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Abstract In this work, we use radial basis function neural network for modeling
nonlinear systems. Generally, the main problem in artificial neural network is often
to find a better structure. The choice of the architecture of artificial neural network
for a given problem has long been a problem. Developments show that it is often
possible to find architecture of artificial neural network that greatly improves the
results obtained with conventional methods. We propose in this work a method
based on No Sorting Genetic Algorithm II (NSGA II) to determine the best
parameters of a radial basis function neural network. The NSGAII should provide
the best connection weights between the hidden layer and output layer, find the
parameters of the radial function of neurons in the hidden layer and the optimal
number of neurons in the hidden layers and thus ensure learning necessary. Two
functions are optimized by NSGAII: the number of neurons in the hidden layer of
the radial basis function neural network, and the error which is the difference
between desired input and the output of the radial basis function neural network.
This method is applied to modeling Box and Jenkins system. The obtained results
are very satisfactory.
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1 Introduction

The first phase of modelling is to bring together the knowledge which we have
about the process behaviour, from experiments and/or theoretical analysis of
physical phenomena. This knowledge leads to several model assumptions. Each of
these dynamic models realizes nonlinear functions between its control variables,
state, and output. In the case where these functions are unknown, a black box model
is used [56]. If some functions can be fixed from the physical analysis, then we talk
about knowledge model [21, 56].

The second phase is to select the best model. This phase is the identification; this
involves estimating the parameters of competing models. The estimation of the
model parameters is performed by minimizing a cost function determined from the
difference between the measured process outputs and the predicted values (pre-
diction error).

The quality of this estimate depends on the wealth of learning sequences and
effectiveness of the used algorithm. After the identification of all hypothesis
models, we use the hypothesis corresponding to the best obtained predictor; the
final model validation is performed according to the performance of its intended use
[6, 20, 58].

There are several modelling tools, among them artificial neural networks. Sev-
eral studies are currently using artificial neural networks in the field of modelling.
for example: Grasso et al. [31] proposed “a new neural architecture able to
accomplish the identification task. It is based on a relatively new neural algorithm,
the multi-valued neural network with complex weights. The main idea is to use a set
of measurements or simulations made on the system, taken at different values of
geometrical parameters and at different frequencies, to train a multilayer architec-
ture with multi-valued neurons, able to estimate the electrical parameters of the
lumped model”.

Badkar et al. [7] presented “a study the Laser transformation hardening of
commercially pure titanium, nearer to ASTM grade 3 of chemical composition was
investigated using continuous wave 2 kW, Nd: YAG laser. The effect of laser
process variables such as laser power, scanning speed, and focused position was
investigated using response surface methodology and artificial neural network
keeping argon gas flow rate of 10 Ipm as fixed input parameter”. They described in
their work, “the comparison of the heat input (HI) and ultimate tensile strength (o)
(simply called as tensile strength) predictive models based on artificial neural
network and response surface methodology. The performance of the developed
artificial neural network models were compared with the second-order RSM
mathematical models of HI and o. There was good agreement between the
experimental and simulated values of response surface methodology and artificial
neural network”.

Among the advantages of a neural network is its ability to adapt to the conditions
imposed by any environment, and ease to change its parameters (weight, number of
neurons, etc...) depending on the behaviour of its environment The neural networks
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are used to model and control dynamic systems linear and nonlinear where con-
ventional methods fail [18, 41].

Research in the field of neural networks is focused on architecture by which
neurons are combined and methodologies by which the weight of interconnections
are calculated or adjusted.

Currently researchers are divided into two groups, the first is made up of biol-
ogists, physicists and psychologists, this group is trying to develop a neural model
able to mimic with a given accuracy, the behaviour of the brain, the second group
consists of engineers who are concerned with how the artificial neurons are inter-
connected to form networks with powerful computing capabilities. Actually, studies
of neural networks are expanding and their use is still growing rapidly [57, 65].

Usually we associate with an artificial neural network learning algorithm to
modify the processing performed in order to achieve a given task. For artificial
neural network, learning can be seen as the problem of updating the weights of the
connections within the network, in order to succeed the requested task [8, 40].

Generally learning neural networks can be made in two ways. In supervised
learning, we have a set of examples (input-output pairs) and we must learn to give
the correct output of new inputs. In reinforcement learning: we have inputs
describing a situation and we receive a punishment (or error) if we give out is not
adequate [11, 16, 44].

In supervised learning, the identification of the parameters of neural network is
often performed by the algorithms of back-propagation, based on minimizing the
training error and the chaining rule [12, 66]. This algorithm is a gradient descent on
a differentiable error function.

This algorithm showed several disadvantages such as slow convergence, sen-
sitivity to local minima and the difficulty to adjust the learning parameters (the
number of neurons in the hidden layers, learning step etc...). In some networks
using Hebbian learning where the synaptic weights can be adjusted during a
learning phase patterns through Hebb’s formula leads to a formula expressing the
weights based on grounds recognized [4, 28, 51].

Several approaches have been proposed to improve the method of back-propa-
gation as the modification of learning step, decentralization of learning step algo-
rithms using quasi-Newton [37], genetic algorithms [59] ...etc.

In this work we propose the use of No Sorting Genetic Algorithm IT (NSGA II)
to construct a model using a RBF neural network with optimal structure. In this
approach the NSGA 1I is used to optimize the number of neurons in the hidden
layer of neural network, find the best connection weights between the hidden layer
and output layer, find the parameters of the radial function of neurons in the hidden
layer and ensure learning of neural network.

This paper arbitrary small on a compact region [15, 29, 33, 49] is organized as
follows: in the second section we briefly recall the basic principles of neural net-
works, in the third section we present the NSGA II algorithm, its operating principle
and its application in our method, and the fourth section we present the learning of
radial basis function neural networks by the NSGAII, and finally we present the
simulation results of the developed method in the fifth section.
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2 Neural Networks “NN”

Artificial neural networks, is a branch of artificial intelligence research that aims to
simulate intelligent behaviour by mimicking the way that biological neural net-
works work. Most artificial intelligence methods seek to reproduce human intelli-
gence by imitating “what we do”. Artificial neural networks seek to reproduce it by
imitating “the way that we do it”. The origins of artificial neural networks pro-
ceeded computers by some decades, but it was not until computers became gen-
erally available that real progress could be made in the development of these
methods [5, 9].

There was a slight “glitch” of a decade or so following the publication of a book
that heavily criticized the possibility of artificial neural networks developing into
anything useful; since then, progress has been dramatic and these tools have moved
on from being oddities used by specialists to general-purpose algorithms for data
analysis and pattern recognition tasks [9].

A neural network is a computational model whose design is inspired schemat-
ically the functioning of real neurons [42]. Artificial neural networks are increas-
ingly used and applied in various fields [47, 61, 64].

This concept, as well as genetic algorithms, is linked to the notion of learning
that allows computers to learn by example, experience or analogy, forming the
foundation for adaptive systems.

An artificial neural network is generally composed of a succession of layers,
each of which takes its inputs to the outputs of the previous one. Each layer is
composed of neurons, and each synapse is associated a synaptic weight.

A neural network has the ability to adapt to the conditions imposed by any
environment, and easy replacement when a there are a change of the parameters of
this environment, which allows him to solve problems previously qualified as
difficult [24, 39, 63].

2.1 Radial Basis Function RBF NN

The radial basis function neural network is a two-layer network in which the hidden
layer performs a nonlinear transformation usually a Gaussian function to map the
input space (Fig. 1), then the output layer combines the outputs of the intermediate
layer linearly as the outputs of whole network. They may be considered as linearly
parameterized networks.

RBF’s are Gaussian functions have the form:

—d(x)

filx) =e”



Box and Jenkins Nonlinear System Modelling ... 233

With:

d(x) the Euclidian distance given by: d(x) = ||x — ¢|
c; centers of Gaussian functions

o; widths of Gaussian functions

The radial basis function network approximation error can be reduced by
increasing the number of the adjustable weights. Universal approximation results
for neural networks indicate that, if the number of RBF is large enough, then the
error can be made arbitrary small on a compact region [15, 29, 33, 49].

The adjustable parameters of a radial basis function neural network are thus the
centers c; and the variance sigma of the radial basis functions and the weights of the
connections.

The centers and the variance are usually adjusted off line using for instance the
k-means based on the data sets to be approximated while the weights of the con-
nections are adjusted on line, during the approximation process using various
methods such as least mean square [36], genetic algorithm [17], particle swarm
optimization [32] ...etc.

Radial basis functions are powerful techniques for interpolation in multidi-
mensional space. Radial basis functions have been applied in the area of neural
network where they may be used as a replacement for the sigmoid hidden layer
transfer characteristic in multi-layer Perceptron. Radial basis function network have
two layers of processing: In the first, input is mapped onto each RBF in the ‘hidden’
layer. The RBF chosen is usually a Gaussian.

In regression problems the output layer is then a linear combination of hidden
layer values representing mean predicted output. In classification problems the
output layer is typically a sigmoid function of a linear combination of hidden layer
values, representing a posterior probability [9, 42].

Radial basis function network have the advantage of not suffering from local
minima in the same way as Multi-Layer Perceptron. Generally this is because the
only parameters that are adjusted in the learning process are the linear mapping

Hidden layer Ourtput layer

Input layer

Fig. 1 General structure of a RBF neural network. Example of RBF neural network with two
neurons in the input layer, four neurons in the hidden layer and one neuron in the output layer
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from hidden layer to output layer. RBF network have the disadvantage of requiring
good coverage of the input space by radial basis functions. RBF centers are
determined with reference to the distribution of the input data, but without reference
to the prediction task. As a result, representational resources may be wasted on
areas of the input space that are irrelevant to the learning task. In this work, it is to
the NSGAII algorithm to find the best RBF centers.

Currently, the RBF neural network are used in many works for different tasks,
for example in network traffic identification, where “a method of network traffic
identification based on RBF neural network is proposed by analysis of the current
status of the network environment. The public data set and the real-time traffic are
used for a combination of supervised learning” [62].

Gutierrez et al. [34] used in their work, the RBF neural networks in a hybrid
multi-logistic methodology, called logistic regression, “the process for obtaining the
coefficients is carried out in three steps. First, an evolutionary programming (EP)
algorithm is applied, in order to produce an RBF neural network with a reduced
number of RBF transformations and the simplest structure possible. Then, the initial
attribute space (or, as commonly known as in logistic regression literature, the
covariate space) is transformed by adding the nonlinear transformations of the input
variables given by the RBFs of the best individual in the final generation. Finally, a
maximum likelihood optimization method determines the coefficients associated
with a multilogistic regression model built in this augmented covariate space”.

In the work of Pendharkar [48], radial basis function neural networks are used
for classification problems, “a hybrid radial basis function network-data envelop-
ment analysis (RBFN-DEA) neural network is proposed, the procedure uses the
radial basis function to map low dimensional input data from input space R to a
high dimensional R* feature space where DEA can be used to learn the classifi-
cation function”.

Sheikhan et al. [54, 55] presented a “RBF-based Active queue management
(AQM) controller is used, RBF as a nonlinear controller is suitable as an AQM
scheme to control congestion in transmission control protocol (TCP) communica-
tion networks since it has nonlinear behaviour. Particle swarm optimization algo-
rithm is also employed to derive RBF output weights such that the integrated-
absolute error is minimized. Furthermore, in order to improve the robustness of
RBF controller, an error-integral term is added to RBF equation. The output
weights and the coefficient of the integral error term in the latter controller are also
optimized by Particle swarm optimization algorithm”. Sheikhan et al. [54, 55]
“makes the Lorenz hyper-chaos synchronization and its application to improve the
security of communication systems. Two methods are proposed to synchronize the
general forms of hyper-chaotic systems, and their performance in securing com-
munication application is verified. The first method uses a standard RBF neural
controller. Particle swarm optimization algorithm is used to derive and optimize the
parameters of the RBF controller. In the second method, with the aim of increasing
the robustness of the RBF controller, an error integral term is added to the equations
of RBF neural network”.
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In the work of Xia et al. [60] “an energy-based controller is incorporated with
RBF neural network compensation, which is used to swing up the pendubot and
raise it to its uppermost unstable equilibrium position”.

Radial basis function neural networks are also used in adaptive control, Ja-
farnejadsani et al. [38] proposed “an adaptive control based on radial-basis-function
neural network for different operation modes of variable-speed variable-pitch wind
turbines including torque control at speeds lower than rated wind speeds, pitch
control at higher wind speeds and smooth transition between these two modes The
adaptive neural network control approximates the nonlinear dynamics of the wind
turbine based on input/output measurements and ensures smooth tracking of the
optimal tip-speed-ratio at different wind speeds. The robust neural network weight
updating rules are obtained using Lyapunov stability analysis”.

The radial basis function neural networks are used also in identification of non-
linear systems, in the work of Chai and Qiao [13], RBF neural networks are used to
“model the non linear system when the system runs without a fault, after some input
and output data of the system are obtained, the center of the hidden nodes are
chosen using clustering technology. Assuming that the system noise and approxi-
mation error are unknown but bounded, the output weights of RBF neural network
model of the system are determined by a linear-in-parameter set membership
estimation. An interval containing the actual output of the system running without a
fault can be predicted based on the result of the estimation. If the measured output is
out of the predicted interval, it can be determined that a fault has occurred”.

Dos Santos Coelho et al. [52], used a “Radial Basis Function neural network
with training combining the Gustafson-Kessel clustering method and a modified
differential evolution in order to perform the swimmer velocity profile identifica-
tion. The main idea is to obtain the dynamic of the velocity profile and to use it to
improve the athletes’ swim style. To achieve good performance with differential
evolution algorithm, the tuning of control parameters is essential as its performance
is sensitive to the choice of the mutation and crossover settings”.

In this work authors “combines the two strategies described above proposing a
modified differential evolution algorithm based on the association of a sinusoidal
signal and chaotic sequences generated by logistic map for the mutation factor
tuning. By using data collected from breaststroke and crawl swim style of an elite
female swimmer; the validity and the accuracy of the RBF neural network model
have been tested by simulations”.

RBF neural network are used in optimization, in the work of Mukhopadhyay
et al. [46] it’s introduced “Discrete Hilbert Transform (DHT)-Neural Model which
provides better result than the ARMA-Neural Model. a signal and its” DHT pro-
duces the same Energy Spectrum. Based on this concept DHT is used for Wind
Speed forecasting purpose. Thereafter the RBF neural network is used on this to
forecast wind power”.

Chen et al. [14] proposed “a novel online modelling algorithm for nonlinear and
non-stationary systems using a radial basis function neural network with a fixed
number of hidden nodes. Each of the RBF basis functions has a tunable center
vector and an adjustable diagonal covariance matrix. A multi-innovation recursive
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least square (MRLS) algorithm is applied to update the weights of RBF online,
while the modelling performance is monitored. When the modelling residual of the
RBF network becomes large in spite of the weight adaptation, a node identified as
insignificant is replaced with a new node, for which the tunable center vector and
diagonal covariance matrix are optimized using the quantum particle swarm opti-
mization (QPSO) algorithm”.

2.2 Learning of a Neural Network

Learning is to determine the weights for the output of the neural network to be as
close as possible to the target. The main problem is how to build a neural network,
how many layers of covers and the number of units (or neurons) in hidden layer
required achieving a good approximation. Since a wrong choice can lead to poor
network performance matching [23].

The first attempts to solve the problem of determining the architecture have been
to test several networks with different architectures to achieve the desired perfor-
mance [27].

In recent years, many studies have been devoted to developing methods for
optimizing the architecture of the neural network. The main algorithms have been
proposed can be classified into three families:

1. Pruning algorithms: detect and remove the weights or units that contribute little
to the network performance [45].

2. Ascending or constructive algorithms: start from an approximate solution to the
problem with a simple network and add if necessary unit or hidden layers to
improve network performance [26].

3. The direct algorithms: define a suitable architecture and perform learning or
perform both operations simultaneously, such as genetic algorithms [3].

3 Non-dominated Sorting Genetic Algorithm II: NSGA 1I

The Multi Objective Genetic Algorithm that we used in this work is the NSGAII
(Non-dominated Sorting Genetic Algorithm) introduced and enhanced by Deb and
Goel [19].

It is one of the most used and most cited in the literature algorithms [53]. It is
widely used by many authors, not only in the context of multi-objective optimi-
zation, but also for comparison with other algorithms, it is considered as a
benchmark by several researchers, for example: Hashmi et al. [35] used this
algorithm in “a negotiation Web service that would be used by both the consumer
and provider Web services for conducting negotiations for dependent QoS
parameters”.
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Min et al. [43] used it in a “multi-objective history matching model to predict the
individual performance”.

In the work of Gossard et al. [30] NSGAII is “coupled with an artificial neural
network to optimize the equivalent thermo-physical properties of the external walls
(thermal conductivity kwall and volumetric specific heat (pc) wall) of a building in
order to improve its thermal efficiency”.

Adham et al. [1] used NSGAII “as an optimization technique in combination
with a multi-objective general optimization scheme with the thermal resistance
model as an analysis, for a potential improvement in the overall performance of a
rectangular micro-channel heat sink using a new gaseous coolant namely ammonia
gas”.

In the work of Prasad and Singru [S0] NSGA-II is used to “select the optimum
design of turbo-alternator (TA), a real-life TA used in an industry is considered”.
Dominguez et al. [22] proposed “a high-performance architecture for the NSGA-II
using parallel computing, for evaluation functions and genetic operators. In the
proposed architecture, the Mishra Fast Algorithm for finding the Non Dominated
Set was used; it’s proposed a modification in the sorting process for the NSGA-II
that improves the distribution of the solutions in the Pareto front”.

NSGAII is an algorithm establishing the dominance relationships between
individuals and providing a fast sorting method of chromosomes [19]. This algo-
rithm uses a measure of crowding around individuals to ensure diversity in the
population. The principle of this algorithm is shown in Fig. 2.

At the beginning, an initial population is randomly generated, and then it
undergoes a sorting using the concept of non-domination. Each solution is assigned
a strength or rank equal to the level of non-dominance (1 for best, 2 for the next
level, etc...). The reproduction step consists of a tournament for the selection of
parents.

Non-dominated sorting
Ploi

Sorting by E

| - -

=z Crowding Distance

8 ~

3/_“: -=)- =) -

2\ o il B

A V)

g Rejected
Q individuals

Fig. 2 Operating principle of NSGAII
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When two individuals of the population are chosen randomly in the population,
the tournament is based on a comparison of the domination with constraints of the
two individuals. For a given generation ¢, we create R, = P,UQ,, Q, is children
population of the previous population P, (generated from the parents through the
operators of crossover and mutation), R, includes individuals of P,, which ensures
the elite nature of the algorithm NSGAII. Population R, contains 2 N individuals (it
is composed of N parents and N children). Then R, undergoes a sorting using the
concept of non-dominance of Pareto. Individuals are grouped into non-dominated
fronts such as F; represents individuals of rank 1, F, individuals of rank 2, etc...

The next objective is to reduce the number of individuals in the 2 N population
R, for a population P, of size N. If the size of F, is less than N, then all F,
individuals are retained. It is the same for the other fronts as long as the number of
individuals retained does not exceed the size N.

If we take the example of Fig. 2, the fronts F; and F, are fully retained but the
conservation front F3 will result in exceeding the size N of the population P,. It
must then make a selection of F3 individuals to keep.

It is then necessary to make a selection of F5 individuals to maintain. In this
case, NSGAII involves a mechanism for preserving the diversity of the population
based on the evaluation of the density of individuals around each solution through a
procedure for calculating the “distance proximity”.

A low value of the proximity distance for an individual is an individual “well
surrounded”. It then proceeds to a descending sorting according to this distance
proximity to retain individuals F; front and eliminate individuals from the densest
areas. This way we complete the population P,,;. Individuals with extreme values
for the criteria are preserved by this mechanism, thereby maintaining the external
terminals of the Pareto front.

At the end of this phase, the population P,,, is created. Then a new population Q,
+1 18 generated by reproduction from P,.,. We continue iteratively the procedure
described above to the satisfaction of stop criteria set by the user.

Generally, the NSGAII keeps elitism and diversity without adding additional
parameters, while using an algorithm attractive in its simplicity with a minimum of
parameters.

4 Learning of RBF NN by the NSGAII

The NSGA 1I is used to optimize the structure and parameters of the RBF NN. The
following two objective functions are chosen:

e The first function to be optimized (f;) is the number of neuron of the hidden
layer of the RBF NN.

e The second function (f>) is the quadratic error which is the difference between
the desired input of the RBF NN and its output.
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NSGAII must find the best number of neurons in the hidden layer (Nn) and
provide the best connection weights between neurons in the hidden layer and the
output layer, and find the parameters of the radial function of neurons hidden layer.
In this work, we used the radial functions of Gaussian form, and NSGA II must find
the best centers (C;) and the best widths sigma (o;) for these functions.

The chromosome then contains the number of neurons in the hidden layer,
Gaussian functions centers and widths of the hidden layer neurons, and the weights
of connections between the hidden layer and the output layer.

The chromosome contains the following parameters:

[NnC1C2...CN,,O'1()'2...O'NnZIZQ...ZNn] (1)

where:

N, is the number of neuron in the hidden layer

C, Cy... Cy, Gaussian functions centers of the hidden layer neurons

01 05 ... oy,  Widths of the Gaussian functions of the hidden layer neurons

Zy Z,... Zn,  the connection weights between the neurons of the hidden layer
and the neuron of the output layer

The length of the chromosome (Lch) depends only on the number of neurons in
the hidden layer (N,,) and the number of neurons of the output layer (V,,) because
the inputs are fixed to two.

The general expression of the length of the chromosome (Lch) is given by [2]:

Lch = (2 4+ Ny) * max(N,,) + 1 (2)

For example, for a neural network with one output and two neurons in the
hidden layer, the length of the chromosome is Lch equal to 7: the number of
neurons N, (one allele), Gaussian functions centers neurons of the hidden layer C;
C, (two alleles), the widths “¢” of the Gaussian functions of the hidden layer
neurons g; o, (two alleles), the connection weights between the neurons of the
hidden layer and the output layer neuron Z; Z, (two alleles).

The population size T,, (population matrix) is given by [3]:

Tm =N x ((2 + Ny) *max(N,) + 1) (3)

N number of individuals in the population

For example, if the maximum number of neurons in the hidden layer is equal to
20, then the length of the population chromosomes is equal to 61. In this case if the
neurons number in the chromosome i is equal to 6 (N,; = 6), it will be organized as
follows:
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[Nm'(: 6) C]. . .C6. ..01.. .0'621. . Z60 0.. 0} (LCh = 61) (4)

N,; neurons number in the hidden layer of the ith individual

Bellow an example of 3 individuals in a population composed of 80 individuals
where Nymax 1S 20:

Nyi =55 Nyzo = 205 Nygo = 2

an(:S) Cl...CS 61...0'521...2500 0

Nn30(: 20) Cl- . .C20 g1...0Q Zl Z20

Nngo(: 2) C1C2 010, 212200 0

5 Results of Simulation

This method is applied to modelling the BOX and JENKINS system, which is a
time series. This process is a gas-fired boiler with the input the gas at the inlet and
the output the concentration of released CO,.

A time series is a sequence of observations on a variable measured at successive points in
time or over successive periods of time. The measurements may be taken every hour, day,
week, month, or year, or at any other regular interval. The pattern of the data is an important
factor in understanding how the time series has behaved in the past. If such behaviour can
be expected to continue in the future, we can use the past pattern to guide us in selecting an
appropriate forecasting method.

To identify the underlying pattern in the data, a useful first step is to construct a time series
plot. A time series plot is a graphical presentation of the relationship between time and the
time series variable; time is on the horizontal axis and the time series values are shown on
the vertical axis. Let us review some of the common types of data patterns that can be
identified when examining a time series plot [2].

The data of BOX and JENKINS consist of 296 measurements of input and
output [10, 25].

The RBF neural network has two inputs, one output and a hidden layer. The
number of neurons in the hidden layer Nn is determined by the NSGA 1II as well as
the centers and the widths of the Gaussian functions, and the weights of connection
between the hidden layer and the output layer.

The NSGA II optimizes simultaneously Nn and the quadratic cumulated error e,
given by:
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The gas flow in the boiler Reel System
(input dats) > Gas-fired hoiler b ._.@7_, Encr
(Box and Jenkins System) The reel concentration \j.
of CO2 (desired output)

Vi

RBF Neural ptetwork Model

A 4

REF NN model output

REF NN parameter’s

Actual neurone’s
number in hidden layer

NSGAIl

Fig. 3 Modelling schema of Box and Jenkins system using RBF NN

where:

€. cumulative error. e(i): instantaneous error. N: length of the simulation
sequence (the number of data N = 296)

Yd the desired out put,

Yr real output (output of the RBF NN model)

The modelling schema is presented in the Fig. 3,

The neural network learning is performed on 100 data of model of Box and
Jenkins and validation is performed on the remaining data (196 data).

The results obtained which represent the first Pareto front (which containing the
best individuals or non dominated individuals) of the last generation is given in
Table 1.

By analyzing this table, we can notice that the Pareto front contains five non
dominated individuals. There is an important difference between the global error of
the individual 5 and the other individuals. It was selected as the best model. The
structure of this RBF neural network model is composed of seven neurons in the
hidden layer and an overall error 0.5259.

Figure 4 shows the gas flow in the boiler, which represent the global real input
data.

Figure 5 shows the real input training data.

Figure 6 represents the real input validation data.
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Table 1 Pareto front

K. Lamamra et al.

No. of Number of neurons in Training error Validation error | Global error
individual the hidden layer Nn (100 data) e, (196 data) ey (296 data) e.g.
1 2 5.4241 11.0611 16.4852
2 3 4.7137 8.7448 13.4585
3 4 3.0042 6.1185 9.1227
4 6 1.0218 3.5033 4.5251
5 7 0.2043 0.3216 0.5259
) Global input data (The gas flow in the boiler)
T T T T
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©
o
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o
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Fig. 4 Global input data, Gaz flow in the boiler

The gas flow in the boiler

{Input training data)
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The gas flow in the boiler

(Input validation data)
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Input validation data

1 | -l - 1 k
0 20 40 60 80 100 120 140 160 180 200
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g. 6 Input validation data

The desired training concentration of CO2 released from the output of the boiler
(Desired output training)
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Fig. 7 Desired output training

Figure 7 represents the desired output training, which represent the desired
training concentration of CO, released from the output of the boiler.

Figure 8 shows the RBF neural network model output during training phase.

Figure 9 represents the desired output and RBF neural network model output
during training phase, and the Training error is shown in the Fig. 9.
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The output of the RBF neural model during training phase
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Fig. 8 RBF neural network model output during training phase
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Fig. 9 Desired output and RBF neural network model output during training phase

By analyzing these figures, we can observe that the output of RBF neural net-
work model has perfectly followed the desired output during the training phase with
a training error of 0.2043.
In the training error figure (Fig. 10), the most significant peak appears at 10th
iteration.
Figure 11, represents the desired validation concentration of CO, released from
the output of the boiler (the desired output validation).
Figure 12, shows the RBF neural network model output during validation phase.
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Figure 13, represents the desired output and the RBF neural network model
output during validation phase, and the validation error is shown in the Fig. 14.

In these figures we can also observe that the output of RBF neural network
model has followed the desired output during the validation phase with a training

error of 0.3216.

This error is larger than the training error; this can be justified of the fact that the
training data number chosen is lower than validation data number.
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The output of the RBF neural model during validation phase
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Fig. 13 Desired output and RBF neural network model output during validation phase

In the validation error figure (Fig. 14), the most significant peaks are appeared at

37th and 163th iterations.

The global desired output which is the global desired concentration of CO,

released from the output of the boiler is shown in the Fig. 15.
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Figure 16 represents the global RBF neural network model and the Fig. 17
shows the concentration of CO, released from the output of the boiler (desired

output yd) and the output of the RBF neural model (y,).

Figure 18 represents the global error, and finally, the Pareto front “global

cumulated error function of the number of neurons” is shown in the Fig. 19.
Based on these results, we can conclude that the multi-objective genetic

algo-

rithm NSGAII gave a good structure of radial basis function neural network model,
with a good number of neurons in the hidden layer and good connection weights
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Fig. 16 Global RBF neural network model

Concentration of CO2 released from the output of the boiler (desired output ydval) and
the output of the RBF neural model (yrnval) during validation phase
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Fig. 17 The concentration of CO, released from the output of the boiler (desired output yd) and
the output of the RBF neural model (year)

between the hidden layer and the output layer, and it also found the best parameters
of the radial function of hidden layer neurons, because we see that the radial basis
function neural network model output is very close to that of the desired output,
with training error equal to 0.2043 and validation error equal to 0.3216 and a global
error equal to 0.5259.
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6.5 7

We are currently working on the improvement of this technique; however we try
to improve a new optimization method for Radial Basis Function and Multi Layer
Perceptron neural networks. To do so, we did modelling by RBF and MLP neural
networks with the optimization of three objectives.

The structure of neural network is hereby amended. In this technique, the input
variables and the number of input neurons are not fixed and they will be included in
the multi-objective optimization process carried out by the NSGAII algorithm. We
have to minimize the following three functions:



250 K. Lamamra et al.

e The number of neuron of the hidden layer of the radial basis function neural
network.

e The quadratic error which is the difference between the desired input of the RBF
neural network and its output.

e The regressor’s number at the input of the RBF neural network.

6 Conclusion

Neural networks are increasingly used and applied in various fields, mainly in the
problems of modelling of complex systems. This is due to their simplicity and their
universal approximation properties and the ability of information parallel treatment.
These properties make that these networks are well used for modeling and con-
trolling linear and nonlinear dynamics systems, where conventional methods fail.

The most difficult problem to solve for neural networks is to obtain the best and
right architecture. The networks established in most of practical applications are
built with an experimental way.

This difficulty can be highlighted by a number of issues, such as the number of
hidden layers to be used in a multilayer network, the optimal number of neurons in
each layer and the initial values of connection weights during the learning phase ...
etc. A bad choice can lead to poor performances of the corresponding network.

In this work we present a technique to solve the problems mentioned above. This
technique is to treat these problems as a multi-criteria optimization problem. We
considered in this work the designing of RBF neural network using the multi-
objective genetic algorithms type NSGAII, by optimizing simultaneously two
objectives functions: the first function is the quadratic cumulatively error, which is
the difference between the desired signal and the RBF neural network model output
signal, and the second is the number of neurons in the hidden layer, thereby the
NSGA II chromosome contains the number of neurons in the hidden layer, Gaussian
functions centers and widths of the hidden layer neurons, and the weights of con-
nections between the hidden layer and the output layer. At the end of the evolution of
this algorithm off-line, we have a set of RBF models which forming the final Pareto
front, and includes all allowed results, and ensuring the predefined criteria.

This optimization technique is applied to modelling a nonlinear system which is
the BOX and JENKINS process. It’s a gas-fired boiler with the input the gas at the
inlet and the output the concentration of released CO,. The results show that using
NSGAII to optimize the RBF neural network provides a good model, these results
are very satisfying.

At the end of the NSGAII algorithm evolution, it converges to a set of solutions
(Pareto front), it is a set of solutions respecting the optimization criteria, which is
generally difficult to choose one solution from the set, to resolve this problem we
proposed in the future works, the uses of selection method such as the multi-criteria
decision analysis approach.
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In our future work, we are working on the improvement of this technique;

nevertheless we try to improve a new optimization method for RBF and MLP
neural network by the multi objectives genetic algorithms NSGAII and others and
also using Particle Swarm Optimization. These techniques are applied in different
areas, such as modelling and control of complex nonlinear systems, modelling of
transistors, modelling and control in the field of renewable energies.
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