,v) of the quasi-null position,
and the ouputs are the new activation values for the active elements.

For this approach, 225 cases have been generated; 200 for training, and the
remainder for validation processes of the ANN.

The training and validation cases have the following format:

1. The angular position is used to locate the quasi-null position. The values are
of 0 � � � 8:7o and 0 � � � 360o the transformation applied is given in (1)
and (2).

u = sin � cos� (1)

v = sin � sin� (2)

As result, (u,v) values varying between -0.2 and 0.2 (taking a grid of 15x15
samples) have been generated. It gives the number of 225 cases shown above.
These values will be the ones used as ANN inputs.

2. The output represents the activation values of each element using amplitude
and phase values.

Another option used to code the problem was the use of a set of ideal power
patterns with 11x11 points where the shadow zone, the quasi-null position, is
already located. So, it is introduced as input the power pattern what we want to
achieve from the values generated for the ANN. The ANN uses these patterns
as inputs, so there are 121 inputs in the ANN.

The power pattern generated from the ANNs outputs will be correct only if
the next two items are true:

1. The ripple (di�erence between the highest an the lowest value on the coverage
zone) is lower than �1:5dB.

2. The power at the quasi-null position is not higher than �10dB.

3 Experimentation

The �rst approximation consists on training an ANN from those coordinates
(u,v). The outputs given by the ANN correspond to the amplitude and phase
values of the activation intensity of each segment of the antenna. These values
are represented in Fig. 3. Due to the existence of 52 di�erent segments, the
output of the ANN will have 104 processing elements (PE).

Di�erent trials were made with two network models: radial basis networks [7]
and feed-forward networks [8]. Besides, di�erent architectures with 0, 1, 2 and
3 hidden layers were tried. The number of PEs on each one has been moved
between 10 and 100, and di�erent transfer functions were used: lineal, tangent
sigmoid and logarithmic sigmoid.
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Fig. 3. Amplitude and phases values. If the 52 values in a row are taken, an output
case for amplitudes or phases is obtained. In each graph there are 225 columns, one for
each output pattern.

The architecture that achieved the best results in all of these trials was a
feed-forward network with 2 hidden layers, 20 and 50 PEs respectively and with
a tangent sigmoid function as a transfer function.

During the training process, two di�erent types of errors were used: mean
square error (MSE) and mean error in percentage (ME) on the output values,
calculated following (3). The values oMax and oMin correspond to the maximum
and minimum values of the considered outputs of the patterns.

100
p
ECM

(oMax� oMin)
(3)

Taking as outputs the amplitude values and the excitation values of each one
of the 52 elements of the antenna, the resulting error for the training data was
a MSE of 6.25. For this value, the ME was 5%. For the validation set the MSE
obtained was 31.19 (ME 11.17%).

It was not able to get the conditions imposed on the especi�cation with
none of these error values. The main problem of this approximation is the high
training time required, which is about 48 hours in a AMD 1800XP processor.

To reduce this time the data set was split into two parts. The inputs of the
training set are again the coordinates (u,v) of the quasi-null position, but now
the outputs of one of the sets will only have the phase values and the other set
will have the amplitude values.

This approximation reduces considerably the training time of each ANN.
Moreover, it allows the simultaneous training of the two networks.

With the ANN that returns the antenna amplitudes the MSE was of 4.55
(ME 4.27%) in the training set and 49.63 (ME 14.09%) in the validation set.
With the ANN that returns the phases, the MSE was of 0.67 (ME 13.07%) and
4.98 (ME 35.53%) respectivelly. These EM values still do not get the speci�cation
criteria.
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The fact that two MSE values close to each other do not correspond to values
close to ME is because to the amplitude takes values in the range between 0 and
50, and the phase takes values between 0 and 2�.

With these results, power patterns similar to the desired ones can be ob-
tained, but they introduce an excessive ripple in the proximity of the attenuation
area. The existence of this ripple does not allow the e�ective elimination of the
interferences.

As the highest error is made in the phase prediction, this has been the point
in which it was worked the hardest when trying to reduce the prediction errors.

As the input data do not show a regular change pattern - the changes between
examples of near positions are too sharp to allow the generalization of mean
values - it was looked for an alternative representation of those values. Instead
of training the ANN to return amplitudes and phases, the training was done in
order to obtain the real and imaginary parts of the activation intensities (see
equations (4) and (5)). Figure 4 shows how in this case both the graphs of real
and imaginary parts follow a more homogeneous variation pattern between those
close values than in Fig. 3.

Real = Amplitude � cos(Phase) (4)

Imaginary = Amplitude � sin(Phase) (5)

Using this new problem codi�cation, during the training the MSE obtained
was of 0.008 (ME 1.28%) for the real part, and a MSE of 0.02 (EM of 2.29%)
for the imaginary part. With the validation patterns the MSE was of 0.072 (ME
3.81%) for the real part and a MSE of 0.05 (ME 3.66%). In this case, the power
patterns generated from the outputs returned by the ANN have veri�ed the
ripple conditions and the quasi-null level.

Fig. 4. Real and imaginary values

As it has been previously stated, there is an alternative solution to the input
codi�cation, using the same real and imaginary values as outputs. Instead of
using the coordinates (u,v) that point to the quasi-null, it was use the ideal
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power pattern that we would like to establish from the outputs given by the
ANN.

Using this approximation the best results were obtained using two hidden
layers with 100 and 80 PEs respectivelly. In this case, in the training set the MSE
was of 0.006 (ME 1.13%) and 0.007 (ME 1.36%) for the real and imaginary parts
of the intensities. In the validation set it was obtained a MSE of 0.07 (ME 3.75%)
and 0.08 (ME 4.70%). With these error values the ripple is very low. Figure 5
shows that there are very few di�erences between the desired outputs and the
ones returned by the ANN. It can be also seen that the speci�ed conditions are
achieved.

Fig. 5. Left: desired power pattern, taken with the quasi-null position at u = 0:08
and v = 0:08 and depressed �10:84dB below of the coverage zone. It has a ripple of
�0:91dB. Right: power pattern obtained using the ANN output values. The quasi-null
position was depressed �10:17dB and the ripple level was �1:15dB.

Table 1 shows the mean errors in percentages.

Table 1. Errors in the training and validation phases

Training Validation

(u,v) { 104 Outputs (Amp. + Phase) 5% 11%

(u,v) { 52 Outputs (Amp. j Phase) 4.27% 13.07% 14.09% 35.53%

(u,v) { 52 Outputs (Real j Imag.) 1.55% 2.29% 3.81% 3.66%

Power Pattern { 52 Outputs (Real j Imag.) 1.13% 1.36% 3.75% 4.70%
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4 Conclusions

With this work it has been shown an e�ective and fast method for the elimination
of the interferences on antennas. This method avoids the use of databases with
power patterns asociated to pre-de�ned positions in which to establish a null.

Moreover, this method gives the outputs instantly, which allows the elimina-
tion of an interference at the moment it is detected.
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Abstract. This study explores the use of the feedback-linearization (FBL) 
paradigm using artificial neural networks (ANNs) to consider a force-control 
problem involving a complex electromechanical system, represented here by the 
machining process. The main goal is to control a single output variable, cutting 
force, by changing a single input variable, feed rate. Performance is assessed in 
terms of several performance measurements. The results demonstrate that the 
FBL strategy with ANNs provides good disturbance rejection for the cases 
analysed. 

1 Introduction 

During the last few decades, the principle of feedback linearization (FBL) has drawn 
much attention as a means of taking into account possible model inaccuracies in 
control systems [I]. The basic idea of FBL is to find a static-feedback control law 
such that the closed-loop system has linear input-output behaviour. Exact FBL 
involves the transformation of a nonlinear system into a linear one using a first-order 
differential equation that is usually quite difficult. However, the limitation of needing 
to have exact knowledge of the process's nonlinearities and the difficulties involved in 
performing nonlinear transformations have motivated the use of the FBL technique 
with artificial neural networks (ANNs) [2]. 

FBL with ANNs in control systems is still an active research area. Important 
contributions have been reported on incorporating a robustifymg control term to 
ensure bounded control actions [3]. Moreover, a technique for designing a 
neurocontroller using feedback linearization is proposed in [4]. However, the process 
is not as easy as the authors claim when the model and its parameters are unknown or 
partially known and the transformation is difficult to carry out. Additionally, the 
utilization of feedforwas-d networks within a direct model reference adaptive-control 
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scheme using a novel internal model-control strategy is suggested in [5]. The most 
recent approach focuses on a generalized FBL [6]. Nevertheless, fbture research must 
incorporate the rejection of non-measurable disturbances and the automatic selection 
of parameters to achieve closed-loop stability. 

One way to deal with complex electromechanical systems while preserving the 
benefits of linear-control techniques is to identify and cancel the nonlinearities using 
FBL [7]. In this paper a complex electromechanical process, the machining process, is 
used as the test bed to apply an FBL with ANNs [8]. The electrical portion of the 
system includes DC and AC rotational motors, amplifiers, sensors and other 
components. The mechanical portion includes the rigid structure and the body with its 
different shafts, gears and reducer. The main goal is to implement machining-process 
optimisation through controlling a single output variable, the cutting force, by 
changing a single input variable, the feed rate. A fixed neurocontroller designed on the 
basis of FBL technique is then used to control the linearized plant. The effectiveness 
of the FBL scheme is demonstrated through simulations and several performance 
criteria based on the given simulation results. 

This paper is organized as follows: Section 2 introduces the machining-process 
models used in the simulations; Section 3 discusses ANN background; Section 4 
addresses the design of a fixed neurocontroller using the FBL technique. Section 5 
presents the simulation results. The final section draws a number of conclusions. 

2 The Machining Process 

The characteristics of the machining process as a complex electromechanical process 
severely limit the use of classic mathematical tools for modelling and control. The 
dynamics of the milling process (cutting-force response to changes in feed rate) can be 
approximately modelled using at least a second-order differential equation. 

The following linear model is suggested in [9]: 

Another model obtained using second-order differential equations [lo] is 

The structure of a first-order cutting-force process including cutting speeds and 
non-linear depth-of-cut effects is proposed [l 11 thus: 

G,  = {G,, (z), G,, ( z  1, G, (2)) represents the machining process from the classical 
viewpoint. Equations (1)-(3) are only valid over a narrow range; hence they cannot 
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trespass certain limits in representing the process' complexity and uncertainty. 
However, they do provide a rough characterisation of the dynamic behaviow of the 
machining process and are used in Section 5 for simulations. 

3 Neural Network Background 

Consider a nonlinear system with uk E R inputs and y E R ( m 2 p ) outputs. Let 
us assume that the system can be exactly modelled by the following one-hidden-layer 
feedfonvard network. 

where x, E R is given by 

with n=(ny+l).p+nu.m, W, E R P X K , w X ~  RKXn, Wu E R", b , ~  RlX1 and 

b, E R pxl , where b, is the bias vector in the hidden layer, b, is the bias vector in 

the output layer, W,, Wu are input weight matrices and tanh represents the tangent 
hyperbolic function. 

For the sake of simplicity, let consider the single-input single-output (SISO) 
nonlinear system ( yk E R1). The identification can be viewed as the determination of 

the mapping ftom the set z N  = [u y]T to the set of possible weights (parameters) 6 so 

that the network can produce a prediction jk+l as close as possible to the actual output 

Yk+l 

Using a prediction-error identification method [12], the weights are calculated as 

9 = a r p i n ( ~ ( 8 ,  z")). (7) 

A version of the Levenberg-Marquardt method was selected as the training 
algorithm [13]. 

The first step in using feedback linearization is to identifl the system to be 
controlled. From the two general modelling structures [14], we can select the series- 
parallel model shown in (8) that expresses the approximation of the nonlinear process 
by the fimction g(.) in terms of the past inputs and the past outputs of the system being 
modelled, the nonlinear autoregressive-moving average (NARMA) model: 
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Using (4) to form the series-parallel model of (8), the model can be rewritten as (9) 
and (10). 

In order to apply the input-output feedback-linearization explained in Section 3 
below, affine models (i.e., models where inputs must appear linearly in the state-space 
description of the model) are necessary. The neural model given by (10) is not affme 
since the inputs do not appear linearly in the output. Considering an approximation of 
the NARMA model (8) called the NARMA-L2 model in companion form, 

Equation (1 1) is an affme counterpart for (10) in compact form. Now, the main 
issue is to train two neural networks fn (.), gn (.) with the same inputs to obtain an 
affme model of the dynamic system. The Levenberg-Marquardt training method can 
be used to determine the weights in fn (.), gn (.) . The derivative of the prediction with 

regards to the weights y(klB)= ai(klBgB is the key component in the 

implementation of the training method as well as the Hessian a?'(kl@KQ2 

Once again let us assume a single hidden MLP with tangent hyperbolic units in the 
hidden layer and a single-output linear neuron. The derivative of the overall model 
output (1 1) with respect to the weights consists of the derivatives of each network 

4 Feedback Linearization with Artificial Neural Networks 

First an ANN is trained to learn the dynamics of the process and is therefore given 
known input and output data sets. Training with real-time data uses data obtained from 
actual machining operations. According to (8) the dynamic equation can be described 
in reduced notation by 
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where g is an unknown function to be identified, F is the cutting force exerted 
during the removal of metal chips and v is the relative feed speed between tool and 
worktable. Cast in vector form, v and F are the input and output defined as 
F = [ ~ ( k  - 1) . . - F(k - n)] and v = [v(k - 1), . . . , v(k - m)] , k is the discrete time 

instant and n, mc Z A successll identification scheme should insure F(k) values as 
close as possible to those of F(k) (actual output). 

The training algorithm was developed using MATLAB and real-time data fiom 
actual machining operations. The topology was initially chosen as follows: one input 
v and one output k , a linear activation function at the output and one hidden layer 
using the hyperbolic tangent for the activation function. The type of model was 
selected using a priori knowledge of the milling process and the types of models 
considered in previous work. An ANN with six neurons in the input, six neurons in 
the hidden layer and one neuron in the output layer was selected. The dynamic 
equation can be described in reduced notation by 

The use of feedback linearization using newal networks can be explained with an 
example of a single-input single-output dynamic system. Assume that it is known that 
the discrete model of the plant is a second-order model. In order to apply exact input- 
output feedback-linearization theory, affine models are necessary (i.e., models where 
v appears linearly in the description of the model): 

After obtaining fn (.), gn (.) on the basis of the methodology described in Section 3 
above, a feedback linearizing controller is yielded by computing the control action 

Selecting Fr as appropriate linear combinations of past outputs plus a reference 
signal enables the closed-loop poles to be assigned. The inputfoutput behaviour will 
be equal to the following second-order linear system 

The result of model (15) for predicting cutting force in real time is shown in Figure 
2. Several performance indices were used to evaluate the model. The prediction error 
(NSSE) was 0.37, the final prediction error (FPE) was 0.39 and the estimate of noise 
variance (ENV) was 0.77. 



Feedback Linearization Using Neural Networks 763 

,an,,,*- 

Fig. 2. Comparison between plant and model outputs 

5 Simulations and Results 

In the sequel, simulations were run based on linearized plant models (1)-(3) 
representing approximate process models and using the control scheme depicted in 
Figure 3. 

d 
7 

Fig. 3. Feedback linearization control diagram 

In order to analyse the disturbance-rejection capabilities of the control system, 
additive noise plus the influence of unmodelled dynamics were considered in order to 
estimate the dynamics that can be expected in real-time applications. The following 
additive noise is assumed to corrupt the output: 

d(t) = 0.1. (sin 8t + sin 12t + sin 23.66t + sin 35.49t) . (18) 

Now, the more realistic model of the process, including unmodelled multiplicative 
dynamics plus (2 I), is represented by 

where G* (2 )  is an ideal process model represented by (1)-(3). 
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Figure 4 shows the simulation results with and without the influence of unmodelled 
dynamics and disturbances. In order to evaluate the simulation results, various 
performance indices were calculated such as integral absolute error (IAE), integral 
square error (ISE) and integral of time-weighted absolute error (ITAE). The overshoot, 
M,, was also computed. 

I",= c 

Fig. 4. Closed-loop response using FBL (a) without noise, (b) with noise. 

Table 1. Control Strategy Comparison. 

Model ISE IAE ITAE M,,, 

Conclusions 

This paper presents some preliminary results of a control strategy based on the 
feedback-linearization paradigm, which is a u se l l  synergy of a dynamic ANN trained 
fiom real-life data and a traditional FBL scheme without the need for stable 
invertibility. The results shown here are still preliminary because only linear-process 
models have been considered for simulation. Nevertheless, the simulation tests show 
that FBL with ANNs performs quite well on the basis of ISE, IAE and ITAE 
performance measurements. Moreover, this control strategy is capable of stabilizing 
the plant in the presence of disturbances. 
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In this paper the ANN was trained off-line using actual data, but in hture on-line 
training as well as the real-time application of the FBL will be implemented in order 
to enable adaptation and check actual plant behaviour. 
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Abstract. Previous work has recently shown that adequate and compact codi-
fications of the lexicons involved in text-to-text MT tasks can be automati-
cally created. The method extracted these representations from perceptrons
with output contexts. They were later tested on a simple neural translator
called RECONTRA. However, the size of the codifications was determined
by hand using try-and-error mechanisms. This paper presents a method for
automatically obtain such sizes by pruning the units of the hidden-layer of the
perceptron encoder.

1   Introduction

Text-to-text limited-domain Machine Translation (MT) task has been recently
approached using a simple neural translator called RECONTRA (REcurrent
CONnectionist TRAnslator) [2] [4]. In this approach the vocabularies involved in
the translations can be represented according to (simple and clear) local codifica-
tions. However, in order to carry out translations which involve large vocabularies
through RECONTRA models with a non-excessive number of connections to be
trained, distributed representations of both source and target vocabularies are re-
quired. A method to automatically create adequate and compact distributed codifi-
cations for the vocabularies in the RECONTRA translator was recently presented in
[3]. The mechanism approached the problem through a Multilayer Perceptron (MP)
in which output delays were included in order to take into account the context of the
words to be encoded. However, the size of the distributed codifications was estab-
lished by a human expert. This paper presents a method of automatically select the
size of those codifications.

The rest of the paper is organized as follows: Section 2 describes the
connectionist architectures employed to infer the lexicons representations and to
translate the languages. The procedures used to train the architectures and the
method used to extract the translations are also described. Section 3 presents the
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task to be approached in the experimentation and Section 4 reports the translation
performances obtained. Finally, Section 5 discusses the conclusions of the experi-
mental process.

2  The RECONTRA translator and the codification generator

2.1   Network architectures

The basic neural topology of the RECONTRA translator is a simple Elman network
[7]. Time delays are included in the input layer of this network, in order to reinforce
the information about past and future events. Figure 1 illustrates this connectionist
architecture.

Fig. 1. Elman simple recurrent network with delayed inputs.

In order to automatically obtain the lexicons representations for the RECONTRA
translator, several neural techniques can be employed. It could be convenient to
obtain representations with similar codifications for words which have similar sin-
tactic and/or semantic contexts. Taking this into account there are several possible
methods using artificial neural networks, as Elman networks [6], RAAM (Recursive
AutoAssociative Memory) machines [5] [10] or FGREP (Forming Global Repre-
sentations with Extended backPropagation) [8].

The method adopted in this paper to encode the vocabularies uses a MP trained to
produce the same oputput as its input (a word of the vocabulary to be encoded). The
MP has as many input and output units as the number of words, since we use a local
codification of the vocabulary. When the MP is trained enough, the activations of
the hidden units have developed its own representations of the input/output codifi-
cations and can be considered the codifications of the words in the vocabulary. Con-
sequently the size of the (unique) hidden layer of the MP determines the size of the
distributed codifications obtained. In addition, a pruning method can be applied to
this hidden layer to automatically determinate the size of these codifications.

In order to take into account the context in which the word appears, the corre-
sponding previous and following words in a sentence are also showed at the output
of the MP. Moreover, the importance of the input word over its context could be
made equal, decreased or increased. Previous work on the matter [3] showed that
better translation results were obtained with RECONTRA when the emphasis in the
codification process was equated or put on the input word over its context; that is,
when the input word of the MP encoder is repeated several times at the output win-
dow. Thus, a possible format of an output window of size 8 for an input word x
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could be x-2 x-1 x x x x x+1 x+2, where x-2, x-1 are the two previous words of its
context, and x+1, x+2 are the two following words.

2.2   Training procedure

The MP encoder was trained to produce the same output word (and its context) as
the word presented at the input layer. To this end, an on-line version of the Back-
ward-Error Propagation algorithm [11] was employed. In addition, in order to obtain
a possibly adequate size for the codifications of the vocabularies, a classical pruning
method, called Skeletonization [9], was adopted. The method trained an initial MP
for 10 presentations of the complete learning sample (epochs) and removed the
hidden unit which led to the minor Mean Square Error (MSE) on the training set.
Training continued with the resulting pruned MP. This prunning process was applied
after each 10 epochs, until there were no more hidden units in the MP. Then, the
topology of the pruned MP which had led to the least MSE was selected. The re-
sulting topology of the MP coder was later trained for 3000 more epochs.

In the RECONTRA translator the words of every input sentence were presented
sequentially at the input layer of the net. And the model should provide the succes-
sive words of the corresponding translated sentence, until the end of such output
sentence (identified by a special word) was recognized. The model was trained
through an on-line and truncated version of the BEP algorithm mentioned above
[11]. With regard to the translated message provided by RECONTRA, the net con-
tinuously generated (at each time cycle) output activations. They were interpreted
by assuming that the net supplied the output word for which the codification in the
target lexicon was nearest (using the Euclidean distance) to the corresponding out-
put activations.

For the training of both the MP and the RECONTRA, the choice of the learning
rate and momentum was carried out inside the bidimensional space which they de-
fined, by analyzing the residual MSE of a network trained for 10 epochs. The train-
ing process continued for the learning rate and momentum that led to the lowest
MSE over the learning corpus. And the learning process stopped after a certain
number of epochs (1000 epochs for the non-pruned encoder, 3000 for the pruned
encoder and 500 for the translator). A sigmoid function (0,1) was assumed as the
non-linear function. Context activations of RECONTRA (copied from the hidden
layer) were initialized to 0.5 at the beginning of every input-output pair of sen-
tences.

3 The experimental machine translation task: the Traveller task

The task chosen in this paper to test the method which automatically extracts
codifications for the vocabularies in the RECONTRA translator was a subset of the
Traveller MT task designed in the EuTrans project [1]. The task approaches typical
situations of a Traveller at a hotel's reception in a country whose language he/she
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does not speak. And the subtask includes (Spanish to English) sentences in which
the Traveller notifies his/her departure, asks for the bill, asks and complains about
the bill and asks for his/her luggage to be moved. The subtask had vocabularies of
178 Spanish words and 140 English words. In order to approach first a simpler task
with smaller vocabularies, the grouping of some words and word sequences into
categories was adopted. Specifically, two categories labeled by $DATE and $HOUR
were included, which respectively represented generic dates and hours. This variant,
that we called the categorized task, had 132 different Spanish words and 82 English
words. The length of the non-categorized Spanish sentences ranged from 3 to 20
words, and the length of the English sentences, from 3 to 17. In the categorized task,
the length of the categorized Spanish sentences ranged from 3 to 13 words, and the
length of the English sentences, from 3 to 12. Some examples of both the catego-
rized and non-categorized subtask are shown in Figure 2.

Spanish: ¿ Está incluido el recibo del teléfono en la factura ?
English: Is the phone bill included in the bill ?

Spanish: Me voy a ir el día $DATE a $HOUR de la mañana .
English: I am leaving on $DATE at $HOUR in the morning .

Fig. 2. Two pairs of sentences of the non-categorized and categorized Traveller tasks.

4. Experimental results

First, the categorized task was approached using MP encoders to obtain automatic
codifications for the Spanish and English vocabularies with different hand-
preestablished sizes. Afterwards, the pruning method was applied to the MPs to
reduce the size of the codifications. Pruned encoders were also tried later to tackle
with the non-categorized task.  All the experiments were done using the Stuttgart
Neural Network Simulator [12].

4.1   Training and test corpora

The corpora adopted in the translation tasks were sets of text-to-text pairs which
consisted of a sentence in the source language and the corresponding translation in
the target language. A learning sample of 5000 pairs of sentences and a test set of
1000 sentences were adopted. 3425 of the non-categorized task training pairs and
991 of the test pairs were different. In the categorized task 2687 pairs of the training
sample and 771 pairs of the test set were different.

The corpus adopted in the training of the MP encoders were sets of text-to-text
pairs, for both the categorized and the non-categorized task. Each pair consisted of
an input word and the same input word together with its context (the preceding and
following words in a sentence) as output. All pairs were extracted from sentences
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which appeared in the training corpus employed for the corresponding translation
task. All the repeated pairs extracted from the translation corpus appeared only once
in the training set of the MP. Of course, the number of these pairs was different
depending on the size of the output context used. If the context was zero, there were
as many training pairs as words in the vocabulary, and as the context size increased,
the number of pairs also increased. There were no test corpora for the codification
process; it was indirectly evaluated later in the translation process.

4.2   Features of the networks

Previous experiments with RECONTRA on the Traveller task [Castaño,93]
showed that 50 and 37 units were adequate to (manually) encode the words of the
Spanish and English vocabularies of the categorized task, respectively; and 61 and
51 units for the Spanish and English vocabularies of the non-categorized task. In
order to go further, in the experiments reported in this paper we tried to automati-
cally encode each of the vocabularies of the categorized and non-categorized task
with 25 units. Consequently, the non-pruned MP for coding the Spanish vocabulary
which included categories had 132 inputs and 132 outputs (according to a local
representation of the vocabulary), 25 hidden units and several (4, 6 or 8) output
word delays; a MP with 82 inputs, 82 outputs, 25 hidden neurons and several (4, 6
or 8) output word delays was considered for the English vocabulary. If there was no
right or left context of the input word, empty words were used instead. MPs with
these features were also the initial networks for the pruning process.

For the Traveller task without categories, MPs with the same preestablished size
of the hidden layer (25 units) and the same output context of the above encoders
were used to begin the prunning process. However, in this case a different number
of input/output units (178 and 140 for the Spanish and English vocabularies, respec-
tively) were adopted.

The size of the above encoders determinated the size of the input and output layer
of the RECONTRA translators adopted to approach the categorized and non-
categorized Traveller tasks. In addition, taking previous experiments on the catego-
rized task [4] as a reference, the corresponding translators had 140 hidden neurons
and a window of 6 delayed inputs (with 2 words for the left context and 3 words for
the right context).

As the task without categories was more complex and the sentences were longer,
we increased the size of the input window of the RECONTRA translators adopted
for the task to 8 words (3+1+4). The hidden layer size was increased to 180 units.
Those values were suggested by the results obtained with previous experiments [4].

4.3   Results for the categorized Traveller task

The Traveller task with categories was approached using the MP encoders and the
RECONTRA translators proposed for this task in Section 4.2. In a first experiment,
both the Spanish and the English codifications were automatically obtained through
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the non-pruned MPs (trained for 1000 epochs). Later, they were used to train the
RECONTRA translators. Table 1 shows the test word error translation rates ob-
tained, as well as the results of an experiment with (binary) manual codifications of
the vocabularies.

Table 1. Test word error rates for the categorized Traveller task using manual and automatic
codifications for the vocabularies

MP
| Output window| Output window format Size

Word Error Rate

4 x-1 x x x+1 25 0.36
6 x-1 x x x x x+1 25 0.41
8 x-2 x-1 x x x x x+1 x+2 25 0.46
8 x-1 x x x x x x x+1 25 0.49

Distributed Manual codification 25 0.28

In a second experiment, the Skeletonization algorithm was applied to the MPs
with output window of size 8 and 6 instances of the input word at the output. Two
topologies with 12 and 11 hidden neurons were obtained for the Spanish and English
encoders, respectively. Since the pruned MPs were smaller than the non-pruned
networks, they were trained for 3000 epochs. Word codifications were extracted
after 1000 and 3000 learning epochs and used in the RECONTRA translator. The
test results obtained (which are showed in Table 2) reveal that very good rates were
achieved.

Table 2. Test word error rates for the categorized Traveller task using pruned automatic
codifications for the vocabularies

MP
| Output
window|

Output window format Size Training
epochs

Word Error
Rate

8 x-1 x x x x x x x+1 11/12 1000 5.68
8 x-1 x x x x x x x+1 11/12 3000 0.85

4.4   Results for the non-categorized Traveller task

Taking into account the encouraging results achieved in the previous sections, the
Traveller task without categories was approached using only pruned MP encoders.
The Skeletization algorithm was applied to different MP topologies, with the fea-
tures described in Section 4.2. The resulting pruned MPs (with the number of hidden
units showed in table 3) were trained for 3000 iterations. Then, word codifications
were obtained. The RECONTRA translators proposed for this task in Section 4.2
were later trained and evaluated. Table 3 shows the test word error rates obtained, as
well as the results of an experiment with (binary) manual codifications of the vo-
cabularies. However, the translation results were not as good as they were expected.
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Table 3. Test word error rates for the non-categorized Traveller task using manual and
pruned automatic codifications and RECONTRA models with 180 hidden units

MP
| Output window| Output window format Size

Word Error Rate

4 x-1 x x x+1 11/9 9.38
6 x-1 x x x x x+1 11/11 8.11
8 x-2 x-1 x x x x x+1 x+2 14/13 7.83
8 x-1 x x x x x x x+1 11/9 9.16

Distributed Manual codification 61/52 1.40

Later, the size of the hidden layer of the RECONTRA topology which had led to
the best results in Table 3 (that in which the format of the output window of the MP
was x-2 x-1 x x x x x+1 x+2) was increased up to 220 neurons. Nevertheless, the
word error rates were only slightly decreased, as it can be observed in Table 4. The
trained RECONTRA models were sometimes wrong in the translation of numbers
(involved in days and hours) and months. In order to increase the distance between
these words, two new codifications were considered, in which additional bits were
included to the codifications previously obtained. First, the additional bits were
manually included and the translation results were slightly increased, but the method
stopped being completely automatic. In a second experiment, new MPs were trained
(for 1000 epochs) to encode only the conflicting words, and the codifications ex-
tracted were later added to the codifications obtained before. The results, which are
shown in Table 4, were as good as that obtained adding units manually. These re-
sults show the possibility of using this method for automatically creating represen-
tations for the RECONTRA translator.

Table 4. Test word error rates for the non-categorized task using pruned automatic
codifications (extracted from MPs with output window x-2 x-1 x x x x x+1 x+2), with and

without additional manual or automatically obtained units

MPRECONTRA
|Hidden layer| Size Training Epochs

Word Error
Rate

180 14/13 3000 7.83Automatic
codification 200 14/13 3000 6.07
Adding units

manually
200 14/13 + 7/8 3000 4.53

Adding units
automatically

200 14/13 + 5/5 3000 + 1000 4.38

5   Conclusions and future work

This paper proposes a method for automatically determining the size of the distrib-
uted codifications of the lexicons involved in a text-to-text MT task to be ap-
proached by the RECONTRA connectionist translator. The method extracts such

772 Gustavo A. Casañ and M. Asunción Castaño



codifications of the hidden layer of a MP with output delays and the translation
results achived are quite encouraging. The size of these codifications is determi-
nated by an algorithm which prunes the hidden units of the MP. The translation
results obtained with these automatic codifications can be sometimes improved by
adding units to the codifications in order to increase the distance between similar
words in the vocabulary.

The results showed in this paper reveal that those automatic codifications can still
be improved. The addition of units to distinguish between similar words will con-
tinue being studied. Developing codifications for words and categories, and using
them for categorized sentence translation, seems to be a more promising approach.
On the other hand, more complex text-to-text MT task with larger vocabularies
should be approached.

References

1. J. C. Amengual et al. The Eutrans-I Spoken Language Translation System. Machine
Translation, vol. 15, pp. 75—102, 2000.

2. G. A. Casañ, M. A. Castaño. Distributed Representation of Vocabularies in the
RECONTRA Neural Translator. Procs. of the 6th European Conference on Speech Com-
munication and Technology, vol. 6, pp. 2423—2426. Budapest, 1999.

3. G. A. Casañ, M. A. Castaño. Automatic Word Codification for the RECONTRA
Connectionist Translator. Submitted to the 1st Iberian Pattern recognition and Image
Analysis, 2003.

4. M. A. Castaño, F. Casacuberta. Text-to-Text Machine Translation Using the RECONTRA
Connectionist Model. In “Lecture Notes in Computer Science: Applications of Bio-
Inspired Artificial Neural Networks”, vol. 1607, pp. 683—692, José Mira, Juan Vincente
Sánchez-Andrés (Eds.), Springer-Verlag, 1999.

5. D. J. Chalmers. Syntactic Transformations on Distributed Representations. Connection
Science, vol. 2, pp.53—62, 1990.

6. J. L. Elman. Distributed Representations, Simple Recurrent Networks, and Grammatical
structure. Machine Learning, vol. 7, pp. 195—225, 1991.

7. J. L. Elman. Finding Structure in Time. Cognitive Science, vol. 2, no. 4, pp. 279—311,
1990.

8. R. P. Miikkulainen, M. G. Dyer. Natural Language Processing with Modular Neural
Networks and Distributed Lexicon. Cognitive Science, vol. 15, pp. 393—399, 1991.

9. M. C. Mozer, P. Smolensky. Skeletonization: A Technique for Trimming the Fat from a
Network Via Relevance Assessment. Advances in Neural Information Processing vol. 1,
pp. 177--185, D. S. Touretzky, Ed. Morgan Kaufmann, 1990.

10. J. B.Pollack. Recursive Distributed Representations. Artificial Intelligence, vol. 46, pp.
77—105, 1990.

11. D. E. Rumelhart, G. Hinton, R. Williams. Learning Sequential Structure in Simple Re-
current Networks. In "Parallel distributed processing: Experiments in the microstructure
of cognition", vol. 1. Eds. D.E. Rumelhart, J.L. McClelland and the PDP Research Group,
MIT Press, 1986.

12. A. Zell et al. SNNS: Stuttgart Neural Network Simulator. User manual, Version 4.1.
Technical Report no. 6195, Institute for Parallel and Distributed High Performance Sys-
tems, University of  Stuttgart, 1995.

773Automatic Size Determination of Codifications    



Integrating Ensemble of Intelligent Systems for 
Modeling Stock Indices 

Ajith Abraham1 and Andy AuYeung2 

Department of Computer Science, Oklahoma State University, USA 
ajith.abraham@ieee.org1, wingha@cs.okstate.edu2 

Abstract. The use of intelligent systems for stock market predictions has been 
widely established. In this paper, we investigate how the seemingly chaotic 
behavior of stock markets could be well-represented using   ensemble of intel-
ligent paradigms. To demonstrate the proposed technique, we considered 
Nasdaq-100 index of Nasdaq Stock MarketSM and the S&P CNX NIFTY stock 
index.  The intelligent paradigms considered were an artificial neural network 
trained using Levenberg-Marquardt algorithm, support vector machine, Ta-
kagi-Sugeno neuro-fuzzy model and a difference boosting neural network. The 
different paradigms were combined using two different ensemble approaches 
so as to optimize the performance by reducing the different error measures. 
The first approach is based on a direct error measure and the second method is 
based on an evolutionary algorithm to search the optimal linear combination of 
the different intelligent paradigms. Experimental results reveal that the en-
semble techniques performed better than the individual methods and the direct 
ensemble approach seems to work well for the problem considered.  

1   Introduction 

Prediction of stocks is generally believed to be a very difficult task. The process be-
haves more like a random walk process and time varying. The obvious complexity of 
the problem paves way for the importance of intelligent prediction paradigms. Dur-
ing the last decade, stocks and futures traders have come to rely upon various types 
of intelligent systems to make trading decisions [1][3][4][5]. In this paper, we pro-
pose an approach to combine different intelligent paradigms using ensemble ap-
proaches to model the seemingly chaotic behaviour of two well-known stock indices 
namely Nasdaq-100 index of NasdaqSM [9] and the S&P CNX NIFTY stock index 
[10]. Nasdaq-100 index reflects Nasdaq's largest companies across major industry 
groups, including computer hardware and software, telecommunications, re-
tail/wholesale trade and biotechnology. The Nasdaq-100 index is a modified capitali-
zation-weighted index, which is designed to limit domination of the index by a few 
large stocks while generally retaining the capitalization ranking of companies. Simi-
larly, S&P CNX NIFTY is a well-diversified 50 stock index accounting for 25 sec-
tors of the economy [10]. It is used for a variety of purposes such as benchmarking 
fund portfolios, index based derivatives and index funds. The CNX Indices are com-
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puted using market capitalisation weighted method, wherein the level of the Index 
reflects the total market value of all the stocks in the index relative to a particular 
base period.  

Our research is to investigate the combination of the four different connectionist 
paradigms (using an ensemble approach) [6] for modeling the Nasdaq-100 and 
NIFTY stock market indices so as to optimize the performance indices (different 
error measures, correlation coefficient and so on). The four different techniques 
considered are an artificial neural network trained using the Levenberg-Marquardt 
algorithm, support vector machine, difference boosting neural network [11] and a 
Takagi-Sugeno fuzzy inference system learned using a neural network algorithm 
(neuro-fuzzy model) [4]. We analysed the Nasdaq-100 index value from 11 January 
1995 to 11 January 2002 and the NIFTY index from 01 January 1998 to 03 Decem-
ber 2001. For both the indices, we divided the entire data into almost two equal 
parts. No special rules were used to select the training set other than ensuring a rea-
sonable representation of the parameter space of the problem domain [3]. The 
trained connectionist paradigms were tested and the ensembles were integrated using 
two approaches. In Section 2, we briefly describe the different connectionist para-
digms and the proposed ensemble approaches followed by experimentation setup and 
results in Section 3. Some conclusions are also provided towards the end. 

2. Connectionist Paradigms 

Connectionist models “learn” by adjusting the interconnections between layers. 
When the network is adequately trained, it is able to generalize relevant output for a 
set of input data.  

2.1 Artificial Neural Networks 

The artificial neural network (ANN) methodology enables us to design useful nonlin-
ear systems accepting large numbers of inputs, with the design based solely on in-
stances of input-output relationships. When the performance function has the form of 

a sum of squares, then the Hessian matrix can be approximated to JJH T= ; and the 

gradient can be computed as eJg T= , where J is the Jacobian matrix, which con-

tains first derivatives of the network errors with respect to the weights, and e is a 
vector of network errors. The Jacobian matrix can be computed through a standard 
backpropagation technique that is less complex than computing the Hessian matrix. 
The Levenberg-Marquardt (LM) algorithm uses this approximation to the Hessian 
matrix in the following Newton-like update: 

eJIJJkxkx TT 1][1
−+−=+ µ                                                                       (1) 

When the scalar µ is zero, this is just Newton's method, using the approximate Hes-
sian matrix. When µ is large, this becomes gradient descent with a small step size. 
As Newton's method is more accurate, µ is decreased after each successful step (re-
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duction in performance function) and is increased only when a tentative step would 
increase the performance function. By doing this, the performance function will 
always be reduced in each iteration of the algorithm. 
 
2.2 Support Vector Machines (SVM) 

The SVM approach transforms data into a feature space F that usually has a huge 
dimension. It is interesting to note that SVM generalization depends on the geomet-
rical characteristics of the training data, not on the dimensions of the input space. 
Training a support vector machine (SVM) leads to a quadratic optimization problem 
with bound constraints and one linear equality constraint. Vapnik shows how train-
ing a SVM for the pattern recognition problem leads to the following quadratic op-
timization problem [12] 
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Where l is the number of training examples α is a vector of l variables and each 
component iα corresponds to a training example (xi, yi). The solution of (2) is the 

vector *α for which (2) is minimized and (3) is fulfilled.  

2.3 Neuro-Fuzzy System 

Neuro Fuzzy (NF) computing is a popular framework for solving complex problems 
[2]. If we have knowledge expressed in linguistic rules, we can build a Fuzzy Infer-
ence System (FIS), and if we have data, or can learn from a simulation (training) 
then we can use ANNs. For building a FIS, we have to specify the fuzzy sets, fuzzy 
operators and the knowledge base. Similarly for constructing an ANN for an applica-
tion the user needs to specify the architecture and learning algorithm. An analysis 
reveals that the drawbacks pertaining to these approaches seem complementary and 
therefore it is natural to consider building an integrated system combining the con-
cepts. While the learning capability is an advantage from the viewpoint of FIS, the 
formation of linguistic rule base will be advantage from the viewpoint of ANN. We 
used the Adaptive Neuro Fuzzy Inference System (ANFIS) implementing a Takagi-
Sugeno type FIS [7].  

2.4 Difference Boosting Neural Network (DBNN) 

DBNN is based on the Bayes principle that assumes the clustering of attribute values 
while boosting the attribute differences. Boosting is an iterative process by which the 
network places emphasis on misclassified examples in the training set until it is 
correctly classified [11]. The method considers the error produced by each example 
in the training set in turn and updates the connection weights associated to the prob-
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ability P (UmCk) of each attribute of that example (Um is the attribute value and Ck a 
particular class in k number of different classes in the dataset). In this process, the 
probability density of identical attribute values flattens out and the differences get 
boosted up. Instead of the serial classifiers used in the AdaBoost algorithm, DBNN 
approach uses the same classifier throughout the training process. An error function 
is defined for each of the miss classified examples based on it distance from the 
computed probability of its nearest rival. 

Data
preprocessor

index
values

Neural network

Support vector machine

Neuro-fuzzy system

Probabilistic neural network
Stock analysis

Direct approach
(Ensemble 1)

GA approach
(Ensemble 2)

 

Figure 1. Ensemble approach to combine intelligent paradigms for stock modeling 

2.5 Ensemble of Intelligent Paradigms 

Optimal linear combination of neural networks has been investigated and has found 
to be very useful [6]. The optimal weights were decided based on the ordinary least 
squares regression coefficients in an attempt to minimize the mean squared error.  
The problem becomes more complicated when we have to optimize several other 
error measures. In addition to the Root Mean Squared Error (RMSE) and Correlation 
Coefficient (CC), we attempted to optimize the Maximum Absolute Percentage Error 
(MAP) and Mean Absolute Percentage Error (MAPE)  














×

−
= 100max

,

,,

ipredicted

ipredictediactual

P

PP
MAP , Where Pactual, i is the actual index value 

on day i and Ppredicted, i is the forecast value of the index on that day.  

100
1

1 ,

,,
×













 −
= ∑

=

N

i iactual

ipredictediactual

P

PP

N
MAPE , Where N = total number of days.  

The first step is to carefully construct the different connectional models to achieve 
the best generalization performance. Test data is then passed through these individ-
ual models and the corresponding outputs are recorded. Suppose the daily index 
value predicted by DBNN, SVM, NF and ANN are an, bn, cn and dn respectively and 
the corresponding desired value is xn. Our task is to combine an, bn, cn and dn so as to 
get the best output value that maximizes the CC and minimizes the RMSE, MAP 
and MAPE values. We propose the following two ensemble approaches. 
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Ensemble 1 (E-1): Determine the individual absolute error differences (example, 

nn ax − ) and get the output value corresponding to the lowest absolute difference. 

nnnnnnnn d,c,b ,amin xxxx −−−−                            (4)  

Ensemble 2 (E-2).  Using a Genetic Algorithm (GA) search the optimal values for 
the linear parameters m, n, o and p such that  

m + n + o + p = 1 and nnnnn xp doc nb ma ≈×+×+×+×                    (5) 

so as to minimize RMSE, MAP and MAPE values and maximize the CC.  
  
The fitness function could be modeled as  

CC)-(1  )MAPEMAP(RMSE (Z) Minimize 0.20.1 ×++=               (6) 

3. Experimentation Setup and Results 

We considered 7 year’s month’s stock data for Nasdaq-100 Index and 4 year’s for 
NIFTY index. Our target is to develop efficient forecast models that could predict the 
index value of the following trade day based on the opening, closing and maximum 
values of the same on a given day. For the Nasdaq-100index the data sets were repre-
sented by the ‘opening value’, ‘low value’ and ‘high value’. NIFTY index data sets 
were represented by ‘opening value’, ‘low value’, ‘high value’ and ‘closing value’. 
We used the same training and test data sets to evaluate the different connectionist 
models. More details are reported in the following sections. The assessment of the 
prediction performance of the different connectionist paradigms and the ensemble 
method were done by quantifying the prediction obtained on an independent data set. 

 

Figure 2. GA learning convergence using the ensemble (E-2) approach 

• Training of connectionist paradigms 

We used a feedforward neural network with 4 input nodes and a single hidden layer 
consisting of 26 neurons. We used tanh-sigmoidal activation function for the hidden 
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neurons. The training using LM algorithm was terminated after 50 epochs and it 
took about 4 seconds to train each dataset. For the neuro-fuzzy system, we used 3 
triangular membership functions for each of the input variable and the 27 if-then 
fuzzy rules were learned for the Nasdaq-100 index and 81 if-then fuzzy rules for the 
NIFTY index. Training was terminated after 12 epochs and it took about 3 seconds 
to train each dataset. Both SVM (Gaussian kernel with γ = 3) [8] and DBNN took 
less than one second to learn the two data sets [3].  

• Parameter settings for the genetic algorithm 

Initial population was randomly created with the parameter settings as shown in 
Table 1. Each chromosome was represented using a 128 bits string having 32 bits for 
m, n, o and p. Figure 2 illustrates the GA convergence during the 10 iterations. Ex-
periments were repeated 20 times for each data set and each trail run took about 4 
seconds.  
 

Population size 300 
Iterations 15 
Single point crossover and mutation 0.3 and 0.1 
Selection strategy Probabilistic 

Table 1. Parameter settings of the genetic algorithm 

• Performance and results achieved 

Table 2 summarizes the training and test results achieved for the two stock indices 
using the four connectionist paradigms and the two ensemble approaches. Figures 3 
and 4 depict the test results for the one-day ahead prediction of Nasdaq-100 index 
and NIFTY index respectively.   

 

Figure 3. NIFTY index: performance of the different methods 
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Figure 4. Nasdaq-100 index: performance of the different methods 

Table 2:  Empirical comparison of performance (training and test) 

 SVM NF ANN DBNN E -1 E -2 

Training results (RMSE) 
Nasdaq 0.0261 0.0221 0.0292 0.0292 
NIFTY 0.0173 0.0152 0.0143 0.0174 

 

Test results - Nasdaq 
RMSE 0.0180 0.0183 0.0284 0.0286 0.0121 0.0174 

CC 0.9977 0.9976 0.9955 0.9940 0.9989 0.9979 
MAP 481.50 520.84 481.71 116.98 94.20 436.3 

MAPE 7.170 7.615 9.032 9.429 4.199 7.103 
Test results - NIFTY 

RMSE 0.0149 0.0127 0.0122 0.0225 0.0081 0.0130 
CC 0.9968 0.9967 0.9968 0.9890 0.9988 0.9969 

MAP 72.53 40.37 73.94 37.99 23.62 64.070 
MAPE 4.416 3.320 3.353 5.086 1.453 2.9049 

4. Conclusions 

In this paper, we have demonstrated how the chaotic behavior of stock indices could 
be well represented by ensembles of intelligent paradigms. Empirical results on the 
two data sets using the two ensemble approaches clearly depict the importance of the 
ensemble approach. It is interesting to note that the ensemble approach based on the 
direct error measurement (E-1) performed better than the GA approach. The output 
created by the E-1 approach has the lowest RMSE, MAP, MAPE values and the 
highest correlation coefficient values for Nasdaq and Nifty indices. As depicted in 
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Table 2, E-2 approach could not optimize all the four objectives for the two problems 
considered. 

Our research has clearly shown the importance of using ensemble approach for mod-
eling stock indices. An ensemble helps to indirectly combine the synergistic and 
complementary features of the different learning paradigms without any complex 
hybridization. Since all the considered performance measures could be optimized 
such systems could be helpful in several real world applications. The developed E-1 
ensemble was to predict accurately the index values for the following trade day based 
on the opening, closing and maximum values of the same on a given day.  Our ex-
perimentation results indicate that the most prominent parameters that affect share 
prices are their immediate opening and closing values. The fluctuations in the share 
market are chaotic in the sense that they heavily depend on the values of their imme-
diate forerunning fluctuations. Our study focus on short term, on floor trades, in 
which the risk is higher.  However, the results of our study show that even in the 
seemingly random fluctuations, there is an underlying deterministic feature that is 
directly enciphered in the opening, closing and maximum values of the index of any 
day making predictability possible. 
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Abstract. The article present$ a comparative study on the strategies of scheduling 
unites maintenance/production in the workshops of the type flow shop of permutation. 
Two stra~egies are presented: [he sequential stralegy which resolution is done in two 
stages: initially we schedule the tasks of production then integrate the tasks of 
maintenance, taking the scheduling of the production as a strong constraint. The 
integrated strategy is [he representation of the [asks of maintenance and production. 
The objective is to optimize an objective function which takes into account the criteria 
of maintenance and production at the same time. The Genetic Algorithms (AGs) proved 
their effectiveness in the scheduling of the production. A comparison among different 
heuristics imnpleinented will conclude this work. 

1 Introduction 

Maintenance and production are two functions, which act on the same resources. 
However the scheduling of their respective activities is independent, and does not take 
account this constraint. These two elements having been established separately, their 
integration in the operation of the workshop poses a problem that is often solved by 
negotiation between the respective persons in charge of the two services in a 
sequential way. 
We are thus against a multicriterion problen~, at f ~ s t  to schedule the production under 
the constraints of respect of the deadlines, cost and quality of the products; on the 
second hand, to plan maintenance under the constraints of equipment reliability. This 
ensures the perenniality of the production equipment. The complexity of the problem 
due to uncertainties related in particular to the data and target tnakes us think that an 
approach by exact tnethods is not possible. There for we propose heuristic tnethods 
which nuke it possible to solve even partially this type of problem. 

The article is devoted to the strategies of preventive maintenance and production 
joint scheduling in flow shop where each machine must be maintained periodically 
with intervals of known times. We used the genetic algorithms for their effectiveness 
proven in the scheduling of the production and in addition for the flexibility of 
representation of the individuals which lends itself perfectly to our problem. The aim 
being to optimize an objective function which takes into account the criteria of 

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 782-789, 2003. 
@ Springer-Verlag Berlin Heidelberg 2003 
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maintenance and production into same, the various results obtained for the various 
strategies are presented. Finally we will conclude with developnlent prospects and 
extension for our work. 

2 resolutions strategies 

The interaction between maintenance and production, particularly their joint 
scheduling, is relatively little studied and rather recent in the literature [I, 2, 3, 4, 5, 
61. The nujority of works concerning the ProductionMaintenance relations use 
probabilistic approaches. The aitn is to detenlline the best nlolnent to plan a 
maintenance jobs according to a conlpronlise between the tnaintenance cost and the 
risk of machines unavailability [7, 8,9]. 
Binding together these two functions is natural. Effectively more and more 
maintenance small jobs are integrated in production scheduling. The objective is to 
plan the execution of the other nlaintenance jobs, changing the least possible the 
production plan and respecting the equipnlent tnaintenance periodicity. 
One counts in the literature several strategies of joint scheduling. We will describe 
below the sequential and integrated strategies which aim is to solve conflicts between 
maintenance and production. 

2.1 The sequential strategy 

This strategy consists of two phases: the production scheduling followed by the 
integration of maintenance tasks that takes production as a constraint [lo]. 

2.1.1 Production scheduling We will not explain here the operating mode of AGs; 
however, the reader can refer to Goldberg's work [ll]. We present only the 
parameter setting wllicl~ we cl~ose. 
Individual: The individual is a chain of N natural nunlbers, where each number 
identifies the number of the batch. The chain represents the sequence of execution of 
the batches in the workshop. 
Evaluation of an individual: The fitness or function of adaptation of an individual 
measures its quality. We chose the functionf = l/l+jl (fl the sum of the delays) 
as a function offitrzess the genetic algorithm tries to find a solution which mininlizes 
this value. 
Selection of an irzdividual for the reproduction: The selection allows identifying the 
best individuals and duplicates them proportionally to their values of adaptation. It 
eliminates the weakest. One finds in the literature several operators of selection; we 
used the wheel of lottery, as well as the selection by row, and by tournament. 
Selection of an individual for crossover: After the selection, one has a set of 
individual in a reproduction basin. We used two strategies of selection. 
Crossover: It is the main operator of AG. Two individuals are combined to generate 
one, or two new individuals having the characteristics of the starting individuals. The 
chosen crossover is a k point crossover. 
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Mutation: It consists in permuting two positions chosen randomly in tlie individual. 
One generates for each individual a random number r in the interval [ 0,l 1. If r < mr 
then the individual will be muted (with a nlr rate). This rate controls the number of 
new individuals introduced into tlie population. 
Stopping Criterion: The process of research is repeated until reaching the number of 
generations defined, or when one notices stagnation in the best solution after a certain 
number of iteration. 

The genetic algorithm provides a sclieduling of the production. This step is 
necessary for the following phase which consists in integrating the tasks of 
nlaintenance in these scheduling using two heuristics that we will present in the 
following paragsaph. 

2.1.2 Integration of maintenance task3 
Maintenance cassied out is a systematic preventive maintenance where each task 
depends on the preceding one on the same iliachine (the date of beginning of each 
task of maintenance is dependent on the completion date of that which precedes it). 

We propose initially two heuristics for the integration of the maintenance task? in 
the case of only one machine. These heuristics will be the base of the resolution of 
the general problem of several machines (flow shop with nlaintenance). 

The lieuristics used in tlie case of only one macline are detailed in [12]. We 
consider the naYve and death search heuristics. We use two strategies for the flow 
$hop: the up-down and the down up strategies. 
The strategy Up-Down (UD) 

One inserts all tasks of maintenance on the first nlachine using one of the heuristics 
developed for the problem with one machine. Then one goes to the second machine 
and so on to the last one. This strategy has the advantage that an inserted 
nlaintenance task will not be shifted. 
Tlze strategy Down-Up (DU) 

In this case, one inserts all the task$ of iliaintenance on the last iliachine then on the 
one just before it and so on until reaching the first machine. The difference with the 
preceding strategy is that a task of maintenance which is inserted on a machine can 
be shifted thereafter, owing tlie fact that tlie insertion of a task of nlaintenance on a 
Mj machine is done after the insertion of all the tasks of maintenance on the 
machines Mi (I > J) 

In tlie heuristic UD, the insertion of the tasks of nlaintenance is done 
independently, it is done without taking into consideration of already inserted tasks, 
as opposed to the heuristic UD. 

2.2 Integrated strategy 

This stratem consists on the common representation of maintenance and production 
tasks. 
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2.2.1 Coding of an individual Each individual is coded by a structure wit11 two 
fields: the first field is a sequence S that represents the order of execution of the 
production jobs. The second is a matrix M that represents the sites of insertion of the 
maintenance jobs. The element M [ij] represents the site of insertion of the jth job of 
maintenance of it'' machine in the sequence S. 

Example: 

0 1 4 6  
Matrix M 1 2 5 

0 4 7 8  

2.2.2 Reproduction Operators. A valid individual will be generated from two 
parents. This individual will inherit its information on the production and the 
maintenance of its parents. This leads us to define the following crossover operators: 
1. Tlie crossover on Production only. 
2. Tlie crossover on Maintenance only. 

a- Horizontal crossover with even K points: The principle is as follows: 
- generate K points randomly E [O.. a number of machines]. 
- The sites of the maintenance jobs on the machines, which are in even parts of the 

first parent, are copied in the descendent 1, and the sites of the maintenances jobs that 
are in the remaining parts (odd) of the descendent 1 are copied froill the odd parts of 
the second parent. 

b- Horizontal crossover with K odd points: It is the same principle as tlie 
horizontal~crossover with K even points, except that in this case the odd parts are 
copied from the first parent and the even parts from the second. 

The combination between the crossings of production and those of maintenance 
enables us to define others operators. 

2.2.3 The mutation. The mutation can also be done on the production or 
maintenance. Three operators of mutation are proposed: 
- Production mutation: it is done by generating two positions randomly, then 

changing the sites of the two production jobs which are with these two positions. 
- Maintenance mutation: it consists in shifting randomly towards the left or the right- 

hand side one or more maintenance jobs. 
- Vertical mutation: The principle of this operator is to permute the sites of the 

production jobs, which are in two different parts, by preserving the sites of the 
maintenance jobs that are inside of each part conlpared to the production jobs 
which are in the same part. Its effectiveness increases when the maintenance jobs 
are well placed compared to the production jobs. 
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3 Tests and Results 

In this section, we will present a comparison between the results obtained by applying 
the various iliethods that we presented in the preceding section. We used Taillard 
Benchmarks to test our methods. 

3.1 Resolution by the sequential strategy 

The results obtained by applying the genetic algoritlun on the benchmarks are 
sunlmarized in table 1. 

For the genetic algorithn~, one notices that the number of points of crossover 
increases with the increase in the nuniber of tasks of productions. For the problem 
( 2 0 3  - 2), the best solution is obtained at the iteration 198 out of 200. For the 
problem (50*5-1) it is obtained at iteration 298 out of 300, whicli proves the 
effectiveness of tlie operators of reproduction. 

Table 1. Sequential genetic algorithm. 

The insertion of the tasks of maintenance on the sequences found by the genetic 
algorithm is done according to tlie naive Iieuristics (T *, T ,, or T ,,), tlie Iieuristics 
UD (by tolerating the advance and the delay of the tasks of inaintenance or by 
prohibiting them) or the heuristics DU (by tolerating the advance and the delay of the 
tasks of maintenance or by prohibiting them). 

T A 
Benchmark 

205-1 

20*5-2 

20"LO-1 

20"LO-2 

Main- 
tenance 

5-1 

5-1 

10-1 

10-1 

I I I I I I I I 
200:'20-1 

Naiire heuristic 

T "  

2801 

4160 

5383 

6532 

20-1 

UD heuristic 

T 

3835 

4826 

10894 

13923 

Advance 
Delay 

not 
allou~ed 

2476 

3266 

4311 

5672 

DU heuristic 

662106 

T,, 

2124 

2894 

5109 

5782 

Advance 
Delay 
allowed 

2264 

3173 

5034 

5563 

Advanc 
e Delay 

not 
allowed 
2747 

3365 

5820 

7019 

Advance1 
Delay 

allowrcd 

2632 

3250 

5684 

6056 

1059934 424350 498285 495428 587644 571600 
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We notice that the best solutions are obtained either by the Na'ive heuristics (T ,,,,) 
or by the Ileuristics HB. In tablel, the performance of the heuristic Ndive (T ,,) is 
better. 

Tlie execution of tlie two heuristic UD and DU witli the algorithm wliicli tolerates 
the advance and the delay of tlie tasks of maintenance provides better results that 
their executions witli the algorithm which does not make it possible to advance or to 
delay the tasks of maintenance. This is due to the fact, that a task of maintenance has 
more possible sites in the first algorithm than in the second. 

3.2 integrated strategy 

Tlie results of tlie resolution of tlie problem by tlie integrated genetic algorithm are 
given by the following table: 

Table 2. integrated genetic algorithm. 

One notices that for the Ta2w20 problem, the solution was found with the iteration 
94 sur100, for the Ta100*20 problem, it was found with iteration 999 out of 1000, 
and for the problenls Ta200+-10 Ta200b20 it was found with iteration 197 out of 200. 
That proof effectiveness ofthe operators of reproduction used. 



788 Fatima Benbouzid et al. 

4 Conclusion 

The activities of production and maintenance act on the same resources. These two 
activities cannot, thus, be accotnplisl~ed at the sanie time and on the same system, 
which can lead to forecast many conflicts in the use of the system by one or the other 
of the services related to maintenance or production. As a result, interest to develop a 
joint scheduling of these two activities emerged. 

In this article, we studied the problem of the joint scheduling of the production and 
the preventive maintenance, in a workshop of production of the type Flow Shop of 
permutation. The goal is to optimize a multicriterion objective. This function is a 
compromise between the criteria of optimization of the production and those of 
maintenance. This problem being NP-complete, to solve it, we were interested in 
heuristics of general order such as the genetic algorithms, the NEH heuristic which 
proved their aptitude of resolution for a significant nunlber of problen~s of 
optimization. 

We have chosen to solve this problem using two strategies of scheduling, the 
integrated stratem and the sequential one. Concerning the sequential strategy, we 
proposed two heuristics for the sclieduling of the production, the genetic algorithm 
and the adaptation of tlie NEH algorithm, and three otlier heuristics for tlie insertion 
of the tasks of maintenance. For the resolution by the integrated strategy, we 
developed two heuristics, the algorithn NEH and the genetic algorithms. 

A comparative study among all the implemented methods showed that the 
integrated approacll is the approach which gave the best results. 

Iniprovements for this work can be seen under the following aspects: 
- Improving the optinlization methods by introducing Scaling in the genetic 

algorithms 
- Changing the value of the parameters dynamically. 
- Testing other hybridizations, such as hybridization between the production 

genetic algorithm and the hybrid genetic algorithm or the integrated genetic 
algorithm. 

- Introducing other sclleduling heuristics to confirni the conclusions of this work. 
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Escuela Politécnica, Universidad de Alcalá
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Abstract. This paper deals with the application of Neural Networks
to binary detection based on multiple observations. The problem of de-
tecting a desired signal in Additive-White-Gaussian-Noise is considered,
assuming that the desired signal samples are also gaussian, independent
and identically distributed random variables. The test statistic is then the
squared magnitude of the observation vector and the optimum bound-
ary is a hyper-sphere in the input space. The dependence of the neural
network detector on the Training-Signal-to-Noise-Ratio and the number
of hidden units is studied. Results show that Radial Basis Function Net-
works are less dependent on the Training-Signal-to-Noise-Ratio and the
number of hidden units than Multilayer Perceptrons, and approximate
better the Neyman-Pearson detector.

1 Introduction

This paper deals with the application of Neural Networks (NN) to binary detec-
tion based on multiple observations. The problem of detecting a desired signal in
Additive-White-Gaussian-Noise (AWGN) of zero mean and variance σ2

n is con-
sidered, assuming that the desired signal samples are also gaussian, independent
and identically distributed random variables with zero mean and variance σ2

s .
This signal and interference model is one of the most used in the analysis and
design of many communications and radar systems. The likelihood ratio detec-
tor (LRT) based on the Neyman-Pearson statistical hypothesis test is considered
[1][2], whose performance relies on the knowledge of the interference and desired
signal probability density functions (pdf). In actual situations, when the received
signal characteristics are unknown and differ from those supposed in the model,
the resulting performance of the LRT detector will be worse [3].

Neural Networks (NN) are proposed as a solution. Due to their ability to
learn from their environment, and to improve performance in some sense through
learning, NN can approximate the Bayessian optimum detector [4][5][6].

The objective of this work is the design of neural network based detectors,
capable of approximating the Neyman-Pearson detector performance for white
gaussian signals in white gaussian interference. Multi-layer Perceptrons (MLPs)
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and Radial-Basis-Function Networks (RBFNs) are considered. For analysing the
performance of neural detectors, detection and false alarm probabilities can be
estimated by means of conventional Monte-Carlo simulations. Due to the high
computational cost of this method when simulating low probability events like
false alarms, a modified Monte-Carlo simulation technique, called Importance
Sampling (IS) has been used [7][8][9].

The influence of training parameters, like variance of signal and interference
(σ2

s and σ2
n), and network structure, is analyzed, in order to find the advantages

and limitations of both detection schemes.

2 The optimum detector

Given a set of N observations, z = [z1, z2, ..., zN ]T , which define a point in a
N -dimensional space, the detection system has to decide if they are originated
either from noise only (hypothesis H0) or from both noise and signal (hypothesis
H1).

To specify detector performance, the probability of detection (Pd) and the
probability of false alarm (Pfa) are used. The probability of detection is the
probability of deciding in favor of H1 when it is the true hypothesis. The prob-
ability of false alarm is the probability of deciding in favor of H1 when H0 is
true. When seeking a decision strategy that constraints Pfa to an acceptable
value while maximizing Pd, the test is said to be a Neyman-Pearson Test [1],
also called ”the most powerful test” (MP), since it achieves the largest Pd among
all the test that have the same Pfa.

If the observations under each hypothesis are gaussian, independent, and
identically distributed random variables, the conditional probability density func-
tions f(z/H0) and f(z/H1) are multivariate normal probability density func-
tions. Assuming that under H0, the variables z1, z2, ..., zN have zero mean and
variance σ2

n = 1, while under H1 they have zero mean with variance σ2
n + σ2

s =
1 + σ2

s , the desired Signal-to-Noise Ratio (SNR) is defined in expression (1):

SNR = 10 log10(snr) = 10 log10(
σ2

s

σ2
n

) = 10 log10(σ
2
s) (1)

The likelihood functions f(z/H0) and f(z/H1) are expressed in (2) and (3),
respectively.

f(z/H0) =
1

(2π)N/2
exp(−1

2
zT z) (2)

f(z/H1) =
1

(2π(snr + 1))N/2
exp(− 1

2(snr + 1)
zT z) (3)

The decision rule in the Neyman-Pearson sense is expressed in (4):

f(z|H1)
f(z|H0)

=
1

(snr + 1)N/2
exp

( snr

2(snr + 1)
zT z

) H1

≷
H0

η0 (4)
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where the threshold η0 is determined from the specified value of Pfa. By tak-
ing logarithms on both sides and rearranging terms, (4) can be transformed into
(5) showing that the test statistic is the squared magnitude of the observation
vector z.

zT z
H1

≷
H0

2
snr + 1

snr
ln[η0(snr + 1)N/2] � η (5)

3 Neural network based detectors

In this approach, MLPs and RBFNs are designed for approximating the LRT
detector based on the Neyman-Pearson statistical hypothesis test. The structures
of the detectors are shown in figure 1. Both neural networks are finished with
a hard threshold. If the output of the network is greater than the threshold, T ,
we decide in favour of hypothesis H1. On the other hand, if the output of the
network is lower than T , we decide in favour of hypothesis H0.
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Fig. 1. MLP (left) and RBFN (right) structures

Cybenko’s theorem [10] states that any continuous function f : R
n → R can

be approximated with any degree of precision by sigmoidal functions (expression
(6)). Because of that, MLPs with one hidden layer of neurons with sigmoidal
functions have been considered.

L(x) =
1

1 + exp(−x)
(6)

In Radial-Basis Function Networks, the function associated to the hidden
layer units (radial-basis function) is usually the multivariate normal function.
The i − th unit in the hidden layer is expressed in (7).

Gi(z) =
|Ci|−1

2

(2π)
N
2

exp{−(z − ti)T C−1
i (z − ti)

2
} (7)
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where Ci is the covariance matrix, which controls the smoothness properties
of the function. It can be set to a scalar multiple of the unit matrix, to a diagonal
matrix with different diagonal elements or to a non-diagonal matrix. Equation
(7) can be transformed into equation (8), making use of the weighted norm [11],
‖x‖2

C = 1
2x

T C−1x:

Gi(z) =
|Ci|−1

2

(2π)
N
2

exp(−‖x − ti‖2
Ci

) (8)

Taking into consideration the optimum decision rule expressed in (4), it is
evident that a RBFN with only one hidden unit can implement the optimum
LRT detector when the radial-basis function G1(z) is centered in the origin and
its covariance matrix C1 = I( snr+1

snr ), where I is the NxN identity matrix. In this
sense, the output of the hidden unit is given by (9):

G1(z) =
|C1|−1/2

(2π)N/2
exp

(
− zT C−1

1 z
2

)
=

(
snr+1

snr

)−N/2

(2π)N/2
exp

(
− (snr)zT z

2(snr + 1)

)
(9)

And the implemented decision rule is expressed in (10):

( snr

2π(snr + 1)

)N/2

exp
(
− snr

2(snr + 1)
zTz

)
w11 + w01

H1

≷
H0

T (10)

where w11 = −( 2π
snr )

N/2(snr + 1)N , w01 = 0, and T = −1/η0. Such a RBFN
only implements the optimum decision rule for a given value of snr. Looking for
a RBFN capable of aproximating the optimum decision rule for a wide range of
snr values, RBFNs with more than one hidden unit have been considered.

3.1 Description of experiments

MLPs and RBFNs for approximating the optimum detector in the Neyman-
Pearson sense have been designed. In both cases, the neural network has N=16
input nodes and different number of hidden units, ranging from 8 to 56 in steps
of 8, in order to study the performance dependence on network size. Another
parameter that has been considered is the signal-to-noise ratio selected for train-
ing (TSNR). Different TSNRs, ranging from -3dB to 24dB have been used. For
each TSNR value, separate training and validation sets composed of 50,000 ran-
domly distributed patterns of only interference and signal-plus-interference have
been generated for training the MLPs. For training the RBFNs, training sets
composed of 5,000 randomly distributed patterns of only interference and signal-
plus-interference have been generated. MLPs have been trained using the Back-
Propagation algorithm, while a three-phases learning strategy [12]1 has been
applied for training the RBFNs.
1 In this strategy, the EM algorithm is used for fitting a mixture model to determine
the centres of the RBFs, the BF widths are the maximum inter-centre squared
distance and the weights from the hidden to the output layer are estimated using
the LMS algorithm.
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During training, the error between the network output (s in figure 1) and
the desired output is calculated. After training, the relation between Pfa and
detection threshold (T) has been estimated, presenting a new set of interference
patterns (Monte-Carlo simulation). At this point, a new problem arises: how
many interference patterns are needed for the relative error of the estimate of Pfa

being lower than a given value? The relation between the number of interference
patterns, M, the Pfa value to be estimated, and the relative error ε, is given in
expression (11) [9]:

ε =

√
1− Pfa

MPfa
⇒ M =

1− Pfa

ε2Pfa
(11)

If ε = 0.05(5%) and Pfa = 10−5, M = 39.999.600 interference patterns,
and the computational cost incurred in Monte-Carlo simulation makes the es-
timate of Pfa quite complex. Importance Sampling (IS) is a modified Monte-
Carlo technique based on altering the statistical properties of the input patterns
in order to make those low-probability events (false alarms in our study) more
frequent [7][8][9]. The introduced distortion is compensated by weighting the sys-
tem output with a factor that is a function of the pdf of the interference patterns
(f(z)|H0)) and the pdf of the altered input patterns (f∗(z)) used for estimating
Pfa. We have used an IS method based on the modification of the variance of the
input patterns (Conventional Importance Sampling), which ensures an unbiased
estimate of the Pfa in our case of study. For a given value of M, the minimum
value of Pfa that can be estimated with an error lower than ε is different for
each neural network (size and TSNR). For estimating the pairs (T,Pfa), and the
associated error ε, we have used an efficient algorithm proposed in [9]. Due to
the high number of analyzed networks, we have fixed the variance to 2.25 and
M = 106 input patterns, that guarantee the relative error in the estimate of Pfa

being lower than 5% in the results presented in subsection 3.2.

3.2 Results

Due to space limitation, only the most relevant results are presented. When ana-
lyzing the performance of the MLPs, the following conclusions can be extracted:

1. For a given network size, as the SNR increases, the difference between MLP
performance and the optimum detector one decreases. The optimum detector
performance is compared with the performance of MLPs with 32 hidden units
in figure 2, for SNR=0dB and 7dB.

2. For a given SNR, as the number of hidden units increases toward 32, the MLP
performance closes on the optimum detector one. For a number of hidden
units higher than 32, no performance improvement is observed. Figure 3
shows Pd vs. Pfa curves for SNR=0dB and 7dB, and MLPs with 32, 40, 48,
and 56 hidden units. Only the results obtained with the best TSNR value
are presented, and only Pfa values lower than 10−5 are considered, because
this is the case of interest in actual situations.
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Fig. 2. Optimum detector and MLP with 32 hidden units performances for SNR=OdB 
(figure 2.a) and SNR=7dB (figure 2.b) 

Figure 4 shows the performance of RBFNs with 8 hidden units for SNR=OdB 
(figure 4.a) and SNR=7dB (figure 4.b). Results demonstrate that RBFNs with 
8 hidden units trained with TSNRs lower than l l d B  can approximate the opti- 
mum detector even for very low Pfa values. Pd VS. Pfa curves are presented for 
TSNR=0,5,17, and 21dB. 

Due to the good results obtained with the RBFNs with 8 hidden units, a 
new set of RBFNs with 4 hidden units has been trained for the same set of 
TSNRs. Results demonstrate that 4 hidden units are enough for approximating 
the optimum detector. For TSNRs lower than 17dB, all curves approximate the 
optimum, and for higher values of TSNR, network performance is clearly worse. 
Figure 5 shows Pd VS. Pfa curves for SNR=OdB and SNR=7dB. 

0 5 5 ~  

0 5 ~  

0  45- 

0  4 

Fig. 3. Optimum detector and MLP with 32, 40, 48, and 56 hidden units performances 
for SNR=OdB (figure 3.a) and SNR=7dB (figure 3.b) 

Pfa 

0 2  0 4  0 6  0 8  1  

MLP 1613211 TSNR5dB 
MLP 1614011 TSNR5dB 
MLP 1614811 TSNRJdB - MLP 1615611 TSNR4dB - Optimum 

Pfa x I 0-I 

- 

- 

Figure 3.a. Figure 3.b. 



796 P. Jarabo-Amores et a1 

0 4 - TSNRmB 
TSNR 5dB 

0 2 - - TSNR I7dB 
TSNR2ldB 

0 0 1  0 2  0 3  0 4  0 5  0 6  0 7  0 8  0 9  

Pfa 

Pfa lo-' 

Figure 4.a. 

0 94 TSNR WB 
TSNR 5dB 

0 92 - - TSNR I7dB 

0 9 
TSNR 2168 

0 0 05 0 1  0 15 0 2  

Pfa 

Figure 4.b. 

Fig. 4. Optimum detector and RBFN with 8 hidden units performances for SNR=OdB 
(figure 4.a) and SNR=7dB (figure 4.b) 

2 
- TSNR4dB 

0 85 
TSNRJdB 
TSNR I7dB 
TSNR2ldB 

0 005 0 1 0 15 0 2  

Pfa 

Fig. 5. Optimum detector and RBFN with 4 hidden units performances for SNR=OdB 
(figure 5.a) and SNR=7dB (figure 5.b) 

Pf.9 x 

4 Conclusions 

Pfa 

In this paper, the design of MLPs and RBFNs capable of approximating the 
Neyman-Pearson detector when considering white gaussian signals in white gaus- 
sian interference are considered. The dependence of these neural detectors on the 
TSNR and the number of hidden units is studied. Results show that RBFNs ap- 
proximate the optimum detector better than MLPs. 

When MLP are considered, the best performance is obtained with 32 units in 
the hidden layer, and no performance improvement is observed when the network 

Figure 5.a. Figure 5.b. 



size is increased. On the other hand, a RBFN with only 4 radial basis functions
can approximate the optimum detector for a wide range of TSNRs and very
low Pfa values. This fact can be explained taking into consideration that the
optimum boundary is a hyper-sphere in the input space.
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Abstract. Gas sensor (electronic nose) has many different applications,
such as fire detection, food quality control or medical application as well
as the detection of atmospheric gases. We describe in this paper a sig-
nal processing technique using wavelet transform and Support Vector
Machines (SVM) for CO and NO2 gas detection and to obtain gas con-
centration. We propose a low complexity algorithm which can be imple-
mented in a low cost palmtop gas monitor. SVM were used in a twofold
way. First, SVM were used to classify the type of gas and then for the
estimation of gas concentration.

1 Introduction

In this paper, a thermally-modulated sensor for gas sensing has been used. We
use SVM applied to wavelet coefficients in order to obtain the type of gas and
its concentration. The wavelet coefficients are calculated from the output sensor
signal.

The gas sensor is based on the well-known advantages of using SnO2. These
advantages are its low manufacturing cost and high sensitivity. Its main disad-
vantages is a lack of long term stability and selectivity [1]. To overcome these
disadvantages several techniques were used, such as operating at different tem-
peratures. Temperature modulation has been reported as a recent way to enhance
the selectivity of sensors. Gas sensors produced by employing micro-fabrication
technology have been of much interest -mainly because of their potential use in
array devices with low power [2]. Sensors, which are based on a micro-machined
hotplate, have the extra advantage of a wide operating temperature range cou-
pled with a rapid thermal time constant of around 1ms. Micro-sensors also have
the advantage of low cost because of batch fabrication. Our micro-sensor consists
of an integrated heater-thermometer and sensing material. A large part of its
production can be achieved by conventional foundries of CMOS chip. Periodic
alteration between two temperatures has been considered for the improvement
of sensitivity and selectivity and to reduce the effect of humidity. The micro-
machined devices can be heated typically to around 500oC and then cooled to
room temperature in a few milliseconds. This will allow a fast control of the
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reaction kinetics of the oxide layer, which in turn produces a specific response
pattern for a specific gas of interest.

The equivalent electric circuit of the sensor is showed in figure 1. The gener-

Fig. 1. Equivalent Electric Circuit of the Sensor

ated Vd.c. controls the mean temperature component heating a platinum element
and the modulation is produced with Va.c.. Sampling the voltage response in the
sensor resistance (Rs) excited by a constant current (Is) a discrete time signal
is obtained. The gas sensor is heated by a sinusoidal current and the resistance
of the sensor varies with the concentration and type of gas.

2 Wavelet transform

Wavelet transform is an alternative technique to Fourier Analysis and the per-
formance for non-stationary process is better than Fourier transform due to the
time-scale localization properties, but even for stationary process the wavelet
transform has very good localization properties. Due to the sinusoidal heating
modulation, the resistance of the sensor varies in an alternate form. The response
is sampled with 50mHz. One period of that signal is taken to be analyzed. The
one period signal is extracted from the lowest level of the signal and the value of
the first sample is subtracted in order to reduced transient at the beginning of
the signal. Figure 2 shows the basic block diagram of wavelet transform, where
the both linear time invariant systems h[n] and g[n] are 8 tap Daubechies filters
[3], low pass and high pass respectively. Daubechies wavelets have a support of
minimum size for any given number of vanishing moments. This basic scheme

Fig. 2. Basic Wavelet Transform Scheme

are reiterated over low pass component four times as it is show in figure 3. The
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Fig. 3. Iterated Scheme

single period input signal is 25 samples long and the durations of the signals
involved in figure 3 are those presented in table 1.

x[n] 25

y01[n] 17 y11[n] 17

y02[n] 13 y12[n] 13

y03[n] 11 y13[n] 11

y04[n] 10 y14[n] 10

Table 1. Sequence Lengths

A single vector is formed with the signals y01, y11,y02, y12, y03, y13, y04 and
y14, and the vector has 102 components.

In order to reduce computation time for a hand held system only those coef-
ficients that are going to be used in the SVM for classification or regression are
obtained. For this reason the equivalent system of every branch in figure 3 are
calculated and the equivalent finite length impulse response filters are applied
to the appropriate delay input signal.

This process is done using the noble identities, where the block showed in
figure 4 is equivalent to the one shows in figure 5. The basic wavelet transform
of figure 2 can be reduce to the scheme shows in figure 6, where H1(z) = H(z),
H2(z) = G(z), H3(z) = H(z)H(z2) and so on.

Fig. 4. Noble identities I
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Fig. 5. Noble identities II

Fig. 6. Reduced wavelet transform scheme

3 SVM for gas detection

SVM can be used for classification, in our implementation three different gasses
are considered, CO, NO2 and a mix of CO and NO2, and two SVM were used for
classification. A SVM maps input data into a different space. In that new space
an optimal hyperplane is obtained in order to separate two classes. Different
mappings give different SVMs, namely x → φ(x) ∈ H, where x is the input
vector (in the training process each input sample xi has its associate class yi,
where two class are possible labelled by yi ∈ {1,−1}, 1 for one class and −1
for the other class). The mappings φ(.) can be implemented in an implicit way
using a kernel function K(., .) that defines an inner product in H. The decision
of a SVM for a given input x depends on the sign of f(x) where f(x) is defined
as:

f(x) = wφ(x) + b =
Ns∑

i=1

aiyiK(x, xi) + b

where Ns is the number of support vectors, w is the normal to the optimal plane,
xi are the support vectors and yi is 1 or -1 depends on the input class. A detail
description of SVM can be found in [4]. In our experiment, two linear SVM are
using for classification. First, one class is CO and the other class is not CO (NO2

or a mix of CO and NO2). Then, when the gas is known not to be CO a second
SVM is used to differentiate between NO2 and the mix gas (CO +NO2).
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As we said, the wavelet transform block gives 102 coefficients, the most im-
portant features must be selected in order to reduce the computation time. In
the linear SVM algorithm, the mapping function φ(x) is available, in fact there
is not transformation.

{x̂i, yi} = {φ(x)i, yi} = {xi, yi}

The hyperplane used to classify is obtained by its normal w which is used to
classify the input vector x. The angle θi of every component of the feature vector
with the normal of the hyperplane can be obtained and an orthogonal feature
component to w implies an irrelevant feature. Using this method, out of the
102 wavelet coefficients, the coefficients with the most information about the
gas are selected. In figure 7 the magnitude of w are plotted from the result of
the first classification linear SVM. There is a high correlation between adjacent
coefficients. So we have selected the maxima from figure 7 in order to reduce
the correlation between the selected coefficients to classify the gas. Next, the ten
largest w components are taken as significant features from figure 7. The ten
selected coefficients for the two classifications SVMs are showed in table 2.
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Fig. 7. Magnitude of w

1 2 3 4 5 6 7 8 9 10

1stSV M y01[9] y02[8] y12[3] y12[6] y03[5] y03[7] y13[4] y04[5] y14[4] y14[7]

2ndSV M y01[12] y11[3] y11[6] y11[12] y11[14] y02[9] y12[3] y12[5] y12[8] y14[5]

Table 2. Selected coefficients for Classification SVM

The results of gas type classification using the reduce component vector are
presented in table 3 and show that the gas is predicted with an accuracy of over
94%.
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CO notCO

1stSV M 100% 100%

NO2 CO +NO2

2ndSV M 100% 94%

Table 3. Classification accuracy results

4 SVM for gas concentration estimation

In ε−SVM regression, our goal is to find a function f(x) that has at most ε devia-
tion from the actually obtained targets yi for all the training data and at the same
time is as flat as possible. The training data are given by {(x1, y1), (x2, y2), ...,
(xl, yl)} ⊂XxR, here the values yi are the values used for regress the function.
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Fig. 8. Normalized relative error annulling one out 102 coefficients (a) CO (b) CO
from the mix

SVM for classifications and regressions only depend on dot product between
various patterns, the decision function can be written using a kernel as follow:

f(x) =
Ns∑

i=1

aiyiK(x, xi) + b

where the hyperplane w can be no longer explicitly given. A detail tutorial in
SV regression can be consult in [5]. Formally, we can write this problem as a
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from the mix

convex optimization problem by requiring:

minimize
1
2
||w||2

subject to |yi − f(xi)| < ε

A constant C > 0 determines the trade off between the flatness of f and the
amount up to which deviations larger than ε are tolerated.

In our work the target values are the gas concentration. Four different SV
regressions are used for each of the gasses we have: CO, NO2, CO from the
mix CO + NO2 and NO2 from the mix. A exponential kernel have been used
for SV regressions. The input vectors are formed with the 102 coefficients from
the wavelet transform. For each gas, the mean square relative error have been
obtained for all the training data. We have repeated this process annulling one
of the 102 coefficients and the normalized mean square relative error have been
plotted ( figures 8-9).

As can be see in figures 8-9, the error can be increased or decreased when one
vector component is cancelling. For some vector components, the reduction in
the error is big enough to propose to cancel it. In order to reduce the computation
time, we propose to annul all coefficients that decrease the error or increase it
below a threshold. The number of operations needed for regress one input is
evaluated. The calculi of wavelet coefficients and the additions, multiplications
and exponential from the decision functions must be taken into account.

The introduction of a new vector component is not very important due to
the short impulse response of the equivalent filter of all filters in figure 6. The
results from the four SV regressions are showed in table 4.
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CO

Number of vector components 15

Number of Support vector 56

Relative error 6.37%

NO2

Number of vector components 12

Number of Support vector 22

Relative error 4.57%

CO from the mix

Number of vector components 22

Number of Support vector 48

Relative error 5.70%

NO2 from the mix

Number of vector components 47

Number of Support vector 29

Relative error 7.55%

Table 4. Results from SV regression for NO2 from the mix

5 Conclusions

We have present in this paper the application of support vector machines for gas
detection and to obtain gas concentration. Results show a high accurate for gas
classification and relative error below 8% in all cases. The presented method is
low computation time algorithm, so it can be implemented in a palmtop terminal
with a low power consumption.
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Abstract. One of the main problems that arises when dealing with time series is 
the existence of missing values which have to be completed previously to every 
statistical treatment. Here we present several models based on neural networks 
(NNs) to fill the missing periods of data within a total ozone (TO) time series. 
These non linear models have been compared with linear techniques and better 
results are obtained by using the non Linear ones. A neural network scheme 
suitable for TO monthly values prediction is also presented. 

1 Introduction 

During the last two decades, total ozone (TO) study has become an issue of hgh in- 
terest, not only for the climatological and meteorological communities, but also for 
biology, medicine and socioeconomics areas. The ozone layer situated in the strato- 
sphere, approximately between 15-35 Km above the surface of the earth, acts as a 
shield that prevents solar shortwave radiation (UV), especially UV-B radiation (280- 
320 nm), from penetrating through the atmosphere to the surface. It is well docu- 
mented that the reduction detected in ozone results in increasing levels of the harmful 
UV-B radiation at surface [I, 21. That is one of the reasons that make the prediction of 
ozone levels a scientific matter of high interest. Ozone is usually expressed by a vari- 
able called total ozone (TO). TO for a specific location is the amount of ozone con- 
tained within the atmospheric column situated above the location. The most widely 
used units to measure ozone concentrations are Dobson units (DU) ', one DU is de- 
fined to be equal to 0.01 rnm thickness of ozone at standard temperature and pressure 
conditions (273 K and 1 atmosphere). At midlatitudes the average TO amount is about 
300 DU, and it clearly exhibits two annual seasons: high TO during spring-summer 
and low TO during autumn-winter. 

Dobson units are named after G.M.B. Dobson (1889-1976), one of the first scientists to inves- 
tigate atmospheric ozone. He designed the spectrometer wed to measure ozone from ground, 
the Dobson Spectrometer. 

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 806-813, 2003. 
@ Springer-Verlag Berlin Heidelberg 2003 
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The science of ozone is quite complex, since many physical and chemical factors 
have an effect on its time variations. Some of the processes that affect TO are solar 
activity, chemical composition of the atmosphere, high/low pressure systems, tropo- 
sphere-stratosphere energy exchange and atmospheric dynamics in general. All of 
them are extremely non-linear processes, which turns TO predictions into a more 
difficult task. The complexity of the problem makes neural networks ideal candidates 
to deal with TO data. Classical statistics assume the stationarity of the series, while 
neural networks structures are able to catch some temporal variation inherent to the 
series, for example a change of the relationship between the explained variable and the 
factors that cause its variations. On the other hand, conventional regression analyses 
make the analyser adopt a linear relationship between dependent and independent 
variables, whereas neural nets have no restrictions regarding the form of the relation- 
ship between input and output variables. 

Section 2 of this paper offers a brief presentation of TO time series. In Section 3, 
two models based on neural networks (NNs) are presented for the substitution of rniss- 
ing values within the data series. In Section 4, the prediction of future values by using 
NNs is discussed. 

2 Total Ozone Time Series 

Extracting as much information as possible from observed time series is essential for 
progress in modelling and forecasting the system of interest. For this purpose it is 
desirable that the series do not contain missing values, but actually experimental series 
are seldom complete due to multiple causes. That is why previous to almost every 
analysis of the series a treatment for the missing data is required. 

Depending on the nature of the series, sometimes it suffices to replace the missing 
data by the mean value of the whole series. Better options when the gaps are isolated 
are those based on persistence or linear interpolation of adjacent data. However, when 
dealing with atmospheric magnitudes, linear relationships are not very reliable 
mathematical fictions. Models based on neural networks are expected to give out more 
accurate results since they do not suppose linear dependence between variables and 
they are even able to track changes in the form of the relationships throughout the 
time. On the other hand, regarding the forecasting of TO amounts, neural networks are 
expected to play an important role when classical statistics are not able to provide a 
good enough response, or they do it in a complex or unreliable manner. 

In this work we have chosen TO series corresponding to stations located in Euro- 
pean mid-latitudes, which because of their geographical position are strongly influ- 
enced by atmospheric dynamics. All TO data have been retrieved from the World 
Ozone and Ultraviolet Radiation Data Centre (WOUDC). The time series used for this 
work are made up of monthly total ozone values for the following locations: Arosa in 
Switzerland, Vigna di Valle in Italy, and Lisbon in Portugal. 
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3 Missing Values Substitution 

The artificial neural networks used here are based on feedforward configurations of 
the multilayer perceptron (MLP). Backpropagation is one of the most well-known 
training algorithms for MLPs, and it is indeed the preferred algorithm in most mete- 
orological applications [3]. However, for this work the Levenberg-Marquardt [4, 51 
method has been chosen because it overcomes two of the main problems that arise 
from backpropagation training: the Levenberg-Marquardt can converge fastly, and the 
risk for the final weights to be trapped in a local minimum is much lower, though it 
requires more computational memory [6] .  

Missing values within a time series of data could be grouped into isolated missing 
data and long gaps of missing values. For the estimation of isolated values, sometimes 
persistence based models or linear interpolation techniques are able to complete the 
series; we will show later that a NNs non linear model improves the accuracy of the 
results. The estimation of longer gaps requires more complex and specific methods 
and NNs are a promising alternative. 

3.1 Isolated Missing Values 

For the estimation of isolated gaps within the data series, the n previous and the n 
following values to the missing one are presented as inputs to the network. Best results 
are obtained for n=2, compared with those obtained for n=l, n=3 y n=4. The physi- 
cal reason is fairly probably that the number of data considered with n=2 is 5 (2+2 
predictors and the missing one), thus almost one semi-period of the annual ozone 
signal component is being taken into account. TO series, at the latitudes here consid- 
ered, present a seasonal periodicity of 12 months, high ozone season for spring- 
summer and low-ozone season for autumn-winter. So taking fewer values we were not 
assuming variations within an interval affecting the searched value, and with more 
predictors we were including seasonal variations which must be avoided for the neural 
network to detect anomalies. 

The structure of the network used for this interpolation model is [2n 2n-1 I]. For 
the single output neuron the lineal transfer function is used, while for the other layers 
the log-sigmoid function has been chosen. Data series were standardized (mean value 
equal to zero and unity standard deviation) before being processed by the net. 

One of the goals of this work is to compare the accuracy of the results obtained 
with the non linear models with those given by linear interpolation techniques. In this 
case, linear interpolation has been calculated by using a perceptron with linear activa- 
tion function that has been trained with the LMS method or Widrow-Hoff rule. This 
model generates the same results as a linear regression [7]. Simple statistics have been 
applied to estimate the confidence of the neural network model and to provide easy 
comparison with the lineal interpolation model. The chosen statistics tests have been: 
the standard error of estimate (RMSE), which is the positive square root of the mean 
squared error, and the variance explained (VE) which is simply the square of the cor- 
relation coefficient between the original series and the output of the model; the VE 
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informs about the amount of variation within the original series that can be explained 
by the model. Simple validation has been performed for the models, using the set of 
data Junel967-November1973 for training the net, and the remaining part for valida- 
tion. Figure 1 shows the results for the period Decemberl973-July1975 for the three 
stations. For the non linear model the considered resulting series are the average of ten 
runs. The corresponding RMSE and VE per cent values are summarized in Table 1. 
The value of the VE is higher than 99.90 % for both linear and non linear models, 
however the RMSE clearly shows the improvement achieved by the NNs non linear 
model. For the non linear interpolation, the RMSE is slightly lower than that of the 
linear model for the series of Arosa, significantly lower for Vigna di Valle and more 
than six times lower for the series of Lisbon. Therefore it is shown that the non linear 
model improves the results obtained with a linear regression model. 

Fig. 1. Interpolation results obtained with n=2 for (a) the series of Arosa, (b) Vigna di Valle 
and (c) Lisbon. Continuous line is for the real series, (0) stands for the linear model 
interpolation values, and (0 )  for the values given by the non linear model 

Table 1. Statistics for interpolation results with n=2 

Non linear model Linear model 

station RMSE VE M S E  VE 
Arosa 2.89 99.94 2.99 99.99 

Vigna di Valle 2.64 99.99 3.23 99.99 
Lisbon 0.70 99.99 4.46 99.99 
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3.2 Long Gaps Filling 

In the previous point the substitution of isolated missing values has been analysed. Let 
us consider now an application for filling longer gaps. Neither persistence nor linear 
interpolation based models are suitable for filling long gaps, because many consecu- 
tive values could be missed, even more than a year of measurements. Here below a 
neural networks based scheme is presented as a promising solution for this kind of 
problem. The missing data which are going to be filled are those within the winter 
series of Vigna di Valle. In this case, winter series are made up with the December to 
March @EM) monthly means for every year. The set of predictors must present 
enough correlation with the predictand variable. During the cold season, the correla- 
tion between TO and some atmospheric circulation indices are high enough (R>0.6) to 
consider those indices as good potential predictors for winter TO. The atmospheric 
pattern that most influence the considered European areas is the North Atlantic Oscil- 
lation (NAO)2. The NAO Index (NAOI) informs about the temporal variations of such 
pattern. The relationship between TO and NAOI for European latitudes has been 
widely shown in several works [8, 91. The NAOI monthly time series has been ob- 
tained from the Climatic Research Unit (CRU) of the University of East Anglia (UK). 

Given the geographic proximity of the stations and the high correlation that Vigna 
di Valle and Arosa series present, Arosa TO series is also selected as input for the 
model. The basis of the model used in this case is very simple: by presenting to the 
net inputs the current value of the series of Arosa and the current value of the time 
series of the NAOI, the net releases the value of the average TO for the current month 
at Vigna di Valle. One pyramidal network structure has been used with three input 
neurons, one hidden layer and one single output cell. The transfer function for the two 
first layers is the log-sigmoid function, and linear activation has been set for the out- 
put. Also here, the Levenberg-Marquardt method is used for training. 

The total period of winter data considered for this station is March1957- 
December2000. We intend to complete the missing values that appear from Dec1980. 
A moving window has been applied to the set of data employed to train the network, 
so that to fill the gaps contained within Dec1980 and Dec1985, the Mar1957- 
Mar1980 data have been used for training. The values given by the model at this stage 
for the gaps are incorporated to the series, and then the training set is moved five years 
forward: the March1962-March1985 period is used to train the model in order to 
obtain the values for the gaps within Dec1985 and Dec1990, and so on. In this way it 
is easier for the network to track the variations suffered by winter TO throughout the 
time. In Fig. 2 it is shown the observed real series at Vigna di Valle together with the 
output series given by the non linear NN model. The correspondence between real and 
modelled series is quite good. The value of the VE for this model is 70.0 %, i.e. the 

The North Atlantic Oscillation (NAO) is the atmospheric circulation pattern which most 
influences the climate of the North Atlantic Ocean neighbouring lands (from East North 
America to Western and Central Europe). The NAO determines to a very high extent the 
wind flow, precipitations and temperatures regimes over such areas. 



Artificial Neural Networks Applications for Total Ozone Time Series 81 1 

series given by this non linear model is able to explain 70.0 % of the original series 
variability. The corresponding RMSE value is of 29.0 %. In this case, with a linear 
regression model the RMSE and VE values obtained are twice as worse as those 
obtained with the non linear NNs model. 

Vigna di Valle - - - - - - - - - - - - - - - - - - - -  

Fig. 2. Observed real series at Vigna di Valle (continuous line and no line for missing inter- 
vals) together with the output series given by the non linear NN model (dashed line) 

The example shown above is for internal gaps, but this NNs model could also be 
used to reconstruct past periods of the series for which do not exist measurements for 
the station of Vigna di Valle, but do exist for the NAO Index and for the station of 
Arosa. This could be one of the future analysed applications of the NNs models pre- 
sented here, the reconstruction of data series backwards to pre-instrumental periods. 
Also the application presented in the next Section is feasible to be used for reconstruc- 
tion. 

4 Future Values Prediction 

The study of time series provides valuable information about periodicities and trends 
in the past which are helpful to predict future behaviours. In this section the estimation 
of future values for one series is tried by taking known previous values fi-om the same 
series, or from other ones correlated to the series wanted to predict. This not only 
allows the forecasting of the considered variable, but also permits to extend the series 
(forward or backwards) when a longer one is used as predictor. 

The longest TO data register is that of the Swiss station of Arosa, where the obser- 
vations started in the 1920's. The characteristics of this series (see Sect. 3) make it a 
suitable predictor for Vigna di Valle. Thus, one month ahead prediction is tried for 
Vigna di Valle by using the n previous values of both Vigna and Arosa, and the cur- 
rent one of the Arosa data register. For the case here analysed the set of data is June 
1967-October1 980, the period November1975 - October1980 is used for validation. 

The model structure used consists of a two layer MLP with k input neurons and one 
at the output layer. These models (k+l models) have been used before for different 



812 Beatriz Monge-Sanz and Nicolas Medrano-MarquCs 

meteorological applications [lo]; more complicated structures have been tested for 
our application without any improvement of the results. For the output layer the linear 
transfer function has been chosen, the quality of the results seems to be independent 
fiom the election of the log-sigrnoid or the hyperbolic tangent transfer function for the 
input layer. As the final model signal, the average of the output of several of these k+l 
nets is considered. So, to a certain extent we can talk about an ensemble of neural 
networks, since we are averaging the results given by several k+l structures, with 
k=l, ..., 2n+l. 

Fig. 3. Prediction results obtained for Vigna di Valle with the NNs ensamble k+l for n = l  (---), 
and the observed real series at the station from November 1975 to October 1980 (-) 

The best results are obtained with the ensemble n=l, which in spite of having just 
three neural networks gives out the highest VE and the lowest RMSE. VE values are 
high (VE > 88.0 %) for all the cases, which means that the shape of the original signal 
is accurately reproduced by the model. However, RMSE values are greater than 25 % 
which indicates that some of the original values are overhnder estimated. The results 
of the ensemble n = l  together with the observed real series of Vigna di Valle are 
shown in Fig.3. It can be seen that modelled and original series present high correla- 
tion and that this NNs model is able to predict the right sign of the TO variations. So, 
it is shown that this model, without any modification, is suitable for the forecasting of 
the sign of TO monthly anomalies. 

But if interest is in exact values, the model should be somehow improved in order 
to get higher precision. The inclusion of a new explanatory variable such as the NAOI 
for this kind of application is to be studied. 
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5 Conclusions 

In this work different NNs based models have been presented to fill the gaps of in- 
complete time series of TO, and these non linear models have proved to achieve better 
results than linear ones. Also a model to predict future values for a TO series has been 
described. Thus, the high versatility of NNs has allowed us to have a wide variety of 
applications related to the analysis of TO time series by making quite simple 
modifications into the model (number of predictors, number of layers andlor neurons), 
and given the relative simplicity of the proposed structures, further applications based 
on the models here presented could be developed without the risk of having too 
complex or time costing schemes. 
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López-Aguado, L. . . . . . . . . . . . . . I-40
Lopez-Baldan, M.J. . . . . . . . . . II-481
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López-Rubio, Ezequiel . . . . . . . I-318
Lourens, Tino . . . . . . . . . I-102, I-110
Lozano, J.A. . . . . . . . . . . . . . . . . . I-510
Lozano, Miguel . . . . . . . . . . . . . . II-209
Lucas, Simon M. . . . . . . . . . . . . . I-222
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Ranilla, José . . . . . . . . . . I-262, II-742
Renaud, Sylvie . . . . . . . . . . . . . . . I-670
Revilla, Ferran . . . . . . . . . . . . . . II-719
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