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Abstract: Over the past decade, researchers have positively optimized and enhanced numerous 
applications through the use of Particle Swarm Optimization, such as solving convergence and local 
minima problems in Artificial Neural Networks. This is due to its vigorous search capability in all 
high dimensional functions, faster in obtaining research results and requires few parameters when 
trivial variants are applied to neural network problems. New and more sophisticated variants of PSO 
are being continuously developed to improve speed and quality of solution thus improving the general 
optimization performance. The variation process is influenced by the dimension of the problem, 
neighbourhood and swarm size, acceleration coefficients and random values. This paper reviews the 
progress of PSO research. Recent research trends in optimization process are highlighted, such as the 
development of variants in alleviating premature convergence through the use of multiple swarms and 
adapting the behavioural parameters of PSO during the optimization process of ANN. 
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INTRODUCTION 
 
 The idea of Particle Swarm Optimization (PSO) is originated from Kennedy and Eberhart (1995), in which 
the focal point was motivated by the similarity collective behaviour of flocking birds, forming the ideology of 
swarms that are constituted of particles. The ideology in movement of swarms i.e. bees, birds etc. has leaded to 
the introduction of Swarm Intelligence (SI), which is a theory based on the study of a collective behaviour of 
distributed self-managed systems in these swarms. Some other commonly used environmental systems in SI are 
flocking of birds, herd foraging, ant colonies and fish schooling. 
 The main components in these systems are agents which are in the form of particles that locally 
intermingle with other particles in the same neighbourhood. How- ever, there is no mechanism within the 
systems that can regulate the behaviour of each particle and how it interacts with each other. The area of SI in 
the beginning was divided into two. The first one is called ant colony optimization (Dorigo et al, 2006), which 
is motivated by ants searching for food through finding the shortest route to the source of food. The second is 
PSO, which is driven by the movement of birds and fish in a school. These methods have been extensively used 
by researchers in a wide range of applications such as scheduling (Allahverdi and Al-Anzi, 2006), power 
systems (AlRashidi and El-Hawary, 2009), construction (Chau, 2007), molecular docking(Chen et al, 2006), 
natural language problems(Banks et al, 2008), etc. All these systems have one and only one objective which is 
optimization. 
 Optimization may cause a system to be more effective by searching for the best solution, such as minimal 
design cost, minimal error in parameter calibration, maxi- mum profit in financial management and maximal 
utility in economics. Hence, PSO has a population with random search solutions as a result of movement and 
intelligence of particles inside the swarms (Rabinovich et al, 2012). This paper provides a detailed review of 
PSO technique by clearly elaborating on the merits and the demerits of using PSO as an optimization technique. 
  

MATERIALS AND METHODS 
 
Original PSO: 
 In any dimensional space, the likely solution to a problem is defined by all particles inside the swarm. The 
problem being optimized is directly proportional to the number of variables which can be assigned as n 
variables and each particle represents a y-dimensional point in a neighbourhood area. 
 In order to monitor the performance of each particle, fitness functions are used. These functions are 
computed as the distance between the particle and the best optimal solution within the neighbourhood. All the 
particles in the neighbourhood space fly in search of the optimal solution resulting in the change of particles’ 
personal best position, Pbest. The distance between the particles’ position and the best particle position in the 
neighbourhood is referred to as the global best, denoted as Gbest (Yu et al, 2012a). 
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 The fitness function is initialized with a random group of particles based on the problem being optimized. 
Let x̄i be a group of n random particles with xi1 representing the current position of particle in the neighbourhood 
(Cheng et al, 2012), 
 
̄xi=[xi1,xi2,...,xin],                                                (1) 
 
 Inside the neighbourhood, the particles move around hence each particle contain speed/velocity in order to 
get propelled throughout the neighbourhood. The current velocity is expressed as:  
 
̄vi=[vi1,vi2,...,vin],                                 (2) 
 
 The best position, Pbest, forms the cognitive part while the global best position, Gbest, forms the social 
part. The combination of these two parts produces a new particle position and a new velocity of every particle 
which are accomplished by using the following two equations:  
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where:  
1. Pij=Pbest is the Personal best value  
2. Gij=Gbest is the Global best value  
3. c1 and c2 are two positive constants  
4. rand1 and rand2 are random numbers  
5. w is inertia weight  
 
 In Equation 4, learning factors are used in controlling the movement of the particles at all iterations; the 
random numbers are in a range of 0 to 1, w provides the balance required for particles in the exploration of best 
values within the local and global search (Balaprakash et al, 2012). The position and velocity in Equations 3 
and 4 are made up of three parts: the first part provides the flying particles with a degree of memory’s 
capability that allows the exploration of new search spaces; the second part is the cognition part which 
represents the private thinking of the particle itself and the third part is the social part which represents the 
collaboration among the particles (Krohling, 2004). In the basic operation of PSO, there is a fitness function: 
 
min.f(x)                     (5) 
 
with  
 
x(B)≤ x ≤ x(A)                    (6) 
 
The values of upper and lower limits are denoted by x(A) and x(B) respectively. 
 The basic PSO optimization process behins by first, assumimg that the size of the group of particles is n 
which is not too large or small, so that there are many possible positions toward the optimal solution. Second, 
the initial particle population is assigned in the range of x(A) to x(B) to get the total population of x1,x2,...,xn . 
In order for the particles to move inside the neighbourhood, each particle will be propelled by its own velocity 
which is assigned as vj(i). Initially the velocity/speed of the particle is assumed to be stationary and the iteration 
is set as i=1. At the first iteration, two parameters in determining the next point after motion will be as follows:  
1. The personal best position determined by the coordinates of particle j, Pbest(j), which will have the lowest 
value f[xj(i)] , as the objective function. The global best position (Gbest) will be obtained by determining the 
overall objective functions for all the particles from all iterations.  
2. The velocity of particle j at iteration i using Equation 3, where c1 and c2, are learning rates for cognitive and 
social influence, and r1 and r2 are uniformly random numbers distributed in the interval of 0 to 1.  
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3. The new particle position at any iteration is determined based on Equation 4.  
 At any iteration point, the optimizing process experiences convergence i.e. by all the particle positions 
inside the neighbourhood having an equal value in terms of coordinates. If not, the iteration process continues 
until convergence (Cheng and Shirmo, 1995). If the new value converged, the iteration process will end, however 
the final position obtained can land the particle either in a local or global optima as well as local or global 
minima (Yao et al, 1999). In certain conditions, the local best position can be equal to the global best position. 
This causes the particle staying at the same position in lieu of moving to a new position. On the other hand, the 
entire swarm of particles can move outside of the neighbourhood area if the early particle position is the global 
best position (Sun et al, 2004), this leads to the discovery of various variants of PSO. 
 
Advantages of using PSO: 
 Current researchers in optimization processes favour PSO over other computational intelligence techniques 
due to the following advantages: 
1. It has the ability of being combined with other techniques to form new hybrid models (Alba et al, 2007; 
Dimitrakopoulos et al, 2012; Zhang et al, 2012). 
2. It has lesser parameters as compared to other optimization techniques (Castillo, 2012; Hamed et al, 2012;     
Kapp et al, 2012; Kaur and Singh, 2012). 
3. It has the ability to escape local minima (Chen et al, 2012; Zhang and Wu, 2012). 
4. The algorithm is easy to program with basic arithmetic operations (Nayan et al, 2012; Yu-liang et al,  2012; 
Yu et al, 2012b). 
5. It does not need good initial parameters to initiate the iteration process (Gomes et al, 2012; Hoshino and 
Takimoto, 2012). 
6. It can represent optimization variables as random to handle stochastic objective functions (Sharma, 2012; 
Soroudi and Afrasiab, 2012). 
7. It has less convexity with respect to the nature of objective function (Hamta et al, 2012). 
8. It is a free-derivative algorithm (Agrawal, 2012; Fernandes et al, 2012). 
 Hence, more and more researches have been conducted to enhance the PSO’s algorithm as well as 
applying the PSO in various optimization problems. 
 
Basic Variants of PSO: 
 The original operation of PSO was discussed in the previous sub-sections. There are some changes within 
the operation of PSO that have been implemented, such as controlling the speed of particles within the 
neighbourhoods, constriction and adjustment of inertia weight. The merits and demerits of those PSO variants 
are illustrated in Table 1. 
 
Table 1: Variants of PSO. 

Variant Merits Demerits 
Speed limit Reduction of particle speed will have an effect on the particle 

motion thus reducing the size of step velocity 
Conducted searches will not converge in the local area as a 

result of particle velocity being same as vmax 

Constriction Increases convergence ability Unnecessary fluctuation of particles in search space 
Inertia weight Large inertia weight increases the chance of optimal solution Desired convergence rate is influenced by inertia weight 

 
Controlling Speed of Particles in the Neighbourhood: 
 Controlling the speed of particles is very important as it stops the scenario where the particles are spread 
throughout the search area leading to a very high particle velocity (Fan and Lin, 2012). Hence, vmax provides 
the upper limit for particle velocity. Equation 7 provides the update process for the new particle velocity rule:  
 

                     (7) 
 
where, j=1,2,3,....,n 
and  
 
vi(t)=[vi1(t),...,vik(t)]                                          (8) 
 
The newly modified velocity equation becomes,  
 
v'i(t+1)=[v'i1(t+1),...,v'ik(t+1)]                           (9) 
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also, 
 

                  (10) 
 
 Use of vmax contributes to stabilizing the swarm and improves the chance that the swarm will be lead to 
the neighbourhood. However, the convergence of particles are not guaranteed.  
 
Constriction: 
 PSO can exist in a multidimensional environment within dynamic systems with a need of controlling 
coefficient parameters (Tang, 2012). The dynamic system has the following equations where φ determines the 
tendency of velocity update:  
 
v(t+1)=v(t)+φy(t)                      (11) 
 
y(t+1)=−v(t)+(1−φ)y(t)                  (12) 
 
where,  
 

y(t)= 
φ1Pbest+φ2Gbest

φ1+φ2
−x(t)                  (13) 

 
φ=φ1+φ2=c1r1+c2r2                  (14) 
 
 Equations 11 and 12 are similar to Equations 3 and 4 which are equivalent to the 1-dimensional version of 
PSO. Further study by Tang (2012) discussed that the original PSO in the form of Equations 11 and 12 are 
special instances of generalized systems.  
 
v(t+1)=αv(t)+βφy(t)                  (15) 
 
y(t+1)=−γv(t)+(δ−σφ)y(t)                  (16) 
 
 φ,α,β,γ,δ,σ are constants with φ>0 which are further improved to enhance the dynamics of PSO. The main 
purpose of optimization is to obtain an optimum result by leading the particles inside the swarm to a local 
minimum position; therefore this can be achieved by selecting X as the constriction coefficient:  
 

                  (17) 
 
The value for constant k slows down the convergence when it approaches 1. 
 
Adjusting Inertia Weight: 
 Based on the work from Zhou and Shi (2011), inertia weight works by reducing the speed of particles 
inside the swarm by changing the velocity equation of PSO. In order to obtain the global best position in the 
swarm, the velocity in Equation 2 is further modified and changed to:  
 
vij(t+1)=wvij(t)+c1r1j(t)(yij(t)−xij(t))+c2r2j(t)(yij(t)−xij(t))               (18) 
 
 If the inertia weight , w is more than 1, then the weight will be reduced with time hence allowing the 
particle to gain maximum velocity and move throughout the neighbourhood search space to obtain the new 
global best position. The velocity of the particle inside the swarm can reduce and stop the particle movement if 
the value selected is less than one. Hence, a larger inertia weight increases the chance of obtaining the optimal 
solution (Zhou and Shi, 2011). 
 
Fitness Functions: 
 Fitness function is used in measuring the closeness between the obtained solution and the optimum 
solution. This function is applied to all particles in the swarm by updating the velocity for each particle in order 
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to enhance its exploration in the search area. Table 2 shows the commonly used fitness functions in swarm 
optimization applications. Various optimization applications have successfully applied those fitness functions 
for model correlation (Beck et al, 2012), tuning (Geetha et al, 2012), tracking (Han et al, 2012) and gene 
expression (Mandal and Mukhopadhyay, 2012).  
 
Results: 
Adjustments of PSO: 
 New and more sophisticated variants of PSO are being continuously developed to improve the speed and 
quality of solution and thus improving the general optimization performance. The variation process is 
influenced by the dimension of the problem, neighbourhood and swarm size, acceleration coefficients and 
random values (Beck et al, 2012). 
 
Table 2: Types of commonly used fitness functions. 

Function Name Equation 
Sphere 

f(x)= ∑
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n
 x
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i  
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 A brief elaboration of some reviewed variants of PSO are stated in the following subsections while Figure 
1 shows the adjustments of PSO and the number of relevant published articles and Table 3 shows the benefits of 
applying those adjustments in PSO respectively.  
 
Discrete PSO: 
 Discrete PSO is an improved version of PSO by Kennedy and Eberhart (1995) with the particles are 
changed into binary variables and particle velocities as probability. All the particles inside the swarm regulate 
their velocity with respect to the social and cognition parts in Equation 4 of the original PSO. In addition, a 
sigmoid function is used to control the velocity of the particles with the interval [0, 1]. The sigmoid function is 
used to provide a continuous linear output:  

s(v
t
ij)= 

1

1+exp(−v
t
ij)

where, 

                  (19) 

s(v
t
ij) - denotes the probability of x

t
ij taking value 1. 

v
t
ij

 
 - denotes velocity range.  

PSO in Dynamic Environments: 
 In dynamic environments, PSO should be fast to allow quick re-optimization in order to find an optimum 
solution before the next environment changes. The ability of applications to change their states often is the most 
notable characteristics of real world applications (Leonard and Engelbrecht, 2012). Hence, the obtained outputs 
from the applications require numerous re-optimizations. To enable PSO work in dynamic environments, a 
variable referred to as particle acceleration is added to the velocity such that:  
 
vij(t+1)=ωvij(t)+c1r1(t)[yij(t)−xij(t)]+c2r2(t)[yij(t)−xij(t)]+aij(t)                (20) 
 
where, 
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ai(t)= ∑
i=1

ω
 ai1,                  (21) 

ai is the particle acceleration. 
ω is inertia weight that controls particle momentum.  
 
Table 3: Categorical view of adjustments in PSO algorithm. 

Algorithm Benefits 
Discrete PSO Particles and there velocities operate on binary search space. 
Dynamic PSO Quick re-optimization to find optimal solution before the next environment changes. 

Multi-Objective PSO Find for each objective a different value for global best position. 
Evolutionary PSO Uses combinational benefit of evolutionary programming to counter lack of diversity in the swarm. 

Heuristic PSO Particle positions are randomly re-initialized when their positions are near global best position. 
Hierarchical PSO Particles are placed inside a dynamic hierarchy which are partitioned making up single 

neighbourhoods, this leads to a continuous movement of particles in each structure. 
Niching PSO Algorithm operates by monitoring individual particles which have no motion or change in position 

inside the swarm. This leads to the formation of sub swarms in obtaining parallel ways of getting 
global and local optimum. 

Parallel PSO Applying the time factor by combining parallel computing with PSO to increase computational 
output which is easily integrated. 

Quadratic 
Interpolation PSO Uses the idea of genetic algorithm in selection of swarm leaders from each swarm and later crossed 

over to another swarm if the latter is better than the current swarm leader. 
Restricted velocity PSO If particle velocity is not controlled, the particles tend to propel outside the search area leading to 

stagnation in obtaining the optimal solution hence the addition of restricted velocity. 
Self-organizing PSO The objective is to avoid an early convergence in obtaining optimal solution by introducing 

feedback agents which increase particle discovery and performance. 
Two-swarm based PSO Introduction of two swarms is to prevent the variant getting stuck on the local optimum and 

avoiding premature convergence. The two swarms travel on different trajectory paths, one swarm 
will enhance local search and the other swarm will obtain the global optimum. 

Unconstrained PSO Velocity is not controlled and particles tend to propel outside the search area in search of optimal 
solution. 

Variable 
neighbourhood PSO Hybrid algorithm consisting of meta heuristic and variable neighbourhood search which avoids 

local optimum by performing repeated searches from the beginning to the local optimum point. 
Vector evaluated PSO This algorithm is based on multi-objective nature of PSO and employs the co-evolutionary 

characteristics of evolutionary computing. 
Vertical PSO Vertical PSO enables particles in each swarm to fly through the search space either in global or 

vertical motion this helps in preventing the particles from getting stuck at the local minimum. 
 

 
 
Fig. 1: Number of published variations of PSO. 
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Multi-Objective Optimization: 
 Multi-objective PSO consists of more than one objective. For each objective, a different value for the 
global best position (Gbest) will be obtained. The main task in multi-objective optimization is in the choice of 
personal and global best positions which become the social and cognitive leaders in the swarm of particles 
(Dominguez and Pulido, 2011). The group of possible solutions considered without prior objective knowledge 
is referred to as the Pareto dominance. This influences the selection of the global best position, hence the multi 
objective process is to determine the best optimal set of solutions.  
 
Evolutionary Programming with PSO: 
 One of the weaknesses of PSO is the lack of diversity in the swarm. Hence, evolutionary programming 
with PSO uses the combinational benefit of evolutionary programming to counter the weakness of PSO. This 
helps in increasing the convergence speed by making a balance between the two searches inside the swarm i.e. 
local and global search (Tan et al, 2002).  
 
Heuristic PSO: 
 Heuristic PSO employs a different approach in selecting the appropriate particle in the swarm to update its 
speed and new position. After PSO was modified with heuristic method, it was noted (Omran et al, 2005; Lee 
and Ponnambalam, 2012; Liao et al, 2012) that this new combinational algorithm increased the convergence 
rate towards a local optimum for the particles inside the swarm. However, in order to avoid untimely 
convergence, the particle positions are randomly re-initialized when their positions are near the global best 
position in the neighbourhood.  
 
Hierarchical PSO: 
 Hierarchical PSO was introduced in by Chaturvedi et al (2008). The particles inside the swarm are placed 
in a dynamic hierarchy making up a structure in all the neighbourhoods. Hence the best obtained particle 
position results in rearrangements of particles inside the hierarchy. This leads to a continuous movement of 
particles within each structure. The introduction of Partitioned Hierarchical PSO (PH-PSO) (Bhattacharya et al, 
2008) where each hierarchy is partitioned and each partition makes up a single neighbourhood enables a 
continuous movement of particles.  
 
Niching PSO: 
 Multiple optimizations occur when there is more than one objective function to be solved. Hence this 
algorithm operates by monitoring individual particles which have no motion or change in position inside the 
swarm. These particles are then disjoint from the original swarm to form a new sub swarm. This leads to the 
reduction number of particles in the original swarm while increasing the numbers of particles in the new sub 
swarm. The formation of sub swarms is vital in obtaining parallel ways of getting global and local optimum 
from the swarm thus enhancing the search process. (Li and Deb, 2010).  
 
Parallel PSO: 
 The introduction of parallel computing was mainly motivated by the time factor in solving complex 
engineering problems. Parallel computing was combined with PSO to enable an increase in computational 
output, this was easily integrated due to the behaviour of PSO in terms of its simplicity and it also employs the 
use of particles in an environment which is a population based optimization technique and PSO requires few 
algorithmic parameters. Parallel PSO has successfully been applied to different applications such as batch 
processing (Damodaran et al, 2012), architecture (Mussi et al, 2011) and signal detection (Maali and Al-
Jumaily, 2012).  
 
Quadratic Interpolation PSO: 
 The idea behind the interpolation process originated from genetic algorithm, where crossover operation 
occurs in genes. Nevertheless, when it is applied to PSO, the original algorithm contains a loop which stops 
after the last iteration. After every iteration, a swarm leader is determined from each swarm. The idea of 
crossover occurs after the selection of the swarm leader, where the particle selected is only crossed over to 
another swarm if and only if it is better than the current swarm leader (Omran et al, 2011).  
 
Restricted Velocity vs Unconstrained PSO: 
 Depending on the problem at hand whether the search space is finite or infinite, has led to the introduction 
of restricted particle velocity. If the velocity is not controlled, the particles tend to propel themselves outside the 
search area leading to stagnation in obtaining the optimal solution. In order to solve this problem, restricted 
velocity PSO is applied and it depends on the level of constraint applicable to the problem (Yu, 2012). 
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 On the other hand, unconstrained particle velocity can also be introduced. In that case, the velocity is not 
controlled and the particles tend to propel themselves outside the search area in searching for the optimal 
solution (Vesselinov and Harp, 2012). 
 
Self-organizing PSO: 
 The core objective of this variant of PSO is to avoid an early convergence in obtaining the optimal solution. 
This algorithm not only requires the particle and swarm information but also introduces the addition of a 
feedback agent which sole function is to enhance and improve the performance of particles in each swarm by 
increasing particle discovery and ways of getting particle information (Llanos et al, 2012).  
 
Two-Swarm Based PSO: 
 The main idea behind the introduction of a two swarm based PSO is to prevent this variant in getting stuck 
on the local optimum and avoiding premature convergence. The two swarms travel on different trajectory paths. 
One swarm will employ roulette-wheel-selection in enhancing local search while the other swarm obtains the 
global optimum (RodrÃguez et al, 2009; Shao, 2011) based on the total collection of respected publications as 
shown in Figure.1  
 
Vertical PSO: 
 The vertical PSO algorithm enables particles in each swarm to fly through the search space either in global 
or vertical motion. Vertical PSO helps in preventing the particles getting stuck at the local minimum which 
highly depends with the current and new particle positions and also the path taken by the particles in search of 
the better solution (Li-Xia et al, 2011). 
 
Overview of Artificial Neural Network: 
 Artificial Neural Network (ANN) is a model of thinking centred on the edifice of human brain. It is made 
up of millions of neurons which act as processors that are interconnected by weighted links to obtain preferred 
outputs (Kulkarni and Udupi, 2010). It uses a mathematical model for information processing which is based on 
the approach of computation inspired by the structure and operation of biological neurons organized into layers. 
Namely, there are three layers in a neural network; Input layer, Hidden layer and Output layer as shown in 
Figure 2. 
 The advantage of feed forward networks is that it can be trained to perform tasks on unfamiliar data, like 
classification tasks or identification tasks. ANN can also be classified by the learning process i.e. supervised 
and unsupervised learning. In supervised learning both input and output values are provided and in 
unsupervised learning the network is not provided with desired outputs but only inputs. Multilayer Perception 
(MLP) is the most common supervised feed forward neural network. Correct mapping of inputs to the output is 
the main goal so that the model created can produce an actual output when the desired output was actually 
known. There are many algorithms to fine-tune the weights, and Back propagation (BP) algorithm is widely 
used by the practitioners. 
 Back propagation (BP) algorithm is a supervised learning method used for training artificial neuron 
networks (ANN). Training is usually carried out by iterative updating of weights based on the error signal. Then 
the error signal is back propagated to the lower layers. Back propagation is a descent algorithm which attempts 
to minimize the error rate at each iteration. Learning is a fundamental and essential characteristic of ANN. It is 
capable of learning through the network experiences to improve their performance. When ANN is exposed to a 
sufficient number of samples, it can generalize well to other data that they have not yet encountered 
(Abdulkadir et al, 2012). The input data is trained by the ANN and the results of the training process is an 
appropriate output according to the desired target. At first all weights are initialized to produce small random 
numbers. This prevents the network from being saturated by very large weight values. Back propagation (BP) is 
a gradient descent technique used to minimize the error for a particular training pattern; it is the most famous 
training algorithm for multi-layer perceptions (Huang, 2008).  
 
Discussion: 
The Integration of PSO and ANN: 
 Back propagation algorithm relies on the selection of initial weights and threshold that is normally 
randomly chosen, thus convergence becomes slow and it easily gets stuck in shallow minimum (Jalal and 
Hassan, 2010). PSO technique has been introduced to solve these problems by being applied in the training 
phase to obtain weights and biases that will minimize the error function in which the objective function is 
minimized by PSO. Also, PSO can be computationally inexpensive, easily implemented and does not require 
gradient information of the objective function and it also provides great skill in global search (Dehuri and Cho, 
2010). 
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Fig. 2: Artificial Neural Network Structure (Abdulkadir et al, 2012). 
 
 The training process of neural networks requires the selection of appropriate weight values and learning 
parameters, such as learning and momentum factor. The introduction of PSO in training the network helps in 
the process of identifying the appropriate values for the learning parameters which reduces the number of 
experimental tests required to determine the learning values. If the problem involves a huge dataset, then the 
process of finding the appropriate parameters will be time consuming, hence the application of PSO helps in 
attaining a fast and reliable neural network training (Khan and Sahai, 2012; Santos et al, 2012; Yu et al, 2008). 
 In medical research, a combinational model of PSO and neural networks has been applied in solving major 
research problems. The research applications include the diagnosis of Parkinson disease (Wu et al, 2010), 
cancer identification (Jiang et al, 2010), prediction of protein structure (BÄƒutu and Luchian, 2010) and the 
analysis of brain tumours (Rajalakshmi and Prabha, 2012).  
 The integration of PSO and neural networks has also been applied to various applications requiring the 
selection of the best possible parameter. Examples of applications for parameter optimization are parameter 
selection of power stabilizers (Effatnejad et al, 2012) and optimization power system performance (Mondal et 
al, 2012).  
 In feature selection, the main difficulty of using the roulette wheel selection involves the construction of 
subsets and attaining probabilities of particles. Hence, PSO has been used with neural networks during 
construction of subsets in training features of neural networks (Tong et al, 2012). In order to obtain optimum 
results, PSO has been introduces in the selection of input variables. It has been used in the prediction of 
moisture content within agricultural products like tomatoes, wheat and maize (Abdulkadir et al, 2012). 
 In electricity generating plants, the key design problems include: controlling electricity flow and load 
dispatches from generators. Numerous application have applied PSO and neural networks in reconfiguring and 
expanding distribution of electricity by keeping in mind the financial dispatch requirements (Reddy et al, 2012). 
Ensemble modelling has resulted in the formation and integration of numerous hybrid models to solve the 
problems. PSO, neural networks and linear models such as ARIMA, SARIMA, SOM maps, SVM have all been 
successfully integrated with PSO to form hybrid models due to the easy integration of PSO (HE et al, 2012; Shi 
et al, 2012; Wang and Wu, 2012). 
 PSO and advanced artificial intelligence techniques have been adopted in enhancing network security, wide 
area network intrusion detection, information cryptography, missile defence systems and image security 
analysis (Arya et al, 2012; Cho et al, 2010; Gharaibeh and Yaqot, 2012; Mahant et al, 2012). Numerous 
successful researches have been using PSO and neural networks in image and video analysis too. Image 
analysis and segmentation, face detection and recognition have employed PSO in parameter extraction before 
image enhancement and recognition using neural networks (Li et al, 2011; Mehmood et al, 2009; Mussi and 
Cagnoni, 2010; Yu, 2012; Zhang et al, 2010). 
 
Conclusion: 
 This paper provides a clear review of particle swarm optimization (PSO) which is used as an optimizing 
technique in artificial neural networks (ANN) and the several areas of research where the two methods have 
been ensembled together. These include: training of neural networks, medical research, parameter optimization 
in different systems, feature selection, forecasting in agricultural sector, military applications as well as image 
and video analysis. This has resulted in an overall increase in the number of publications, showing that PSO is a 
preferred optimizing technique in enhancing parameter optimization in ANN as shown in Figure 3.  
 The key reasons for the selection of PSO as an optimizing technique in ANN are due to its ability of easily 
formed hybrid models (Alba et al, 2007; Dimitrakopoulos et al, 2012; Zhang et al, 2012) and also there are 
fewer parameters needed as compared to other optimizing techniques which use the same idea of swarm 
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intelligence (Castillo, 2012; Hamed et al, 2012; Kapp et al, 2012; Kaur and Singh, 2012). In the training stage 
of neural network, the network tends to converge and get stuck in the local minima. However, when PSO is 
used, the network tends to escape the local minima (Chen et al, 2012; Zhang and Wu, 2012) and its algorithm 
can be easily programmed (Nayan et al, 2012; Yu-liang et al, 2012; Yu et al, 2012b). Finally it has shown to be 
a free-derivative algorithm unlike other optimization techniques (Agrawal, 2012; Fernandes et al, 2012). 
 

 
 
Fig. 3: Yearly trend on the number of PSO articles (Source: Goggle Scholar). 
 
 According to Google scholar, over 16,000 articles related to PSO are cited. These articles reflect the ever-
increasing interest of researchers in PSO. In illustrating the most commonly used variants and adjustments of 
PSO as shown in Table 3, two swarm-based PSO seems to be the most preferred variant in optimizing neural 
networks because of its ability to prevent the network getting stuck in the local minima and also premature 
convergence by the use of two swarms. However, there are still unresolved issues such as: the process of 
convergence is still not clear, problems of dealing with discrete variables and when PSO is regarded as a 
distributive agent. It is still unknown if composite biological rules will result in an interaction with the 
algorithm.  
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