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Abstract: By integrating imperialist competitive algorithm, genetic algorithm and particle swarm 
optimization, a novel hybrid ICA approach called ICA-GA-PSO algorithm is proposed in this paper. 
This study have tried to get closer to the reality and improve the ICA by adding another category 
named ‘independent countries’. These countries represent a group of independent peaceful countries 
and they communicate with each other using swarm intelligence. The Colonies in each empire has be 
represented a small population and communicate with each other using Genetic operators.The 
important factor in this algorithm is revolution rate.The results of ICA-GA-PSO algorithm show the 
efficiency and capabilities of the new hybrid algorithm in finding the optimum solutions, compared 
with results of GA, ICA, PSO,ABC and HEICA in all test functions and for different dimensions. 
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INTRODUCTION 
 

The global optimization problem is applicable in every field of science, engineering and business. So far, 
many Evolutionary Algorithms EA (Sarimveis and Nikolakopoulos, 2005), have been proposed for solving the 
global optimization problem. Inspired by the natural evolution, EA analogizes the evolution process of 
biological population, which can adapt the changing environments to the finding of the optimum of the 
optimization problem through evolving a population of candidate solutions. Some Evolutionary Algorithms for 
optimization problem are: the Genetic Algorithm GA (Holland, 1990 and Goldberg, 1989) at first proposed by 
Holland, in 1975, Particle Swarm Optimization algorithms PSO that at first proposed by (Kennedy and Eberhart, 
1995). In 2007, Artificial Bee Colony ABC that at first proposed by (Karaboga and Basturk, 2007)  and in the 
same year, a new algorithm which is called Imperialist Competitive Algorithm ICAhas been proposed by 
(Atashpaz-Gargari and Lucas, 2007), that has inspired from a socio-human phenomenon.  

In general, the main advantages of Evolutionary algorithms are: they do not require the objective function 
to be differentiable or continuous, they do not require the evaluation of gradients, and they can escape from 
local minima (Srinivasan and Seow, 2003). 

The idea of combining two or more different algorithms into a single hybrid algorithm was inspired by the 
possibility of this new algorithm performing better than any of its component algorithms individually. The result 
is a new class of algorithms under the umbrella of hybrid algorithms techniques. The hybrid algorithm combines 
the strengths of the individual algorithms so that the resulting algorithm provides a combination of advantages 
such asitcan produce better solution,and/or produce solutions in less time.Also itcan effectively handle problems 
with large input sizes, especially with respect to NP problems (Ghodrati et al., 2012 and Soltani et al., 2012). 

These advantages seem to be gained without major disadvantages. Sohybrid algorithms have received 
significant interest in recent years and are being increasingly used to solve real-world problems (Ramezaniet al., 
2012). 

In this paper, new optimization method propose, a novel hybrid ICA approach called ICA-GA-PSO 
algorithm, we added another category called 'independent countries'. These countries are peaceful and 
communicate with each other using swarm intelligence. The colonies in each empire represented a small 
population and communicate with each other using genetic operators also The Imperialist will move if reaches 
to a better position compared to its current position. The important factor in this algorithm is revolution rate 
which increases with the increase of the number of variables. 

The paper is organized as follows: In section 2 some related works is presented. Section 3 provides a brief 
literature overview of the ICA, GA and PSO as Evolutionary algorithms. In section 4, new approach and the 
motivation of the (ICA-GA-PSO) algorithm is presented. In section 5, results are compared with other 
Evolutionary Algorithms. In section 6, some discussions about the proposedalgorithm.The last section concludes 
the paper. 
 
Some Related Works: 

In 2007, Atashpaz and Lucas proposed an algorithm as Imperialist Competitive Algorithm ICA(Atashpaz-
Gargari and Lucas, 2007, Atashpaz-Gargariet al., 2008), that has inspired from a socio-human phenomenon. 
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Since 2007 attempts were performed in order to increase the efficiency of the ICA. In 2009, Zhang, Wang and 
Peng proposed an approach based on the concept of small probability perturbation to enhance the movement of 
Colonies to Imperialist (Zhang et al., 2009). In 2010, Faez, Bahrami and Abdechiri, proposed a new method 
using the chaos theory to adjust the angle of Colonies movement toward the Imperialists’ position CICA 
(Bahrami et al., 2010a), and in other paper at the same year, they proposed another algorithm that applies the  
probability density function in order to adapt the angle of colonies’ movement towards imperialist’s position 
dynamically, during iterations AICA (Bahrami et al., 2010b). In 2012, Ghodrati, ,Malakooti and Soleimani, 
proposed a new hybrid method using the ICA and PSO by adding independent countries for large scale 
(Ghodrati et al, 2012), and in the same year, Ramazani, Lotfi and Soltani proposed a new hybrid method called 
HEICA which combines Evolutionary algorithm and ICA (Ramezani et al., 2012). 
 
Evolutionary Algorithms: 

In this section, we introduce imperialist competitive algorithm (ICA), Genetic algorithm (GA) and particle 
swarm optimization (PSO). 
 
Imperialist Competitive Algorithm (ICA): 

Imperialist Competitive Algorithm (ICA) is a new evolutionary algorithm in the Evolutionary Computation 
field based on the human's socio-political evolution. The algorithm starts with an initial random population 
called countries. Some of the best countries in the population selected to be the imperialists and the rest form the 
colonies of these imperialists. In an 𝑁𝑁𝑣𝑣𝑣𝑣𝑣𝑣 -dimensional optimization problem, a country is a 1 ∗ 𝑁𝑁𝑣𝑣𝑣𝑣𝑣𝑣 -array. This 
array is defined as below 

 
𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑣𝑣𝑐𝑐 = �𝑝𝑝1,𝑝𝑝2,𝑝𝑝3, … ,𝑝𝑝𝑁𝑁𝑣𝑣𝑣𝑣𝑣𝑣 �                                                                                                                                          (1) 

 
The cost of a country is found by evaluation of the cost function f at variables  (𝑝𝑝1,𝑝𝑝2,𝑝𝑝3, … ,𝑝𝑝𝑁𝑁𝑣𝑣𝑣𝑣𝑣𝑣 ). So we 

have 
 

𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 = 𝑓𝑓(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑣𝑣𝑐𝑐) = 𝑓𝑓�𝑝𝑝1,𝑝𝑝2,𝑝𝑝3, … ,𝑝𝑝𝑁𝑁𝑣𝑣𝑣𝑣𝑣𝑣 �                                                                                                                 (2) 
 
The algorithm starts with 𝑁𝑁𝑝𝑝𝑐𝑐𝑝𝑝 initial countries and the 𝑁𝑁𝑖𝑖𝑖𝑖𝑝𝑝  best of them (countries with minimum cost) 

chosen as the imperialists. The remaining countries are colonies that each belong to an empire. The initial 
colonies belong to imperialists in convenience with their powers. To distribute the colonies among imperialists 
proportionally, the normalized cost of an imperialist is defined as follow 

 
𝐶𝐶𝑐𝑐 = max{𝑐𝑐𝑖𝑖} − 𝑐𝑐𝑐𝑐                                                                                                                                                                   (3) 

 
Where, 𝑐𝑐𝑐𝑐  is the cost of nth imperialist and 𝐶𝐶𝑐𝑐  is its normalized cost. Each imperialist that has more cost 

value, will have less normalized cost value. Having the normalized cost, the power of each imperialist is 
calculated as below and based on that the colonies distributed among the imperialist countries. 

𝑝𝑝𝑐𝑐 = �
𝐶𝐶𝑐𝑐

∑ 𝐶𝐶𝑖𝑖
𝑁𝑁𝑖𝑖𝑖𝑖𝑝𝑝
𝑖𝑖=1

�                                                                                                                                                                         (4) 

On the other hand, the normalized power of an imperialist is assessed by its colonies. Then, the initial 
number of colonies of an empire will be 

 
𝑁𝑁.𝐶𝐶𝑐𝑐 = 𝑣𝑣𝑐𝑐𝑐𝑐𝑐𝑐𝑟𝑟{𝑝𝑝𝑐𝑐 ∗ 𝑁𝑁𝑐𝑐𝑐𝑐𝑐𝑐 }                                                                                                                                                    (5) 

 
where 𝑁𝑁.𝐶𝐶𝑐𝑐  is the initial number of colonies of the nth empire and 𝑁𝑁𝑐𝑐𝑐𝑐𝑐𝑐  is the total number of initial 

colonies. 
To divide the colonies among imperialist, 𝑁𝑁.𝐶𝐶𝑐𝑐  of the colonies is selected randomly and assigned to their 

imperialist. The imperialist countries absorb the colonies towards themselves using the absorption policy. The 
absorption policy shown in Fig.1, makes the main core of this algorithm and causes the countries move towards 
to their minimum optima. The imperialists absorb these colonies towards themselves with respect to their power 
that described in (6). The total power of each imperialist is determined by the power of its both parts, the empire 
power plus percents of its average colonies power. 

 
𝑇𝑇.𝐶𝐶𝑐𝑐 = 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐(𝑖𝑖𝑖𝑖𝑝𝑝𝑖𝑖𝑣𝑣𝑖𝑖𝑣𝑣𝑐𝑐𝑖𝑖𝑐𝑐𝑐𝑐) + 𝜀𝜀 ∗ 𝑖𝑖𝑖𝑖𝑣𝑣𝑐𝑐{ 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑖𝑖𝑖𝑖𝑐𝑐 𝑐𝑐𝑓𝑓 𝑖𝑖𝑖𝑖𝑝𝑝𝑖𝑖𝑣𝑣𝑖𝑖)}                                                                     (6) 

 
Where 𝑇𝑇.𝐶𝐶𝑐𝑐  is the total cost of the nth empire and 𝜀𝜀 is a is a positive number which is considered to be less 

than one. 
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In the absorption policy (Assimilation), the colony moves towards the imperialist by x unit. The direction of 
movement is the vector from colony to imperialist, as shown in Fig.1, in this figure, the distance between the 
imperialist and colony shown by 𝑟𝑟 and x is a random variable with uniform distribution defined as 

 
𝑥𝑥~𝑈𝑈(0,𝛽𝛽 ∗ 𝑟𝑟)                                                                                                                                                                           (7) 

 
Where 𝛽𝛽 is greater than 1 and is near to 2. So, a proper choice can be 𝛽𝛽 = 2. To increase the ability of 

searching more area around the imperialist, a random amount of deviation is added to the direction of 
movement. In Fig. 1, this deflection angle is shown as 𝜃𝜃, which is chosen randomly and with an uniform 
distribution. Then 

 
𝜃𝜃~𝑈𝑈(−𝛾𝛾, 𝛾𝛾)                                                                                                                                                                                (8) 

 
where 𝛾𝛾 is a parameter that adjusts the deviation from the original direction.  In our implementation 𝛾𝛾 is 𝜋𝜋/4 

(Rad). 

 
 

Fig. 1: Moving colonies toward their relevant Imperialist 
 
After the assimilation process, there will be the revolution operator. It is a known fact that revolution takes 

place in some countries, so in this algorithm revolution occurs with a probability. Revolution makes a sudden 
change in one or more parameters of the problem. In general, the revolution rate is 0.3. That is 30 percent of 
colonies in the empires change their positions randomly. After revolution and assimilation, a colony may reach 
to a better position than its imperialist, so the Colony position exchanges with position of the Imperialist. 

Imperialistic competition is another strategy utilized in the ICA methodology. All empires try to take the 
possession of colonies of other empires and control them. The imperialistic competition gradually reduces the 
power of weaker empires and increases the power of more powerful ones. The imperialistic competition is 
modeled by just picking some (usually one) of the weakest colonies of the weakest empires and making a 
competition among all empires to possess these (this) colonies. Based on their total power, in this competition, 
each of empires will have a likelihood of taking possession of the mentioned colonies. To model this 
competition, firstly we calculate the probability of possessing all the colonies by each empire considering the 
total cost of empire. 

 
𝑁𝑁.𝑇𝑇.𝐶𝐶𝑐𝑐 = 𝑇𝑇.𝐶𝐶𝑐𝑐 −𝑖𝑖𝑣𝑣 𝑥𝑥{𝑇𝑇.𝐶𝐶𝑐𝑐}                                                                                                                                            (9) 

 
Where, 𝑇𝑇.𝐶𝐶𝑐𝑐  is the total cost of nth empire and 𝑁𝑁.𝑇𝑇.𝐶𝐶𝑐𝑐  is the normalized total cost of nth empire. Having 

the normalized total cost, the possession probability of each empire is calculated as below 
 

𝑝𝑝𝑝𝑝𝑐𝑐 = �
𝑁𝑁.𝑇𝑇.𝐶𝐶𝑐𝑐

∑ 𝑁𝑁.𝑇𝑇.𝐶𝐶𝑐𝑐
𝑁𝑁𝑖𝑖𝑖𝑖𝑝𝑝
𝑖𝑖=1

�                                                                                                                                                         (10) 

 
The imperialistic competition will gradually result in an increase in the power of great empires and a 

decrease in the power of weaker ones. Weak empires will lose their power gradually and ultimately they will 
collapse. The movement of colonies toward their relevant imperialists along with competition among empires 
and also collapse mechanism will hopefully cause all the countries to converge to a state in which there exist 
just one empire in the world and all the other countries are its colonies. In this ideal new world colonies have the 
same position and power as the imperialist. Fig. 2 shows a picture of the modeled imperialistic competition 
(Atashpaz-Gargari and Lucas, 2007, Atashpaz-Gargariet al, 2008). 
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Fig. 2: Imperialistic competition: The more powerful an empire is, the more likely it will possess the weakest  
          colony of weakest empire 
 
Genetic Algorithm: 

Genetic algorithms (GAs) are a family of computational models developed byHolland, which is based on 
the principles of natural biological evolution. For a specific problem, GA codes a solution candidate as an 
individual chromosome. The approach begins with an initial chromosome population which represent the set of 
initial search points in the solution space of the problem. Then the genetic operators such as selection, crossover 
and mutation are applied to obtain a new generation of chromosomes. Since the operators are under the principle 
of “survival of the fittest, extinction of the unfitness”, it is expected that over all the quality the chromosomes 
will be improved with the generation increasing. This process is executed iteratively until the termination 
criterion is met, and the best chromosome of the last generation is reported as the final solution (Goldberg, 1989 
and Holland, 1990). 
 
Particle Swarm Optimization: 

The PSO method is an evolutionary algorithm that simulates the movement of flocks of birds (Kennedy and 
Eberhart, 1995). It can be employed to minimize a general function f(x), where x is a vector in a 
multidimensional space. In this approach a population of individuals (potential solutions of  f(x), called 
particles) update their movements to reach the target point [the global minima of f(x)] by continuously receiving 
information from other members of the flock. In the classical PSO, the nth particle velocity and position are 
updated according to: 

 
𝑉𝑉𝑖𝑖+1
𝑐𝑐 = 𝑤𝑤 ∗ 𝑉𝑉𝑖𝑖𝑐𝑐 + 𝑐𝑐1 ∗ 𝑣𝑣1(𝑃𝑃𝐿𝐿𝑐𝑐 − 𝑥𝑥𝑖𝑖𝑐𝑐) + 𝑐𝑐2 ∗ 𝑣𝑣2�𝑃𝑃𝑔𝑔 − 𝑥𝑥𝑖𝑖𝑐𝑐�                                                                                                (11) 

 
And 
 

𝑥𝑥𝑖𝑖+1
𝑐𝑐 = 𝑥𝑥𝑖𝑖𝑐𝑐 + 𝑉𝑉𝑖𝑖𝑐𝑐                                                                                                                                                                      (12) 

 
Here, w is inertial weight factor, 𝑃𝑃𝐿𝐿𝑐𝑐  is the local best vector of the nthparticle, and 𝑃𝑃𝑔𝑔  is the global best 

vector; c1 and c2 are adjustable social factors; r1 and r2 are random numbers (between 0 and 1). 
 
A Hybrid proposed Imperialist Competitive Algorithm: 

In this section, we explore the details of the hybrid algorithm by adding another category named 
‘independent countries’. Despite the original idea of ICA which is based on imperialism and colonies, we 
considered a group of independent peaceful countries . These countries are united and they communicate with 
each other using swarm intelligence. 

In the initial population ,we select 𝑁𝑁𝑖𝑖𝑖𝑖𝑝𝑝  of the best countries (countries with minimum cost) in the 
population to be the imperialists.Then select 𝑁𝑁𝑖𝑖𝑐𝑐𝑟𝑟  of the best countries from remaining countries as independent 
countries and the rest form the countries 𝑁𝑁𝑐𝑐𝑐𝑐𝑐𝑐wererandomly allocate to different empires equality as colonies. In 
each iteration of this algorithm, there are more steps have been added: 
 
 Step 1. Set of Revolution rate: 

The revolution rate (𝑃𝑃𝑣𝑣) in the algorithm indicates the percentage of colonies in each empire which will 
randomly change their position. A very high value of revolution rate decreases the exploitation power of 



Aust. J. Basic & Appl. Sci., 7(8): 330-341, 2013 
 

334 

 

  

    

new colonies colonies 
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algorithm and can reduce its convergence rate. In our algorithms the revolution rate is not constant number as 
original ICA, but its depending on  the number of variables (𝑁𝑁𝑣𝑣𝑣𝑣𝑣𝑣 ). The experimental results shows that the best 
revolution rate is shown in table 1. 
 
Table 1: Represent the best revolution rate for ICA-GA-PSO 
𝑵𝑵𝒗𝒗𝒗𝒗𝒗𝒗 Revolution rate 
1-10 0.001-0.01 
11-20 0.01-0.05 
21-50 0.05-0.08 
51-100 0.08-0.1 
101-1000 0.1-0.3 
more than 1000 0.3-0.4 

 
3.2  Step 2. Applied Genetic Algorithm to colonies of each empire: 

Inspired by GA, genetic operators of selection, crossover, and mutation are exerted on colonies to diversify 
population of imperialists. 

1)Highest rank selection Operator:In this method, we select the first colony that has greatest fitness, 
while the other is selected randomly.This method allows to improve the colonies to carry some good properties 
from the colony, which has the highest fitness. 

2)Single-point crossover Operator: In single-point crossover one crossover position (k) is selected 
uniformly at random in the interval [1,2, . . . ,𝑁𝑁𝑣𝑣𝑣𝑣𝑣𝑣 − 1], and the variables exchanged between the colonies about 
this point, then two new colonies are produced.Figure 3 illustrates this process. 

 
 
 
 
 
 
 
 

 
Fig. 3: Single-point crossover 

 
By the operation of crossover, better genetic scheme in a country  is inherited from the current generation to 

the next generation at the predetermined crossover probability ( 𝑝𝑝𝑐𝑐  ). When two parent colonies are located at 
local optimums, crossover operation provides child country chance of jumping from local optimum. In this 
algorithm when crossover between two colonies make bad results , we back to the old colonies before crossover.   

3) Uniform Mutation Operator: In the evolutionary progress of (ICA-GA-PSO), population diversity may 
be lost and premature convergence always happens. Mutation is very useful in situations requiring the 
restoration of population diversity. include adding a random value of uniform distribution in the interval [-1,1] 
to a specific variable in the colony. The colonies are selected at the predetermined mutation probability (𝑝𝑝𝑖𝑖 ).In 
this algorithm when mutation make bad colony, we back to the old colony before mutation . 
 
 Step 3.Imperialists Movement: 

In the real world, all countries including Imperialists perform ongoing efforts to improve their current 
situation. While in the main ICA, Imperialists never move and this fixed situation sometimes leads to lose global 
optima or prevent to achieve better consequences. Fig.4    represent a particular function and  the  result 1 could 
be a final state of running the ICA. Since in the ICA, Imperialists have no motion. The result (2), it could 
represent the final state of the algorithm proposed (ICA-GA-PSO), and the cost of the new position will be 
calculated. If the cost of the new position is less than the cost of the current one, the Imperialist will move to the 
new position, otherwise the Imperialist will not move. As can be seen in Fig.4, using this method leads to result 
2 which is a better result than 1. 
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Fig. 4: A final state of ICA and ICA-GA-PSO. Result 1 may be a final state of ICA and Result 2 may be a final  
            state of ICA-GA-PSO. 

 
The movement of Imperialist is shown in equation (13)and equation (14). 
 

𝑁𝑁𝑖𝑖𝑤𝑤 𝑝𝑝𝑐𝑐𝑐𝑐𝑖𝑖𝑐𝑐𝑖𝑖𝑐𝑐𝑐𝑐 𝑐𝑐𝑓𝑓 𝑖𝑖𝑖𝑖𝑝𝑝𝑖𝑖 = 𝑝𝑝𝑣𝑣𝑖𝑖𝑣𝑣𝑖𝑖𝑐𝑐𝑐𝑐𝑐𝑐 𝑝𝑝𝑐𝑐𝑐𝑐𝑖𝑖𝑐𝑐𝑖𝑖𝑐𝑐𝑐𝑐 𝑐𝑐𝑓𝑓 𝑖𝑖𝑖𝑖𝑝𝑝𝑖𝑖 + 𝑉𝑉𝑖𝑖𝑐𝑐𝑐𝑐𝑐𝑐𝑖𝑖𝑐𝑐𝑐𝑐 𝑐𝑐𝑓𝑓 𝑖𝑖𝑖𝑖𝑝𝑝𝑖𝑖                                                         (13) 
 

𝑉𝑉𝑖𝑖𝑐𝑐𝑐𝑐𝑐𝑐𝑖𝑖𝑐𝑐𝑐𝑐 𝑐𝑐𝑓𝑓 𝑖𝑖𝑖𝑖𝑝𝑝𝑖𝑖 = 𝑐𝑐3 ∗ 𝑣𝑣3 ∗ (𝑏𝑏𝑖𝑖𝑐𝑐𝑐𝑐 𝑖𝑖𝑖𝑖𝑝𝑝 − 𝑝𝑝𝑐𝑐𝑐𝑐𝑖𝑖𝑐𝑐𝑖𝑖𝑐𝑐𝑐𝑐 𝑐𝑐𝑓𝑓 𝑖𝑖𝑖𝑖𝑝𝑝𝑖𝑖)                                                                                 (14) 
 
  If cost (𝑁𝑁𝑖𝑖𝑤𝑤 𝑝𝑝𝑐𝑐𝑐𝑐𝑖𝑖𝑐𝑐𝑖𝑖𝑐𝑐𝑐𝑐 𝑐𝑐𝑓𝑓 𝑖𝑖𝑖𝑖𝑝𝑝𝑖𝑖) >cost (𝑝𝑝𝑣𝑣𝑖𝑖𝑣𝑣𝑖𝑖𝑐𝑐𝑐𝑐𝑐𝑐 𝑝𝑝𝑐𝑐𝑐𝑐𝑖𝑖𝑐𝑐𝑖𝑖𝑐𝑐𝑐𝑐 𝑐𝑐𝑓𝑓 𝑖𝑖𝑖𝑖𝑝𝑝𝑖𝑖) 
  Then       𝑁𝑁𝑖𝑖𝑤𝑤 𝑝𝑝𝑐𝑐𝑐𝑐𝑖𝑖𝑐𝑐𝑖𝑖𝑐𝑐𝑐𝑐 𝑐𝑐𝑓𝑓 𝑖𝑖𝑖𝑖𝑝𝑝𝑖𝑖 = 𝑝𝑝𝑣𝑣𝑖𝑖𝑣𝑣𝑖𝑖𝑐𝑐𝑐𝑐𝑐𝑐 𝑝𝑝𝑐𝑐𝑐𝑐𝑖𝑖𝑐𝑐𝑖𝑖𝑐𝑐𝑐𝑐 𝑐𝑐𝑓𝑓 𝑖𝑖𝑖𝑖𝑝𝑝𝑖𝑖  
where  𝑐𝑐3 is a positive value less than 1,𝑣𝑣3 is a random number in the range [0, 1],𝑁𝑁𝑖𝑖𝑤𝑤 𝑝𝑝𝑐𝑐𝑐𝑐𝑖𝑖𝑐𝑐𝑖𝑖𝑐𝑐𝑐𝑐 𝑐𝑐𝑓𝑓 𝑖𝑖𝑖𝑖𝑝𝑝𝑖𝑖is 

new position for ith Imperialist, cost ()is Cost function, and 𝑝𝑝𝑣𝑣𝑖𝑖𝑣𝑣𝑖𝑖𝑐𝑐𝑐𝑐𝑐𝑐 𝑝𝑝𝑐𝑐𝑐𝑐𝑖𝑖𝑐𝑐𝑖𝑖𝑐𝑐𝑐𝑐 𝑐𝑐𝑓𝑓 𝑖𝑖𝑖𝑖𝑝𝑝𝑖𝑖 is the previous position 
of ith Imperialist. and The equation (14) similarity to third part of velocity of PSO (equation (11)). 
 
Step 4.Moving Independent Countries: 

Each independent country will take a new position using particle swarm optimization and based on three 
parameters: 

•𝑃𝑃𝐿𝐿: The best personal experience of that independent country, 
•𝑃𝑃𝑔𝑔 : The best 𝑃𝑃𝐿𝐿among all the independent countries, 
•V: The independent countries current velocity. 
All the independent countries will move in the search space based on the following equations: 
 

𝑉𝑉𝑖𝑖+1
𝑐𝑐 = 𝑤𝑤 ∗ 𝑉𝑉𝑖𝑖𝑐𝑐 + 𝑐𝑐1 ∗ 𝑣𝑣1(𝑃𝑃𝐿𝐿𝑐𝑐 − 𝑖𝑖𝑐𝑐𝑟𝑟𝑖𝑖𝑐𝑐) + 𝑐𝑐2 ∗ 𝑣𝑣2�𝑃𝑃𝑔𝑔 − 𝑖𝑖𝑐𝑐𝑟𝑟𝑖𝑖𝑐𝑐�                                                                                        (15) 

 
𝑖𝑖𝑐𝑐𝑟𝑟𝑖𝑖+1

𝑐𝑐 = 𝑖𝑖𝑐𝑐𝑟𝑟𝑖𝑖𝑐𝑐 + 𝑉𝑉𝑖𝑖𝑐𝑐                                                                                                                                                                                    (16) 
 
Where 𝑤𝑤is inertia weight which shows the effect of previous velocity vector (𝑉𝑉𝑖𝑖𝑐𝑐 ) on the new vector, 𝑐𝑐1and 

𝑐𝑐2are acceleration constants, 𝑣𝑣1and 𝑣𝑣2is a random function in the range [0, 1] and 𝑖𝑖𝑐𝑐𝑟𝑟𝑖𝑖𝑐𝑐 is current position of 
theindependent country. 

 
 Step 5.Exchanging Positions Of The Imperialist And Independent Countries: 

While independent countries  moving, It may reach to a position with lower cost than that of imperialist. In 
such a case, the imperialist moves to the position of that independent country  and vise versa. Then algorithm 
will continue by the imperialist  and independent country in a new positions.Fig.5 illustrates this process.Fig.6 
shows the flowchart of the proposed algorithm.The pseudo-code of the ICA-GA-PSO is presented as below: 
 
Procedure ICA-GA-PSO: 
Step 1: Initializing Parameters: 

Step 2: 
2.1 Define the optimization problem; 
2.2:Generate some random countries; 
2.3:Select the most powerful countries as empires; 
2.4:Select the most powerful countries from remaining countriesas independent; 
2.5:Randomly allocate remain countries to different empires equality; 
%% ICA-GA-PSO operators%% 
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Imperialist 

One step  
of move 

Colonies 

Independent 
Exchange 

an imperialist 
with 

Independent 

Step 3:Decade loop Nd=Nd+1: 
Step 4:For 𝒊𝒊 = 𝟏𝟏,𝟐𝟐, … ,𝑵𝑵𝒊𝒊𝒊𝒊𝒊𝒊 do; %Genetic Algorithm Procedures%: 

4.1:Selection; 
4.2:Crossover; 
4.3:Mutation; 

 
Step 5:%Particle Swarm Procedures%: 

5.1:Move imperialists using third part of velocity of pso; 
5.2:Move Independent countries using PSO procedures ; 
5.3:If there is an independent country which has lower cost than  
the imperialist , exchange the positions between them; 

 
Step 6: %Imperialist Competitive Algorithm Procedures%: 

6.1:Assimilate colonies toward their imperialist; 
6.2:Countries revolution; 
6.3:Exchange imperialist with best colony if is necessary; 
6.4:Calculate total cost of empires; 
6.5:Imperialistic competition; 
6.6:Eliminate the powerless empires; 
Step 7:Terminating Criterion Control; Repeat Steps3-7 until a  terminating criterion is satisfied; 
 
 
 

 
 

 
 
 
 
 
 
 
 
 
 
 
 

Numerical Results: 
The proposed ICA-GA-PSO is tested using 6 benchmark functions. For comparison, GA ,PSO,ABC 

(Karaboga and Basturk, 2007) and HEICA (Ramezani et al, 2012) are also executed on these 6 functions. Table 
2 shows the details of test functions. The parameter settings of ICA-GA-PSO algorithm are described as 
follows: crossover rate is 0.9, mutation rate is 0.7, Assimilation coefficients are set to 2.0, Revolutionary rates 
are set as table 1, 𝑐𝑐1 and 𝑐𝑐2 are set to 2.0, 𝑐𝑐3 is set to 0.95, 𝑁𝑁𝑖𝑖𝑖𝑖𝑝𝑝  is equal to 𝑁𝑁𝑖𝑖𝑐𝑐𝑟𝑟 . The algorithm is conducted 20 
runs for each test function. 
 
Table 2: Benchmark functions (F1-F6) 

Benchmarks Function Range Minimum 

 
F1(Sphere) �𝑥𝑥𝑖𝑖2

𝑐𝑐

𝑖𝑖=1

 [−5.12,5.12] f(0)=0 

 
F2(Rosenbrock) � 100(𝑥𝑥𝑖𝑖2 − 𝑥𝑥𝑖𝑖+1)2 + (1 + 𝑥𝑥𝑖𝑖)2

𝑐𝑐−1

𝑖𝑖=1

 [−2.048,2.048] f(1)=0 

F3(Rastrigin) �(𝑥𝑥𝑖𝑖2 − 10cos(2𝜋𝜋𝑥𝑥𝑖𝑖) + 10)
𝑐𝑐

𝑖𝑖=1

 [−5.12,5.12] f(0)=0 

F4(Griewank) 1 + �(
𝑥𝑥𝑖𝑖2

4000
)

𝑐𝑐

𝑖𝑖=1

−��cos �
𝑥𝑥𝑖𝑖
√𝑖𝑖
��

𝑐𝑐

𝑖𝑖=1

 [−600,600] f(0)=0 
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F5(Ackly) 
−20 exp�−0.2�

1
𝑐𝑐
�𝑥𝑥𝑖𝑖2
𝑐𝑐

𝑖𝑖=1

�

− exp�
1
𝑐𝑐
� cos(2𝜋𝜋𝑥𝑥𝑖𝑖)
𝑐𝑐

𝑖𝑖=1

� + 20 − 𝑖𝑖 

[−30,30] f(0)=0 

F6(SumSquares) �𝑖𝑖2𝑥𝑥𝑖𝑖2
𝑐𝑐

𝑖𝑖=1

 [−1,1] f(0)=0 

 
In Table 3, the performance of ICA-GA-PSO algorithm is compared with GA, ICA, PSO, ABC and 

HEICAfor high dimensional problem .In Table 4, performance parameter shows ICA-GA-PSO algorithm 
perform better optimization, bold, than GA, ICA, PSO, ABC and HEICA in all test functions.Table 5 illustrates 
statistical comparison of benchmark functions for dimension of 10. 

 
Table 3:Comparing the performance ofICA-GA-PSO with GA, ICA, ABC, PSO and HEICA (high dimensions) 

ICA-GA-
PSO 

HEICA ABC PSO ICA GA 𝑷𝑷𝒗𝒗 Gen Pop 𝑵𝑵𝒗𝒗𝒗𝒗𝒗𝒗 F. 

2.88E-18 1.27E-10 8.59E−05 1.99E+00 1.71E+02 9.70E-01 0.1 1000 500 100  
F1 5.79E-06 3.83E+01 2.26E+02 3.90E+03 2.94E+03 2.02E+01 0.25 1500 600 500 

5.38E-04 9.29E-01 1.46E+03 8.00E+03 6.72E+03 6.40E+01 0.3 2000 800 1000 
5.17E+01 1.54E+02 2.22E+02 3.15E+04 3.22E+03 4.58E+04 0.1 1000 500 100 

F2 4.78E+02 4.53E+03 8.44E+03 1.99E+05 5.45E+05 1.26E+06 0.25 1500 600 500 
9.83E+02 4.03E+03 5.09E+04 4.21E+05 7.28E+05 2.61E+06 0.3 2000 800 1000 
8.43E-14 2.00E−07 5.39E+01 6.05E+02 9.17E+02 5.81E+01 0.1 1000 500 100  

F3 6.30E-02 1.14E+03 1.93E+03 8.59E+03 7.14E+03 1.01E+03 0.25 1500 600 500 
2.79E+00 5.20E+02 6.05E+03 1.74E+04 1.54E+04 2.97E+03 0.3 2000 800 1000 
2.22E-16 4.92E-03 9.04E−03 5.24E−01 7.56E+02 1.32E-02 0.1 1000 500 100  

F4 7.65E-05 1.23E+00 9.48E+02 5.10E+01 1.03E+04 6.19E+01 0.25 1500 600 500 
1.06E-02 5.10E+00 4.86E+03 2.98E+02 2.38E+04 1.14E+03 0.3 2000 800 1000 
5.57E-09 5.60E-05 2.12E+00 3.37E+00 1.90E+00 2.74E+00 0.1 1000 500 100  

F5 3.83E-03 1.88E+00 1.49E+01 2.09E+01 3.49E+01 9.01E+01 0.25 1500 600 500 
3.11E-02 4.89E+00 1.77E+01 1.74E+04 7.26E+03 7.80E+03 0.3 2000 800 1000 
2.24E-12 1.40E-08 1.11E−03 1.39E+02 1.75E+04 8.69E+01 0.1 1000 500 100  

F6 2.56E-02 7.15E+04 5.23E+05 1.12E+07 7.41E+06 9.02E+02 0.25 1500 600 500 
9.35E+00 6.60E+03 1.84E+08 9.50E+07 7.46E+07 3.39E+04 0.3 2000 800 1000 

 
Table 4: The results achieved by ICA-GA-PSO on F1-F6 

ICA-GA-
PSO 

HEICA ABC PSO ICA GA 𝑷𝑷𝒗𝒗 Gen Pop 𝑵𝑵𝒗𝒗𝒗𝒗𝒗𝒗 F. 

7.87E-169 1.36E-39 7.30E−17  2.30E−35  6.04E−04  9.74E−03 0.01 1000 150 10  
F1 1.32E-74 2.20E-33 2.49E−16  3.61E−21  2.33E−03  2.53E−01  0.05 1200 300 20 

9.90E-54 8.88E-23 1.14E−15 2.14E−12 8.18E−03 5.15E+00 0.08 2000 500 50 
4.10E-28 3.23E-03 2.60E−03  1.33E+00  8.49E−01  6.50E+00  0.01 2000 250 10 

F2 6.76E-28 1.75E-02  1.95E−02  9.36E+00 2.70E+00  3.47E+01  0.05 3000 500 20 
7.60E-28 7.06E+00 5.79E+00 3.32E+01 1.11E+01 7.42E+01 0.055 4000 600 30 
0 0 0 0 1.23E−01  1.27E+00  0.01 1000 150 10  

F3 0 0 0 0 7.46E−01  9.55E+00  0.05 1200 300 20 
0 0 0 0 2.46E+00 7.81E+01 0.08 2000 500 50 
0 0 0 0  1.77E−03  2.41E−02  0.01 1000 150 10  

F4 0 0 0 5.55E−18 7.41E−03 1.06E+00  0.05 1200 300 20 
0 3.33E-16  5.79E−12 3.33E−16 2.15E−02 1.06E−02 0.08 2000 500 50 
9.98E-15 4.00E-14  6.93E−14  4.26E−14  2.74E−01  1.52E+00  0.01 1000 150 10  

F5 2.71E-14 2.85E-12 1.34E−12  2.80E−10  4.76E−01 3.63E+00  0.05 1200 300 20 
7.26E-14 6.51E-11 2.02E−07 1.12E−03 7.15E−01 6.03E+00 0.08 2000 500 50 
2.71E-173 5.76E-39  7.26E−17  2.61E−35  4.79E−04  1.01E−02  0.01 1000 150 10  

F6 6.42E-74 4.12E-27 2.68E−16  3.71E−20  5.71E−03  5.75E−01  0.05 1200 300 20 
5.51E-50 8.77E-23 1.57E−15 7.73E−11 9.53E−02 1.12E+02 0.08 2000 500 50 

 
The sensitivity of absorption parameter (𝛽𝛽) is analyzed to select the best possible parameter for 

optimization.In Fig. 6 and Fig. 7, the F1 and F2 functions (n = 10) are considered as a benchmark for studies on 
different assimilation coefficients respectively. In this figures, assimilation coefficients equal to 2,2.5 and 3 
perform better from other values. 
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Table 5: Statistical comparison of benchmark functions (n = 10) 
F F1  F2 
Algorithm GA HEICA ICA-GA-PSO  GA HEICA ICA-GA-PSO 
Best 2.32E-03 2.33E-59 2.36E-212  4.94E-01 1.05E-04 0 
Median 7.92E-03 1.87E-46 1.54E-193  6.83E+00 8.23E-04 2.73E-28 
Worst 9.74E-02 2.71E-38 5.80E-168  8.46E+00 2.67E-02 1.31E-27 
Mean 9.74E-03 1.36E-39 2.32E-169  6.20E+00 3.23E-03 4.10E-28 
Std. 7.20E-03 6.06E-39 0  1.90E+00 6.56E-03 3.98E-28 
F F3  F4 
Algorithm GA HEICA ICA-GA-PSO  GA HEICA ICA-GA-PSO 
Best 2.92E-01 0 0  8.43E-01 0 0 
Median 1.21E+00 0 0  1.06E+00 0 0 
Worst 2.36E+00 0 0  1.20E+00 0 0 
Mean 1.27E+00 0 0  1.06E+00 0 0 
Std. 5.34E-01 0 0  9.35E-02 0 0 
F F5  F6 
Algorithm GA HEICA ICA-GA-PSO  GA HEICA ICA-GA-PSO 
Best 325E-01 4.00E-14 4.44E-15  1.23E-03 2.47E-53 5.14E-218 
Median 162E+00 4.00E-14 7.99E-15  8.20E-03 3.09E-46 5.96E-182 
Worst 247E+00 4.00E-14 1.51E-14  3.90E-02 8.84E-38 6.41E-172 
Mean 152E+00 4.00E-14 9.98E-15  1.01E-02 5.76E-39 2.71E-173 
Std. 6.21E-01 1.62E-30 3.9E-15  7.99E-03 2.03E-38 0 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 6: show the effective of different assimilation coefficients on F1 (n = 10) 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 7: show the effective of different assimilation coefficients on F2 (n = 10) 
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In general, Histogram, Q–Q plot, Kolmogorov–Smirnov, D’Agostino–Pearson, Shapiro–Wilk and so on can 
be used to check for normal distribution. 

Different example of graphical representations of histogram and Q–Q graphics are shown in Figs. 8 and 9 
for (n=1000). A histogram represents a statistical variable using bars, so that the area of each bar is proportional 
to the frequency of the represented values. A Q–Q graphic represents a confrontation between the qualities from 
data observed and those from normal distributions.The property of normality is clearly presented in Fig.8 and 
Fig.9. 

 

 
 
Fig. 8: represent histogram and Q–Q graphic for F3 (n=1000). 
 
Discussion: 

A high percentage of meta-heuristics hybridizing population basedmeta-heuristics has been proposed for 
various optimizationproblems. This paper presented a new hybrid approachconsisting ICA, GA and PSOcalled 
ICA-GA-PSO. 

Convergence of ICA-GA-PSO is studied for finding global minima of different benchmark functions; 
“Sphere”, “Rosenbrock”, “Rastrigin”, etc. Experimental results show that it can be used for different problems. 
Table 3 shows result for large scale global optimization and ICA-GA-PSO performs well. 

The feasibility and efficiency of ICA-GA-PSO for optimization of different examples are compared to five 
different algorithms. Results show the proposed algorithm is capable of finding globally optimal solutions in a 
relatively small number of generations. Numerous numerical simulations are performed to demonstrate 
effectiveness of ICA-GA-PSO algorithm. The proposed algorithm can outperform GA, ICA, PSO, ABC and 
HEICA algorithms. 

Exploration and exploitation are two important issues in the evolution process of the genetic search 
(Hansheng et al., 1998). Exploration is the creation of population diversity by exploring the search space; 
exploitation is the reduction of the diversity by focusing on the individuals of higher fitness, or exploiting the 
fitness information represented within the population. In GA mutation is often seen as an exploration operator 
because it introduces new material in an unbiased manner (Eiben et al., 1999), revolution policy and the first 
part of velocity play this role in ICAand PSO respectively. Similarly, crossover can be seen as explorative 
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operator because it recombines the old material of the parents into new configurations (Eiben et al., 1999), 
assimilation policy and imperialists movement play this role in ICA , while second and third parts of velocity in 
PSO do the same role. 
 

 

 
 

Fig. 9: represent histogram and Q–Q graphic for F5(n=1000). 
 

Conclusion: 
This paper proposes a novel hybrid approach consisting  ICA,GA and PSO and its performance is evaluated 

using various test functions. It illustrates the performance of the proposed hybrid approach using a set of well-
known multi-dimensional benchmark functions. The simulations indicate that the proposed algorithm has 
outstanding performance in speed of convergence and precision of the solution for global optimization, i.e. it has 
the capability to come up with non-differentiable objective functions with a multitude number of local optima 
through reasonable time limit. The results show the efficiency and capabilities of the new hybrid algorithm in 
finding the optimum. Amazingly, its performance better than other algorithms such as GA, ICA, ABC, PSO and 
HEICA. The performance achieved is quite satisfactory and promising for all test functions. 
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