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Abstract

This paper presents a genetic learning for training recurrent neural networks
(RNNs) using series-parallel modeling scheme. All weights of these networks are
adjusted simultaneously with the optimization of RNNs structure. The evolutionary
technique is based on genetic algorithms (GAs) with real coding operators used as a
mean for training the RNNs of variable structure (GAs are used Jor selecting an
optimal number of hidden nodes for neuro-identifier, as well as training the network
to minimize the error). The mean square error (MSE) function between the plant and
the model output are optimized globally through penerations of the genetic search
with elitism and hybrid selection method. Due to the mechanism of a hybrid selection
method, elitism strategy and real-coding operators, the GA can find the best model
Jor a given plant early Jrom the first generations, The significance of the proposed
identification approach is illustrated with simulated different examples for linear and
non-linear plants off-line,
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1. Introduction

The ability of the humans to be
able to recognize and explain their
environment is based on the capability of
establishing relations between
information and information units [1].

The brain’s powerful capabilities
in thinking, interpreting, remembering
and problem-solving have led scientists
to simulate the brain’s functionally with
very simplified computer models.

One result of such work is a computing
approach different than the commonly
known approach of sequential digital
computing. It is referred to as neural-
network computing or artificial neural
networks.

By simulating some of the
features of biological networks of
neurons, artificial neural networks are
able to analyze data for patterns, and
then make predications on the basis of
those patterns [2].
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Artificial neural networks
represent.an important area of research,
which opens a variety of new
possibilities in different fields including
control systems engineering [3].

A neural network is a massively
parallel-distributed processor that has a
natural  propemsity  for  storing
experimental knowledge and making it
available for use. It resembles the brain
in two respects:
1-Knowledge is acquired by the network
through a learning process.
2-Interneuron  connection  strengths,
known as weights, are used to store the
knowledge [3].

Artificial neural network is an
information-processing system that has
certain performance characteristics in
common  with  biological neural
networks.

2.1dentification and Optimization Methods

System identification can be

divided into structure and parameter
identification. Structure identification
(modeling) is the process of finding the
input variables of a function system
followed by the determination of the
input-output relation. The identification
of the involved coefficients of the
functional system is called parameter
identification or estimation [4],[5].
The identification of a linear system is a
mature field and there exist a large
number of powerful algorithms for
structure and parameter identification
[6]. Unfortunately, most of those
algorithms cannot be extended for the
structure identification of nonlinear
models without a considerable loss of
generality. This shortcoming is caused
by the large amount of possible
relations between the input and output
variables, It is evident that more
powerful search and optimization
algorithms are required to solve such
complex tasks [7].
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Many conventional optimization
methods were introduced for parameter
estimation. The suitability of a method
depends on the quality of information
contained in the data, the conceptual
model structure and the application
concerned [8].
Least square (LS) and recursive least
squares (RLS) are basic methods for
parameter estimation, but they have two
constraints, The first is that the noise
needs to be uncorrelated with the
measurement of the dependent variable.
The second constraint is that the quality
of the estimates are shown to depend on
the richness of the information contained
in the data [9]. There are many other
estimation methods, like the instrumental
variable method, the maximum
likelihood method, and the Koopmans-
Levin method, but all these methods
have drawbacks like long computation
time and complex computation [5],[9].
The aim of this paper is to utilize
GAs to find the dynamics of linear and
nonlinear systems with emphasis on
using two types of RNNs for modeling.
This paper contains two fields .The first
one is to use GAs as a learning algorithm
to train the weights of RNNs of pre-
defined structure and the second is
utilizing GAs as an optimization
technique to optimize the structure of
two types of RNN.

3. Neural Networks for Identification

Neural networks (NNs) offer
some of the most versatile ways of
modeling nonlinear processes of a
diverse nature. A neural network
attempts to mimic the function of the
brain in a crude but simplistic manner.
The nonlinear relationship between the
input(s) and the output(s) is meodeled
using a number of basic blocks, called
neurons or nodes. The nodes are
interconnected and are usually arranged
in multiple layers. Each inter-nodal link
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or interconnection is weighted. At each
node, the weighted inputs (from other
nodes or from external inputs to the
network) are summed together with an
external bias known as the threshold, and
the result is passed through a nonlinear
function (also known as the activation
function), which forms the output of the
node [10].

Two basic architectures for NNs are the
feedforward and the recurrent networks.
Networks may also be designed
combining the features of both, A
feedforward neural network (FNN) has a
multi-layered structure, The signals flow
between the nodes only in the forward
direction, i.c. towards the output end (see
Fig. 1). The nodes of a non-input layer
can have inputs from nodes of any of the
earlier layers, 50 it is used with a one-
step ahead prediction models of plants.
In the recurrent networks architecture,
the output from a node can flow in the
forward direction (i.e. to nodes towards
the output), or in the reverse direction, or
may be feedback as an input to the node
itself and is called self-feedback or self-
connection. So, it is employed to predict
several steps ahead into the future, then
it  will improve  representation
capabilities (see Fig. 2) [11][12]. In NNs
applications, usually the nodal
characteristics remain unchanged. The
adjustment of the weights on the nodal
interconnection and the thresholds is
usually referred to as training or learning
of the network. This is analogous to the
gstimation of parameters in an
identification problem. The learning may
be  supervised or unsupervised,
Unsupervised learning is based on
maximization of some predefined
function or criterion. Supervised learning
expects operator intervention. It requires
a training data set, comprising a set of
input data and a corresponding set of
data for the desired outputs and the
learning is based on the minimization of
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the error between the computed and the
desired outputs [9].

Fig (1) Feedfayward Neura] Networks
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Fig (2) A Recurrent Neural Networks

3.11dentification of Dvnamical Systems

Using RNNs
As mentioned above, neural

networks can be classified as FNNs and
RNNs. The FNNs have been widely
applied to dynamic system identification
with success [13],[14]. The tapped-
delay-line (TDL) method is usually
adopted to enable a FNN to represent a
dynamic system, because a FNN does
not have dynamic memory. The method
employs as inputs the current and past
inputs and outputs of the system to be
modeled by the network. The next output
of the system is used as a teaching
signal. However, there are several
drawbacks associated with the TDL
method. One of the drawbacks is its slow
computation speed due to the large
number of units in the input layer. This
is because, if the order of the system to
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be identified is unknown, it must be
over-estimated and hence a large number
of units in the input layer must be given
to accommodate high system orders, The
large number of units in the input layer
also makes the identifier highly
susceptible to external noise [3][6)].

Due to their structure, RNNs do not
suffer from the above drawbacks.
Therefore the present work is based on
the use of such networks, namely the
modified Elman network and the Jordan
network, as will be explained in the next
sections.

Recurrent networks can be classified as
fully and partially recurrent. Fully
recurrent networks can have arbitrary
feedforward and feedback connections,
all of which are trainable like Hopfield
network. In partially recurrent networks,
the main network structure is
feedforward. The feedforward
connections can be trainable, The
feedback connections are formed
through a set of “context” units and are
not trainable (i.e. fixed), if a BP learning
algorithm is to be used. While by using
GAs, all the connections in the network
can be trainable [3],[6].

The context units keep memories of
some past states of the hidden units, and
so the outputs of the networks depend on
an aggregate of the previous states and
the current input. It is because of this
property that partially recurrent networks
possess the characteristic of a dynamic
memory. Two types of recurrent
networks have been shown below, the
first is modified Elman network (used in
this paper) shown in Fig, (3), and the
second is the Jordan network as
illustrated in Fig (4).
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Fig (3) The Modified Elman Network

Fig (4) Jordan Network

This network have a multi- layered
structure similar to the structure of
MLPs. In this net, in addition to an
ordinary hidden layer there is a context
layer, this layer receives feedback
signals from the ordinary hidden layer in
the case of a modified Elman network.
The modified Elman network can be
described by the following equations:
Xk =WX( + W"'U (K
X (k) = W* X (k1) + a X° (k-1)
y (k) = W™ X(k)

where,

X(k) = output vector of hidden units.
X°(k) = output vector of context
units.

y(k} = output of the network,

U(k) = input vector.

W = weights matrix from context units
to hidden units.

W = weights matrix from input units
to hidden units.

152



Eng. Technology, Vol 24, WNo. 2, 2005

W = weights vector from hidden units
to output units.

W = weights vector from hidden units
to context units.

Referring to [6],[14],[15], one
finds the series-parallel identification
model as shown in Fig. (5) gives better
approximation of the input-output
function mapping compared to the
parallel identification model shown in
Fig. (6). When a parallel model is used,
there is no guarantee that the identified
model will converge to a given plant
output and therefore; the output error
(plant output yp minus RNN output ym
to an input u) will not tend to zero [15).
For these reasons, the series-parallel
model will be used in this paper.

yp (ke l)

neural network |y (k1

A e e

Fig (5) Series-Parallel Identification Model

|j:i":| PEEIIi P ([’H‘]]
+ aTor
Recurrent
| neural network vin (k+1)
o
Genetic o
algorithm #

Fig (6) Parallel Identification Model

4. Evolutionary Computation

In the past few years, search and
optimization algorithms inspired by
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biological evolution are introduced, and
called evolutionary computation (EC)
[7].

Evolutionary Computation (EC)
methodologies are sometimes used in
combinations with other methodologies;
for example, Mitchell [16] described the
use of evolutionary algorithm such as
GAs to train NN. Instead of replacing
the entire population-each generation,
only one or two individuals were
produced which then had to compete to
be included in the new population. The
network weights were represented as
real, rather than binary numbers,

Typical paradigms of the EC include
genetic algorithms (GAs), evolutionary
strategies (ESs), evolutionary
programming (EP), and  genetic
programming (GP). The scope of this
work 1s to describe and focus only on
GAs and see how the GA searches for
solutions in the problem of identification
of different linear and nonlinear systems
using two types of RNNs.

GAs have proven to be very powerful
search and optimization tools especially
when only little is known about the
underlying structure in the data. GAs are
search algorithms based on the
mechanics of natural selection and
genetics. They employ operations similar
to those found in natural genetics to
guide their path through the search
space. Essentially, they combine a
survival the fittest optimization strategy
with a structured yet randomized
information exchange [17].

4.1 GA Operators
The genetic algorithms used

involve the three types of operators: a
hybrid selection method, single point
crossover, and mutation [16].

The hybrid selection method is a
robust strategy inspired from the
modified simplex method, is to accept in
the new population only those strings
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that have better fitness values than the
worst individual in the old population.
This strategy is expected to ensure good
guidance in the Complex and nonlinear
search space ([6, 18]),

The crossover operation used in

traditional GA is utilized successfully for
real-coded GA.,
Mutation can occur in a string with very
small  probability. In  real-coded
mutation, the random number between
small upper and lower limits was added
to the parameter itself (the connection
weights).

Elitism:

In this operation the current fittest
(best) individual in the population is copied
directly to the next population without
being changed by the other operations. This
operator is sometimes used to try to make
sure that there will be a reasonable fit
individual present in the population at
every time step, It helps to avoid having all
the strings get modified by crossover and
mutation in a way so that no good solution
exits at some time [19].

4.2 Hybrid Neural/Genetic Learning

Genetic algorithms were first used
instead of back propagation (BP) as a way
of finding a good set of weights for a fixed
set of connections by Montana and Davis
[16]. Several problems associated with BP
algorithm (e.g., the tendency to get stuck at
local optima in weight space, or the
unavailability of a “teacher” to supervise
learning in some task), often make it
desirable to find alternative weight training
schemes.

The GA is used as follows; each
chromosome is considered as a list (or
“vector™) of the total weights of neural
networks.

Fig. (7) shows how the encoding is done
for a sample of RNN. Each “gene” in the
chromosome is a real number (this type of
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coding was used in this paper rather than
bit). To calculate the fitness of a given
chromosome, the weights in the
chromosome are assigned to the links in the
corresponding network, the network is run
on the training set, and the mean square of
error (MSE) was returned,

o lals i ss! & 61 &

Fig (7) Chromosome Representation

4.3 Objective Function

The network is trained to provide
the desired function approximation, where
all jts weights and the number of hidden
nodes are adapted to minimize the mean
square modeling error between the output
of plant and the output of RNN over a
batch of training patterns as:

FLpk) - ym(k)P
MSE=£=]

(2)

Np
where
MSE=mean square of error.
yp(¥)= output of linear plant at sample .
ym(kj=output of linear reference model at
sample k.
Np= training patterns.
it is necessary therefore to map the
objective function (MSE) to a fitness
function. The most commonly used
objective-to-fitness transformation is of
the form [12]: -

Fitness= 3)

I+ MSE

5. Problem Description

Simulation examples are chosen
to demonstrate the effect of using GA as
a learning algorithm for recurrent neural
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identifier of  variable  structure.
Generally, the number of input and
output nodes is fixed by definition of the
problem. The number of hidden nodes
and hidden layers, however, can be
varied, and as it is known that, the
number of nefwork weights increased
when the number of hidden nodes and
hidden layers are increased [20].

In order to simplify the task of choosing
the number of hidden nodes, GAs is well
suited for this problem [16].

6. The Proposed Method

The following genetic procedure
is introduced for training the neural
network identifier for the plant:

Step 1:Initialize the genetic operators:
crossover probability (Pc), mutation
probability (Pm), population size (Npop)
and the maximum number of
generations.

Step 2.Generate an initial population of
the network at random. The number of
hidden nodes and the initial connection
density for each network is uniformly
generated at random within certain
ranges. The random initial weights are
uniformly distributed inside a small
range, typically between —1 and +1.

Step 3:First take the number of hidden
nodes (in this work it is considered to be
between 2 to 8 nodes) as an integer
number from the chromosome of each
population, then partially train each
network on the training set to evaluate
the objective function (MSE), and then
calculate the fitness function as denoted
in equation (3).

Step 4:Put in descending order all the
chromosomes in the current population,
(the first one is the fittest).

Step S:Select individuals using hybrid
selection method (Roulette Wheel plus
deterministic selection).

Step 6:Stop if a maximum number of
generations of GAs are achieved,

[dentification of Dynamical Systems Using
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otherwise increment the generations by
one and go to Step 3.

7. Simulation Results

Simulation examples are chosen to
demonstrate the effect of using GA as a
learning algorithm for recurrent neural
identifier of variable structure. Before
describing the simulated examples, a
brief relevant item of information
concerning the simulations is given
below:
1-In all the simulations carried out, a
series-parallel modeling is used. For
3000 generations.

2- All hidden units are non-linear units
with sigmoid function, while the other
units are linear.

3-The real-coding genetic operators
are used with Npp=40, Pc = 0.85,
Pm=0.05. The mutation process
with real-valued parameters is
implemented by summing the old
parameter with randomly generated
numbers between -0.5 and 0.5. A
hybrid selection method [16] is used.
4-The following sequence of 1000
samples is chosen as a training signal
to the RNN as random value between [-
1,1]:

u(k)=random[-1,1] 0<k <1000
where k denotes the sampling instant.
5-The test signal is represented with the
following input sequence:

u(k)=0.2 Sin (27 k/50) 0=k <100

7.1 Example 1 [6]:

A nonlinear plant in output and in input
with the following difference equation:
ypk) | s
ypk+1)= +u' (k) (@
1+yp' (k)

Is to be identified using RNNs identifier
with series-parallel model.

The simulation results for this plant are
shown in Fig (8 a, b, ¢, d), which show
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the output of the plant with RNNs
identifier, difference error between two
outputs, the best MSE against the
generations and the best-hidden node
selection  against the generations
respectively.

7.2 Example 2 [21]:

In this example, the identification
model scheme is applied to the gantry
crane model,

Consider the block diagram of the gantry
crane scale model shown in Fig. (9).

Fig (9) Block Diagram of The
Gantry Crane System

The overall transfer function from actual
horizontal load position x; to the control
voltage u is given in equation below:

X _ K (14 g2 ) 6

U s(st+l) Y (sMgl)
The approximate values of 1=0.065s,
K=0.35, g=9.81 N/kg, I=lm. It is
required that this crane to be identified
using variable structure RNNs with
minimum error.
A continuous time model representation
is adopted to be numerically solved
using the Runge Kuta fourth order
method for the same performance index
(MSE), the observation time Tg=10s,
and the simulation step size for this
purpose h;=0.01s.
The simulation results for this crane are
shown in Fig. (10 a, b, ¢, d), which show
the output of the crane with RNNs
identifier, difference error between two
outputs, the best MSE against the
generations and the best-hidden node
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selection against the generations
respectively.

8. Conclusions

In this paper a design method for
the identification scheme using recurrent
neural networks with evolutionary
computation are introduced. The
problem is formulated as a constrained
optimization problem and a method

based on evolutionary computation
(GAs) with real codification and
appropriate  operators have been

employed to solve the problem. In this
way, the GA searches the proper
identifier parameters (weights and
structure of RNNs) in a reasonably large
range. The proposed method can easily
be extended to the design of other
identification laws,

The following points are concluded
from the work to solve different
identification problems dealt within the
proceeding examples,

1- It has been shown that RNNs are
capable of representing linear and
nonlinear plants models assuming no
knowledge is available (about the orders
or time delays) other than their input-
output data sets (see for example figures
(8a) and (10a)).

2- GA has the ability of starting with any
values as initial weights for training
RNN without any problem (e.g. local
minimum and convergence failure)
because GAs ensures broad converge
over the entire search domain.

3- The results of RNN learning are not
sensitive to the initial value of the weight
vector, therefore GAs is employed to
perform global search and to seek a good
starting weight vector for subsequent
neural network learning algorithm. The
results are an improvement in the
convergence speed of the algorithm.

4- GA can be used for optimizing RNN
architecture, Only one parameter can
define the whole structure of the RNNs

6



Eng. Technology, Vol 24, No. 2, 2005

studied in this work (as given in Fig, (8d
and 10d)). One limitation on the
population size is noticed because of the
computer memory. However, this
limitation can be overcome with better
computer hardware or language.
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