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The paper is devoted to the application of the evolutionary algorithms, gradient methods and artificial
neural networks to identification problems in mechanical structures. The special intelligent computing
technique (ICT) of global optimization is proposed. The ICT is based on the two-stage strategy. In the
first stage the evolutionary algorithm is used as the global optimization method. In the second stage the
special local method which combines the gradient method and the artificial neural network is applied.
The presented technique has many advantages: (i) it can be applied to problems in which the sensitivity
is very hard to compute, (ii) it allows shortening the computing time. The key problem of the presented
approach is the application of the artificial neural network to compute the sensitivity analysis. Several
numerical tests and examples are presented.

1. INTRODUCTION

The identification problems belong to inverse problems and concern the determination of mechanical
systems by finding same material, shape and topology parameters and boundary conditions from
the knowledge of the responses to given excitations. Such problems are mathematically illposed.
At present, the main challenges in solving such problems consist in elaborating new computational
methods, experimental techniques, regularization techniques and the formulation of new objective
funtionals [2]. An identification problem can be formulated as the minimization of some objective
functionals (fitness functions) which depend on measured and computed state fields such as dis-
placements, strains, eigenfrequencies or temperature. In order to obtain the unique solution of the
identification problem one should find the global minimum of the objective functional. One of the
global methods of optimization is the evolutionary algorithm [1, 13]. Evolutionary algorithms have
been applied successfully to solve many identification problems [4-6]. The main disadvantage of this
approach is very long computing time. In order to speed up this approach the hybrid evolutionary
algorithm was proposed (7, 8] in which a special kind of gradient mutation was applied. It was based
on the sensitivity of the objective functional. The gradient of the functional was computed by means
of sensitivity analysis [11] or the finite difference method. The frequency of the gradient mutation
was controlled by the artificial neural network.

In this paper a new intelligent computing technique based on the two-stage strategy is proposed.
In the first stage the evolutionary algorithm is applied. The second stage is based on the gradient
method in which the sensitivity analysis of the objective functional is performed by neuro-computing.

The problem of applications of ANN to the sensitivity analysis was considered in [12, 15]. In
the paper [12] the sensitivity analysis as the method of the analysis of the effects of the ANN is
described. The paper [15] is devoted to the sensitivity analysis, which defines a robust model of the
neural network.

In the present paper the ANN is used as the computation tool of the sensitivity analysis. The
method of local optimization, which uses the ANN to determinate the sensitivity analysis is shown.
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This approach is more general than the methods described earlier, and is applied to an identification
problem of mechanical structures.

The paper consists of 9 sections. In Sec. 2 the evolutionary algorithms are described. In Sec. 3
the idea of neural computing in the sensitivity analysis and the examination of this approach is
presented. Section 4 is devoted to the local optimization method, which uses the neuro-computation
of the sensitivity analysis. In Sec. 5 the intelligent computing technique is presented. Section 6 is
devoted to the examination of the ICT for the minimization of a simple benchmark function. In
Secs. 7 and 8 the applications of the ICT for the identification problems of 2-D and 3-D elastic
structures were included respectively. In Sec. 9 general conclusions are presented.

2. EVOLUTIONARY ALGORITHMS

The evolutionary algorithms (Fig. 1) are one of the methods of artificial intelligent, and can be
considered as a method of global optimization.

Evolutionary Algorithm
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Environment
Reproductions
Succesion
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Operations

Fig. 1. The diagram of the EA

The evolutionary algorithms work on a population of pop _size individuals, called chromosomes,
which consist of genes [1]. Genes play the role of the design variables. In the paper the case of
the real-coded chromosome is used. The others methods of coding the chromosome are known: the
binary coding, the Gray coding, etc.

At the begining the chromosomes are randomly generated in a space of solution (initation).
Next, the EA works iteratively. In each iteration (generation) the chromosomes are modified by
means of evolutionary operators: Gaussian mutation and arithmetical crossover. Many others kinds
of mutation: uniform, non-uniform, boundary, etc. and kinds of crossover: simple, heuristic etc.
are known. The mutation changes some values of randomly selected genes of the chromosome. The
crossover creates children on the basis of two randomly selected parents. The frequency of working of
the operators depends on the parameters, which describe the probability of the mutation pro mut
and the crossover pro_cro. The next step is the evaluation of the objective function for each
chromosome (evaluation). The objective function plays the role of the environment to distinguish
between good and bad solutions. The last step in each generation is the selection (succesion and
reproduction). In this work the tournament selection was used. Many others types of selection:
roulette-whell, rang, etc. are known. All steps are repeated until the stop condition is fulfilled. In
many cases the stop condition is imposed to the number of generations.

In many works the best chromosome is considered as a final solution of the evolutionary algorithm.

In the ICT a set of chromosomes is taken into account as the result of the first stage. There is a
great probability that this set is close to the global optimum. Therefore, in the second part of the
ICT the global optimum is found with great accuracy.
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3. SENSITIVITY ANALYSIS BY NEURAL COMPUTING

The approximation problem is one of the well known applications of the ANN [10]. Consider the
ANN shown in Fig. 2. The neurons i; = 1..I; create j-th layer, where j = 0..J is the number of
the layers. Additionally, consider s;; as the sum of signals in the i-th neuron in j-th layer, ei;j are
the output values of 4-th neurons in j-th layer. The output value of the neuron with the sigmoid
activation function is expressed as:

1
ek = f(Sik) = ———— 1
ik = flsi) = 0=, (1)
where:
Sik = €i—11Wi—11ik T €i—12Wi—12ik + - - - + €11, Wi—11,_,ik + WWik
I
=) ei 1nWi—tnik + WWik (2)
n=1

e — output values from previous layer, w — weight.
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Fig. 2. The diagram of the ANN

Computing the sensitivity of the sigmoid active function is very easy. The sensitivity of the
output signal e;; with respect to some input value e, can be expressed as follows:

d€J1 I dslnl : delnl . Iz d52n2 : dean : Z (3)
deo, deg, d31n1 delng d32n2 g

ni=1 na=1

The fitness function close to the optimum is approximated by a parabolic function, therefore
only one hidden layer in the ANN is sufficient.

The formula (3) can be reduced to the equation:

I 12
dezy dsin, dein, dson, degy,
deo, deg, dslm 51 delnz d32n2

=1
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if the n; # ngy the second component is equal to 0. It allows disregarding the second sum and
simplification previous formula to:

I
degr _ Z (dslm _dein, dson, _dem), (5)
=1

deg, deo, d31n1 deln1 d52n1

where:
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Substituting formulas (6)—(8) and (9) to formula (5) gives the following expression:
n = 5
deoy ey iny e
- Bty = ey e s e b (10)
or:
I 5 =
deor = 2\t e ) (1+emom)

In the case of more hidden layers the formula (11) can be easy developed. For example, for 2
hidden layers one obtains:

I I3 2 =
des; Z Z Wozin € °™M  Winy2mp€ P22 Wonyzie” (12)
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However, in this work it will not be used.
In order to examine above formulas, consider the following function:

f= () = Xn: (%m —0.7"/3 <g — cos (27rm|xi - 0.7|"/3))>, (13)

i=1
where: n is a number of variables, m defines the number of local optimas by each variable.

In the test n is equal to 2 and the parameter m equals 1. This function is relatively simple,
differentiable and has one optimum (global). A more complicated function is not necessary to verify
the gradient computation using ANN, because above formulas are used in the algorithm of local
optimization method.

The global optimization and its verification for more complicated, multimodal functions will be
described in the following sections.

The aim of this test is the comparison of the actual sensitivity of the function in selected points
with the sensitivity computed by means of the ANN. The ANN with 11 neurons (2-8-1) is used.
The ANN for 18 randomly generated (in domain) training vectors is learned. For another set of the
vectors the comparison can give similar results. In the Table 1 the values of sensitivities selected
from 100 randomly generated points are shown.

The verification of neural sensitivity analysis for other functions (with one optimum also) has
been carried out. The results are similar.
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Table 1. The results of the verification of the sensitivity of the ANN

result | 0f/0x1 | Of/0z,

min error 0.01% 0.02%
max error 8.32% 7.85%
average error 2.87% 3.02%

Fig. 3. The diagram of the ANN used in this test

4. THE LOCAL MINIMIZATION METHOD

The proposed local minimization method is a combination of the classical gradient method (the
steepest descent method) [14] and the ANN. In the first step of the method a set (cloud) of points
in a function domain is generated. It is generated by evolutionary computing. To perform the
optimization process, the ANN is constructed. The ANN has only one hidden layer, which was
explained previously. The number of the neurons in the input layer is equal to the number of design
variables of the minimizing function. The number of neurons in the hidden layer is equal to the
number of the design variables of the minimizing function multiplied by 2. In the output layer there
is only one neuron (which plays the role of the approximation of the fitness function). The starting
number of training vectors is equal to 3 powered by the number of design variables of the minimizing
function (simple mathematical dependence).

In each iteration of the optimization method a few steps are performed (Fig. 4). In the first step
a set of training vectors of the ANN is created. In the first iteration the set is created on the basis
of the cloud of points. The coordinates of the points play the role of the input values of the ANN,
the fitness values in the points play the role of output value of the ANN. Both values (input and
output) are transformed to the range [0; 1], which is necessary in the case of the sigmoid activation
function of neurons. In the second step the ANN is trained. In the next, third step, the optimization
process is carried out. The fitness function approximation is performed by the ANN. The steepest
descent method of optimization is used. To compute the gradient the formula (11) is employed.
The fitness function is computed by means of the ANN. For the point, which is the result of the
optimization (found in step 3), the actual fitness function is computed. In the last step the stop
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condition is checked. If the condition is true, the point is treated as the result of the optimization
process. If the condition is false, this point is added to the training vector set and the next iteration
is carried out (go to step 1).
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Fig. 4. The flow chart of the local optimization method

The optimization time depends on the number of fitness function computation. There are pa-
rameters of algorithm, which strongly influence the optimization time. It is readily noticeable that
the most important parameters are: the number of training vectors (in the first iteration), the RMS
error of the ANN (learning error) and the maximum number of iterations. The aim of the tests is
to choose the best values of these parameters, for which the computation time takes the minimum.

The local optimization method for different values of the discussed parameter was carry out. The
test of the minimization was performed for the fitness function (13) (n = 2, m = 1). The design
variables x7 and z can take the values from the range [0;1]. The actual minimum of the fitness
function is equal to [0.7;0.7], the fitness value in the optimum is equal to 0. The stop condition for
the algorithm concerns the finding point. If both design variables z; and z3 belong to the range
[0.68;0.72], the optimization process is stopped.

The number of training vectors takes the values: 6; 12; 15; 18 and 21. The RMS error takes the
values: 0.01; 0.02; 0.03 and 0.04. The maximum number of iterations takes the values: 100, 200 and
300. All combinations (60) of the parameters were checked.

For each combination 100 tests were applied, and then, the results (the number of fitness function
computation) were averaged.

The mean results obtained in the tests are shown in the Table 2.

The optimal parameters are: the number of training vectors is equal to 18, the RMS error take
the value: 0.01 and the maximum number of iterations is equal to 100.

In the next tests the optimal parameters were used.

The optimal number of training vectors are relatively low. The ANN works as the local approx-
imation tool, and the ANN should map the function in the relatively small environment (region of
the local optimum). The ANN does not have to map the function in whole domain.






