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Abstract
Premature convergence is a classical problem in finding optimal solution in Genetic Algorithms (GAs). 
The population diversity is a way of avoiding the premature convergence in a GA. If the population 
diversity is low, the GA will converge very quickly. On the other hand, if the population diversity is high, 
the GA will takes a lot of time to converge and this may caused wastage in computational resources. This 
paper proposes a new variant of GA: neuro-fuzzy genetic algorithm with sexual selection. The motivation 
of this algorithm is to maintain the population diversity throughout the search procedure. To promote 
diversity, the proposed algorithm combines the concept of gender and age of individuals and the fuzzy 
logic during the selection of parents. The goal of this technique is to maintain suitable diversity in the 
population and to prevent GA from converge prematurely to local optimal. Computational experiments 
are conducted to compare the performance of this new technique with some commonly used mechanisms 
found in a standard GA from literature for solving the well known Generalised Rosenbrock’s Function. 
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1. Introduction 
Genetic Algorithms (GAs) were first coined by 
John Holland [1] in 1960s. A GA is a numerical 
optimization procedure that is based on 
evolutionary principles such as selection, 
recombination and mutation. GA uses a 
population of chromosomes, each representing a 
solution to the problem that has to be solved. In 
a traditional GA, chromosomes reproduce 
asexually where any two chromosomes may be 
parents during crossover. Gender division and 
sexual selection here inspire a model of 
gendered GA in which crossover takes place 
only between chromosomes of opposite sex. The 
sex of chromosomes is not only accountable for 
preserving diversity in population and 
maintaining a victorious genetic pool by means 
of selection, crossover and mutation, but also are 
accountable for the optimization of the different 
tasks which are very important for survival. 

In this study, an obvious characteristic 
between the two gender groups, with the 
possibility of embedding different tasks for each 
one is considered such as the determination of 
which partners are suitable for mating and 

crossover. We believe the relations between age, 
effectiveness and fitness as in biological systems 
will effect the selection procedure. A bi-linear 
allocation lifetime approach is used to label the 
chromosomes based on their fitness value [2]. 
The obtained chromosomes labels are used to 
characterize the diversity of the population. The 
population is then divided into two groups: male 
and female, so that they are selected in an 
alternate way. In each generation the layout of 
selection for male and female are different.  

In short, the aim of this paper is to keep the 
diversity of population by female preference. 
The selection of the female chromosome is done 
through a set of fuzzy rules and a newly 
developed genetic-neuro-fuzzy algorithm.  

Numerous works have been performed using 
mate choice in GA, with encouraging results. 
Ronald [3] shows how the use of a seduction 
function based upon a visual measure, such as 
unitation in the case of the royal road problem 
[4], where it has been shown that selection of the 
second parent can improve GA performance. 
Work in [5] discussed the various ways of 
sexual selection that can be used in evolutionary 
computation, and indicate that speciation 
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behaviours may occur when sexual selection is 
used [6]. Good genes models of sexual selection 
rely on the idea that fitness is genetic, which 
contrasts stridently with the non-additive form 
of genetic quality associated with compatible 
gene models of sexual selection, which is not 
generally considered heritable ([6], [7]). 

Theoretical developments have played a 
critical part in understanding the role of genetic 
ability in sexual selection by providing new 
hypotheses and predictions for empiricists to 
test. Several works in this issue explore new 
theoretical avenues with respect to genetic 
ability ([6], [8]). 
2.  Fuzzy Rules Systems 
Fuzzy systems are encountered in numerous 
areas of application. Fuzzy rules for example, 
viewed as a generic mechanism of grainy 
knowledge representation, are positioned in the 
center of knowledge-based systems. In this 
paper we use a linguistic variable ‘age’ for 
chromosomes. Figure 1 describes the linguistic 
variable age where Infant, Adult and Old are 
the linguistic values. The membership functions 
for the linguistic terms are called semantic rules. 

Fig. 1. Three linguistic variables for age.
To find the membership function, we use 

the fitness value of each chromosome and the 
minimum, maximum and average fitness values 
of the population in each generation. Each 
chromosome has its own label determined by the 
age function. 
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if   is fitness value of chromosome i ;
avrf  is average fitness value; 
minf  is minimum fitness value; and  
maxf  is maximum fitness value of population. 
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where
ic  is chromosome i ;

n   is population size; 
2
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L  and U are minimum and maximum age 
respectively.  

Equation (1) is suited for maximization 
problems which relate to higher fitness values 
while equation (2) is more suitable for 
minimization problems which relate to lower 
fitness values. The fuzzification interface 
defines for each chromosome the possibilities of 
the three linguistic values. These values 
determine the applicability degree for each rule 
premise. The computation takes into account all 
chromosomes in each generation, and relies on 
the triangular membership functions shown in 
Figure 2 with 2L  and 10U .

Fig. 2. The membership function for male and 
female chromosomes.

On the other hand we can consider 
linguistic rules and membership function for 
each rule as follow: 
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A bi-linear allocation lifetime approach 
proposed in [2] is used to label the chromosomes 
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based on their fitness value which will then be 
used to characterize the diversity of the 
population. 

0; 
0; LcD i                     (4)         

Let be the label of half of the population, then 
the population can be divided into three levels,
Low, Medium and High diversity as follows:
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where n
ULt  is a parameter that has 

correlation with the domain of labels in the 
population and 10

n  ( ][x means nearest 
integer number to x, for example 2]3.2[  and 

3]8.2[ ). This computation is performed in 
every generation and relies on the triangular 
membership functions shown in Figure 3. 

Fig.3. The membership function for diversity.
We can consider linguistic rules and 

membership function for each rule as follow: 
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3.   ANFIS: Adaptive Neuro-Fuzzy 
Inference System 

The Sugeno fuzzy model [9] was proposed for a 
systematic approach to generate fuzzy rules 
from a given input-output data set. A typical 
Sugeno fuzzy model given in Figure 4 shows the 
ANFIS architecture that corresponds to the first 
order Sugeno fuzzy model. For simplicity, we 
assume that the ANFIS has two inputs 

1x and 2x but only one output y .

Fig. 4. Adaptive Neuro-Fuzzy Inference Systems 
[9] 

4.  Adaptive Neuro-Fuzzy Inference 
Systems Genetic Algorithm 
(ANFISGA)

This method is based on Neuro-Fuzzy Inference 
System and GA. In ANFISGA there are two 
inputs: 1x  male’s age and 2x population 
diversity and one output: y female’s age, ageF .

In ANFISGA we have five layers.  Layer 1
is the input layer. Neurons in this layer simply 
pass external crisp signal to Layer 2.  Layer 2 is 
the fuzzification layer. Neurons in this layer 
perform fuzzification. Layer 3 is the rule layer. 
Each neuron in this layer corresponds to signal 
Sugeno-type fuzzy rule. Layer 4 is the 
normalization layer. Each neuron in this layer 
receives inputs from all neurons in the rule 
layer, and calculates the normalized firing 
strength of given rule. Layer 5 is the 
defuzzification layer. Each neuron in this layer 
is connected to the respective normalization 
neuron, and also receives initial inputs,
and .

The main difference between ANFISGA 
and ANFIS is the adaptation. The ANFIS relies 
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on the weights, iw  during adaptation. But in the 
ANFISGA, the weights are all constant. For 
adaptation, we use sexual selection based on 
female choice and population diversity. Figure 5 

shows the ANFISGA architecture that 
corresponds to the first order Sugeno fuzzy 
model with genetic algorithm. The rules for 
ANFISGA are given in Table 1.

Figure 5: Adaptive Neuro-Fuzzy Inference Systems Genetic Algorithm (ANFISGA) 
Table 1: Rules for ANFISGA 

where iwi  (i =1, 2, 3, 4), 
i

ii w
WW ,

and are defined in equation (1), i  is given in 
equation (3), i  is taken from equation (6) and 
the output of ANFISGA is agei FD  which 
refers to the lower bound of the ageF  during the 
selection of the female chromosome.  

After the finding of the ageF  we may not 
find a chromosome that has a value at least 
equal to ageF , then we select a chromosome 
having the nearest fitness value to ageF , or may 
be we can find more than one chromosome 
which satisfies having ageF  condition, therefore 
we choose a chromosome having the highest 
fitness value of them. This technique called 
complement method.  
5.  Computational Experiments 
The experiments are conducted to compare the 
performance of our proposed ANFISGA to other 
GAs found in [12] (see Table 2) for solving the 
well known Generalised Rosenbrock’s Function 
introduced in [10]: 
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Generalized Rosenbrock’s Function ( Rosf ):
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Table 2: Real Coded Genetic Algorithms (RGA) 
[12] 

Algorithms Mutation Crossover
RGA1 Random Simple 
RGA2 Non-uniform Simple 
RGA3 Random Uniform. 35.0
RGA4 Non-uniform Uniform. 35.0
RGA5- Non-uniform BLX :( 0,.15,.3,.5) 
RGA6 Non-uniform Discrete 
RGA7 Non-uniform Linear 
RGA8 Non-uniform Extended Intermediate 
RGA9 Non-uniform Extended Line 
ANFISGA mp [0.001, 0.2] cp = 0.70 

The function is a continuous and unimodal 
function, with the optimum located in a steep 
parabolic valley with a flat bottom. This feature 
will probably cause slow progress in many 
algorithms since they must continually change 
their search direction to reach the optimum. 

We also included a binary coded GA 
(BGA) with 30 genes per variable, multiple 
crossovers with two points and proportional 
selection probability into the experiments.   

Each algorithm is tested for 30 times with a 
maximum of 5000 generations per each run. The 

results of the test function are listed in Table 3. 
The entries reported the average over 30 runs of 
the best fitness value found at the end of each 
run.

6.  Conclusions 
The principle conclusions derived from the 
results of experiments carried out are the 
following:
(a) The procedure presented is the most 

successful one for controlling diversity as 
compared with other methods proposed in 
the GA literature that have been considered 
for the experiments. 

(b) The adaptation capability of this procedure 
allows suitable parent to be used for 
producing a robust operation for test 
function with different difficulties. 
Therefore we may conclude that the female 

choice by ANFISGA is a suitable way for 
improving the performance of GAs in keeping 
the diversity of the population. 
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Table 3: Comparison of GAs with ANFISGA 

AverageAlgorithms AverageAlgorithms 
4.8854e–01 RGA5–0.31.9045e+00 BGA
1.7329e+00 RGA5–0.56.0669e+00 RGA1
5.1499e–01 RGA74.7343e–01 RGA2
5.3325e–01 RGA86.3745e+00 RGA3
3.8014e–02 RGA98.9244e–01 RGA4
3.8014e–02 RGA99.1602e–01 RGA5–0.0
2.3240e–03 ANFISGA 7.0929e–01 RGA5–0.15
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