A Hybrid Search Method Combining a Real-Coded Genetic
Algorithm with a Simplex Search Method
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Abstract

One of the main drawbacks in applying genetic algorithms (GAs) to
complex problems has been the high computational cost due to their slow
convergence rate. This fact gives a difficulty in an attempt to use GAs for
function optimization problem. To alleviate this difficulty, an island-model
based hybrid search method which combines a real-coded genetic
algorithm(RCGA) with a simplex search method is presented. Our motivation
for employing the RCGA 1is to introduce best exploration into the hybrid
search method, and the simplex search method is to introduce cost-effective
exploitation. In an attempt to make effective use of the exploitation operation
of the simplex search method in the proposed search framework, we use a
parallel architecture where two algorithms run during the isolation time and
exchanges migrants. To demonstrate the superiority of the proposed
algorithm, it is compared with an alternative optimization technique, RCGA
proposed by Michalewicz in two optimization problems for modeling a system

with time delay and tuning the parameters of a PID controller.
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Real_CodedGeneticAlgorithmwithElitism()
{
k= 0;
Initialize P(k);
Evaluate P(k);

While(not termination condition)

{
k= k+1;
Reproduce P(k) from P(k-1);
Crossover P(k);
Mutate P(k);
Evaluate P(k);
Apply elitism;

oy 22 dElE AFS Agsl= RCGA
Fig 2.2 RCGA employing the elitist strategy
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Fs(x) = 0.5+ (Sin2\/m—0.5)

, —10<x,<10 (2.20)
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X“ = Xr

‘ Xc = O.B(XW_XM) ‘
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T

Initialize simplex X, X", Xau
and calculate F(x)
v <
Rank F(x), find Xw and calculate Xu
v
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Xp = 2Xu—Xw

Xs=0.5(Xs+Xp)
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Fig 2.9 Flow chart of the Nelder-Mead simplex method
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Nelder_MeadSimplexSearchMethod()
{
Initialize parameters;
While(not termination condition)
{
Compute xz= (1+a)xy—xw and F(xg);
if F(XR) < F(X(;)
if F(Xu) < F(XR) then
Replace xw with Xg;
else
Compute Xz=¥Xp+(1-¥)Xy and F(xg);
if F(XF) < F(XB) then
Replace xw with Xg;
else
Replace xw with Xg;
endif
endif
else
if F(XR) < F(XW) then
Replace xw with Xgz;
else
Compute Xc= (xw+xw)/2 and F(xc);
if F(Xg) < F(Xw) then
Replace xw with Xc
else
Compute xs= 0xs+(1-8)x; and F(xs);
Replace xw with Xs;
Replace x¢ with Xu;
endif
endif
endif
}
}

19 2.15 Nelder-Mead ©AH e =24 2434

Fig 2.15 Logical process of the Nelder—-Mead simplex method
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Table 4.2 Means and deviations of the so-far-best objective function value

pe A~
B L 50 100 300 500
= =
Proposed ! ! 5 | 0.0869+0.1000%10 ¢
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Michalewicz 9]
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¥ 43 F4% v EH 9 Euclidean norm

Table 4.3 Euclidean norm of estimated parameters

X P
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= 1 -
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Table 4.5 Euclidean norm of estimated parameters
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