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ABSTRACT:  Recently, PSO has emerged as an effective tool in analyzing data, pattern recognition, for solving the linear, non linear 

differential equations, which are very difficult or even impossible with traditional methods. There are two different approaches for 

applying PSO in pattern recognition: A PSO can be directly applied as a classifier. Otherwise, PSO can be used as an optimization 

tool for resetting the parameters in other classifiers. Most applications of PSO in pattern recognition is done by optimizing the some 

parameters in the classification process. Many researchers have used PSO to find an optimal set of feature to improve classification 

accuracy. PSO is used in various applications such as for human face recognition, iris recognition, application based on peer to peer 

protocols, Particle Swarm Optimized Polynomials for Data Classification, for TDMA scheduling in wireless sensor networks. In this 

paper let us discuss how PSO techniques are carried out in some of these applications.  

I.INTRODUCTION 

 

PSO is an evolutionary computation technique developed by Kenney and Eberhart in 1995.This 

algorithm simulates bird flocking or fish schooling behavior to achieve a self-evolution system. Particle 

Swarm Optimization (PSO) may be a population-based evolutionary computation technique, originally 

designed for continuous optimization problems. The searching agents called particles are 'flown' in the n-

dimensional search space. It can search automatically the optimum solution within the vector space. 

Particles take advantage of the discoveries and former experience of other particles during the exploration 

and look for higher objective function values. There are several papers reported using PSO to exchange the 

back-propagation learning algorithm in ANN within the past several years. It showed PSO may be a 

promising method to coach ANN. It is faster and gets better results  

II. PARTICALSWARM OPTIMISATION  

 

The basic operational principle of the particle swarm is like the behavior of a gaggle of a flock of birds 

or school of fishes or the social behavior of a group of people .A velocity which is dynamically adjusted 

consistent with its own flying experience and its companions' flying experience, rather than using 

evolutionary operators to control the individuals like in other evolutionary computational algorithms. Each 

individual is taken into account as a volume-less particle (a point) within the N-dimensional search space. 

At time step t, the ith particle is Xi(t)=(xi1(t),xi2(t),……,xiN(t)). The set of positions of m particles in a' 

multidimensional space is identified as X={X1,…,XJ,…,X1,...,Xm}.The best previous position (the 

position giving the best fitness value) of the ith particle is recorded and represented as Pi(t)=( 

pi1,pi2,……,piN). The index of the simplest particle among all the particles within the population (global 

model) is represented by the symbol g. The rate of the position (velocity) for particle i at the time step t is 

Vi(t)=(vi1(t),vi2(t),……,viN(t)).The particle variables are manipulated according to the following 

equation 

Vin(t)=Wi*Vin(t-1)+c1*rand1()*(pin-xin(t-1))+c2*rand2()*(pgn-xin(t-1)) 

where n is the dimension (1 ≤ n≤ N) , 1 c and 2 c are positives constants, rand1() and rand 2() are two 

random functions in the range [0,1], and w is the inertia weight. For the neighborhood (lbest) model, the 

only change is to Substitute pln for pgn in equation for velocity. This equation within the global model is 

employed to calculate a particle's new velocity consistent with its previous velocity and therefore the 
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distance of its current position from its own best experience (pbest) and the group's best experience 

(gbest). The local model calculation is identical, except that the neighborhood’s best experience is 

employed rather than the group's best experience. Low values allow particles to roam faraway from target 

regions before tugged back, while high values end in abrupt movement toward, or past, target regions. The 

inertia weight w controls the impact of the previous histories of velocities on the present velocity, thus 

influencing the trade-off between global (wide-ranging) and native (nearby) exploration abilities of the 

‘flying points’. By linearly decreasing the inertia weight from a comparatively large value to a little value 

through the course of the PSO run (total number of generations prior termination), the PSO tends to have 

more global search ability at the beginning of the run while having more local search ability near the end 

of the run [2]. Particle swarm optimization has been used for approaches which will be used across a good 

range of applications, also as for specific applications focused on a selected requirement. Its attractiveness 

over many other optimization algorithms relies in its relative simplicity because only few parameters got 

to be adjusted. 

The false code steps as follows 

For each particle 

Initialize particle 

END 

Do 

For each particle 

Calculate fitness value 

If the fitness value is best than the simplest fitness value (pBest) in history 

set current value as the new pBest 

End 

Choose the particle with the simplest fitness value of all the particles because the gBest 

For each particle 

Calculate particle velocity according equation (a) 

Update particle position according equation (b) 

End 

 

 

2.PSO USED IN VARIOUS APPLICATIONS 

The wireless sensor networks, time division multiple access (TDMA)-based MAC may reject collisions, 

and save energy and provides a delay. The slot scheduling in TDMA is NP problem. To minimize the 

entire slots needed by a group of knowledge collection tasks and saving the energy consumed on switching 

between the active and sleep states, a multi-objective TDMA scheduling scheme needs to be achieved. 

Nevertheless, due to the high computational complexity, it's quite difficult to realize an optimal solution. 

In this paper, a replacement hybrid algorithm (HPSO), particle swarm optimization (PSO) joined with 

simulated annealing (SA), is applied against such TDMA scheduling. It combines the high search 

efficiency and powerful global search ability of PSO with good local search ability of SA, thus greatly 

improving slot allocation in wireless sensor networks. 

Applications supported peer-to-peer (P2P) protocols became tremendously popular over the previous 

couple of years, now accounting for a big share of the entire network traffic. To avoid problems by 

network administrators of many reasons, the P2P protocols are more enlightened and use many techniques 

to circumvent detection and recognition with standard tools. The paper present three P2P traffic metrics 

and have to do with semi-supervised clustering to locate P2P applications. The semi-supervised 

classification type consist two steps: Particle Swarm Optimization (PSO) clustering algorithm employed to 

training dataset that mixes few samples with many unlabeled samples. Then, available labeled samples 
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were wont to map the clusters to the appliance classes. P2P traffic metrics: IP Address Discreteness, 

Success Rate of Connections and Bidirectional Connections rate with sample and utilized in paper. 

Experimental results using traffic from campus showed that prime P2P traffic classification accuracy had 

been achieved with a couple of labeled samples. 

.  

2.1 P2P TRAFFIC CLASSIFICATION:  

 

Our P2P traffic classification method consists of two algorithms: Particle Swarm Optimization (PSO) 

clustering  algorithm was employed to partition a training dataset that consists of scarce labeled samples 

combined with abundant  unlabeled samples. Mapping Algorithm used the few available labeled samples 

obtain a mapping from the clusters to  the different known classes. 
 

2.1.1 PSO CLUTERING ALGORITHM:  

 

The objective of the PSO clustering algorithm is to discover the proper centroid of clusters for 

minimizing the intra cluster distance as well as maximizing the distance between clusters. The PSO 

algorithm performs a globalized searching for solutions whereas the traditional K-means clustering 

procedures perform a localized searching. In the PSO clustering algorithm, the multi-dimensional samples 

vector space is simulated as problem space. Each feature in the sample dataset represents one dimension of 

the problem space.  

Each sample vector can be represented as a dot in the problem space [3]. The whole sample dataset can 

be represented as a multiple dimension space with a large number of dots in the space. One particle in the 

swarm represents one possible solution for clustering the sample collection.  Therefore, a swarm represents 

a number of candidate clustering solutions for the sample collection. Each particle maintains a matrix 

C=(X1, X2,…..,XM) where Xj represents the its cluster centroid vector and M is the number of  clusters.  

According its own circumstances and its neighbors, the particle alter the centroid vector’s position in 

vector space at each generation. The fitness value is defined as to evaluate the solution represented by each 

particle 

 
Where d() denotes the distance between centroid Xj and sample Xi in cluster j  

ω .M stands for the number of cluster. k is a constant.  

The PSO clustering algorithm can be summarized:  

1) At the initial stage, each particle randomly chooses M different sample vectors from the sample 

collection as the  initial cluster centroid vectors.  

2) For each particle:  

(a) Assign each sample vector in the dataset to the closest centroid vector.  

(b) Calculate the fitness value according to (3).  

(c) Using the velocity and particle position to update (1) and (2) and to generate the next solutions. 3) 

Repeat step 2 until the maximum number of iterations is exceeded  
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