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Abstract: Optimization has been an active area of research for several decades. H e r e  Our aim is always to find an 

alternative solution of the problems with the most cost effective or highest achievable performance under the given 

constraints, by maximizing desired factors and minimizing undesired ones. As many real-world Optimization problems 

become increasingly complex, better Optimization algorithms are always needed.PSO algorithm is the one of the most 

powerful methods for solving the non-smooth global optimization problem. In this paper we have analyzed the 

performance of Particle Swarm optimizer by implementing the PSO algorithm on three objective functions such as 

Ackley, Greiwangk and Rastringin. 
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INTRODUCTION 

The Particle Swarm Optimizer (PSO) is a relatively new technique. Since conventional computing algorithms 

are not capable of solving real-world problems because of sometimes having an inflexible structure mainly 

due to incomplete or noisy data and some multi-dimensional problems, Natural computing paradigms seem to 

be a suitable replacement in solving such problems. These paradigms consist of simple elements that can solve 

complicated problems of the real world when working together. 

PSO emulates the swarm behavior of insects, animals herding, birds flocking, and fish schooling where these 

swarms search for food in a collaborative manner. Each member in the swarm adapts its search patterns by 

learning from its own experience and other members’ experiences. These phenomena are studied and 

mathematical models are constructed. Particle swarm optimization was introduced by Kennedy and Eberhart 

(1995).[1] It has roots in the simulation of social behaviors using tools and ideas taken from computer 

graphics and social psychology research. This paper has 10 sections. In section 2 the optimization process of 

PSO is been discussed. Section 3 is about different swarm topologies. Section 4 describes the anatomy of 

particle. In section 5 Particle Swarm optimizer is been discussed. Section 6 is about working principle and 

section7 is about algorithm & flowchart for PSO. In section 8 different test functions are mentioned. In section 

9 different simulation results for different functions are displayed to analyze the performance of PSO 

algorithm. Section 10 discusses about the effectiveness & future scope for PSO algorithm. 

 

2. Optimization Process of PSO 

In PSO, a member in the swarm, called a particle, represents a potential solution which is a point in the search 

space. The connection to search an optimization problem is made by assigning direction vectors and velocities 

to each point in a multi-dimensional search space. Each point then 'moves' or 'flies' through the search space 

following its velocity vector, which is influenced by the directions and velocities of other points in its 

neighborhood. These localized interactions with neighboring points propagate through the entire 'swarm' of 

potential solutions. How much influence a particular point has on other points is determined by its 'fitness', 

that is a measure assigned to a potential solution, which captures how good it is compared to all other solution 

points.  

 

3. Swarm Topology 

 In PSO, each particle inside of the swarm belongs to a specific communication neighborhood.Therefore, it 

was natural that several studies were performed in order to determine whether the neighborhood topology 

could affect the convergence. In PSO, there have been two basic  

http://www.businessdictionary.com/definition/cost.html
http://www.businessdictionary.com/definition/effective.html
http://www.businessdictionary.com/definition/achievable.html
http://www.businessdictionary.com/definition/performance.html
http://www.businessdictionary.com/definition/constraint.html
http://www.businessdictionary.com/definition/factor.html
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topologies used in the literature.  

 Ring Topology (neighborhood of 3) 

In the lbest swarm, only a specific number of particles (neighbor count) can affect the velocity of a given 

particle. The swarm will converge slower but can locate the global optimum with a greater chance. 

 Star Topology (global neighborhood) 

    In the gbest swarm, all the particles are neighbors of each other; thus, the position of the best overall 

particle in the swarm is used in the social term of the velocity update equation. It is assumed that gbest 

swarms converge fast, as all the particles are attracted simultaneously to the best part of the search space. 

However, if the global optimum is not close to the best particle, it may be impossible to the swarm to explore 

other areas; this means that the swarm can be trapped in local optima. 

                      
Fig 1: Star topology (left), Ring topology (right) 

Both gbest and lbest can be seen as "social" neighbourhoods , as the relations among particles does not depend 

on their positions in the search space, but on "external" relationships that are not dependent on the problem 

that is being solved.  

Different neighborhoods can be characterized in terms of two factors. 

 The degree of connectivity, k,[6] that measures the number of neighbors of a particle 

 The amount of clustering C, that measures the number of neighbors of a particle that are also 

neighbors of each other.   [2] 

 

4. Anatomy of a Particle 

A particle (individual) is composed of: 

Three vectors: 

• The x-vector records the current position (location) of the particle in     the search space, 

• The p-vector records the location of the best solution found so far by the particle, and  

• The v-vector contains a gradient (direction) for which particle will travel in if undisturbed. 

Two fitness values: 

• The x-fitness records the fitness of the x-vector, and 

• The p-fitness records the fitness of the p-vector.[4] 

 
Fig 2: Anatomy of a particle 

 

5. Particle Swarm Optimizer 

PSO emulates the swarm behavior and the individuals represent points in multi-dimensional search space. A 
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particle represents a potential solution. The velocity and position of the d 
th
 dimension of the i

th
 particle are 

updated as follows.[1][5][10] 
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that pull each particle toward and positions, respectively. 

rand1 and rand2 are two random numbers in the range [0,1]. A particle’s velocity on each dimension is 

clamped to a maximum magnitude Vmax. If |Vid| exceeds a positive constant value Vmax
d
 specified by the user, 

then the velocity of that dimension is assigned to sign(|Vid|) Vmax
d
.When updating the velocity of a particle 

using (1), different dimensions have different rand1i
d
 and rand2i

d
 .  

Some researchers use the following updating equation. 
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6. Working Principle of PSO 

PSO is based on two fundamental disciplines: social science and computer science. In addition, PSO uses the 

swarm intelligence concept which is the property of a system, whereby the collective behaviors of 

unsophisticated agents that are interacting locally with their environment create coherent global functional 

patterns.[3] 

6.1 Social concepts:  

It is known that “human intelligence results from social interaction.” Evaluation, comparison, and imitation of 

others, as well as learning from experience allow humans to adapt to the environment and determine optimal 

patterns of behavior, attitudes, and suchlike. In addition, a second fundamental social concept indicates that 

“culture and cognition are inseparable consequences of human sociality.”Culture is generated when 

individuals become more similar due to mutual social learning. The sweep of culture allows individuals to 

move towards more adaptive patterns of behavior.  

6.2 Swarm Intelligence Principles:  
Swarm Intelligence can be described by   considering five fundamental principles. 

– Proximity Principle: The population should be able to carry out simple space and time computations. 

– Quality Principle: The population should be able to respond to quality factors in the environment. 

– Diverse Response Principle: The population should not commit its activity along excessively narrow 

channels. 

– Stability Principle: The population should not change its Mode of behavior every time the environment 

changes. 

– Adaptability Principle: The population should be able to change its behavior mode when it is worth the 

computational price. 

 

7. Algorithm & Flowchart of PSO 

7.1 Algorithm for conventional PSO: 

1) Initialize the population - locations and velocities 

2) Evaluate the fitness of the individual particle (pbest)  

3) Keep track of the individuals highest fitness (gbest)  

4) Modify velocities based on pbest and gbest position  

5) Update the particles position  

6) Terminate if the condition is met  

7) Go to Step 2    
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Fig 3: Flowchart for PSO 
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8. Different test functions: 

Quality of optimization procedures are frequently evaluated by using common standard literature benchmark 

functions. These Test functions can be used to evaluate characteristics of optimization algorithms, such as: 

velocity of convergence, precision, robustness, general performance. Whenever a new algorithm is to be 

evaluated, the test functions are employed to check its reliability, efficiency and validity.  There are several 

classes of such test functions, all of them are continuous.[7][8] 

In this paper PSO algorithm is being implemented on three different test functions: 
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9. Performance Analysis of PSO 

To analyze the performance of PSO optimizer we have implemented the existing PSO algorithm on three 

objective functions such as Ackley,Greiwangk and Rastringin in Matlab 7.0 

9.1 Simulation result using Ackley function 

 
Fig 4: Simulation result for PSO on Ackley Function 
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Objective =Ackley, dim=2, np=5, c1=1.4962, c2=1.4962, w_i=0.9, w_f=0.4,  

fg = 0.10052 ,time_elapsed = 0.94047 

w_i=0.9, w_f=0.4, vmax=0.5*range_IS 

np= number of particles 

fg= global best fitness value 

 

 9.2 Simulation result using ObjFun_Griewangk  
 

 
Fig 5: Simulation result for PSO on Greiwangk Function 

 

objective=Griewangk, dim=2, np=5, c1=1.4962, c2=1.4962,  

w_i=0.9, w_f=0.4,    vmax=0.5*range_IS 

fg = 0.2373 

time_elapsed = 0.94463 

Np=number of particles 

The global best’s function value is iteratively updated and stored to workspace variable fg.  The best function 

value, “fg = 0.2373,” is displayed in the “Results” section of the Command Window.  
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9.3 Simulation result using ObjFun_Rastringin 

 

 
Fig 6: Simulation result for PSO on Greiwangk Function 

 

Here PSO algorithm is implemented on Rastrigin test function. 

Where global best fitness value fg = 0.33293 

 

Table 2: Performance analysis of PSO on three different test functions 
 

 

Name Of the Objective Function 

The global best’s function value (fg) 

 

Ackley 0.10052 

Greiwangk 0.2373 

Rastringin 0.33293 
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From the above table we can see that how PSO exhibits different behavior on different test functions. Here we 

have considered an optimization problem with 5 particles & 35 iterations. By implementing PSO algorithm on 

three different test functions we have achieved our solution with the global best function value very easily & 

quickly. So we can say that PSO algorithm can be used to find the solution for complex optimization problem 

in very cost-effective way. 

 

10. Conclusion & Future works 

PSO algorithm is the one of the most powerful methods for solving the non-smooth global optimization 

problem. It is a derivative-free and simple algorithm. It is easy to implement, so it can be applied both in 

scientific research and engineering problems. It has a limited number of     parameters and the impact of 

parameters to the solutions is small compared to other optimization techniques. PSO is less dependent of a set 

of initial points than other optimization techniques. In our future research work to improve the performance of 

PSO a number of modifications of the basic PSO can be taken place. Different improvement schemes focus on 

how to improve speed of convergence,[9] to control the exploration-exploitation trade-off. To overcome the 

stagnation problem or the  premature convergence, the velocity clamping technique,  the boundary  value 

problems technique,  the  initial and stopping conditions, which are very important in the PSO algorithm 

should be followed. 
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