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Abstract:    Despite the success of the imperialist competitive algorithm (ICA) in solving optimization problems, it still suffers 
from frequently falling into local minima and low convergence speed. In this paper, a fuzzy version of this algorithm is proposed to 
address these issues. In contrast to the standard version of ICA, in the proposed algorithm, powerful countries are chosen as 
imperialists in each step; according to a fuzzy membership function, other countries become colonies of all the empires. In ab-
sorption policy, based on the fuzzy membership function, colonies move toward the resulting vector of all imperialists. In this 
algorithm, no empire will be eliminated; instead, during the execution of the algorithm, empires move toward one point. Other 
steps of the algorithm are similar to the standard ICA. In experiments, the proposed algorithm has been used to solve the real world 
optimization problems presented for IEEE-CEC 2011 evolutionary algorithm competition. Results of experiments confirm the 
performance of the algorithm.  
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1  Introduction 
 

A wide variety of problems in different sciences 
can be formulated as an optimization problem. Con-
sequently, finding an appropriate solution for opti-
mization problems has great importance in all sci-
ences, especially the engineering fields.  

In general, optimization problem solutions can 
be divided into two categories: classical and heuristic. 
Some instances of classical methods include analyti-
cal optimization, the Lagrangian method (Andreani et 
al., 2009), the Nelder-Mead method (Nelder and 
Mead, 1965), and linear and nonlinear optimization 
(Golban and Nedevschi, 2011). Most of the classical 
methods are based on gradient zero-crossing of the 
fitness function (Bertsekas and Gafni, 1983). In 
complex functions, these methods may fall into local 
minima. Also, sometimes the fitness function may not 
admit derivatives. These drawbacks limit the utiliza-
tion of the classical methods.  

Heuristic methods are used in solving common 
problems of different sciences. These methods at-
tempt to discover a solution without a deep under-
standing of the problem structure. In other words, the 
problem seems like a black box for the algorithm. 
These methods usually act randomly using statistics 
gained by the samples of the search space or they are 
based on a model from some natural phenomena or 
physical processes. These methods include the ge-
netic algorithm (GA) (Guo et al., 2010), simulated 
annealing (Davis, 1987), particle swarm optimization 
(PSO) (Kennedy and Eberhart, 1995), ant colony 
optimization (Brownlee, 2011), hill climbing (Brown- 
lee, 2011), the Monte-Carlo method (Fishman, 1996), 
the cuckoo algorithm (Rajabioun, 2011), and so on. 

ICA, one of the heuristic methods for solving 
optimization problems, has achieved higher conver-
gence speed in solving problems with many inde-
pendent variables, compared to PSO and GA (Gargari 
and Lucas, 2007; Kaveh and Talatahari, 2010). In 
recent years, several studies have been done to im-
prove the performance of ICA in solving optimization 
problems. Kaveh and Talatahari (2010) improved ICA 
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by adding a random ‘perpendicular vector’ between 
the imperialist and the colony in the absorption step. 
Talatahari et al. (2012) improved the convergence 
speed of ICA using chaotic functions instead of ran-
dom functions in the absorption step.  

Despite all these successful studies in improving 
ICA, some challenging issues still exist, including (1) 
falling into local optima, (2) low convergence speed 
in some problems, and (3) extremely high computa-
tional complexity for a large number of independent 
variables of the function. 

To deal with the above challenges, fuzzy ICA 
(FICA) is proposed. Using this algorithm, each col-
ony is considered a colony of all imperialists with a 
membership degree. The colonies move in the direc-
tion of the resulting vector from the weighted sum-
mation of the imperialists’ vectors, proportional to the 
membership function. The weights of these vectors 
depend on the power of the imperialists. In other 
words, the imperialist that has more power will ab-
sorb colonies with a higher membership degree and 
has a greater effect on the moving direction of the 
colonies. This makes all colonies move coordinately 
toward the current most optimal direction and in-
creases their focus on searching in one direction as the 
most optimal direction (instead of focusing on several 
directions in ICA). Therefore, the convergence speed 
increases and the optimal solution is reached sooner. 
Since moving toward one direction increases the 
possibility of falling into local optima, in each time 
period of the fuzzy method, the colony and the impe-
rialist among the countries are selected from the very 
first. Moreover, the bias of the algorithm is reduced to 
the initial talented points because all initial points or 
initial countries have been selected randomly, so the 
probability that their talented points are local minima 
(especially in complex functions with a lot of local 
minima) is higher than the probability that the points 
are selected as talented points in further steps. 

In FICA, no imperialist is eliminated as time 
increases; all imperialists move toward an optimum 
imperialist and finally converge at one imperialist, 
which indicates the optimum solution. 

The proposed algorithm is assessed on solving 
the real world optimization problems presented for 
the IEEE-CEC 2011 evolutionary algorithm compe-
tition. Experimental results confirm the performance 
of the algorithm. 

2  ICA and its extensions 
 
In this section, the original ICA and some of its 

extensions are studied. It is assumed that an arbitrary 
optimization function with n  independent variables 
is given and its output represents the amount of cost. 
The goal is to find a point in an n-dimensional space 
such that by giving it to the optimization function, the 
minimum cost will be achieved. 

2.1  Original ICA 

In ICA (Gargari and Lucas, 2007), to solve the 
assumed optimization problem, N countries are con-
sidered. Each country is represented by a vector 
which indicates a spot in the n-dimensional solution 
space. Among these spots, those having the minimum 
cost according to the fitness function are considered 
the imperialists and the rest are colonies. 

For each imperialist, first the normalized cost is 
calculated: 

 

imp{1,2,..., }
NOC max ( ) ,n i n

i N
c c


                 (1) 

 
where ci is the cost of the ith imperialist and Cn is the 
normalized cost of the nth imperialist. After this step, 
colonies should be selected. The imperialist that has 
more power attracts more colonies. Eq. (2) describes 
this operation: 
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where NCn represents the number of colonies for the 
nth imperialist, Nimp shows the number of imperialists, 
and Ncol is the number of all colonies. 

Next is the absorption step, in which each im-
perialist tries to absorb its own colonies. Colonies 
move in the direction of their imperialist’s vectors 
with a random deviation. The following formula de-
scribes this movement: 

 

1(0, ) ,   ( 1) ( ) ,U d t t    col colx V x    (3)
 

 
where U(0, βd) is a function that generates a random 
variable with a uniform distribution in [0, βd]. V1 is 
the vector between the imperialist and the colony, d is 
the distance between the imperialist and the colony, 
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and β is the control factor which usually has a value of 
2 (Fig. 1). 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
To expand the search region around the imperi-

alist, a deviation angle θ which follows a random 
number generator with a uniform distribution is added 
to the main vector: 

 
~ ( , ),U                            (4) 

 
where γ is the controlling limit of the angle deviation. 
In experiments, it is considered in the limit of π/4 
(Gargari and Lucas, 2007). 

The next step is imperialist competition. In this 
step, a colony from the weakest empire is selected and 
given to a powerful empire (not necessarily the most 
powerful one). The more powerful an empire, the 
higher its probability of being selected. 

To model this truth in ICA, first of all, a total 
power parameter is calculated for each empire. This 
parameter is more dependent on the power of the 
imperialist of the empire considered, and power of the 
colonies has little effect on it. To calculate the total 
power of the empire, the total cost of the empire is 
calculated: 
 

TC ,n n nc                            (5) 

 
where TCn is the total cost of the nth empire, ξ is a 
number less than 1, and μn is the mean of all colonies’ 
costs of the nth empire. The cost function calculates 
the amount of the evaluation function. After com-
puting the total cost, the normalized power of the nth 
empire is calculated: 
 

imp{1,2,..., }
NTC TC max {TC }.n n i

i N
               (6) 

 
After calculating the normalized power, the weakest 
colony from the empire that has the least total power 
(NTCn) is selected, called Cweak. This colony is given 
to one of the empires based on a probability propor-
tional to the power of the empires. The probability of 
owing Cweak by each empire is calculated as follows: 
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Finally, when an empire loses all its colonies, it is 
removed from the empire list and in an imperialist 
competition will be given to other empires as a  
colony.  

2.2  Orthogonal imperialist competition algorithm 
(OICA) 

OICA (Kaveh and Talatahari, 2010) is an exten-
sion of ICA in which the absorption process is modi-
fied. In this algorithm, a new vector orthogonal to the 
perpendicular vector between the imperialist and the 
colony is used. This vector is summed with the vector 
between the imperialist and the colony (Fig. 2):  
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Fig. 1  The way colonies move toward imperialists in ICA
(Gargari and Lucas, 2007) 

1 1randd x   

2 2randd x   

2rand tan d  V

Fig. 2  The way colonies move toward imperialists in 
OICA (Kaveh and Talatahari, 2010) 
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where V1 is started from the previous position of the 
colony and points to the position of the imperialist 
and V2, which is perpendicular to V1, is added to the 
equation to increase the search region. θ is a random 
variable with a uniform distribution U(−γ, γ), and γ 
determines the limit of the random changes of θ. 

2.3 Chaotic imperialist competition algorithm 
(CICA) 

An extension of OICA was presented in Ta-
latahari et al. (2012), in which chaotic functions, 
instead of random number generator functions, were 
used with a uniform probability distribution. Thus, 
the amount of disorders and oscillations where these 
functions are needed has been increased. This reduces 
the probability of falling into local optima and in-
creases the convergence speed because of more dis-
order in the random functions that expand the search 
region. 

In this algorithm, to add the chaotic functions, a 
table named cm which contains different values of the 
chaotic function is created and used instead of the 
random probability function. 
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3  Fuzzy imperialist competition algorithm 
(FICA) 

 
ICA is based on the belief that each colony has 

one imperialist and gradually all empires are elimi-
nated until one dominant empire remains in the world. 
This belief was applicable in the past as the growth of 
communication was not so fast. Today, with surpris-
ing growth of technologies and transformation of the 
world into a global village, powerful countries do not 
need military or political dominance to subjugate a 
weaker country. Rather, by using different tools like 
satellites and the Internet, they can influence all the 
countries of the world and apply their own matching 
policies.  

It is shown that all the imperialists, according to 
their power, dominate weaker countries and apply 
their matching policies there. Also, the number of 
imperialists does not decrease; rather, each country 

that surpasses others in development can take the 
place of the prior powerful countries. 

The other point that should be considered is that 
as time passes, all countries, even those that influence 
weaker countries, seem like a country that has the 
most power. 

In this study, this idea is implemented using 
fuzzy logic. After the selection of imperialists and 
colonies, colonies move toward the empires accord-
ing to an absorption operator based on the fuzzy ap-
proach. Then, countries that have reached the best 
optimal properties are considered as imperialists and 
the others as colonies. In other words, in each step, 
powerful colonies take the place of weak imperialists. 
After that, a revolution operator is applied to the col-
onies. Finally, this change and improvement loop 
continues till the distance between the imperialists 
becomes less than a threshold. In this step, the most 
powerful empire is the solution of the problem. What 
follows is a detailed description of the algorithm. 

In this algorithm, each imperialist is considered a 
fuzzy set and the colonies belong to these fuzzy sets 
as members by a specific membership function. Un-
like the standard ICA, in each iteration of the algo-
rithm, without considering the previous imperialist, 
the most powerful imperialists are selected as new 
imperialists and take the place of the previous ones. 
Then, based on the new imperialists, colonies are 
formed. More precisely, assume that Imp1, Imp2, …, 
ImpNimp are the imperialists and Col1, Col2, …, Colm 
are the colonies. First of all, in the fuzzification step, 
the membership degree of the colonies to imperialists 
is determined. To do so, the membership function that 
is in an S-shaped form is used, defined as 
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(10) 
 

This function is plotted in Fig. 3, where the effects of 
different parameters β, α, and γ on the function are 
shown. 
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In Eq. (10), function fj is defined as follows: 
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where NOCj is the normalized power of the imperi-
alist Impj which is calculated using Eq. (1). Accord-
ing to this equation, the less the jth imperialist’s cost 
and the less the distance between the ith colony and 
the jth imperialist, the greater the amount of the 
function will be. To obtain the direction of each col-
ony, the defuzzification step is used: 

 
imp imp
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(col ) (col Imp ) (col ) ,
N N
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where vi

* is the vector to which the ith colony intends 
to move. Therefore, the next position of the ith colony 
is calculated as follows: 

col ( 1) col ( ) , *
i i it t     U v           (13)

 

 
where U=diag{u(0, 1), u(0, 1), …, u(0, 1)} is a d×d 
matrix, u(0, 1) is a function that generates a random 
number with a uniform distribution, β is a constant 
coefficient that has been considered to be 2 in ex-
periments, and d is the number of independent vari-
ables of the function. Vector vi

* is thus a d×1 matrix. 
Multiplying matrix U in vector vi

*, each element of 
this vector is multiplied in a random number between 
0 and 1 and as a result, this multiplication will gen-
erate a random deviation of θ. This random deviation  
 

is used to expand the search region. Fig. 4 shows this 
random deviation. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
Like ICA, the revolution operator is used to 

prevent the algorithm from falling into local minima.  

3.1  Imperialist’s replacement 

In ICA, if a colony gains less cost than its own 
imperialist, the colony and the imperialist will be 
replaced. Now, imagine in one step m colonies reach 
the more optimum value than their imperialist. In this 
situation, only the colony that has the most optimum 
cost has a chance to become an imperialist and the 
remaining m−1 optimum colonies may be eliminated 
by the revolution operator in the next time frame. 
Also, a powerful imperialist may have m colonies that 
are more powerful than n foreign weaker imperialists. 
In this case, those m colonies may be eliminated due 
to applying the revolution operator while weaker 
imperialists will still exist. 

To address this issue, in each iteration of the 
FICA, instead of comparing the colony with its im-
perialist, among all countries, including colonies and 
imperialists, countries that have more optimal costs 
are chosen as imperialists. Figs. 5a and 5b describe 
this issue. In these figures, numbers inside the coun-
tries indicate the power of countries and the smaller 
the number, the more powerful the country. The 
pseudo code presented in Fig. 6 explains the way 
imperialists are chosen in the exchange step of FICA.  
 

Fig. 4  The absorption step and colony movement in 
FICA 

Fig. 3  The effects of parameters α, β, and γ on the 
S-shaped function 

coli 

μ j
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i) 



Arish et al. / J Zhejiang Univ-Sci C (Comput & Electron)   2014 15(5):363-371 368 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 

 
4  Experimental results 
 

The performance of the FICA algorithm was 
compared with those of different versions of ICA and 
also GA. The proposed algorithm was implemented in 
MATLAB on a system with 4 GB RAM, 2.5 GHz 
Core 5 processor and Windows 7 operating system. 
For different versions of ICA, the number of countries 
was considered to be 80 and the number of imperial-
ists was 8. Also, in GA, the number of the initial 
population was considered to be 100. To assess the 
efficiency of the algorithm, optimization problems in  
 

IEEE-CEC2011 (Das and Suganthan, 
2010) were used. All experiments were 
repeated 25 times. The maximum 
number of iterations of each algorithm 
to obtain coverage and obtain the  
best solution varies from 500 to 5000. 
Table 1 briefly describes the properties 
of each problem, Table 2 shows the 
fitness value of the best solution, and 
Table 3 gives the mean values from the 
25 experiments. 

In addition, to assess the results of 
the experiments, an approach introduced 
in Das and Suganthan (2010) was used. 
In this approach, for each experiment, 
first the mean and minimum cost val-
ues of the solutions of the algorithms 
were ranked from best to worst, and 
then the sum of the mean and minimum 
values of the solution of each algo-
rithm was calculated. At last, the av-
erages of the mean and minimum val-
ues were calculated for each algorithm 
and the algorithm that has the mini-
mum average was chosen as the best 
algorithm and the others were ranked 
according to their average values. 
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Fig. 5  Before (a) and after (b) position exchange of pow-
erful colony and weak imperialist 

For i=1 to the number of imperialists 
     If the cost of the weakest imperialist is larger than the 

cost of the strongest colony  
   Remove the weakest imperialist position from the  

imperialist list and put its position in the colony list  
   Remove the strongest colony position from the colony 

list and put its position in the imperialist list  
     End If 
End For 

Fig. 6  Position replacement of colonies and imperialists 
in FICA 

Table 1  Problem set definitions

Problem 
Number of 
variables 

Description 

P01 6 Parameter estimation for frequency-modulated (FM) 
sound waves 

P02 30 Lennard-Jones potential problem 

P03 1 Bifunctional catalyst blend optimal control problem 

P04 1 Optimal control of a non-linear stirred tank reactor 
P05 30 Tersoff potential function minimization problem  

(instance 1) 
P06 30 Tersoff potential function minimization problem  

(instance 2) 
P07 20 Spread spectrum radar polly phase code design 

P08 7 Transmission network expansion planning problem 

P09 122 Large scale transmission pricing problem 

P10 12 Circular antenna array design problem 

P11.1 120 Dynamic economic dispatch problem, instance 1 

P11.2 216 Dynamic economic dispatch problem, instance 2 

P11.3 6 Static economic load dispatch problem, instance 1 

P11.4 13 Static economic load dispatch problem, instance 2 

P11.5 15 Static economic load dispatch problem, instance 3 

P11.6 40 Static economic load dispatch problem, instance 4 

P11.7 140 Static economic load dispatch problem, instance 5 

P11.8 96 Hydrothermal scheduling problem, instance 1 

P11.9 96 Hydrothermal scheduling problem, instance 2 

P11.10 96 Hydrothermal scheduling problem, instance 3 

P12 26 Spacecraft trajectory optimization problem, Messenger

P13 22 Spacecraft trajectory optimization problem, Cassini 2
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Table 2  Best function values achieved 

Problem ICA OICA COICA FICA GA 

P01 0.000E+00 2.251E+00 3.692E-01 1.115E-05 7.981E+00 

P02 −2.477E+01 −1.334E+01 −9.479E+00 −2.328E+01 −2.318E+01 

P03 1.151E-05 1.151E-05 1.151E-05 1.151E-05 −1.939E-09 

P04 1.377E+01 1.377E+01 1.377E+01 1.392E+01 1.383E+01 

P05 −3.679E+01 −2.842E+01 −2.842E+01 −3.724E+01 −7.720E+00 

P06 −2.914E+01 −1.837E+01 −1.885E+01 −3.034E+01 2.395E+01 

P07 5.899E-01 1.372E+00 1.565E+00 9.719E-01 1.079E+00 

P08 2.200E+02 2.200E+02 2.200E+02 2.200E+02 2.200E+02 

P09 7.253E+04 2.716E+05 9.274E+05 9.813E+03 2.538E+06 

P10 −2.146E+01 −2.003E+01 −1.775E+01 −2.391E+01 −1.032E+01 

P11.1 4.743E+05 1.955E+08 2.203E+08 3.444E+05 7.851E+06 

P11.2 2.162E+06 1.270E+07 1.251E+07 3.868E+05 7.646E+06 

P11.3 1.545E+04 1.545E+04 1.545E+04 1.546E+04 1.545E+04 

P11.4 1.877E+04 1.951E+04 1.943E+04 9.627E+03 1.881E+04 

P11.5 3.293E+04 4.025E+04 1.373E+05 3.304E+04 5.608E+05 

P11.6 1.488E+05 6.443E+05 2.445E+06 1.053E+05 2.083E+08 

P11.7 1.937E+06 1.257E+08 2.489E+08 1.192E+06 3.410E+09 

P11.8 9.402E+05 1.279E+07 2.499E+07 1.953E+05 6.699E+07 

P11.9 1.383E+06 1.120E+07 2.629E+07 1.013E+06 7.721E+07 

P11.10 9.482E+05 2.644E+06 4.401E+06 7.237E+05 4.225E+08 

P12 1.826E+01 1.469E+01 1.959E+01 1.457E+01 1.551E+02 

P13 2.037E+01 1.539E+01 2.908E+01 1.245E+01 1.204E+02 

Table 3  Mean function values achieved 

Problem ICA OICA COICA FICA GA 

P01 8.760E+00 1.014E+01 9.443E+00 3.713E+00 1.980E+01 

P02 −1.852E+01 −1.117E+01 −7.929E+00 −1.816E+01 −1.996E+01 

P03 1.151E-05 1.151E-05 1.151E-05 1.151E-05 −1.939E-09 

P04 1.402E+01 1.427E+01 1.393E+01 1.418E+01 1.418E+01 

P05 −3.454E+01 −2.370E+01 −2.202E+01 −2.506E+01 4.491E+00 

P06 −2.786E+01 −1.598E+01 −1.448E+01 −1.770E+01 4.081E+01 

P07 1.165E+00 1.681E+00 1.854E+00 1.357E+00 1.463E+00 

P08 2.200E+02 2.229E+02 2.239E+02 2.219E+02 2.247E+02 

P09 1.906E+05 3.508E+05 1.062E+06 3.329E+04 2.767E+06 

P10 −1.899E+01 −1.772E+01 −1.616E+01 −2.074E+01 −1.023E+01 

P11.1 2.399E+06 2.755E+08 2.751E+08 1.790E+06 7.974E+06 

P11.2 2.945E+06 1.381E+07 1.395E+07 2.092E+06 7.752E+06 

P11.3 1.546E+04 1.551E+04 1.552E+04 1.549E+04 1.550E+04 

P11.4 2.076E+04 2.373E+04 3.081E+04 1.457E+04 1.924E+04 

P11.5 3.306E+04 1.428E+05 3.138E+05 3.322E+04 3.159E+06 

P11.6 3.146E+06 5.320E+06 5.435E+06 3.351E+05 2.168E+08 

P11.7 4.311E+06 4.567E+08 1.015E+09 4.642E+06 6.734E+09 

P11.8 1.966E+06 2.506E+07 3.484E+07 3.102E+06 9.707E+07 

P11.9 4.357E+06 2.310E+07 3.756E+07 3.550E+06 1.000E+08 

P11.10 1.804E+06 4.402E+06 1.078E+07 3.913E+06 4.575E+08 

P12 2.734E+01 2.306E+01 2.343E+01 2.517E+01 1.877E+02 

P13 3.185E+01 2.728E+01 3.266E+01 2.482E+01 1.253E+02 
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Table 4 explains the minimum values and the 
mean values achieved from 25 experiments. Values of 
the algorithms are numbered from 1 to 5; 1 is the best  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
5  Conclusions 
 

In this paper, a fuzzy ICA (FICA) was proposed 
to solve ICA problems including frequently falling 
into local minima and low convergence speed in 
solving some optimization problems. In each step of 
FICA, powerful countries are selected as imperialists. 

and 5 is the worst. Table 5 shows a sum of the ranks of 
the algorithms according to Table 4. It can be seen that 
FICA has the highest rank among these algorithms. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
Then, other countries become a colony member of all 
the empires based on a fuzzy membership function. In 
the absorption policy, based on the fuzzy membership 
function, colonies move toward the resulting vector of 
all imperialists. In this algorithm, no empire will be 
eliminated; instead, during the execution of the algo-
rithm, empires move toward one point. Other steps of 

Table 5  Comparison of algorithms based on the sum of ranks in Table 4 
Algorithm Best Mean Overall Average 

ICA 41 40 81 40.5 

OICA 72 74 146 73.0 

COICA 87 88 175 87.5 

FICA 38 39 77 38.5 

GA 92 89 181 90.5 

 

Table 4  Ranking the algorithms based on the best solution and the mean of fitness values of solutions achieved from 25 
experiments 

Rank by minimum Rank by mean  
Problem 

ICA OICA COICA FICA GA ICA OICA COICA FICA GA 

P01 1 4 3 2 5 2 4 3 1 5 

P02 1 4 5 2 3 2 4 5 3 1 

P03 4 3 5 2 1 3 4 5 2 1 

P04 1 2 3 5 4 2 5 1 4 3 

P05 2 3 4 1 5 1 3 4 2 5 

P06 2 4 3 1 5 1 3 4 2 5 

P07 1 4 5 2 3 1 4 5 2 3 

P08 1 2 3 4 5 1 3 4 2 5 

P09 2 3 4 1 5 2 3 4 1 5 

P10 2 3 4 1 5 2 3 4 1 5 

P11.1 2 4 5 1 3 2 5 4 1 3 

P11.2 2 5 4 1 3 2 4 5 1 3 

P11.3 1 4 3 5 2 1 4 5 2 3 

P11.4 2 5 4 1 3 3 4 5 1 2 

P11.5 1 3 4 2 5 1 3 4 2 5 

P11.6 2 3 4 1 5 2 3 4 1 5 

P11.7 2 3 4 1 5 1 3 4 2 5 

P11.8 2 3 4 1 5 1 3 4 2 5 

P11.9 2 3 4 1 5 2 3 4 1 5 

P11.10 2 3 4 1 5 1 3 4 2 5 

P12 3 2 4 1 5 4 1 2 3 5 

P13 3 2 4 1 5 3 2 4 1 5 
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the algorithm are similar to those of the standard  
ICA. 

In experiments, the proposed algorithm has been 
used to solve the real world optimization problems 
presented for IEEE-CEC 2011 evolutionary algorithm 
competition. Results of experiments confirm the per-
formance of the algorithm. 
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