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Abstract—A genetic algorithm can be applied to various 
search or optimization problems. However, there exists a 
problem that it takes too much cost to evaluate a large number 
of individuals. To deal with the problem, the fitness 
approximation method which reduces the cost of the evaluation 
with the similar performance to the general GA is needed. We 
proposed the fitness approximation using a combination of the 
approximation model and the fuzzy clustering technique. There 
exist two advantages of the proposed method. First, it reduces 
the cost of the fitness evaluation. Second, it shows the similar 
performance to the general GA. To verify the performance of 
the method, we designed the experiments using several 
benchmark functions and compared other fitness 
approximation methods. 

I. INTRODUCTION

genetic algorithm (GA) is the way to solve the problem 
based on the evolution mechanism of the nature. The GA 

exploits a set of points known as a population, and improves 
the population in generations in order to solve a given 
problem. The solution to solve the problem is changed into 
chromosome form and the set of candidate solutions are used. 
The GA is known for that it has higher chance to get a global 
optimum than other searching or optimization methods. 
Consequently, there have been extensive investigations on 
GAs, making the idea a major stream of computational 
intelligence [1]. However, the smaller the size of the 
population is, the higher the chance to fall into local optimum 
is. Therefore, it is important to maintain the size of the 
population as large as possible to search the global optimal 
solution. 

In spite of the advantages of the GA, there are some 
problems when applying GA to real-world problems because 
of a limitation of the GA that it takes too much cost to 
evaluate fitness of a large number of individuals in the 
population. This problem is related to not only the size of the 
population but also the cost taken to evaluate an individual. In 
the case of the interactive GA, it is difficult to define the 
fitness evaluation function and almost impossible to evaluate 
by human as the size of the population grows [2]. For the 
inverse problem of the engineering similarly the fitness 
evaluation takes much time and cost [3]. In order to surmount 
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the limitations, many researchers suggested to approximate 
fitness values of individuals, for example, the modified 
interactive GA that the users evaluate only the part of 
individuals and the rest of individuals are evaluated by the 
computer is proposed [4]. It is still an important issue how to 
approximate the fitness values as precise as possible with 
reducing the cost of the evaluation. 

To overcome the limitations of the conventional GA, we 
propose a fitness approximation method using a combination 
of the approximation model and the fuzzy clustering 
technique. The proposed method can reduce the fitness 
evaluation cost by evaluating individuals partially with 
keeping the similar performance to the standard GA. 

II. BACKGROUNDS

A. Genetic algorithm 
The GA was initially proposed by John Holland in early 

1970s. The GA consists of individuals represented as 
chromosomes and the population which the individuals 
belong to. The individuals reproduce the offspring by 
considering the fitness values of them. The individuals with 
higher fitness values survive and produce offspring of the 
next generation through genetic operators: selection, 
crossover and mutation. The procedure of the general GA is 
shown as follows [5] : 

1) Initialize the population 

2) Evaluate individuals in the population 

3) Choose individuals based on the fitness values 

4) Create new population 

5) Progress the crossover and the mutation operation 

6) Repeat 2) through 5) until certain conditions are satisfied 

Fig 1. The procedure of the general GA 

There are many ways to choose individuals based on the 
fitness values such as tournament, rank-based, roulette wheel, 
etc. With these methods, the individuals which have 
relatively high fitness values are chosen.  

After selection, crossover and mutation operations are 
performed. The crossover operation exchanges parts of the 
genetic chromosome between the parents. This process is 
similar to the crossover of genes in real world environments, 
where descendants receive inherited characteristics from both 
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parents. The mutation operation inverts some bits from each 
whole bit string at a very low rate. 

B. Model-assisted evolutionary algorithm (MAEA) 
The approximation model is used to estimate the 

approximate fitness values with lower cost. The 
approximation model has been implemented in various ways, 
for example the polynomial model, the artificial neural 
network(ANN) [6] and the support vector machine(SVM) [7]. 
The approximation model is usually trained with the input 
and the output data sets of the original fitness functions. The 
model also can be trained in real-time. 

Unfortunately, there is a chance to fall into the false 
optimum unless the approximation model has perfectly 
estimated global optimal value. This is called the false 
optimum problem as shown on the figure 2. However, it is 
difficult to implement the approximation model which has 
completely approximated to the original function. Therefore, 
it is suggested to use the approximation model with the 
original fitness function to supplement the model to prevent 
the false optimum problem. 

Fig 2. The false optimum problem 

Two points must be considered when using the 
approximation model and the original fitness function 
together. Firstly, we should consider which individuals 
should be chosen to be evaluated by the original fitness 
function, and secondly, we have to consider how to combine 
the fitness values evaluated by the original function and 
estimated by the approximation model.  

With considering these points, we grouped the population 
by using the fuzzy clustering technique, evaluated the 
representative individuals of each cluster with the original 
fitness function and combined the evaluated fitness values 
with the estimated fitness of other individuals. This can 
prevent falling into the false optimum by evaluating some 
individuals by the original fitness function not only by the 
approximation model. 

C. Evolutionary approximation 
In order to reduce the costs of the fitness evaluation in the 

GA, many researchers have proposed evaluating only the part 
of the population and estimate the fitness of the rest of the 
population with using the evaluated fitness. This method has 
its origin in the characteristics of the GA that the optimization 
is achieved as a generation is proceeding based on individuals. 
There are two kinds of the evolutionary approximation, the 
fitness inheritance and the fitness imitation. 

The fitness inheritance is the approximation method that 
spares the fitness evaluations by estimating the fitness values 
of the offspring from the fitness values of their parents. The 
cost of the evaluation is reduced by evaluating only the part of 
generations. 

In the fitness imitation, the individuals are separated into 
several groups. Then, only the representative individual of 
each cluster will be evaluated using the original fitness 
function. The fitness values of other individuals in the same 
cluster will be estimated from the representative. The method 
that clusters the individuals by using the k-means clustering 
algorithm and estimates the fitness values of individuals 
based on the distances was proposed [8], also, the method that 
estimates with the membership value of individuals gained 
from the fuzzy c-means clustering algorithm was suggested 
[9]. 

However, since there is no information about the solution 
space, the huge error can be occurred if the similarities 
between the representative individual and the other 
individuals are low, especially in the beginning of the 
evolution. Therefore, approximations of whole individuals in 
the population are not guaranteed. To overcome the 
limitations, we propose to apply the evolutionary 
approximation to the GA by using the approximation model 
together.

III. PROPOSED METHOD

Fig 3. The flow of the proposed method 

In this paper, we propose the GA using the approximation 
model and the fuzzy clustering technique which has the 
similar performance to the standard GA with less fitness 
evaluations.

The proposed method is constructed with two steps. In the 
first step, the individuals are clustered with their similarities. 



After the first step, the centroid of each cluster is evaluated by 
the original fitness function and the fitness values of other 
individuals are induced with the approximation model in the 
second step. Figure 3 shows the flow of the proposed method.

The proposed method aims to minimize the error between 
the original fitness function and the approximation model and 
to show the similar performance to the original method 
simultaneously. 

A. Fuzzy clustering 
In order to separate individuals into several groups, a fuzzy 

clustering algorithm is used for grouping the population 
instead of a hard clustering algorithm. A fuzzy clustering 
approach is less likely to get stuck in the local minimum than 
a hard clustering approach. This is because it makes soft 
decisions in iteration through the use of membership values. 

The most widely-used fuzzy clustering algorithm is the 
fuzzy c-means algorithm, proposed by Bezdeck [10]. It 
generates a fuzzy partition that provides each piece of data 
with a degree of membership to a given cluster. The values of 
the degrees of membership lie between 0 and 1. Values close 
to 0 indicate the absence of strong association to the 
corresponding cluster, while values close to 1 indicate strong 
association to the cluster. Figure 4 shows the procedure of the 
fuzzy c-means algorithm. 

1) Determine the number of clusters c and the fuzziness parameter m

2) Initialize the membership matrix ��� satisfying the condition: 
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6) Repeat 3) through 5) until stabilized as: 
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Fig 4. The fuzzy c-means clustering algorithm 

B. Approximation model based fitness evaluation 
The fitness approximation model is used to estimate fitness 

values with less cost than original fitness function. The fitness 
evaluation by using the fitness approximation model can be 

useful for the GA to reduce the evaluation costs. 
The proposed method approximates the fitness values with 

the fitness approximation model. The fitness approximation 
model should be implemented before using with training data 
set. In this paper, we implemented the approximation model 
with the multi-layer perceptron(MLP) [12]. 

However, it is difficult to implement the approximation 
model which is globally approximated to the original fitness 
function [11], and the approximation might not converge to 
the global optimum of the original fitness function and can 
generate the wrong optimal value. Therefore, the 
approximation model should be used with the original fitness 
function together and we propose the method to combine 
them. In the proposed method, the fitness values evaluated by 
the approximation model are combined with the fitness 
values of the cluster centroids calculated by the fuzzy 
clustering. More precise fitness values of individuals can be 
estimated through this process. 

C. Fitness combination 
Final estimated fitness values of individuals can be 

calculated by combining the fitness with the approximation 
model and the fitness values of the centroids of the clusters. 

In order to estimate fitness values, we separated the 
population 7 � 89�� 9!� � 9:;  with N individuals into K
clusters and obtained the set of centroid vectors , �
8��� �!� � � �<; and the membership matrix U via the fuzzy 
clustering. We defined =<�9�� which is the estimated fitness 
value of the ith individual 9� for the cluster k(k=1,2,…K) as 
below: 

=<�9�� � �><�=?��<� @��� 4 ><��=A�9��
�< means the centroid of the cluster k, =? and =A represent 
the original fitness function and the fitness evaluation 
function with the approximation model respectively. ><�  is 
the reliability of the fitness value of the individual 9� for the 
centroid �<. The reliability ><� can be calculated as below:  

><� � �BCDE?FG

HI<� is the ratio of the Euclidean distance /�9�� �<� from the 
centroid �<  to the farthest individual 9� , and is defined as 
follows: 

HI<� � /�9�� �<�BJK�� /-9�� �<.����9� L 7�

By definition, HI<� is affected by the distance from 9� to 
the centroid. M is the sensitivity. As the sensitivity is getting 
smaller, the variation of the reliability according to the 
variation of the distance is also getting smaller, and the bigger 
the sensitivity is, the bigger the variation according to the 
distance is. The sensitivity must be predefined by considering 
the characteristics of the problem. Finally, the reliability ><�
has the value between 0 and 1. The fitness values of the 
centroids evaluated by the original fitness function are 

(1)

(2) 

(3) 



(9) 

reflected to other individuals according to the reliability 
between individuals. If the individual is similar to the 
centorid, its fitness value is close to that of the centroid; 
otherwise, the fitness value is estimated by the approximation 
model. This can remedy problems of the model-based fitness 
approximation and the fitness imitation with fuzzy clustering 
at once. 

After that, the final estimated fitness value can be 
calculated by adding estimated fitness values of the 
individual 9� for all K clusters based on membership values 
for each cluster:  

=�9�� � �� =<�9���<��������9� L N<O<��

�<� is the membership values of the individual 9� for the 
cluster k. The fitness values are distributed by using the 
estimated fitness values for all clusters which the individual 
belongs to and the membership values. 

D. Accuracy
The proposed method is aimed not only to reduce the costs 

of fitness evaluation, but also to show the similar 
performance to the general GA. We analyzed the accuracy of 
the proposed method to verify the performance of the 
proposed method. 
P<�, the accuracy of the individual  9� for the cluster k, is 

defined as below: 

P<� � ><�PQ @ �� 4 ><��PAJ���PQ� PA� 	 P<� 	 �JK���PQ� PA�
PQ  is the accuracy of the fitness approximation method 

with the fuzzy clustering only and PAmeans the accuracy of 
the approximation model. The accuracy of the approximation 
model can be measured by tests. As the reliability for the 
centroid �< is getting increase, the accuracy of the individual 
9� for the cluster k is getting closer to PQ, and as the reliability 
is getting decrease, the accuracy is getting closer to the 
accuracy of the approximation model PA.

In order to make P<�  be higher than the accuracy of the 
approximation model, it is important to sustain PQ to being 
high during the evolution because PQ is not fixed contrary to 
PA. In the fitness estimation based on the fuzzy clustering, the 
accuracy is affected to ><�� the reliability of the specific 
individual. Using this, we can assume that the average fitness 
with the fuzzy clustering PQ is much the same to >R which is 
the average of reliabilities of all individuals. PQ  can be 
defined as follow: 

PQ�S�>R � � � � � T
UVWXFGYFG�

ZF[TZG[T
:

From the definition, we can find that PQ is determined by 
HI<� which is related to the number of clusters K. Since the 
distance from individuals to the centroid is getting closer as 
the number of cluster K is increasing, we can obtain higher PQ

with a big number of clusters. However, the increasing of K
can cause the rise of the evaluation cost because more 
centroids required to be evaluated. 

E. Efficiency 
Instead of evaluating all N individuals, the proposed 

method evaluated with the original fitness function only K
individuals and used the approximation model which takes 
less costs than the original fitness evaluation for N-K
individuals.

Let assume that the cost for the approximation model 
N\9]A is less than the costs for the original fitness function 
N\9]^. N\9]A can be represented as below: 

N\9]A � � 6AN\9]^����_ ` 6A ` ��
Using the representation, the total cost N\9]  for the 

proposed method can be defined as follow: 

N\9] � aN\9]^ @ �b 4 a�N\9]A����a 	 b�
Finally, we can calculate 6  the ratio of the cost of the 

proposed method with N\9]c the cost of the general GA: 

�����������������������6 � defg
defgc ���N\9]c � �bN\9]^��

����� aN\9]^ @ �b 4 a�N\9]A
bN\9]^ �

����� aN\9]^ @ �b 4 a�6AN\9]^
bN\9]^ �

����� �� 4 6A�a @ 6Ab
b

����� hi @��� 4 6A�a
b �

Since 6A is smaller than 1, we can confirmed that the cost 
of the proposed method is smaller than the cost of the general 
GA. Moreover, the cost of the proposed method is getting 
decrease as 6A decreasing, also as K the number of clusters 
decreasing.  

IV. EXPERIMENTS

A. Experimental setup 
In order to evaluate the performance of the proposed 

method, we used the Sphere function, the Griewank function 
and the Ackley function which are widely known as the 
benchmark function for the global optimization problem for 
the experiment. Figure 5 shows the functions we chose. It is 
good to provide the usefulness of the proposed method with 
the chosen functions because the functions have various local 
optima and the complex landscapes, moreover, it is easy to 
implement the approximation models of the functions. Every 
function has its own landscape of the solution space. We fixed 
the dimension of the function as 10. 

(4) 

(5)
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(7) 

(8)



Fig 5. The benchmark functions 

Table 2. Experimental environments 

Environment Value Target method
Length of chromosome 100

All
Crossover rate 0.9 
Mutation rate 0.005 

Max generation 100
Number of clusters 10 For FC and 

Proposed 
method Fuzziness parameter 1.2 

We compared several GA methods with the minimization 
problem for the functions. Table 1 and table 2 show the 

experimental methods we used and the experimental 
environments respectively. Evolutionary experiments were 
progressed 30 times for each method and the result was 
averaged. 

In this paper, we used the multi-layered perceptron the one 
of artificial neural networks to implement the approximation 
model for each function. The designed multi-layered 
perceptrons have 10 input nodes, 100 hidden nodes and 1 
output node. To approximate the model to the original fitness 
function, we trained networks with 8000 training data sets for 
each model by using the back-propagation algorithm. 

B. Experimental results 
To compare the performances of the proposed method and 

the general GA, we analyzed the result of the evolution. Since 
we applied to the minimization problem, the lower the result 
fitness of the method is, the better the performance of the 
method is. As the result of the experiment, the proposed 
method showed the most outstanding performance except 
Pop 100 in matters of all benchmark functions, also the 
smallest average approximation error among the fitness 
approximation methods. Table 3 and 4 shows the minimum 
fitness value and the average error for each method 
respectively. 

Table 3. Minimum fitness values 

Method 
Benchmark functions 

Sphere Griewank Ackley 
Pop 100 0.1101 1.3179 0.3679 
Pop 10 5.1938 21.7659 5.7417 

FC 1.5678 3.0471 2.6181 
AM 30.6415 6.4596 5.6357 

Proposed 
Method 1.0316 2.1462 1.1194 

Table 4. Average errors 

Method 
Benchmark functions 

Sphere Griewank Ackley 
FC 7.1899 0.7642 10.5116 
AM 40.1934 1.6848 0.7428 

Proposed 
Method 5.1142 0.1901 0.1210 

The evolutionary processes of the Sphere, the Griewank 
and the Ackley functions are presented in the upper row of the 
Figure 6. The proposed method showed the similar 
evolutionary process to the Pop 100 which is the general GA 
for all functions. However, the Pop 10 which has the lower 
evaluation cost than the general GA evolved slowly and never 
reached the optimal solution. Moreover, the FC evolved more 
slowly than the Pop 10 but it could reach around the optimal 
solution at the end of the generation. The AM showed similar 
process to the Pop 100 at the beginning of the evolution, but 
the result of the evolution is worse than both the Pop 100 and 
the proposed method. Especially in the Ackley function, we 
can find that the AM felt into the local optimum and 

Table 1. Methods used in experiments for comparison 

Method Description 
Pop 100 General GA with population sizes of 100 
Pop 10 General GA with population sizes of 10 

FC GA with fuzzy clustering which clusters 100 
individuals into 10 clusters 

AM GA with the approximation model and population 
sizes of 100 

Proposed 
Method The proposed method 



converged, but the proposed method didn’t. 
The lower row of figure 6 shows the changes of the 

accuracies of the approximation methods. As the evolution 
progresses, the average error of the AM method increases 
because the individuals of the AM method converged to the 
false optimum. The more individuals converge to the false 
optimum, the larger error is occurred. However, the average 
error of the proposed method decreases and keeps its level 
low because the accuracy of the approximation model is 
supplemented by the fuzzy clustering as we already 
mentioned in the chapter 3. The accuracy of the 
approximation based on the fuzzy clustering increases as the 
evolution progresses because the distances between 
individuals decrease due to the convergence of the 
individuals. 

V. CONCLUDING REMARKS

In this paper, we proposed the method of the fitness 
approximation using the approximation model and the fuzzy 
clustering technique to reduce the cost of the fitness 
evaluation in the general GA. The method reduces the cost of 
the fitness evaluation in the GA with performing as much as 
the GA does. To verify the performance of the proposed 
method, we analyzed the evolutionary process and compared 
with other method including other approximation methods by 
using the benchmark functions. As the result, the proposed 
method shows the dominant performance among several 
fitness approximation methods. 

However, the experiments were performed with only some 
benchmark functions even though the costs of the fitness 
evaluations in real-world problems are also needed to be 
reduced. In the future, the proposed method should be applied 

to not only the test based on the benchmark function also the 
real-world problem which takes high cost to evaluate fitness 
actually.  
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