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ABSTRACT 

Particle Swarm Optimization (PSO) is a population based 
optimization technique developed by Kennedy et al., inspired by 

social behavior of bird flocking and fish schooling. PSO is 

successfully applied in many research and application areas in 

past years such as global optimization and artificial neural 

network training etc. Especially, in global optimization, PSO has 

shown its superior advantages and effectiveness. Parameter 

tuning has an important role in improving the performance of 

the PSO algorithm. A number of PSO algorithms based on 

parameter tuning approach, came in past several years, such as 

PSO - Time Varying Inertia Weight (PSO-TVIW), PSO - 

Random Inertia Weight (PSO-RANDIW), and PSO - Time 
Varying Acceleration Coefficients (PSO-TVAC) etc. This paper 

proposes a new parameter automation strategy that improves the 

performance of PSO-TVAC algorithm. The proposed algorithm 

decrease the time varying inertia weight and acceleration 

coefficient non-linearly in velocity vector equation of PSO-TVAC 

in each iteration. The algorithm has proper control on local 

optimum and global optimum. The performance of the proposed 

algorithm is compared with other existing PSO algorithm on five 

well known benchmark test function. The experiments prove that 

the proposed algorithm has better performance.  

Keywords— optimization techniques, particle swarm 

optimization (PSO), parameter tuning. 

INTRODUCTION  

An optimization problem is the problem of finding the best 

solution from all feasible solutions. An important part of an 

optimization problem is the function to be optimized. This 

function is called as objective function, and also referred to as 

fitness function. The variables required by the objective 

function are called input variables and also known as decision 

variables. Variables can be constrained by simple bounds or 

potentially complex constraints; the set of all feasible positions 

of the constrained variables is referred as search space. The 

result to which the objective function evaluates a certain 
position is called as objective value and also known as fitness 

value. The objective function, its search space, and its 

constraints are all parts of the optimization problem. The 

maximum of an objective function is the objective value 

where the objective function has its highest objective value. 

The minimum of an objective function is the objective value 

where the objective function has its lowest objective value. 

Both a maximum and a minimum can be called an optimum. A 

local optimum of an optimization problem is a solution that is 

optimal (either maximal or minimal) within a neighboring set 

of solutions. The global optimum is the optimum of all local 

optima, i.e., it is the optimum (either maximal or minimal) in 

the complete search space. A maximization problem is an 

optimization problem for which the position with the highest 

objective value is to be found. A minimization problem is an 

optimization problem for which the position with the lowest 

objective value is to be found [2, 3].  

There are many different types of optimization technique, 

whereas this research focuses on Particle Swarm Optimization 

(PSO) technique. Particle swarm optimization is a population 

based optimization algorithm that optimizes a problem 
iteratively. PSO optimizes a problem by having a population 

of particles, and moving these particles around in the search-

space according to simple mathematical formulae over the 

particle's position and velocity. Each particle's movement is 

influenced by its local best known position and is also guided 

toward the global best known positions in the search space, 

which are updated as better positions are found by other 

particles. The parameters of PSO algorithm play major role in 

improving the performance of this algorithm. In this paper, a 

new parameter tuning strategy is proposed for particle swarm 

optimization algorithm. The angle between the current 

position of particle and its global best is consider, and 
minimized in each iteration. The parameters of the PSO 

algorithm are varying from its maximum value to its minimum 

value in each iteration. Performance of the proposed algorithm 

is evaluated on well known benchmarks functions.  

In population based optimization algorithm, there is a necessity 

of new kind of algorithm that improve the performance of the 

existing algorithm. Parameter tuning approach has an important 

role in improving the performance of the PSO algorithm. A 

number of PSO variants based on parameter tuning approach, 

such as PSO-Time Varying Inertia Weight (PSO-TVIW), PSO-

Random Inertia Weight (PSO-RANDIW), and PSO-Time 

Varying Acceleration Coefficients (PSO-TVAC) etc. have been 

proposed in past years. This motivates us to develop a new type 

of parameter automation strategy which gives better 

performance than the previous algorithm. 

This paper divides into five sections: section II describes 

general background of swarm intelligence, section III 

describes the proposed algorithm, section IV describes the 

experimental results on benchmarks functions and section V 

describes conclusion and future work. 
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Evolutionary Computation(EC) 

In computer science, Evolutionary Computation (EC) is a 
subfield of artificial intelligence (more particularly 

computational intelligence) that involves combinatorial 

optimization problems [1]. EC is inspired by the Darwinian 

principles ‘survival of the fittest’ of natural selection. EC 

techniques include the following field:  

Swarm Intelligence (SI) 

Swarm Intelligence technique is inspired by the social 

behavior of organisms.  

Ant Colony Optimization (ACO): Ant Colony Optimization 

algorithms is Swarm Intelligence methods was proposed [4] 

by Marco Dorigo in 1992 in his PhD thesis. The main 

underlying idea was inspired by the behavior of real ants. In 
ACO a colony of artificial ants collectively works to find an 

optimal solution for a discrete problem. ACO was the first 

algorithm, aiming to search for an optimal path in a graph, 

based on the behavior of ants seeking a path between their 

colony and a source of food. ACO can't perform well in large 

search space and criticized due to their slow performance.  

Artificial Bee Colony (ABC): Artificial Bee Colony algorithm 

(ABC) was proposed [6] by Karaboga in 2005, based on the 

intelligent behavior of honey bee swarm. In the ABC model, 

the colony consists of three groups of bees: employed bees, 

onlookers and scouts. It is assumed that there is only one 

artificial employed bee for each food source. Employed bees 

go to their food source and come back to hive and dance on 

this area. The employed bee whose food source has been 

abandoned becomes a scout and starts to search for finding a 
new food source. Onlookers watch the dances of employed 

bees and choose food sources depending on dances. 

Particle Swarm Optimization (PSO): Particle Swarm 

Optimization (PSO) is a Swarm Intelligence technique 
developed by Dr. James Kennedy and Dr. Russell Eberhart [5] 

in 1995 inspired by social behavior of bird flocking or fish 

schooling. Like other population based algorithms such as 

Genetic Algorithm (GA), particle swarm optimization method 

[7] have many similarities. PSO starts with the random 

initialization of a population of individuals in the n-

dimensional search space and finds the optimal solution by 

updating generations.  

PSO learned from the scenario and used it to solve the 

optimization problems. In PSO, each individual is known as 

particle and also a potential solution to a problem in the n-

dimensional search space. The set of particles in the n-

dimensional search space is known as swarm. All of particles 

have fitness values which are evaluated by the fitness function 

to be optimized, and have velocities which direct the flying of 
the particles. The particles fly through the problem space by 

following the current optimum particles. 

PSO is initialized with a group of random particles (solutions) 

and then searches for optima by updating generations. In each 

iteration, each particle is updated by following two best 

values. The first one is the best value (fitness) that has 

achieved so far by each particle in the search space (The 

fitness value is also stored). This best value is personal best 

and called Ƥbest. Another best value that is tracked by the 

particle swarm optimizer is the best value, obtained so far by 
any particle in the search space. This best value is a global 

best and called gbest. 

PSO algorithm finds the global best solution by adjusting the 

trajectory of each particle toward its own best position and 

toward the best position of the entire swarm [8, 9] at each 

iterations. The PSO algorithm is becoming very popular 

because of its ease of implementation and ability to quickly 

converge toward a optimal solution 

In basic PSO algorithm, the trajectory of each particle is 

adjusted by dynamically changing the velocity of each 

particle, according to its own flying experience and the flying 

experience of the other particles in the n-dimensional search 

space. Let Vi is the velocity vector and Xi is the position 

vector of the ith particle. In the n-dimensional search space the 

velocity vector and the position vector of the ith particle can be 
represented as Vi = (vi

1, vi
2, vi

3,……, vi
n) and Xi = (xi

1, xi
2, 

xi
3,……, xi

n) respectively. Let Ƥi
n = (pi

1, pi
2, pi

3, ……., pi
n) is 

the local best positions of each particle and Ƥg
n = (pg

1, pg
2, pg

3, 

……., pg
n) is the global best positions found by the whole 

swarm at time t according to user defined fitness function. 

Then, for the next fitness evaluation, the new velocities and 

positions of the particles are calculated using the following 

equations:  

   (1) 

    (2) 
for i = 1, 2, 3. ……., m  

where 

n  dimension of search space 

m  number of particles in the search space 

vi
n (t+1)  velocity of ith particle at time t+1 

vi
n (t)  velocity of ith particle at time t 

c1(t)  cognitive acceleration coefficient at time t 

c2(t)  social acceleration coefficient at time t 

 pi
n(t)  local best position of each particle at time t 

pg
n(t)  global best position of swarm at time t 

xi
n(t+1)  position of the ith particle at time t+1 

xi
n(t)  position of the ith particle at time t  

r1, r2  random number in the range [0, 1] 

The first part of equation (1) represents the previous velocity, 

which provides the necessary momentum for particles to rove 

across the n-dimensional search space. The second part of 

equation (1) represents the personal thinking of each particle 

and known as cognitive component. The cognitive component 

encourages the entire particle to move toward their own best 

positions found so far in the n-dimensional search space. The 

third part of equation (1) represents the collaborative effect of 
all the particle in finding the global optimal solution and 
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known as social component. The social component always 

pulls the entire particle toward the global best position found 

so far in the search space. Initially, a random population of 

particles associated with random velocity and random position 

is generated. The fitness value of each particle is then 

evaluated according to a user defined fitness function. The 
velocity of each particle is calculated according to equation (1) 

and the position of each particle is updated according to 

equation (2) in each iteration. At each iteration if a particle 

finds a better position than the previously found best position 

then its current location is stored in memory. In order to 

control the excessive roaming of particles outside the defined 

search space, a maximum velocity Vn
max is defined for the 

velocity vector Vi
n of the particles. Whenever Vi

n exceeds the 

defined limit then its velocity is set to Vn
max. 

a) Concept of Inertia Weight (ω): A considerable amount of 

work has been done to improve the performance [10-12] of the 

original version of the PSO algorithm. In order to balance the 
local and global search during the optimization process, Shi 

and Eberhart introduced the concept of inertia weight [11] to 

the original version of PSO algorithm. 

 (3) 

   (4) 

for i = 1, 2, 3. ……., m  

where ω is inertia weight. In this approach the value of inertia 

weight is fixed for all iteration.  

b) Parameter tuning in PSO Algorithm: In this approach, the 

parameters of the PSO algorithm (inertia weight, cognitive 

acceleration coefficient and social acceleration coefficient) are 

tuned for improving the optimal solution in the search space 
[13,14]. Parameter tuning strategy is needed because the basic 

version of the PSO algorithm was not giving efficient 

performance on the benchmarks functions. Proper and fine 

tuning of the parameters may result in faster convergence of 

the algorithm, and alleviation of the local minima. 

 
Figure 1 Flow chart of PSO algorithm 

Initially, the values of the parameters of PSO algorithm are 

constant. However, experimental results proved that it is better 

to initially set the parameters to a large value, in order to 

promote global exploration of the search space, and gradually 

decrease it to get more refined optimal solutions. A large 

parameter's value facilitates global exploration (searching new 
areas), while a small one tends to facilitate local exploration 

(fine tuning of the current search area). A suitable value for 

the parameters usually provides balance between global and 

local exploration abilities and consequently results in a 

reduction of the number of iterations required to locate the 

optimum solution [15]. 

c) Motivation: The angle between the current position of 

particles, its personal best, and global best position the 

particles are considered, and represented by theta (θ). The 

angle (θ) is inversely proportional to the current iteration. As 

the number of current iteration increases, the value of (θ) 

decreases. In each iteration, the angle between the personal 
best position of particles and global best position of the 

particles is minimized, so that it converges to the optimal 

solution efficiently.  

Proposed Algorithm 

In this paper, a modified time varying acceleration coefficients 

based PSO algorithm is proposed. In the proposed algorithm, 

the parameters (ω, c1, c2) of the PSO algorithm are varying 

according to the given equation in each iteration. The 

parameters are mathematically represented as follows: 

 (5) 

 (6) 

 (7) 

Where θ is defined as, 

θ =     (8) 

In each iteration, each particle updates its velocity and position 

according to the defined velocity vector and position vector 

equation as given below: 

 (9) 

    (10) 

for i = 1, 2, 3. ……., m  

Where c1min = c2min = 0.5 are the minimum values of cognitive 

and social acceleration coefficients. c1max = c2max = 2.5 are the 
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maximum values of cognitive and social acceleration 

coefficients. ωmin = 0.4 and ωmax = 0.9 are the minimum and 

maximum values of the inertia weight respectively. α, β, and γ 

are constant coefficients , and α, β,  γ  Є (1.0, 1.5, 0.5). 

In the proposed algorithm, the inertia weight and the cognitive 

acceleration coefficient starts with its maximum value ωmax 
and c1max (when Icurrent = 0), and nonlinearly decreases to its 

minimum value ωmin and c1min (when Icurrent = Imax) 

respectively. But the social acceleration coefficient starts with 

its minimum value c2min (when Icurrent = 0) and nonlinearly 

increases to its maximum value c2max (when Icurrent = Imax). The 

proposed algorithm will encourage all the particle to roam 

through the entire search space instead of clustering around a 

local minimum at the beginning of the iterations and during 

the later iterations, the algorithm will converge towards the 

global minimum. 

Figure 2 shows the flow chart of the proposed algorithm. 

Initially, generate random population of particles, associated 
with random velocity and random position in the n-

dimensional search space. Specify the PSO parameters and 

maximum number of iterations. In each iteration, fitness of the 

entire particle is evaluated and each particle updates its 

velocity and position using the equations (9) and (10). If the 

current iteration is equal to the specified maximum number of 

iterations (termination criteria is met) then position of the 

global best particle is the optimal solution. If not, then increase 

the current iteration by 1 and repeat until the maximum 

number of iteration reaches (termination criteria). 

 

Figure 2 Flow chart of proposed algorithm 

Algorithm: 

1. Generate random population of particle with random 

position and velocity in search space. 

2. for i= 1 to Imax. 

3. Set the parameters of the algorithm as: 

  

  

 

4. Find the local best (personal best (pi
n)) position of ith 

particle. 

5. Find the global best (best among personal best (pg
n)) 

position of the swarm. 

6. Update the velocity (vi
n) of each particle by the 

velocity vector equation 

  

7. Update the position (xi
n
) of each particle by the 

position vector equation 

 

8. Repeat step 3 to 7, until the termination a criterion is 

met (maximum number of iteration). 

9. end for 

10. The global best position of the swarm is the optimal 

solution. 

Experimental Results 

Figure 5 shows the variation of PSO parameters (ω, c1, c2) in 

each iteration. c1 and ω varying from its maximum value (at 

starting) to its minimum value (at ending), while c2 varying 

from its minimum value (at starting) to its maximum Value (at 

ending).  

 

Figure 3 Variation of PSO parameters in proposed 

algorithm 

To compare the performance of the proposed PSO algorithm 

with the previous PSO-TVAC algorithm, five well known 

benchmark functions are used. The global minimum of all the 
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benchmark functions are at the origin. Table I shows the 

mathematical representation of the benchmark functions used. 

TABLE I.  BENCHMARK FUNCTIONS 

 

Each benchmarks function has some search range and 

initialization range in the search space. Table II shows the 
initialization range of the search for the benchmark functions, 

where n is the number of dimensions of the search space. 

TABLE II.  INITIALIZATION FOR BENCHMARK 

FUNCTIONS 

 

RESULTS: 

 

Figure 4. Graph for Rastrigrin function 

 

Figure 5. Graph for Griewank function 

 

Figure 6. Graph for Rosenbrock function 

 

Figure 7. Graph for Sphere function 

 

Figure 8. Graph for Schaffer f6 function 

CONCLUSION AND FUTURE WORK 

In this paper, a modified time varying acceleration coefficients 

(TVAC) based particle swarm optimization algorithm is 

proposed. The parameter of the proposed algorithm varies in 

each iteration. The proposed algorithm is tested on five well 

known benchmark functions. Experiments prove that the 
proposed algorithm is stronger than the other PSO algorithm. 

The proposed algorithm have proper control on local optimum 

and global optimum. The proposed algorithm performs 

consistently and efficiently improves optimum solutions in the 

search space. A lot of future scope has been observed during 

working in this area of study. This algorithm can be applied on 

various applications, to minimize the cost and energy 

dissipation in wireless sensor network, test case generation etc. 
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