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Abstract: Particle swarm optimization (PSO) is one of the most 
capable algorithms that reside to the swarm intelligence (SI) 
systems. Recently, it becomes very popular and renowned because 
of the easy implementation in complex/real life optimization 
problems. However, PSO has some observable drawbacks such as 
diversity maintenance, pre convergence and/or slow convergence 
speed. The ultimate success of PSO depends on the velocity update 
of the particles. Velocity has a significant dependence on its 
multiplied coefficient like inertia weight and acceleration factors. 
To increase the ability of PSO, this paper introduced an enriched 
PSO (namely ePSO), to solve hard optimization problems more 
precisely, efficiently and reliably. In ePSO novel gradually 
decreased inertia weight (as an alternative of a fixed constant 
value) and new gradually decreased and/or increased acceleration 
factors (meant for cognitive and social modules) is introduced. 
Proposed ePSO is used to solve four well known typical 
unconstrained benchmark functions and four complex 
unconstrained real life problems. The overall observation shows 
that proposed new algorithm ePSO is fitter than the compared 
algorithms significantly and statistically. Moreover, the 
convergence accuracy and speed of ePSO are also improved 
effectively. 

Keywords: Unconstrained optimization; Particle swarm 
optimization; Inertia weight; Acceleration coefficients.  

I. INTRODUCTION 

Recently, nature inspired (NI) optimization algorithms 
introduced for extremely nonlinear and complex optimization 
problems. This is because of their flexibility, capability of 
global search, avoidance of local optima and derivation free 
mechanisms. These methods entirely depends on the concepts 
of animals and insects behaviors that are sustained in the 
environment, so that they are also named  as algorithm of 
swarm intelligence (SI) which includes  PSO (particle swarm 
optimization) [1], ABC (artificial bee colony) [2], ACO (ant 
colony optimization) [3], FA (firefly algorithm) [4], KH (krill 
herd) [5], BA (bat algorithm) [6], CS (cuckoo search) [7], 
AAA (artificial algae algorithm) [8], TSA (tree seed 
algorithm) [9], GWO (grey wolf optimizer) [10], SSA (social 
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spider algorithm) [11], MFA (moth flame algorithm) [12], 
SSO (salp swarm optimizer) [13], WOA (whale optimization 
algorithm) [14], DEA (dolphin echolocation algorithm) [15], 
CSO (cat swarm optimizer) [16] and LOA (lion optimization   
algorithm) [17].  
Currently, among the several SI algorithms, PSO and its kinds 
continuously are being used to deal with problems that are 
very complicated in the area of optimization. Also, it resolves 
numerous practical problems of the various fields [18–24], 
because of its advantages like easy implementation, few 
parameters to be controlled and rapid convergence. Although 
PSO endure from premature/slow convergence and trapped in 
local optima problem. On the way to overcome such 
problems, a number of alternatives of PSO were anticipated in 
the literature. 

Shi and Eberhart [25] upgrade the implementation of the 
standard PSO via inertia weight which is linearly time varying 
that may effective to solve optimization problems. A new 
scheme to upgrade velocity of particles of standard PSO given 
by Liang et al. [26], which increase early convergence and 
swarm’s diversity. Orthogonal culture strategy was offered to 
update the position/velocity of the PSO for better diversity 
and direction of particle enhancements by Zhan et al. [27]. 
Xinchao [28] updated a system which includes novel velocity 
that is determined by perturbed global best and outcome of 
which is the avoidance of swarm’s diversity loss. In order to 
investigate to a greater extent proposed algorithm by Wang et 
al. [29] not only improve effectiveness of traditional PSO, but 
also functional altered velocity informs process to avoid early 
convergence in standard PSO. Tsoulos [30] transformed 
pattern of velocity update by adding some similarity check, 
local search and stopping rule.  

A novel PSO (HPSO-TVAC) introduced by Ratnaweera et 
al. [31] where social and cognitive component of the PSO 
were controlled by newly generated time varying factors. Its 
results give some favorable results to optimization problems. 
Yang et al. [32] changed inertia weight dynamically to update 
the velocity formula of the PSO. In [33] the recommended 
method applies detailed information of the whole 
neighborhoods for conducting the particle to fly in proper 
directions. To control particle’s neighborhood in PSO 
topological arrangement is used in [34]. Lianget al. [35] used 
small neighborhood’s information and dynamic multiple 

swarms to diversify the swarm. The FGLT-PSO (fusion 
global-local-topology) method based a new PSO was 
developed in [36].  
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MTVPSO (a modified time‐varying PSO) for solving 
nonconvex ELD (economic load dispatch) problems initiated 
by Parouha [37] which relies on novel time‐varying 
acceleration and inertia weight coefficients and provide better 
results compared among other effective algorithms.  
Observably, parameters of PSO are few and its parameter 
tuning is quite simple, which enhance the algorithm quality 
and has become a widely used method. The crucial parameter 
of affecting implementation of the PSO algorithm is inertia 
weight.  
It makes particles encouraging to global exploration 
whenever inertia weight is large and particles tend to local 
exploitation when it is small. Also, the important parameter of 
PSO, the cognitive and social improves particle’s ability of 
learning optimal solution individually and population optimal 
solution and hence global and local search of algorithm is 
balanced.  
Inspired by the above fact (advantages, disadvantages and 
parameter influences of PSO) and effective literature survey, 
we put forward an enriched PSO (termed as ePSO) algorithm, 
that have new gradually decreased inertia weight factor and 
novel gradually decreased and/or increased acceleration 
coefficients (cognitive and social parameter). Present 
algorithm proposed the characteristics of novel gradually 
varying parameters i.e. inertia weight, cognitive and social 
parameter makes ePSO algorithm more random that may 
enhance global and local search balance of algorithm as well 
as improvise the algorithm’s ability to avoid fall into local 

optimal solution. 
The rest part of this paper described as follows: In the section 
2 an overview of the classical PSO is presented, section 3 
covers the proposed technology. Results and discussion are 
given in section 4, and at last impact of this paper along with 
few future research advices discussed in section 5 

II.  PSO OVERVIEW 

Initially, Particle swarm optimization (PSO) was very first 
invented Russell Eberhart and James Kennedy [1] in 1995. 
The PSO algorithm contains basically two main procedures in 
which first and second procedure is to update velocity and 
position update respectively. The population of particles 
randomized in j-dimensional search space in starting stage. A 
particle ‘i’ has a velocity vector at iteration‘t’ is given as 

 and  is a position 
vector. The prominent part of the solution is 

 which is best solution 

acquire by ith particle at current iteration (t). The  
(global best) is the best  among the entire particles. The 

updated velocity and position of particle ‘i’ will be formulated 
as     
                 

  (1)              

                                                                (2) 
 

where, : tth existing velocity and : tth present position of 
the ith particle; : tth present iteration of the algorithm, 

; : the maximum iteration number; : ith particle 
of the swarm, , : the swarm/population size. 

 and  are cognitive and social acceleration coefficient 
respectively. Usually  [38].  and  are 

two random uniformly distributed that belongs to range [0, 1] 
and the inertia weight which is denoted as    fixed to 1 in the 
standard PSO [1]. 
Obviously, among all optimization algorithms PSO is one of 
the modest and well-organized global optimization 
algorithms. From literature review, it is observed that the PSO 

are much affected by three parameters: ,  and . Suitable 
tuning of these parameters gives particles different behavior 
and improves the search quality. 

III. PROPOSED TECHNOLOGY 

PSO is a swarm intelligence (SI) searching approach which is 
entirely depends upon the population and hence renowned as 
a population based optimization algorithm. Motivated by the 
superiority (like simplicity, ease of implementation, 
efficiency of computation, robustness and having ability to 
find a global optimum) and   inferiority (such as early 
convergence) as well as the requirement of the population 
based processes (like (a) in early stages: ability to improve 
particles to wander without gathering around the local optima 
upon the entire search space and (b) in next stages: to find 
optimum (near the global optima) solution efficiently).  
In PSO, the inertia weight ( ) plays the prominent  role in 
controlling effectiveness of previous velocity increases of the 

particles and acceleration coefficients (  and ) values are 
employ to covey that particles gets more affected either 
locally or globally   
Encouraged by above observations (i.e. by the advantages, 
disadvantages, influences of the parameter, need of the 
population based optimization and effective survey of 
literature), an enriched particle swarm optimization (namely 
ePSO) presented and it is based on novel gradually varying 
(decreasing and/or increasing) parameters ,  and . The 
mathematical demonstration for proposed ,  and  are 
given as follows.   

w =  

;   

 
In ePSO, velocity (by using equation (3)) and position (by 
using equation (4)) of the particle ‘i’ are formulated as, 
 

 (3)  
 

                                                                  (4) 
 

The new enhanced implementation of  presented algorithm 
(ePSO) contains (i) the proposed inertia weight   gradually 
reduced because of which local exploitation and global 
exploration abilities is maintained  due to  larger inertia 
weight facilitates a global exploration and a smaller inertia 
weight tends to a local exploitation and (ii)  and  
gradually decreased and increased respectively improve the 
global search capability of PSO in early stage because of 
initially big and lesser value of  and , pushes particles to 
move in entire solution and then 
value of  will decrease and of   
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will increase (as iteration increases,) which pull the particles 
to the global solution. After doing an extensive experiments 
on unconstrained benchmark function as well as engineering 
design optimization using introduced ePSO the control 
parameter is decided as,  and , 

 and  and  and 
 which are used in the entire calculation. The 

influences and/or behavior of proposed ,  and  during 
iteration (search process) for ePSO are illustrated in Fig. 1. 
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Fig. 1. Variation of parameters ( ,  and ) during 

iterations 
 

Pseudo code of the projected ePSO.  
 

For each particle  
    Initialize particle and velocity randomly  
END 
Do 
    For each particle  
        Calculate function value 

    Update   
    End 
    Choose the   

    For each particle  
        Calculate velocity using equation (3) 
        Update position using equation   (4) 
    End  
While stopping criteria (like maximum iterations) is not 
attained. 

IV. RESULT AND DISCUSSION  

This section discussed the performance of the ePSO which 
is tested on four typical unconstrained benchmark function 
namely Sphere, Rosenbrock function, Rastrigin and 
Griewank. The detail of these function is described below.  

 
Name  Formula Mesh in 2D Optimal value  

Sphere     

 

[-100, 100] 
x* =  (0,0 …, 0), 
f(x*) = 0 

Rosenbrock 

 
 

[-32, 32] 
x* =  (1,1 …, 1), 
f(x*) = 0 

Rastrigin  
  

[-5.12, 5.12] 
x* =  (1,1 …, 1), 
f(x*) = 0 

Griewank  

  

[-600, 600] 
x* =  (1,1 …, 1), 
f(x*) = 0 

Further, four complex unconstrained real life problems of 
ePSO (URLPs) that is (i) URLP1: estimation of parameter for 
frequency modulated (FM) sound waves, (ii) URLP2: design 
of a gear train, (iii) URLP3: spread spectrum radar polly 

phase code design, and (iv) URLP4: Lennard-Jones potential 
problems (the details of listed RWA can be found in [28,57]) 
are selected to testify ePSO practicability on real life 
problems. Program is coded on C-Free 4.0 standard and 
conducted on Core-i7 Intel®, 2.20 GHz, 8 GB RAM 
computer. Every table in this paper the best result compared 
to all the algorithms highlighted as Italic bold standards. 
Results and discussion detail of numerous examinations are as 
follows. 

A. On four unconstrained benchmark functions 

Here, in this section ePSO is applied to analyze above listed 4 
typical unconstrained benchmark functions and compared 
with traditional PSO, classical DE, PSODE (PSO-DE based 
hybrid algorithm) [39]. Population size (NP = 40), the 
functions dimension (j/d = 10) and stopping criterion (1500 
iterations and 20 independent runs for each function) and 
which is same as in [39], for a fair comparison. The best 
objective function value of 4 typical unconstrained 
benchmark functions is analyzed numerically such as mean 
(Mn) and standard deviations (Std.) which is illustrated in 
Table 1.   
 

Table 1. Results on four unconstrained benchmark 
problems 

 

function Criteria ePSO PSODE PSO DE 

Sphere Mn 0.000e+000 7.9601e-001 1.8051e-045 8.3857e-038 
Std. 0.000e+000 5.8400e-001 1.6596e-089 3.5160e-074 

Rosenbrock Mn 2.017e-159 2.2864e-051 1.6916e+000 2.8662 e+000 

Std. 3.251e-198 2.3016e-101 1.7038e+003 1.6892 e+000 

Rastrigin 
Mn 1.071e-018 3.1011e-002 3.3311e+000 2.0894e+000 

Std. 1.251e-021 2.8418e-004 2.9464e+000 1.4189e+000 

Griewank Mn 0.000e+000 0.8804e+000 3.8822 e-002 3.8496e-002 
Std. 0.000e+000 1.2502e+000 6.0670 e-004 7.8891e-004 

 

From Table 1, it is perceived that the presentation of ePSO 
improved than other algorithms and have less standard 
deviations (Std.) on each benchmark functions which shows 
its stability. Concretely, the suggested ePSO is either superior 
or comparable. 
Furthermore, comparison of convergence speed between 
ePSO with the other algorithms reported in [39] over a set of 4 
considered typical unconstrained benchmark. The 
representation of graph (convergence graph) is depicted 
separately in Fig. 2(a-d). Moreover, performance (reported in 
[40]) of proposed ePSO with PSO, DE and PSODE are 
reported in Fig. 3. From figs. 2(a-d) and Fig. 3 it can be decide 
that the newly proposed ePSO has quick convergence 
capability which indicates that performance of ePSO is the 
superior (as it clearly visible in performance pi-charts that 
covers maximal area) than other methods respectively. 
Overall the proposed ePSO algorithm is a absolutely good 
performer in solving unconstrained function optimization. 
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Fig. 2(a). Convergence of ePSO with others for Sphere 
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Fig. 2(b). Convergence of ePSO with others for 
Rosenbrock 
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Fig. 2(c). Convergence of ePSO with others for Rastrigin 
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Fig. 2(d). Convergence of ePSO with others for Griewank 
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Fig.3. Performance evaluation on ePSO with other 
methods 

B. On four unconstrained real life problems 

Here in this section the four unconstrained real life problems 
(URLPs) as listed above are solved by applying proposed 
ePSO algorithm. The stopping criteria, independent runs and 
size of population kept absolutely same as compared 
algorithms for the sake of fair competition. 

The experimental outcomes produced on URLPs i.e. 
URLP1- URLP4 by ePSO are given in Table 2-5 respectively 
and it is also compared with 13 others classical optimization 
algorithm namely DMSPSO [41], F-PSO [42], OLPSO [43], 
SLPSO [44], PSODDS [45], SL-PSO [46], HCLPSO [47], 
SSS-APSO [48], SopPSO [49], JADE [50], SaDE [51], 
CoDE [52] and CMA-ES [53]. The Tables 2 to 5 comprise 
best and mean values more than 30 independent runs with 
ranking i.e. RankB and RankM respectively, whereas in the 
Table 6 the average value of RankB and RankM of the 
respective algorithms is mentioned. 

It is very obvious in Table 2 to 5 with respect of best value 
and mean value of the objective function the proposed ePSO 
algorithm produces either better of comparable results on 
URLPs., The average value of RankB (ranking on best value) 
and RankM (ranking on mean value) mentioned moreover the 
ranked followed by CoDE, ePSO, DMSPSO, PSODDS, 
SL-PSO, SopPSO, HCLPSO, CMA-ES, SSS-APSO, JADE, 
SaDE, SLPSO, OLPSO and F-PSO all have been illustrated in 
Table 6. On summing up all observation and calculations we 
can say that proposed ePSO algorithm play very prominent 
role to solve complicated and complex real life problems. 

 
Table 2. Comparative results algorithms on URLP1 

 

Algorithm  Best RankB Mean RankM 

ePSO 
0.00e+0
0  

1  
4.03e+0
0 

5   

DMSPSO 
0.00e+0
0 

1 
7.63e+0
0 

6 

F-PSO 
8.42e+0
0 

14 
1.21e+0
1 

11 

OLPSO 
1.45e−2

0 
10 

1.31e+0
1 

12 

SLPSO 
4.74e−1

1 
12 

9.66e+0
0 

8 

PSODDS 
0.00e+0
0 

1 
1.91e+0
1 

12 

SL-PSO 
0.00e+0
0 

1 
1.05e+0
1 

9 
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HCLPSO 
0.00e+0
0 

1 
3.32e+0
0 

4 

SSS-APS
O 

0.00e+0
0 

1 
1.14e+0
1 

10 

SopPSO 
0.00e+0
0 

1 
8.74e+0
0 

7 

JADE 
1.05e−1

3 
11 

1.87e−0

1 
2 

SaDE 
0.00e+0
0 

1 
0.00e+0
0 

1 

CoDE 
0.00e+0
0 

1 
1.02e+0
0 

3 

CMA-ES  
8.42e+0
0 

13 
2.03e+0
1 

14 

 
Table 3. Comparative results algorithms on URLP2 

 

Algorithm  Best RankB Mean RankM 

ePSO 
0.00e+0
0 

1 
0.00e+0
0 

1 

DMSPSO 
0.00e+0
0 

1 
0.00e+0
0 

1 

F-PSO 
7.51e−1

7 
14 

2.85e−1

4 
14 

OLPSO 
0.00e+0
0 

1 
2.85e−2

1 
8 

SLPSO 
0.00e+0
0 

1 
1.86e−2

9 
6 

PSODDS 
0.00e+0
0 

1 
0.00e+0
0 

1 

SL-PSO 
0.00e+0
0 

1 
0.00e+0
0 

1 

HCLPSO 
4.75e−2

1 
13 

1.49e−1

5 
12 

SSS-APS
O 

1.32e−2

2 
12 

9.45e−1

5 
13 

SopPSO 
0.00e+0
0 

1 
5.18e−2

5 
7 

JADE 
0.00e+0
0 

1 
2.39e−1

7 
11 

SaDE 
2.39e−2

9 
11 

7.67e−1

8 
9 

CoDE 
0.00e+0
0 

1 
1.94e−1

7 
10 

CMA-ES  
0.00e+0
0 

1 5.91e-34 5 

 
Table 4. Comparative results algorithms on URLP3 

Algorithm  Best RankB Mean RankM 

ePSO 7. 99e−01 7 
1.19e+0−

0 
8  

DMSPSO 1.01e+00 9 1.24e+00 9 
F-PSO 1.12e+00 13 1.59e+00 13 
OLPSO 1.21e+00 14 1.69e+00 14 
SLPSO 1.07e+00 11 1.26e+00 10 
PSODDS 7.89e-01 6 1.14e+00 6 
SL-PSO 5.57e-01 4 8.01e-01 2 
HCLPSO 7.59e-01 5 1.08e+00 5 
SSS-APS
O 

5.20e-01 2 9.37e-01 4 

SopPSO 9.92e-01 8 1.39e+00 12 
JADE 1.02e+00 10 1.17e+00 7 
SaDE 1.11e+00 12 1.31e+00 11 
CoDE 5.00e-01 1 6.73e-01 1 
CMA-ES  5.36e-01 3 8.03e-01 3 

 
Table 5. Comparative results algorithms on URLP4 
Algorithm  Best RankB Mean RankM 

ePSO −2.77e+01   6 
−2.69e+0
1 

1  

DMSPSO −2.84e+01 2 −2.52e+01 6 
F-PSO −1.47e+01 13 −1.34e+01 12 
OLPSO −1.42e+01 14 −1.00e+01 14 
SLPSO −2.73e+01 11 −1.80e+01 11 
PSODDS −2.72e+01 5 −1.99e+01 8 
SL-PSO −2.75e+01 10 −1.02e+01 13 
HCLPSO −2.84e+01 2 −2.67e+01 2 
SSS-APS
O 

−2.84e+01 7 −2.64e+01 4 

SopPSO −2.84e+01 2 −2.58e+01 5 
JADE −2.53e+01 12 −2.30e+01 7 
SaDE −2.84e+01 9 −2.18e+01 8 
CoDE −2.84e+01 7 −2.66e+01 3 

CMA-ES  
−2.84e+0
1 

1 −1.99e+01 10 

 
Table 6. Average values of RankB and RankM on URLPs 

ePSO 
DMSPS
O 

F-PSO OLPSO  SLPSO 

3.75  4.375  13   10.875 8.75  
PSODD
S  

SL-PSO  HCLPSO   
SSS-APS
O 

SopPS
O  

5   5.125  5.5   6.625 5.375 
JADE  SaDE  CoDE  CMA-ES  

 
7.625  7.75  3.375  6.25  

V. RESULT AND DISCUSSION  

Since traditional PSO suffer from some major drawbacks 
therefore to overcome such drawbacks and to improve the 
ability of PSO, an enriched PSO (namely ePSO) introduced in 
this research paper based on decreasing and/or increasing 
parameters. The ePSO algorithm proposed novel gradually 
decreased inertia weight, gradually decreased cognitive and 
gradually increased acceleration coefficients in place of a 
constant value which used to be fixed. To evaluate 
effectiveness of the proposed ePSO, functions have been 
simulated by four typical unconstrained benchmark and the 
corresponding results compared with standard PSO, 
traditional DE and PSODE (hybridization of PSO & DE). 
Moreover, four real life problems are also solved by applying 
ePSO algorithm and therefore compared with 13 classical 
optimization algorithms to verify ePSO practicability on real 
life problems. 
It is very clear by analysis of numerical and graphical results 
that ePSO is more accurately, reliably, effectively, efficiently 
and has the ability to avoid fall into local optimal solution is 
far better as compared to other algorithms. Concretely, the 
proposed ePSO based on gradually varying (increased and/or 
decreased) controlled parameters enhance the convergence 
speed as well as global/local search ability. It is benefitted for 
various optimization problems due to simple and easy 
implementation. The proposed novel controlled parameters 
( ,  and ) behaviours construct the ePSO algorithm more 
random which may assist  to neglect the problem of trapping 
into local optima of particle. The proposed algorithm ePSO 
can apply in solving multi-objective real world problem 
optimization problems in future. 
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