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Abstract. This paper presents the hybrid approach of Imperialist Competitive 
Algorithm (ICA) and Particle Swarm Optimization (PSO) for global 
optimization. In standard ICA, there are only two types of countries: 
imperialists and colonies. In the proposed hybrid algorithm (ICA/PSO) we 
added another type of country, ‘Independent’. Independent countries do not fall 
into the category of empires, and are anti-imperialism. In addition, they are 
united and their shared goal is to get stronger in order to rescue colonies and 
help them join independent countries. These independent countries are aware of 
each other positions and make use of swarm intelligence in PSO for their own 
progress. Experimental results are examined with benchmark functions 
provided by CEC2010 Special Session on Large Scale Global Optimization 
(LSGO) and the results are compared with some previous LSGO algorithms, 
standard PSO and standard ICA.  

Keywords: ICA, Global optimization, PSO, Hybrid evolutionary algorithm and 
Swarm intelligence.  

1 Introduction 

Computing optimal solutions is intractable for many optimization problems of 
industrial and scientific importance [1]. The complexity of the problem of interest 
makes it impossible to search every possible solution or combination [2]. However, 
due to their complexity, the use of approximation algorithms for solving them has 
become almost popular in the past years. Among these optimization algorithms, 
modern metaheuristics are becoming increasingly popular, leading to a new branch of 
optimization, called metaheuristic optimization. Most metaheuristic algorithms are 
nature-inspired [3], some of which have been proposed for optimization problems. 

PSO was formulated by Kennedy and Eberhart in 1995 [4]. It is an evolutionary 
computation technique which is inspired by social behavior of swarms. This 
algorithm is the simulation of the social behavior of birds, like the choreography of a 
bird flock. Each individual in the population is a particle and gets a random value in 
the initialization. Each particle despite the position vector contains the best personal 
experience and a velocity vector. The particle’s velocity and its best personal 
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experience and the global best position all together determines a particle next 
movement. PSO has variety of usages such as [5] and [6]. 

ICA algorithm has been proposed by Atashpaz-Gargari and lucas in 2007 that has 
been inspired by a socio-human phenomenon [7]. This algorithm like other 
evolutionary algorithms starts with an initial population. Each individual of a given 
population is considered a country. There are two types for countries: colonies and 
imperialists that all together form some empires. Imperialistic competition among 
these empires forms the basis of the ICA evolutionary algorithm. During this 
competition, weak empires collapse and powerful ones take possession of their 
colonies. Imperialistic competition hopefully converges to a state in which there 
exists only one empire and its colonies are in the same position and have the same 
cost as the imperialists [7]. 

ICA and PSO are nature inspired algorithms and work well for optimization 
problems. In this paper, we have tried to get closer to the reality and improve the ICA 
by adding a new 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. They are against the imperialism countries 
and are in competition with them. The experimental results show that we are 
obtaining better results. Standard ICA is discussed in section 2. Section 3 provides an 
overview of PSO approach. Section 4 gives a hybrid approach of ICA with PSO and 
Section 5 presents the detailed experimental results to compare the performance of the 
proposed algorithm with other algorithms. 

2 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. This 
algorithm like other algorithms starts with some initial random solutions which each 
one is named country. Some of the best countries in the population are selected to be 
the imperialists and the rest form the colonies of these imperialists. Each imperialist 
enclose colonies based on their power. Thus, the powerful imperialists will have more 
colonies than the weaker ones. In an N dimensional optimization problem a country is 
defined as below:  ݕݎݐ݊ݑ݋ܥ ൌ ሾܲ1, ܲ2, … , ܲܰሿ . (1) 

The cost of each country is evaluated with the cost function f at variables ሺ ଵܲ, ଶܲ, … , ேܲሻ as the following:  

 ܿ௜ ൌ ݂ሺܿݕݎݐ݊ݑ݋௜ሻ ൌ ݂ሺ ௜ܲଵ, ௜ܲଶ, … , ௜ܲேሻ . (2) 
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When the imperialists form their empire, the imperialist countries absorb their 
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 to 
move towards their minimum optima. In ICA algorithm, to search different points 
around the imperialist, a random amount of deviation is added to the direction of 
colony movement towards the imperialist. In Fig. 1, this deflection angle is shown as ߠ, which is chosen randomly and with an uniform distribution. In Our implementation ߛ is ߨ 4ൗ ሺܴܽ݀ሻ.  ߠ~ܷሺെߛ,  ሻ . (3)ߛ

In the absorption policy, the colony moves towards the imperialist by ݔ unit. In Fig. 1 
the distance between the imperialist and colony shown by ݀ and ݔ is a random 
variable with uniform distribution. ߚ is greater than 1 and is near to 2. Therefore, a 
proper choice can be ߚ ൌ 2. 

,ሺ0ܷ~ݔ ߚ ൈ ݀ሻ . (4) 

 

 

Fig. 1. Moving colonies toward their imperialist 

After the absorption process, we will have 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. After revolution and absorption, a colony may reach a 
better position, so the colony position changes according to the position of the 
imperialist.  
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For imperialistic competition first we calculate the total cost of each empire as 
below:  ܶܥ௡ ൌ ௡ሻݐݏ݈݅ܽ݅ݎ݁݌ሺ݅݉ݐݏ݋ܿ ൅ ݏ݁݅݊݋݈݋ሺܿݐݏ݋ሼܿ݊ܽ݁݉ߦ ݂݋  ௡ሻሽ . (5)݁ݎ݅݌݉݁

In imperialistic competition, the weakest colony of the weakest empire will be chosen 
for a competition among all empires. Each empire has a chance to win that colony 
based on their power. Consequently, the stronger empire will have a greater chance 
and the weaker one will have a smaller chance. 

3 Particle Swarm Optimization 

Swarm Intelligence (SI) is an innovative distributed intelligent paradigm for solving 
optimization problems that originally took its inspiration from the biological 
examples by swarming, flocking and herding phenomena in vertebrates [8].  

PSO is an evolutionary algorithm which is inspired by the feeding birds or fish and 
proposed by Kennedy and Eberhart in 1955. This algorithm like other evolutionary 
algorithms starts with random initial solutions and begins the process of finding the 
global optimum. In this algorithm, we call each solution a particle. Each particle 
moves around in the search space with a velocity. The best position explored for a 
particle so far is recorded and is called pbest. Moreover, each particle knows the best 
pbest among all the particles which is called gbest. By considering pbest, gbest and 
the velocity of each particle the update rule for their position is as the following 
equations:  

௧ܸାଵ ൌ ௧ܹ כ ௧ܸ ൅ ଵܥ כ ሺ݀݊ܽݎ ሻ כ ሺݐݏܾ݁݌ െ ௧ሻݔ ൅ ଶܥ כ ሺ݀݊ܽݎ ሻ ݐݏሺܾ݃݁כ െ  . ௧ሻݔ
(6) 

௧ାଵݔ ൌ ௧ݔ ൅ ௧ܸାଵ . (7) 

Where ܹ is inertia weight which shows the effect of previous velocity vector ( ௧ܸ) on 
the new vector, ܥଵ and ܥଶ are acceleration constants and ݀݊ܽݎሺ ሻ is a random 
function in the range [0, 1] and ݔ௧ is current position of the particle. 

4 Hybrid ICA/PSO Algorithm 

In this section, we explore the details of the hybrid algorithm by adding independent 
countries to ICA. In standard ICA, we have colonies and imperialists only. In this 
paper, we have tried to get closer to the nature’s reality. We have added a group of 
independent peaceful countries to the standard ICA. These independent countries are 
anti-imperialism and are united and communicate with each other. This 
communication is obtained from the swarm intelligence in the PSO. In the initial 
population, the most powerful countries are selected as independent. These countries 
are chosen to be powerful because the imperialists could not treat them as a colony for 
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themselves. In fact, these countries are anti-imperialist, so they will not constitute an 
empire. In each iteration of this algorithm, three more steps have been added: 

4.1 Step 1. Move Independent Countries 

Each country will take a new position based on three parameters:  

• pbest: The best personal experience of that country, 
• gbest: The best pbest among all the countries,  
• velocity: The countries current velocity. 

 
All the independent countries will move in the search space based on the following 
equations:  

௧ܸାଵ ൌ ௧ܹ כ ௧ܸ ൅ ଵܥ כ ሺ݀݊ܽݎ ሻ כ ሺݐݏܾ݁݌ െ ௧ሻݕݎݐ݊ݑ݋ܿ ൅ ଶܥ כ ሺ݀݊ܽݎ ሻ ݐݏሺܾ݃݁כ െ  . ௧ሻݕݎݐ݊ݑ݋ܿ
(8) 

௧ାଵݕݎݐ݊ݑ݋ܿ ൌ ௧ݕݎݐ݊ݑ݋ܿ ൅ ௧ܸାଵ . (9) 

Where ܹ is inertia weight which shows the effect of previous velocity vector ( ௧ܸ) on 
the new vector, ܥଵ and ܥଶ are acceleration constants and ݀݊ܽݎሺ ሻ is a random 
function in the range [0, 1] and ܿݕݎݐ݊ݑ݋௧  is current position of the country. In PSO 
particles move toward their best experience and global best according to equation 6 
and 7, however in ICA/PSO each country update its position based on its best 
experience and global best of independent countries. 

4.2 Step 2. Competition for Independency 

As mentioned earlier, independent countries are anti-imperialism and these countries 
are in competition with imperialist countries.  Independent countries’ aim is to free 
the colonies from the empires and let them join independent countries to cause the 
collapse of all empires. In this part of algorithm, we calculate the total cost of 
independent countries with the mean of each ones cost.  

ூܥܶ ൌ ݉݁ܽ݊ሼܿݐݏ݋ሺ݅݊݀݁ݐ݊݁݀݊݁݌  ሻሽ . (10)ݏ݁݅ݎݐ݊ݑ݋ܿ

We selected the weakest colony of each empire that was weaker than independent 
countries. This was obtained by comparing the total cost of independent countries 
with the empires total cost. Then, we moved the selected colony toward the 
independent countries according to equation 8 and 9. This normally happens due to 
the fact that the colonies are not interested to be a colony, and they try to separate 
themselves from their empires. On the other hand, the imperialist country of that 
empire does not want to lose its colonies, but independent countries are more 
powerful than this empire and the empires are not able to stand against independent 
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countries. The reason for selecting the weakest colony of that empire is that empires 
will not attempt so much to keep the weakest colony.  If the weakest colony gets 
stronger than its imperialist country after the movement toward independent 
countries, then they will leave that empire and join independent countries. 

4.3 Step 3. Competition to Colonize Independent Countries 

If the power of independent countries is less than that of all empires, then one of the 
independent countries will be available for competition between all empires like the 
“imperialistic competition” stage in ICA. This independent country is not interested to 
be a colony, but the independent countries are not powerful enough to protect that 
country.  By ‘the power of independent countries’, we mean the total cost in equation 
10. The pseudo-code of the ICA/PSO is presented as bellow: 

Procedure ICA/PSO 
Step 1: Initialization 

Generate some random countries; 
Select the most powerful countries as independent; 
Initialize remaining countries as empires; 

Step 2: Hybrid ICA/PSO Algorithm 
Move independent countries; 
Assimilate colonies toward their imperialist; 
Countries revolution; 
Exchange imperialist with best colony if is 
necessary;  
Calculate total cost of empires; 
Competition for independency; 
Competition for colonizing independent countries; 
Imperialistic competition; 
Eliminate the powerless empires; 

Step 3: Terminating Criterion Control; Repeat Step 2 

5 Experimental Results 
In this section, we show experimental results which evaluate our hybrid ICA/PSO 
proposed algorithm. In the field of evolutionary computation, it is common to 
compare different algorithms using benchmark functions, especially when the test 
involves function optimization. Thus, the proposed algorithm is tested on benchmark 
functions provided by CEC2010 Special Session on Large Scale Global Optimization 
[9]. This test suite is composed by five types of high dimensional problems. We 
picked eight functions and at least one from each type, and then we compared the 
results with our implementation of standard ICA, our implementation of standard 
PSO, jDElsgo [10], SDENS [11] and DECC-DML [12]. The mean of best values 
produced by the algorithms have been recorded and demonstrated for comparison in 
table 1.  Fig. 1 shows the logarithmic scale convergence plot of ICA/PSO. Figure 2 
shows the stability diagram after 3.00E+06 function evaluation for functions F1 and 
F6. The selected eight functions are as follows:  
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Table 1. Experimental results with ICA/PSO 

 

• The first function 1ܨ is Shifted Rastrigin’s Function. The function is 
multimodal, shifted, separable and scalable. 

• The second function 2ܨ is Single-group Shifted and m-rotated Elliptic 
Function. The function is unimodal, shifted, single-group m-rotated and 
single-group m-nonseparable. 

• The third function (3ܨ) is 
஽ଶ௠ - group Shifted m-dimensional Schwefel’s 

Problem. This Schwefel’s problem is unimodal, shifted and 
஽ଶ௠ - group m- 

nonseparable. 

• The forth function (4ܨ) is 
஽௠ - group Shifted and m-rotated Ackley’s 

Function. The function is multimodal, shifted, 
஽௠ - group m-rotated and  

஽௠ - 

group m-nonseparable. 
• The fifth function (5ܨ) is Shifted Rosenbrock’s Function. The function is 

multimodal, shifted and fully-nonseparable. 
• The sixth function (6ܨ) is Shifted Ackley’s Function. The function is 

multimodal, shifted, separable and scalable. 

• The seventh function (7ܨ) is 
஽ଶ௠ - group Shifted m-rotated Elliptic Function. 

The function is unimodal, shifted, 
஽ଶ௠ - group m- rotated and 

஽ଶ௠ - group m- 

nonseparable. 

• The eighth function (8ܨ) is 
஽௠ - group Shifted m-dimensional Schwefel’s 

Problem. This Schwefel’s problem is unimodal, shifted and  
஽௠ - group m-

nonseparable.  
 

p
FEs Alg. F1 F2 F3 F4 F5 F6 F7 F8 

1.20E+05

ICA/PSO 3.15E+03 1.69E+13 9.68E+05 3.92E+02 4.5E+09 1.66E+01 2.2E+09 1.85E+06 
ICA 2.30E+04 5.48E+14 1.60E+07 4.22E+02 5.61E+12 2.14E+01 2.35E+11 2.86E+07 
PSO 2.36E+04 4.06E+13 6.24E+06 4.29E+02 9.92E+11 2.13E+01 3.74E+10 6.34E+06 
jDElsgo 1.09E+04 1.40E+14 3.15E+06 4.17E+02 7.99E+10 1.87E+01 1.64E+10 4.85E+06 
SDENS 1.19E+04 5.10E+13 2.95E+06 4.15E+02 2.61E+11 2.01E+01 1.56E+10 4.31E+06 
DECC-
DML 

5.75E+03 6.76E+13 4.70E+06 3.75E+02 3.84E+09 9.51E+00 4.89E+09 8.81E+06 

6.00E+05

ICA/PSO 1.63E+02 4.38E+12 2.69E+05 3.88E+02 4.65E+03 1.38E-01 3.1E+08 6.46E+05 
ICA 2.24E+04 5.45E+14 1.60E+07 4.21E+02 5.61E+12 2.14E+01 2.35E+11 2.86E+07 
PSO 2.36E+04 1.31E+13 2.10E+06 4.25E+02 1.00E+11 2.05E+01 8.82E+09 3.81E+06 
jDElsgo 3.95E+03 1.39E+13 9.39E+05 2.99E+02 1.01E+06 1.22E+00 1.66E+09 1.95E+06 
SDENS 7.09E+03 1.72E+13 1.32E+06 4.13E+02 2.69E+08 6.12E+00 2.23E+09 2.07E+06 
DECC-
DML 

2.64E+03 1.61E+13 4.19E+06 4.47E+01 1.69E+03 1.81E-02 3.73E+08 7.27E+06 

3.00E+06

ICA/PSO 1.17E-13 1.25E+12 2.52E+04 3.88E+02 6.79E+02 1.19E-09 5.5E+07 8.62E+04 
ICA 2.18E+04 5.45E+14 1.60E+07 4.21E+02 5.61E+12 2.14E+01 2.35E+11 2.86E+07 
PSO 2.36E+04 5.72E+12 7.37E+05 4.09E+02 8.55E+09 1.99E+01 1.87E+09 3.50E+06 
jDElsgo 1.25E-01 8.06E+10 1.21E+04 1.44E+02 1.53E+03 3.81E-12 3.11E+07 1.02E+05 
SDENS 2.21E+03 5.11E+12 4.13E+05 4.08E+02 9.90E+02 2.70E-05 5.63E+08 1.08E+06 
DECC-
DML 

2.17E+02 3.58E+12 3.80E+06 5.08E-02 9.91E+02 1.18E-13 5.92E+07 6.54E+06 
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                                              (a)                                                                      (d) 

   

                                           (b)                                                                     (e) 

 

                                            (c)                                                                (f) 

Fig. 2. Convergence diagram for functions: (a) F1; (b) F3; (c) F5; (d) F6; (e) F7 and (f) F8 

The control parameter used to define the degree of separability of a given function, in the 
given test suite is set as ݉ ൌ 50. The parameter settings of ICA/PSO are described as 
follows: The population size is set to 50, the number of empires is set to 5 and the 
number of independent countries is 10. Acceleration constants 2ܥ ,1ܥ are set to 1.5 
and the inertia weight is 0.7.  The maximum number of Functions Evaluations (FEs) 
is set to 3e+6 for all test functions, and the study has been carried out with dimension 
D=1000 and 20 runs of algorithm were needed for each function. 
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Fig. 3. Stability diagram after 3.00E+06 function evaluation for functions: (a) F1 and (b) F6 

6 Conclusion 

This paper introduced a new hybrid ICA/PSO algorithm. Besides the colonies and 
imperialists in the standard ICA, we added independent anti-imperialism countries 
which move in the search space as the particles do in PSO. In fact, independent 
countries and imperialists are in competition, and when one of them finds a better 
solution, after a while, all countries in the search space will converge to that group. 
Therefore, we have more chance to find better solutions and more spaces are observed 
by moving countries from one group to another. ICA/PSO algorithm was evaluated on 
5 of the benchmark functions provided by CEC2010 Special Session on Large Scale 
Global Optimization. The results show that the proposed hybrid algorithm 
outperforms the standard ICA, standard PSO and SDENS with 100%, jDElsgo with 
more than 80% and DECC-DML with more than 65% of the total time in comparison. 
The results show an acceptable performance of the proposed algorithm. 
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