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ABSTRACT 

 

The optimization is mathematical technique that minimizing or maximizing 

some parameters of importance from the feasible region. In other words 

optimization is the selection of a best element on the bunch of alternatives. 

Particle Swarm Optimization (PSO) is a relatively new, efficient, robust and 

simple optimization algorithm which proves to work efficiently well on many 

of these optimization problems. Particle Swarm Optimization is a stochastic 

multi point search algorithm which models the social behavior of the birds 

flocking or fish schooling for food. It is widely used to find the global 

optimum solution in a complex search space. A large number of studies have 

been done to improve its performance This paper contains the theoretical idea 

and explanation of the different types of PSO algorithms, selection of the 

various parameters and their influences, controlling the convergence 

behaviors of PSO. This paper discussed the advantages and disadvantages of 

each method tried to highlight them. This paper reviews some kinds of 

improved versions as well as recent progress in the development of the PSO 
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1. INTRODUCTION 

The optimization field has an enormous and comprehensive verity of real world 

applications such as industrial, management etc. Optimization originated in the 1940s, 

when the British military faced the problem of allocating limited resources (for 

example fighter airplanes, submarines and so on) to several activities[1]. There is no 
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known single optimization method available for solving all optimization problems. 

The field of optimization theory is becomes a rapidly growing branch of applied 

mathematics by the use of modern computers with their high speed computational 

capabilities. Researchers have applied a qualitatively different approach, using 

evolutionary algorithms or metaheuristics, to solve parameter optimization problems. 

In the last 15-20 years evolutionary and mateheuristics algorithms are developed to a 

maturity stage. The basic principle used in Evolutionary algorithm is survival of the 

fittest. Particle swarm optimization is a stochastic population based optimization 

approach, first published by Kennedy and Eberhart in 1995 [2][3] and its basic idea 

was originally inspired by simulation of the social behavior of animals such as bird 

flocking, fish schooling and so on. It is based on the natural process of group 

communication to share individual knowledge when a group of birds or insects search 

food or migrate and so forth in a searching space, although all birds or insects do not 

know where the best position is. But from the nature of the social behavior, if any 

member can find out a desirable path to go, the rest of the members will follow 

quickly. Since its first publication, a large body of research has been done to study the 

performance of PSO, and to improve its performance. 

It is a population-based search algorithm and is initialized with a swarm of random 

particles. PSO makes use of a velocity vector to update the current position of each 

particle in the swarm. The velocity vector is updated based on the history information 

gained by the swarm. And the positions of the swarm are updated to search for better 

positions according to the updated velocity vector. Recently, many researchers have 

studied the performance of PSO focused mostly on the basic control parameters, 

namely the acceleration coefficients, inertia weight, velocity clamping and swarm 

size. 

This paper overviews these theoretical studies, and generalizes to more general PSO 

systems which includes the inertia component. The paper also provides a formal proof 

that particles converge to a stable point. This point is formally defined. The remainder 

of the paper is organized as follows: Section 2 provides a short overview of PSO, 

outlining some of the problems that have been experienced, and proposed solutions. 

Section 3 overviews the first theoretical study of particle trajectories based on a 

simplified PSO system. Analysis of constricted trajectories is summarized in Section 

4. Trajectory analysis is expanded in Section 5 to include the inertia weight, particles 

converge to a stable point under specific conditions. 

 

 

2. THE BASIC MODEL OF PSO ALGORITHM 

Particle swarm optimization concept was first introduced by Kennedy and Eberhart. 

They generated the concept of function-optimization by means of a particle swarm. 

The Particle Swarm Optimization (PSO) algorithm is a multi-agent parallel search 

technique which maintains a swarm of particles and each particle represents a 

potential solution in the swarm. All particles fly through a multidimensional search 

space where each particle is adjusting its position according to its own experience and 

that of neighbors. Suppose denote the position vector of particle  in the 
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multidimensional search space,  at time step , then the position of each particle is 

updated in the search space by, 

  
where, is the velocity vector of particle that drives the optimization process and 

reflects both the own experience knowledge and the social experience knowledge 

from the all particles. 

Therefore, in a PSO method, all particles are initiated randomly and evaluated to 

compute fitness together with finding the personal best (best value of each particle) 

and global best (best value of particle in the entire swarm). After that a loop starts to 

find an optimum solution. In the loop, first the particles’ velocity is updated by the 

personal and global bests, and then each particle’s position is updated by the current 

velocity. The loop is ended with a stopping criterion predetermined in advance. 

Basically, two PSO algorithms, namely the Global Best ( ) and Local Best 

( PSO, have been developed which differ in the size of their neighborhoods. 

Mainly PSO algorithms are of two types based on the size of their neighborhoods 

particles. Global best PSO and Local best PSO. In global best PSO the position of 

each particle is influenced by the particle which is having best-fitness value in the 

entire swarm. In this method it is possible to identify the social behavior of all particle 

s in the entire swarm. Like other population-based optimization techniques, 

convergence speed and global search ability are the two critical criteria for evaluating 

the performance of PSO algorithms. In the original PSO [2][3][4][5], all particles 

learn from in updating velocities and positions. Hence the algorithm exhibits a 

fast-converging behavior. 

Let as consider particles  where , has a current velocity and 

position respectivily. The personal best position  ie, the position in the 

search space where particle i had the optimum value as determined by the fitness 

function . In this method the personal best is called the global best. For a 

minimization problem the personal best is updated using the following equations. 

  
where is the time step 

, where  and  

In this the global best position is the best position discovered by any of the particles in 

the entire swarm. The velocity of the particle  is calculated by 

  
and  are positive acceleration constants which are used to level the contribution of 

the cognitive and social components respectively  and are random numbers from 

uniform distribution at time t. 

The local best PSO method only allows each particle to be influenced by the best-fit 

particle chosen from its neighborhood, and it reflects a ring social topology. Here this 

social information exchanged within the neighborhood of the particle, denoting local 

knowledge of the environment and the velocity is calculated by, 
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where,  is the best position that any particle has had in the neighborhood of 

particle found from initialization through time t. 

In PSO, particle velocity is very important, since it is the step size of the swarm. At 

each step, all particles proceed by adjusting the velocity that each particle moves in 

every dimension of the search space. Mainly the search characteristics is of two type, 

exploration and exploitation[7]. These two characteristics have to balance in a good 

optimization algorithm[6]. Parameter choice in PSO will results some problems in 

original version of PSO. They are explained below. 

 

2. 1  Velocity climping 

In velocity update equation it is having two components. First is called cognitive 

component,  which measures the performance of the particles 

relative to its past experience. Second is called the social component, 

 which measures the performance of the particles relative to a 

group of particles or neighbors. Due to the high values of acceleration coefficients the 

velocity of the particles quickly rises to large values, especially for particles far from 

their  and positions. Which results the particles are having large position 

updates with particles leaving the boundaries of their search space. To control the 

increase in velocity, velocities are clamped[8] 

Now if a particle’s velocity goes beyond its specified maximum velocity , this 

velocity is set to the value and then adjusted before the position update by, 

  
Where  is the velocity update. 

If the maximum velocity is too large, then the particles may move erratically and 

jump over the optimal solution. On the other hand, if is too small, the particle’s 

movement is limited and the swarm may not explore sufficiently or the swarm may 

become trapped in a local optimum. This problem can be solved by calculate  as 

a fraction of the domain search space. 

  
Where  are the upper and lower bound of the particles.  is the random 

number,  

In this method if all particle’s velocities are equal to  the large velocity updates 

will occur. To solve this problem  can be reduced over time. The advantage of 

velocity clamping is that it controls the explosion of velocity in the searching space. 

Andries Engelbrecht[9] answered for the question, how velocities should be 

initialized. Though zero initial velocities have been advocated, a popular initialization 

strategy is to set initial weights to random values within the domain of the 

optimization problem. 
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2. 2  Inertia weight 

Inertia weight is used to replace the role of  by adjusting the influence of the 

previous velocities. It is done by controlling the momentum of the particle by 

weighing the contribution of the previous velocity. So the velocity update equation 

will change as, 

  
Where  is called the inertia weight. 

If  then the velocities increase over time and particles can hardly change their 

direction to move back towards optimum, and the swarm diverges. If  then little 

momentum is only saved from the previous step and quick changes of direction are to 

set in the process. If particles velocity vanishes and all particles move without 

knowledge of the previous velocity in each step. Initially the inertia value used to be 

fixed value for every updates, but now it is changing dynamically to control 

exploration and exploitation of the search space. Usually the large inertia value is high 

at first, which allows all particles to move freely in the search space at the initial steps 

and decreases over time. To optimize the global and local exploration rate the inertia 

weight should decrease linearly with the iteration and it is denoted as, 

  
Where t is the iteration time. 

Van den Bergh and Engelbrecht[10] have defined a condition which guarantees 

convergence 

  
For ordinary cases the inertia weight variation is linear from 0. 9 to. 04 over the 

iteration 

The inertia weight technique is very useful to ensure convergence. This is having a 

disadvantage is that once the inertia weight is decreased, it cannot increase if the 

swarm needs to search new areas. This will cause the premature convergence. 

 

2. 3  Acceleration coefficients 

The stochastic influence of the cognitive and social components of the particle’s 

velocity is controlled by the random values and together with the acceleration 

coefficients. The cognitive component gives the confidence level of the individual 

particles and the social component gives the confidence level of the neighboring 

particles. 

When and , all particles are independent. The velocity update equation 

will be, 

  
When and , all particles are attracted to a single point in the entire 

swarm and the update velocity will become, 

for gbest PSO, 

for lbest PSO, 
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When , the particles are having same effect on both  and  

When , each particle is more strongly influenced by its personal best position, 

resulting in excessive wandering. In contrast, when  then all particles are 

much more influenced by the global best position, which causes all particles to run 

prematurely to the optima[11]. 

 

2. 4  Constriction coefficient 

The term constriction coefficient was introduced by Clerc[6][12]. This is the scaling 

parameter which plays an important role in exploration and exploitation mechanism 

of the particles to ensure convergence behavior. Clerc chose to use an alternate 

representation for the velocity update equations. 

  

Where,  

According to Bratton[13] if, then all particles would slowly spiral toward and 

around the best solution in the searching space without convergence guarantee. If, 

, then all particles converge quickly and guaranteed. By the use of the 

constriction coefficient, the amplitude of the particle’s oscillation will be decreased 

and it will focuses on the local and neighborhood previous best points. The particle 

will perform local search if the neighborhood best position and previous best positions 

are near to each other and particles will perform global search if they are far from 

each other. The particle may follow on a cyclic path like an oscillation because of the 

large separation between personal best position and the neighborhood best position. 

This will cause the non-convergence of the solutions and it the drawback of 

constriction coefficient[14]. 

 

 

3. GUARANTEED CONVERGENCE PSO (GCPSO) 

If a particle’s current position coincides with the global best position, the particle will 

only move away from this point if its previous velocity and  are non-zero. in other 

words, when then velocity update will only depend upon the first 

term in velocity update equation ie, If their previous velocities are very close to 

zero, then all the particles will stop moving once they catch up with the global best 

particle, which may lead to premature convergence of the algorithm. This does not 

even guarantee that the process has converged to a local minimum, it only means that 

all particles have converged to the best position in the entire swarm[11][15][16]. This 

leads to stagnation of the search process which the PSO algorithm can overcome by 

forcing the global best position to change when . To solve this 

particular problem a new parameter is introduced to the PSO. Let  be the index of the 

global best particle, so that 
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A new velocity updates equation for the globally best positioned particle,  has been 

suggested, 

  
Where, is a scaling factor and causes the PSO to perform a random search in an 

area surrounding the global best position . 

The above equation the last term generates a random sample from a 

sample space with side lengths [11]. The position updating equation will become, 

  
While all other particles in the swarm continue using the usual velocity update 

equation and the position update equations. The parameter controls the diameter of 

the search space. 

  
Where  and  respectively denote the number of consecutive 

successes and failures, and a failure is defined as , 

  
The following conditions must also be implemented to ensure that the above equation 

is well defined. 

  
Therefore, when a success occurs, the failure count is set to zero and similarly when a 

failure occurs, then the success count is reset. The optimal choice of values for  and 

depend on the objective function. It is difficult to get better results using a random 

search in only a few iterations for high- dimensional search spaces, and it is 

recommended to use  and . On the other hand, the optimal values for  

and  can be found dynamically. For instance,  may be increased every time 

that i. e. it becomes more difficult to get the success if failures 

occur frequently which prevents the value of  from fluctuating rapidly. Such strategy 

can be used also for . 

 

 

4. RECENT WORKS AND ADVANCED TOPICS 

4. 1 Multi-Start PSO (MSPSO) 

One of the major problems with the basic PSO is lack of diversity when particles start 

to converge to the same point. Several models have introduced to reduce this 

particular issue by continually injecting randomness, or chaos, into the swarm[7][18]. 

These types of methods are called the Multi-start (or restart) Particle Swarm 

Optimizer (MSPSO). This method attempts to detect when the PSO has found a local 
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minimum. Once a local minimum is found, the algorithm re-starts the algorithm with 

new randomly chosen initial positions for the particles. [11]. 

The advantages of using randomly reinitializing particles, is first mentioned by 

Kennedy and Eberhart[2]. The particular process is referred ascraziness. Although 

Kennedy mentioned the potential advantages of a craziness operator, no evaluation of 

such operators was given. When considering any method to add randomness to the 

swarm, a number of aspects need to be considered, including what should be 

randomized, when should randomization occur, how should it be done, and which 

members of the swarm will be affected. The diversity of the swarm can be increased 

by randomly initializing position and velocity[19][20]. When position vectors are kept 

constant and velocity vectors are randomized, particles preserve their memory of 

current and previous best solutions, but are forced to search in different random 

directions. Let and are the chaos factors for velocity and position respectively. If 

then the particle velocity component is reinitialized to 

where  is random number for each particle and each 

dimension . Again, if then the particle position component is 

initialized to . The high chaos factor values in the beginning 

and will decrease over time to ensure an equilibrium state can be reached. 

Massimiliano Kaucic et. al[21] carried out a study in adaptive velocity based on the 

differential operator enhances the optimization ability of the particles. The main 

novelty of the procedure is the integration of the opposition-based computing into a 

PSO with an adaptive velocity used in order to produce some additional exploration 

ability of the search space. The strategy uses the super-opposition paradigm to re-

initialize particles in the swarm. Xiao-Feng Xie et. al[22] introduce the adaptive 

criterion is appended on individual level. By analyzing the social model of PSO, a 

replacing criterion based on the diversity of fitness between current particle and the 

best historical experience is introduced to maintain the social attribution of swarm 

adaptively by taking off inactive particles. 

An improved PSO (IPSO) algorithm is introduced by Ziyang Zhen et. al[23], in which 

each particle has the ability of keeping itsinertia motion and learning from another 

randomly selected particle with better performance; moreover, for the particlewith 

better performance, the inertia weight will be larger and the learning coefficient will 

be smaller. Thus, for the particles sorted in order of decreasing performance, the 

inertia weights are decreased and the learning rate coefficients are increased 

gradually. Similar studies were carried out in with two learning factors and the inertia 

weight[24] and dynamically changing inertia weight[25]. 

 

4. 2 Multi-phase PSO (MPPSO) 

Multi-phase PSO (MPPSO) method partitions the main swarm of particles into sub-

swarms or subgroups. In this different groups of particles have trajectories that 

proceed along trajectories with differing goals in different phases of the algorithm. B. 

Al-Kazemi and C. Mohan [26][27][28] introduced this method by dividing the main 

swarm into two sub swarms of equal size. Particles are randomly assigned in this 

algorithm. There are two phases in the algorithms, attraction and repulsion phase. 
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Particles of the sub swarms are influenced to move towards the global best position in 

attraction phase and go away in repulsion phase. Sub-swarms switch phases either 

when the number of iterations in the current phase exceeds a user specified threshold, 

orwhen particles in any phase show no improvement in fitness during a user specified 

number of consecutive iterations[7]. 

In MPPSO algorithm the velocity updating equation is given by, 

  
In the above equation the personal best term is eliminated, since a particle’s position 

is only updated when the new position improves the performance in the solution 

space[29]. The advantage of the MPPSO algorithm is that when the fitness of a 

particle doesn’t changed any more, then the particle’s flying speed and direction in the 

searching space are changed by the adaptive velocity strategy. Multi- swarm[30], 

consepts are also introduced in MPPSO algorithm Zhiqiang Genget. al[31] divided the 

whole swarm into three sub-swarms randomly in his studies. 

 

4. 3 Random Particle Approach (RPSO) 

The simplest way to construct a PSO-based global search algorithm is to introduce 

randomized particles to the swarm. Particle can be made a randomised particle by 

simply resetting its position to a random position in search space periodically. Any of 

the particles in the swarm can be made as random particles, but the size of the swarm 

will depends on the optimal ratio of random versus normal particles. In this algorithm 

the position of the particular particle will change in every iteration, allowing the 

particle to explore the region in which it was initialized before resetting it again. The 

resulting algorithm is called the Randomized Particle Swarm Optimizer, or 

RPSO[11]. 

 

4. 4 Perturbed PSO (PPSO) 

In classical PSO method rate of the swarm convergence is high with in the 

intermediate vicinity of the . This results the lost of diversity and premature 

convergence if the  corresponding to the local minima. To overcome this two 

issues a perturbed particle swarm algorithm which is based upon a new particle 

updating strategy and the concept of perturbed global best ( ) within the 

swarm is introduced by Zhao Xinchao et. al[32]. The perturbed global best (p-gbest) 

updating strategy is based on the concept of possibility measure to model the lack of 

information about the true optimality of the gbest. In velocity update equation the 

 is replaced by  and is the normal distribution function of and . 

Where represents the degree of uncertainty about the optimality of the  

  
where, is the  dimension of ) in  iteration. 

simply expressed as, 

  
Where  and  and are manually set parameters[17]. 
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 is the normal distribution, and represents the degree of uncertainty about 

the optimality of the . 

The perturbed global best updating strategy is different from conventional mutation 

operator which applies a random perturbation to the particles. The function of 

( ) is to encourage the particles to explore a region beyond that defined by 

the search trajectory. When  is large and encourages local fine-tuning at the latter 

stage when  is small. Subsequently, this approach helps to reduce the likelihood of 

premature convergence and guides the search toward the promising search area[32]. 

Abdelaziz Laifaet et. al[33] introduced a linear model to  expression. 

  
The study has been done in Stochastic Perturbing Particle Swarm Optimization 

byMehmet Sevkli and Aise Zulal Sevkli [34]. In this the position of each particle is 

updated based on the personal best and the global best. These operations in 

Stochastically Perturbed-PSO(SPPSO) are similar to classical PSO algorithm but, the 

search strategy of particles is different. Insert function (  ) is introduced to improve 

the randomness. Lei Zhang et. al[35] carried out the SPPSO study by considering 

more probability variables like Perturbation Probability, Gaussian noise, Acceptance 

Probability. Function reduces the likelihood of premature convergence and also helps 

to direct the search towards the minima. Fulong Chen et. al[36] explained the new 

approach called partially Perturbed Particle Swarm Optimization. The algorithm 

enhances the capability of conventional particle swarm optimization (CPSO) by 

partially perturbing the coordinates of the globally best particle with the patterns when 

the searching process is locally confined. 

 

4. 5 Multi-Objective PSO (MOPSO) 

The process of optimizing systematically and simultaneously a collection of objective 

functions are called multi-objective optimization (MOO) or vector optimization[37]. 

MOPSO was proposed by Moore et. al[38], to optimize more than one objective 

functions. In case of a multi-objective optimization problem, there exists no single 

definition of the optimal solution. Basically, the problem is that, how the individual 

objective functions should be weighted in relation to each other. But in the single 

objective optimization there is no such problem, since there is only one objective[39]. 

The main characteristics of multi-objective optimization are the objective function 

weight allocation. The solution for the weighting problem is a natural basis for the 

classification MOO[40]. There exist a set of solutions for the multi-objective problem 

which cannot normally be compared with each other. Such solutions are called Pareto 

optimal solutions or non-dominated solutions. 

There are two main fundamental approaches in the MOPSO algorithm[41][42]. The 

first approach is that each particle will consider a single objective function at a time. 

In this the best position of the particle is finding is similar to the single-objective 

optimization case and the main challenge is the proper management of the 

information coming from each objective function so that the particles go toward 

Pareto optimal solutions. The second approach is that each particle will consider all 
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objective functions and based on the concept of Pareto optimality, and they produce 

non-dominated best positions called leaders[45][43][44][47][46]. The selection of the 

best position is an important task in making particles move to the Pareto optimal 

front[48]. In these approaches, to find the leaders is not straight forward task, since 

there may be many non-dominated solutions in the neighborhood of a particle, but 

only one is usually selected to participate in the velocity update. 

Carlos et. al[42] introduce special mutation operator to enhance the exploratory 

capabilities of MOPSO and uses a secondary repository of particles used by other 

particles to guide their own flight. The review of contrained MOPSO has done by Nor 

Azlina et. al[49]. Yang et. al[50] propose two feature selection algorithms, which are 

based on two inertia weight strategies to properly balance the local search and global 

search of PSO. Bing Xue et. al[51] presents the study on multi-objective particle 

swarm optimization (PSO) for feature selection. They also developed an algorithm 

which applies the ideas of crowding, mutation, and dominance to PSO to search for 

the Pareto front solutions. 

 

4. 6 Dynamic Neighborhood PSO (DNPSO) 

The multiple objectives are divided into two groups: and , where is defined as 

the neighborhood objective, and is defined as the optimization objective. The 

choices of  and  are arbitrary. In each iteration, each particle dynamically 

determines a new neighborhood by calculating the distance to all other particles and 

choosing the nearest neighbors[52]. The distance is described as the difference 

between fitness values for the first group of objective functions . When the 

neighborhood has been determined, the best local value is selected among the 

neighbors in terms of the fitness value of the second objective functions . Finally, 

the global best updating system considers only the solution that dominates the current 

personal best value[14]. 

In each generation, after calculating distances to every other particle, each particle 

finds its new neighbors. Among the new neighbors, each particle finds the local best 

particle as the [53][54]. Burak et. al[55] proposed three different methods for 

determining the particle neighbors, which are namely nearest neighbors in the search 

space and function space[56], random neighborhood and Directed Graph 

Representation of the Neighborhood. Ehsan et. al[57] introduced a naturalistic method 

to determine neighbors in a set of particles based on Voronoi diagram. In this realistic 

swarm, particles take Voronoi neighbors into account. The study which incorporate 

PSO and the neighborhood rough set model is introduced by Aimin et. al[58]. 

Neighborhood rough set model is difinied by neighborhood and neighborhood 

relations in metric spaces. In this model, the neighborhood of an arbitrary is a subset 

of samples, whose attribute to describe the objects is close to . Min Han et. al[59] 

carried out a study in DynamicNeighborhood Topology for Large Scale Optimization. 

In this the adaptive topology strategy could learn from the neighborhood positions, 

and constitute the sub-swarm self-organized to optimize the issue and share the 
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information. Some of the studied was carried out in the con trained DNPSO[60][61]. 

The main drawback o this algorithm is that it can be used only for two objectives[62]. 

 

4. 7 Vector Evaluated PSO (VEPSO) 

Vector evaluated PSO is similar to the multi-phase PSO. Here one swarm is evaluated 

only for one objective function and the information is exchanged among other 

swarms[63]. As a result in the swarm update, the best position of one swarm is used 

for the velocity update of another swarm that corresponds to a different objective 

function. Which utilizes a separate Swarm for each optimization objective and 

communication between the swarms to encourage exploration of the Pareto 

front[64][65]. Thus the information exchange will took place between swarms and the 

Pareto optima can be find out. In this algorithm the number of objectives is equal to 

the number of swarms. In other words  objective functions are solved by  swarms. 

The velocity update equation for k-objective function problem is defined as, 

  
Where, defines the swarm number 

is the best position found for any particle in the th swarm which is evaluated 

with the -th objective function. 

Zuwairie Ibrahimet. al[66] is solved the DNA sequence design problem is by using 

Vector evaluated-PSO(VEPSO). In this they considered four objective functions to 

minimize. A study is done by Lim Kian Shenget et. al[67] to measure the 

convergence and diversity by using standard test functions. 

 

4. 8 Binary PSO (BPSO) 

The classical PSO was developed for continues-valued real search space and its 

variants are also most dealing with the continuous space. Which cannot be used to for 

a discrete valued search space [74]. Kennedy and Eberhart first introduced the basic 

BPSO version which can be used in the discrete space. It is possible to convert the 

real value domain to binary value domain and wise versa. This is can be found out in 

analog to digital conversion. So Kennedy and Eberhart are developed the PSO to 

operate on the binary search spaces. In this algorithm the particle position are 

represented by the binary value [68][69]. 

  
In this, the mapping can be done from the n-dimensional binary space  to the real 

number . 

Where  is the function and  is the real number set. is bit string length. 

That means a particle’s positions must belong to  in order to be calculated by . In 

this algorithm the particle velocity update equation is not having any change. The 

particle update is taking place using the following formula. For the  bit of the 

particle, the next update is, 

  
where,  is a random number in the interval (0, 1)  is the sigmoid function. 
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Since each bit of is always binary-valued in the solution space, so no boundary 

conditions need to be specified in BPSO[70]. The probability based Binary Particle 

Swarm Optimization Algorithm is developed by LanLan et. al[71][72] they transform 

the pseudo –probability of the particle to the real probability . 

  
Arezoo Modiri et. al[73]modified the algorithm to improve the convergence. They 

studied the impact of modifying the initial velocity and the effect of omitting personal 

best coefficient in velocity function on performance of PSO algorithm. 

 

4. 9 Theta PSO ( ) 

The theta-PSO algorithm is a updated version of classical PSO[75][76][77][78][79]. 

The theta-PSO is having very similar structure that of classical PSO. This method is 

having different moving mechanism of particles. Phase angle vector is update can 

done instead of velocity vector update classical PSO. Similar operations are carrying 

outin θ-PSO, the increment of the phase angle vector is used instead of velocity 

vector, in each iteration the particle’s phase angles  is updating. The positions of 

particles can be found out by the mapping of phase angles using an appropriate 

functions. 

 

  

  

  
Fitness value  

With being a 

monotonic mapping function for common problems we take , 

 

  
Where  

An study the fuzzy adaptive theta particle swarm optimization (FAӨPSO) is carried 

out by Siavash[80]. They try to combine the fuzzy as well as theta particle swarm 

optimization. 

 

4. 10 Cooperative PSO-Split (CPSO-S) 

The particular algorithm was introduced by van denet et. al[81][82]. In CPSO the 

entire search space is splitting into subspaces it similar to Multi-swarm PSO, where 

the total swarms are divided into sub swarms[83]. CPSO-S was developed as an 

approach to improve the scalability of the PSO. CPSO-S moves individual 

components in beneficial directions without affecting the rest of the particles. It is 

done byconverting the n-dimensional search space into  dimensional spaces, 

each of which is optimized independently by a subswarm. Each subswarm is a 
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complete implementation of a PSO variant. Each swarm in the group only has 

information regarding a specific component of the solution vector; the rest of the 

vector is provided by the other n − 1 swarms. This promotes cooperation between the 

different swarms. The information based on specific components of the solution 

vector is carried out by each group of swarms. swarms providing the rest of the 

vectors. This particular character provides different swarms cooperation. 

In this algorithm the working of each sub-swarm are relatively independent in nature. 

Subswarms are doing the cooperative search between them and will try to achieve the 

global minimapoint. The particle swarm coordinator will periodically send the 

information. Particle swarm coordinator first receives global extreme particles 

 from sub-PSO which is received from coordinated cycle. Then this global 

extreme particle is coordinated by  particle swarm coordinator and the best particle 

will be selected according to the fitness value. Thus the global extreme particle 

of all particles can be found out. Distribution of global extreme particle 

can be done in various sub-swarms. Finally global best particle replacement 

will be done based on their complete strategy[84][85].. 

The CPSO-S approach is having the advantage that modification of a single 

component can be done at a time. This results the required fine grained search and it 

will completely reduce the scenarios like ―two steps forward, one step back‖. Large 

number of combinations will form in CPSO-S using different swarm members, this 

will result to the significant increase in the solution diversity[86]. Fuqiang Xie et. 

al[87] introduced a Cooperate PSO based on Legendre orthogonal polynomials. They 

introduced three improving strategies which ensure the better in solution in complex 

space. 

 

4. 11 Quantum Behaved Particle Swarm Optimization (QPSO) 

In classical PSO the position of the particle is updated by the velocity. But in quantum 

mechanics it is not possible to find a particle position and velocity simultaneously. In 

QPSO algorithm[88] used the quantum behavior of the particle. It says that in each 

dimension there is a one dimensional potential well on it witha local attractor point. 

Instead of using position and velocity the quantum state of a particle is used by a 

wave function[89][90]. From Schrodinger equation it is possible to find the 

probability density function of the particular particle. 

In quantum time-space, the particle is having both particle and wave nature[91], the 

wave function can explain quantum state of a particle. Therefore the wave 

function gives the probability of the particle’s appearing in position x. The 

particle position can be find out by using Monte Carlo simulation. 

  
Where  and  is defined as, 

  
Where, and are called creativity coefficient and mean best position 

respectively. The term is defined as, 

http://ieeexplore.ieee.org/search/searchresult.jsp?newsearch=true&queryText=Quantum%20Behaved%20Particle%20Swarm%20Optimization%20.LB.QPSO.RB.
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where d is particle’s dimension, is size of the population, is the particle’s best 

position The centre potential is calculated to ensure global convergence to all 

particles and it is defined as, 

  
Where, is a random number.  is the global best position of the 

particle and personal best position of particle. Therefore, the particle position 

update equation is given by, 

  
In general, in the particle update equation is controlled by the parameter and it is 

expresses as, 

  
Where,  and t represents the maximum number of iterations and the current iteration 

respectively. The quantum-behaved particle swarm Optimization(QPSO) algorithm is 

easily controllable because it is using a single parameter  to control the position of 

the particle as well as convergence rate. 

 

 

5. CONCLUTION 

Evolution of Optimization techniques has a very long history and still new techniques 

are developing day by day. This paper attempts to comprehend the evolution of 

optimization techniques and the modification made on each during various periods. 

By the development of engineering, application of optimization have varied from a 

simple process to complex process like missile trajectory optimization and so on. So 

as the development of technology new algorithms, ideas and techniques have to be 

developed. In the literatures reviewed, we came to a conclusion that even if the 

technique of optimization to be used, largely depends on the application, co-operative 

and evolutionary methods have more importance due to their effectiveness in solving 

particular problems and due to the ease of implementation. Recently developed 

quantum particle swarm optimization technique is giving new promises in the area of 

optimization. Also the modification of old methods is also going on. The research on 

optimization is a never ending process. No literature review on this topic will be 

complete since new algorithms are developing each day. This paper is just a small 

effort to showcase what have been done till now. 
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