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Abstract-Genetic algorithms use a tournament
selection or a roulette selection to choice better pop-
ulation. But these selections couldn’t use heuristic
information for specific problem. Fuzzy selection
system by heuristic rule base help to find optimal
solution efficiently. And adaptive crossover and
mutation probabilistic rate is faster than using fixed
value. In this paper, we want fuzzy selection system
for genetic algorithms and adaptive crossover and
mutation rate fuzzy system.

Index Terms-Genetic algorithms(GA), fuzzy logic system,

adaptive genetic algorithm.

1 Introduction

GENETIC ALGORITHMS(GA) are revolutionary
random guided search techniques based on a Dar-
winian survival-of-the fittest and genetic mechanism
[1]. In other words, we select genes which adapted
given environment, crossover each genes and some-
time mutate for new chromosome. Good gene charac-
teristic is reproducted new generation. After several
evolution their remain better adaptive gene to given
environment. GAs are parallel-search procedures and
stochastic less likely to get trapped in local minima.
This paper is organized as follows. In section 2, a
brief review to GA and explanation about important
parameter. In section 3, simulation about each adap-
tive experiments, and the conclusion is made in section
4.

2 A BRIEF REVIEW TO GA

GA have parameters and variables for control the
algorithms. There are evolution operation, genetic op-

Figure 1: Simple Genetic Algorithm

erations and parameter settings. Simple GA described
in fig. 1. [2]

First, evolution operation is selection. Typi-
cal method for selection are roulette, tournament,
stochastic uniform, remainder and Uniform selection.
Selection is only operation for evolution. So choosing
a selection method is quit important.

Second, genetic operations have three steps,
crossover operation, mutation operation and reproduc-
tion. If chromosomes presented bit strings, crossover
operator can be one point crossover or n point
crossover, also mutation operator can be one point
mutation or n point mutation. Real number lists
case scattered, intermediate, heuristic and arithmetic
crossover operator can be used, and gaussian, uniform
and adaptive feasible mutate operator can be used for
genetic operations. Reproduction method is used to
apply elitism.

Third parameter settings, there are two main pa-
rameter, crossover rate and mutation rate[3]. The
value rely on what kind problems given. In simple
problem, increasing crossover rate will reduce conver-
gence time, and decreasing crossover rate will some-
times have better solution. And increasing mutation
rate also effect convergence time, and accuracy about
solution. But each problem has their own’s character-
istic, and use different values for crossover and muta-
tion rate.[4]
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Figure 2: Adaptive Crossover, Mutation and Selection
Using Fuzzy system for Genetic Algorithms

Figure 3: Adaptive Parameter Genetic Algorithm

3 Adaptive Selection, Crossover and
Mutation

There exist trade-off with parameter values. For
example, at starting time their need big crossover rate
and small mutate rate, and when generation reach to
termination condition need small crossover rate and
big mutate rate for improve solution [5]. So using that
kind of heuristic information can be used fuzzy logic
system, in fig. 2. Algorithm is described in fig. 3.

3.1 Adaptive selection

Test function-Schaffer 2 problem (SF2)
(Michalewicz, 1996) [6]. Schaffer’s function used
for modeling several real-world problem like emerging
areas of wireless networks. The function defined in
(1) and two-dimension(2-D) case plotted in fig. 4.
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xi ∈ [−32.767 32.767] , n = 5, offset = 1000. (1)

Figure 4: Fuzzy membership functions and rule base for
adaptive tournament candidate’s number

Figure 5: Comparison of the number of tournament can-
didates change and adaptive number of tournament candi-
dates

The global optimum x*=(0,...,0) with f(x*)=1000, off-
set=1000. To find characteristic about given prob-
lem we use 300 population, 50 chromosomes, fixed
crossover rate 1.0, mutation rate 0.0 and repeat 100.
In fig 5. several number of tournament selection can-
didates bring about different result. Large number
of candidates raise fast convergence. But accuracy
wasn’t good. So using this heuristic information we
design fuzzy logic system. fig. 4.

3.2 Adaptive crossover rate

Test function-Rastrigin problem (RG) (Storn and
price, 1997) [6]. The function defined in (2) and two-

Figure 6: Fuzzy membership functions and rule base for
adaptive crossover rate
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Figure 7: Comparison of the different crossover rate

Figure 8: Comparison of the different crossover rate when
population size change

dimension(2-D) case plotted in fig. 6. The global op-
timum x*=(0,...,0) with f(x*)=1000, offset=1000.

f(x) = 10n +

n∑
i=1

(
x2

i − 10 cos (2πxi)
)

xi ∈ [−5.12 5.12] , n = 5. (2)

We use 300 population, 50 chromosomes, fixed mu-
tation rate 0.0, repeat 100, and change the crossover
rate from 0.7 to 1.0. In fig 7, crossover rate 1.0 is
faster than Crossover rate 0.9, but Crossover rate 0.9
is more accurate. So we can design to mix that kind of
performance in fig 7. After adding fuzzy logic system
there exist improve performance. And this fuzzy logic

Figure 9: Fuzzy membership functions and rule base for
adaptive mutation rate

Figure 10: Comparison of the different mutation rate

Figure 11: Comparison of the different mutation rate
when population size change

system also same influence when the population size
change from 10 to 300. In fig 8.

3.3 Adaptive mutate rate

Test function-Schaffer problem (SF) another ver-
sion [7]. The function defined in (3) and two-
dimension(2-D) case plotted in fig. 9. The global
optimum with x*=(near zero), f(x*)=0.99400693.
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xi ∈ [−16.383 16.383] , n = 5. (3)

We use 300 population, 50 chromosomes, fixed
crossover rate 1.0, repeat 100, and change the mu-
tation rate from 0.0 to 0.4. In fig 10, lower mutation
rate rapidly convergence, bigger mutation rate find ac-
curate solution, except mutation rate over 0.4. Using
these heuristic information we can design fuzzy logic
system like fig. 9. And this fuzzy logic system also
same influence when the population size change from
10 to 300, in fig. 11.

4 Conclusions

This paper has presented adaptive crossover, muta-
tion and selection using fuzzy system for GA. Three
different 5-dimensional problems used to implement
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each adaptive algorithms. The aim is better per-
formance by heuristic information implemented fuzzy
logic system. After finding characteristic given prob-
lem through changing major parameter, design infer-
ence engine to avoid trade off about parameter. So the
result is faster and more accurate than simple GA.
Furthermore studies showed the result after change
population size.
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