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Abstract 

The whole class of evolutionary computing algorithms is inspired by the process of 

evolution in nature. Compared to the traditional optimization algorithms. a few striking 

features of these algorithms include their ability to address non-differentiable cost 

functions, robustness to the dynamically changing environment, and implementation on 

parallel machines. However, it was not until one and half decade ago, when these 

algorithms attracted researchers and got acknowledgement in terms of theu  application to 

the real world problems. The main reason behind this increased interest of the researchers 

owes to the ever increasing computing power. As a result evolutionary computing 

algorithms have been widely investigated and successfully applied for a number of 

problems belonging to diverse areas. In this dissertation the standard binary particle 

swarm optimization (PSO) and its soft version, namely soft PSO (SPSO) have been 

applied to four different problems of  digital communication. 

Due to the exponentially growing computational complexity with the number of users in 

optimum maximum likelihood detector (OMLD), suboptimum techniques have received 

significant attention. We have proposed the SPSO for the multiuser detection (MUD) in 

synchronous as well as asynchronous multicarrier code division multiple access (MC- 

CDMA) systems. The performance of SPSO based MUD has been investigated to be near 

optimum, while its computational complexity is far less than OMLD. 

Particle swarm optimization (PSO) aided with radial basis functions (RBF) has been 

suggested to carry out multiuser detection (MUD) for synchronous direct sequence code 

division multiple access (DS-CDMA) systems. The MUD problem has k e n  taken as a 

pattern classification problem and radial basis functions have been used due to their 

excellent performance for pattern classification. 

The two variants of PSO have also been used in a joint manner for the task of the  channel 

and data estimation based on the maximum likelihood principle. The PSO algorithm 

works at two different levels. At the upper level the continuous PSO estimates the 

channel, while at the lower level, the soft PSO detects the data. The simulation results 

have proved to be better than that of joint Genetic algorithm and Viterbi algorithm 

(GAVA) approach. 
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CHAPTER 1 

INTRODUCTION 

1.1 Multiple Access Techniques 

As we move fkom 31d to 4" generation, the wireless communication faces one of the 

major challenges in terms of capacity, which is the rate of flow of information. More 

capacity is required to serve high data rates for multimedia applications and growing 

number of users. The problem can be dealt with by having more efficient multiple access 

schemes and better multiuser detection schemes. 

Traditionally, frequency division multiple access (FDMA) and time division multiple 

access (TDMA) have been used for multiple access in wireless communication. TDMA is 

superior to FDMA providing better data rates than FDMA. Also the battery consumption 

at user end is minimized due to non-continuous operation in TDMA. Still more useful 

scheme is the CDMA. One of the major advantages of CDMA is the soft user capacity, 

that is, there is no sharp limit of maximum number of users. Another advantage is the 

assignment of unique code to each user, known as signature, due to which it utilizes the 

full bandwidth. Due to these advantages, the CDMA has the ability to cope with the 

upcoming challenges faced by modern wireless communication. 

The major problem faced by CDMA is the multiple access interference (MAI). It arises 

due to non-orthognality of  the signatures assigned to the users. The remedy is the 

multiuser detection. Multiuser detection has been an active area of research since its 



inception. Starting from the optimum detector proposed by Verdu [I], which is 

computationally prohibitive, a bulk of literature based on suboptimal techniques is 

available. 

As the data rates are going up, the role of equalizers is also becoming more important. 

Knowledge of channel parameters makes the job of  receiver easy. The systems using 

FDMA generally do not require equalizers, however, these are required for TDMA 

systems. 

1.2 Evolutionary Algorithms 

Initially the evolutionary techniques were not enthusiastically investigated and applied to 

various research fields owing to their computational cost. However, the situation changed 

in the last one and a half decade. Due to decreasing cost of computation, evolutionary 

techniques have undergone a revival. In the recent decade, not only the previously 

existing evolutionary algorithms have been applied to various research problems, but also 

some new techniques, like particle swarm optimization (PSO), ant colony optimization 

(ACO) etc have been proposed. This has opened a new era for the researchers. Now the 

emphasis is on two dimensions. One is to propose new techniques and the other is to 

make different evolutionary techniques co-work, as  we can see in case ofjoint simulated 

annealing and genetic algorithm (SAGA ) and joint GA and PSO erc. 

All this activity has resulted in new evolutionary algorithms which are fast in 

convergence, robust to environment and applicable to a vast variety of problems. The 

evolutionary algorithms have been successfully applied to various research areas like 

image processing, neural networks, multiuser detection etc. Now it is becoming possible 

to use evolutionary algorithms to real time problems. One of the major advantages of 



evolutionary algorithms is that they work for non-differentiable functions. Also they are 

robust against local minima. 

PSO is relatively new evolutionary computing technique proposed in 1995. Since then, it 

has been an area o f  great interest for the researchers. One can see the number o f  variants 

proposed so far. 

1.3 Contributions of Dissertation 

Following are the major contributions o f  this dissertation: 

Multiuser detection for multicarrier CDMA system has been performed using PSO. 

Initially the-solution to the multiuser problem was provided by Verdu [I], who proposed 

the optimal detector. However its computational requirement grows exponentially with 

the number o f  users in the system and is too large to be used practically. Later on, 

different suboptimal solutions were provided to reduce the computational cost. Among 

various suboptimal solutions, PSO belongs to the family o f  evolutionary computing. In 

this dissertation, binary PSO and its proposed variant have been used for multiuser 

detection (MUD). The problem has been addressed for both synchronous and 

asynchronous environment over Rayleigh flat fading channel. The proposed variant, 

named as soft PSO (SPSO), has given results even better than that of the binary PSO. 

Radial basis functions (RJ3F) are supposed to be excellent for pattern classification. 

Another view of  MUD could be a pattern classification problem. Hence the other 

contribution of  dissertation is the PSO assisted Radial Basis functions which have been 

used for MUD of synchronous direct sequence CDMA (DS-CDMA) system over additive 

white Gaussian noise (AWGN) channel. Again binary and soft PSO have been employed 

and their performance comparison is provided in the simulations. 



The channel estimation and hence equalization for data communication is another active 

area of research. Lots of  work on this topic can be found in literature. Yet another 

contribution is the use of PSO for joint estimation of the channel parameters and data 

over AWGN channel. The novelty lies in the fact that both the soft and continuous PSO 

algorithms have been used together in an iterative manner. The continuous PSO 

determines the channel parameters while the soft PSO estimates the data. 

1.4 Organization of Dissertation 

The dissertation is organized as follows: 

Chapter 2 is about particle swarm optimization (PSO). A brief overview of evolutionary 

algorithms is presented. A detailed coverage of various aspects of  PSO is presented, 

which has to be used in the subsequent chapters. It includes the basic PSO algorithm, 

major variants of PSO proposed in literature, and application of PSO to various areas in 

research. 

Chapter 3 discusses multiuser detection for both synchronous and asynchronous 

multicarrier DS-CDMA systems using PSO. Two variants, namely sol? PSO and hard 

PSO have been applied in both cases. The channel for both the systems has been assumed 

to be Rayleigh flat fading. I t  is shown that the PSO algorithm due to its fast convergence 

outperforms the other evolutionary computing algorithm. 

Chapter 4 presents multiuser detection of synchronous DS-CDMA system using PSO 

along with radial basis function, which belongs to the family of  neural networks. RBF is 

an excellent tool for solving non-linear as well as classification problems. The motive 

behind using RBF is that it addresses the MUD problem as pattern classification. 



Chapter 5 addresses joint channel and data estimation using PSO. The novelty of this 

chapter is that both the continuous and soft PSO have been used in an iterative manner. 

The continuous PSO has been used for estimating channel parameters while the soft PSO 

has been used for determining the data bits. Simulation results are provided at the end. 

Chapter 6 is dedicated for conclusions and fiture directions in which the PSO work may 

be extended. 



CHAPTER 2 

PARTICLE SWARM OPTIMIZATION 

2.1 Introduction 

Optimization may be defined as finding a set o f  parameters that satisfies some cost 

function under some constraints. Almost every real world problem can be cast into an 

optimization problem. When modeled mathematically, some problems, by nature, turn 

into a linear optimization problem while others may be non-linear. 

Traditionally there have been three different ways to solve an optimization problem. 

namely, deterministic methods, analytic methods and stochastic methods [ 2 ] .  The 

deterministic algorithms are characterized by the fact that, given some. initial condition, 

they always follow the same path to reach the same final solution. Some o f  the 

deterministic algorithms are linear programming, divide and conquer, dynamic 

programming, branch and bound, Newton-Raphson algorithm, steepest descent algorithm 

including all its variants, Fletcher-Reeves. Davidson-Fletcher-Powell algorithms etc. 

Most o f  the algorithms tend to get stuck in suboptimal solution. Moreover, an algorithm 

efficient in solving one optimization problem may not be able to perform well for another 

problem. Also, these algorjthms are not suitable for discrete variables problems. 

Classical analytical methods. like Lagrangian method. oflen fail as the dimension ofthe 

problem becomes large. Moreover, combinatorial problems, like quadratic assignment, 

timetabling or scheduling problems use discrete states and such problems have non- 



continuous objective hnctions that are not in the domain o f  analytical methods. 

Stochastic methods is the thud category and given below in an elaborate manner. 

2.2 Stochastic Algorithms 

Deterministic methods tend to fail when used on untractable NP hard problems. One o f  

the best ways out is to go for stochastic algorithms [3]. These algorithms do not guarantee 

to reach the exact global optimal solution, but often they tend to reach closer. Stochastic 

algorithms are superior to other algorithms in a number ofways. They do not require the 

cost function to be continuous and differentiable. They are easy to implement and well 

suited for combinatorial problems. 

Some well known stochastic optimization algorithms are Simulated Annealing, Tabu 

Search, random search, Hill Climbing algorithm and evolutionary algorithms. Al l  these 

algorithms may be viewed as test generate and test algorithms. The main steps involved 

in all these stochastic algorithms are given as follows. The only difference lies in the way 

new perturbations are made and the way solution i s  found. 

1) An initial solution is generated and is named as current solution. 

2) The current solution is perturbed to give a new solution. 

3) Fitness o f  the new solution is evaluated. I f  it has a higher fitness, it is taken as 

current solution otherwise the previous solution is maintained as current solution. 

4) Stop the algorithm ifconvergence is achieved otherwise go to step 2. 

These algorithms face the problem o f  slow convergence. 



2.3 Evolutionary Algorithms 

The term evolutionary computation encompasses a whole field o f  techniques. As the 

name implies, all the techniques are based on one common point i.e. evolution. . A 

population o f  candidate solutions is generated (usually at random values) and evolved to 

reach the best possible solution. Evolutionary computation may also be taken as 

generalized stochastic algorithm. The evolution process itself in a certain evolutionary 

technique may differ from the process ofanother evolutionary technique. 

The tirst step in the implementation o f  any evolutionary algorithm is the initialization o f  

the population o f  candidate solutions. There exist a number o f  ways to initialize the 

population. This is followed by evaluation o f  the whole population through some fitness 

function, which is specific to the problem under consideration. On the basis o f  fitness, 

some individuals are selected as parents for generating new candidate solutions, also 

known as offspring or children. The process o f  generating offspring i s  usually called 

crossover. in which parent solutions may recombine in a number o f  ways to possibly 

generate a number ofchildren. Mutation is another operator in addition to crossover. It i s  

used to avoid stagnation. The nest step is to decide which individuals (includiny parents 

and children) wil l  be moved to the nest generation. This nest generation is then subjected 

to the same procedure and the process ofevolution continues ti l l  convergence. 

There are a number ofadvantages o f  evolutionary algorithms. For example, it i s  possible 

and relatively easy to integrate problem specific prior knowledge which results in a much 

more efficient exploration o f  the search space. Also the traditional optimization 

techniques may be easily combined with evolutionary algorithms to give a robust system. 

Evolutionary algorithms can easily handle dynamic changes in the problem while the 



traditional techniques need to be restarted. Unlike many other methods, evolutionary 

algorithms can be implemented on parallel hardware [4][5]. Last but not the least. 

evolutionary algorithms do not require the objective function to be differentiable. 

The evolution ofevolutionary algorithms can be traced back to 1950's but the process o f  

their evolution was too slow. One major reason behind this was the non-availability o f  

high speed parallel computing facilities. With the advent o f  constantly growing and 

cheaper computing power, evolutionary algorithms have attracted the researchers. There 

are four major classical evolutionary techniques. 

2.3.1 Evolutionary programming (EP) 

Evolutionary programming was introduced by Fogel [6] in 1966. The main feature o f  EP 

is  that it is  normally used to optimize real valued continuous functions. Instead o f  having 

crossover operator for information sharing, EP relies on mutation. That is why, originally 

it did not have crossover operator. I t  used only the selection and mutation operators. A 

candidate solution in the population i s  composed o f  a pair o f  real valued vectors. One o f  

these vectors represents the objective variables while the other contains the strategy 

parameters for mutation. EP typically uses stochastic tournament selection. As a result 

the best individual is always preserved. Mutation is adaptive and is applied using a 

uniform probability distribution. The mutation rate goes down as the algorithm 

approaches the optimum. In  every iteration one parent generates one offspring. The nest 

generation is produced by taking some N best members o f  the population such that all 

had fitness above the median o f  the population. EP has been successfully used for 

optimization in power systems [7][8], and imaging [9][10]. 



2.3.2 Evolutionary Strategies (ES) 

Evolutionary Strategies was developed by ReChenberg [ I  1][12] and Schwefel [13]. ES 

was basically used to solve real valued problems. ES maintains two sets o f  real valued 

vectors. one o f  which contains the parameters to be optimized and the other strategy 

parameters, which controls the mutation o f  the objective parameters. ES uses both the 

mutation and recombination operators. For next generation, one o f  the two strategies, 

namely comma and plus, is followed. I n  comma strategy, only a subset of the offsprings 

i s  carried forward to become parents for the next generation, thus wasting some possibly 

good candidate solutions. This is, however supposed to provide diversity to the search 

space. In  plus strategy both the parents and the offspring compete lo  go to the nest 

generation. Some other strategies were also introduced later on by various researchers. 

The mutation in ES is performed by addition o f  normal distributed random numbers to 

both the objective parameters and the strategy parameters. ES has been applied for 

parameter estimation 1141, image processing, computer vision [IS] and task scheduling 

D61. 

2.3.3 Genetic programming 

Genetic programming [17]-[I91 is used to evolve computer programs by applying genetic 

operators on a population o f  programs. An individual in the population o f  solutions is a 

program. The programs are represented as parse trees. The variables and constants, 

known as terminals. act as leaves o f  the tree and the inner nodes act as functions to be 

performed on the leaves. An individual gene is formed by concatenating the leaves and 

inner nodes together. There are three different ways to generate a random initial 



population. I n  the first method known as "Gro~v", an individual created, may be o f  any 

depth up to a specified maximum depth. As a result one may see an individual with only 

one node in the tree. In  the second technique known as "Fu(P', an individual i s  

guaranteed to be o f  a certain depth. The thud technique known as "Ramped-half and 

h n v  is  a combination ofthe first two techniques. I t  is supposed to provide diversity more 
a 

than the other two techniques. The fitness test o f  the population is  problem specific. 

There are two ways to generate the offspring. In  the first method known as Reproduction, 

an individual i s  simply copied to the next generation without performing any operation 

on it. Koza [20][21] has proposed a number o f  useful crossover techniques. The 

algorithm stops once the optimal solution has been achieved. The major disadvantage o f  

Genetic Programming is that it demands fortoo heavy processing power. 

2.3.4 Genetic Algorithms 

Genetic Algorithms (GAS) was a brainchild o f  Bremermann [22] but popularized by John 

Holland [23][24]. GAS enjoy a lot o f  variety in terms o f  representation. generation o f  

initial population, selection criterion, mutation and crossover methods. The parameters to 

be optimized, known as genes are concatenated to make a string which is  called a 

chromosome. Depending upon the problem scenario the initial population is generated 

either at random or through some biased procedure. The rate o f  crossover is at least 95%. 

There are a number o f  ways to apply crossover, one point crossover, multipoint crossover 

and uniform crossover. Rate o f  mutation is less than 5%. The purpose o f  mutation is to 

avoid stagnation and premature convergence. In order to preserve best individuals and 

promote them to nest generations, the elitism operator is used. A few successhl 



applications of CA's include image processin,o [25]-[27], electromagnetics [28] and 

signal processing [29]. 

2.4 Particle Swarm Optimization 

The particle swarm optimization is a population based optimization technique. It was 

proposed by Kennedy and Eberhart in 1995 [30][31]. Some striking features o f  PSO are 

its simplicity in implementation and fast convergence. It has been successtitlly applied to 

various problems in the field o f  Artificial 1;telligence for training neural networks, 

multiuser detection, etc. 
I 

2.4.1 The Continuous PSO Algorithm 

As stated earlier, PSO is a population based optimization technique. The population is 

termed as swarm and an individual candidate solution in the swarm is referred to as a 

particle. There are two types of possible representations o f a  particle. It can be real valued 

or binary valued depending on the nature of  the problem beingoptimized. It must 

however be remembered that the original PSO algorithm was defined for real valued 

problems. The swarm can be initialized in two different ways. The first approach is to 

initialize it at random values. The other approach is to go for biased initialization which 

depends on the problem at hand. Any i* particle in the swarm has the following attributes 

associated with it. 

I )  Its current position denoted by x, 

2) Its current velocity denoted by v,  

3) The best position it has visited so far denoted by pi 



The velocities o f  the particles in the swarm are also initialized at small random real 

values. As the algorithm starts all the fitness o f  all the particles is evaluated. As stated 

earlier the fitness function is dependent on the problem being solved. The particle having 

the highest fitness is  selected as the global best particle. Particle velocity and the position 

o f a  particle are updated as follows, 

where p, and y2are positive constants, usually both having a numerical value o f  2.0, and 

rand1 and rand2are (uniformly distributed be!ween 0 and 1) random numbers. 

The eq. (2.4.1) requires some explanation. The first term on the right hand side is the 
1 

previous velocity. I t  is termed as i9nomentum", or "inertia". The second term represents 

the cognitive component. I t  represents the private thinking o f  a particle. I t  is also referred 

to as "remembrance", or "memory". The third term is the social component. I t  represents 

the collective thinking o f  the population. I t  is also called "cooperation' or "group 

knowledge". The movement o f  the particles through the search space needs to be 

controlled in order to have a balance between exploitation and exploration o f  the search 

space. Hence the original PSO algorithm includes a parameter , that limits the 

velocity. The choice ofvalue for V,,", is left onto the user. 

Usually it is  taken between 4 and 6. Too small value o f  I/;,,j,s. results in more exploitation 

than exploration o f  the search space. Similarly too big value o f  I/;,,,,x, results in more 



exploration than exploitation. The complete PSO algorithm is described in the form of 

flowchart in Fig. 2.1. 

Initialize Population, 
Velocity and personal bests r I 

Evaluate Fitness of all 
particles I 

Determine Global Best 
particle 

Update Velocity of all 

[ Update Personal Best for ail 1 
particles 

L_rJ  
Update Global Best 

Select Global Best a s  
Optimal Solution 1 

Fig. 2.1: Flowchart ofbasic PSO algorithm 



2.4.2 Topologies for PSO 

2.4.2.1 Gbest Model 

This topology is also known as star top< )logy as shown in Fig. 2.2a. In this topology every 

particle is connected to every other particle in the swarm. The particle having the highest 

fitness in the swarm is called the global best particle. This particle acts as a role model for 

all the particles in the swarm. All the particles get accelerated towards it. The main 

problem with this topology is that it is not very good at multimodal optimization. The 

gbesl model has been shown to exhibit faster convergence at the cost of robustness [32]. 

2.4.2.2 Lbest Model 

This topology is also referred to as circlelring topology and is shown in Fig. 2.2b. In this 

model the swarm is divided into a number of subswarms. Different neighborhoods or 

subswarms are independent but closely connected inwardly. Each subswarm has its own 

best particle known as local best particle or the neighborhood best particle. It may happen 

that one subswarm reaches it optimum while the other is still searching for it. 

Neighborhoods may be realized on indices as well as topological basis. It is important to 

understand that best is a generalization of the  gbest model. If the neighborhood in lbest 

model is extended to the whole swarm it becomes the gbest model 

2.4.2.3 Wheel Topology 1 

Yet another topology is  known as wheel topology. It is shown in Fig. 2. 2c. The main 

feature of this topology is that it effectively isolates individual particles from one another 

and all the information is passed to one central or focal individual. The focal individual 
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Fig.2.2: Various Neighborhood Topologies (a) Star, (b) Ring, (c) Wheel, (d) Von Neumann 



modifies its trajectory in light o f  the information passed to it and if i t  results in bener 

performance. the information is communicated to the rest o f  the population. 

2.4.2.4 Von Neumann topology 

Another topology which is von Neumann topology, is shown in Fig. 2.2d. I t  is 

characterized by a grid o f  connected particles. Each particle is connected to its 

neighboring four particles (lee, right, above and below). 

The choice o f  a particular topology has thoughtful effect on the speed o f  convergence o f  

the algorithm. Kennedy [33] suggested that gbest topology is faster but may be trapped in 

local minima while lbest is more likely to achieve global optima at the expense o f  slower 

convergence. The von Neumann topology is also slower in convergence because o f  its 

structure which takes more time to propagate the information to all the particles in the 

swarm. Kennedy and Mendes [34] have conducted experiments and found the von 

Neumann topology better than other topologies mentioned above. However, the selection 

o f  neighborhood topology depends on the type o f  problem at hand. I t  may happen that 

one particular topology working nicely may not work that good on some other type o f  

problem. 

2.4.3 Modifications to the PSO for improved conver, oence 

Since its introduction, researchers from variot~s areas have not only used PSO for 

problem solving but also contributed in terms o f  improving the performance o f  the PSO 

algorithm itself. The various steps o f  the algorithm have been modified with no change in 

the major structure o f  the algorithm. In  this section we describe some o f  the highlighting 



modifications. In  addition to the choice o f  proper neighborhood topology, the nest 

important issue is the choice o f  parameters. Once it is established that a certain algorithm 

achieves global optima, the next step to improve the algorithm is to find the ways to 

speed up the convergence process. This includes choosing and adjusting the velocity. 

setting the masimum velocity. and choosing appropriate values o f  acceleration constants. 

PSO has also undergone a number o f  investigations. In the following. we describe the 

major contributions by various researchers. 

2.4.3.1 Selection o f  Velocity 

The original PSO algorithm defines fixed limits on the maximum velocity o f  a particle 

referred to as yu,. However, later on Fan and Shi [35] proposed that a dynamically 

changing VU,, can help to improve the performance. Another proposal made by Abido 

[36][37] suggested to adjust the velocity dynamically as follows, 

where x,,,~,, and x,, ,~,  are the maximum and the minimum values attained by the particle 

so far and N specifies the number o f  intervals in kfhdimension. 

2.4.3.2 Inertia Weight 

One o f  the earliest and perhaps the most widely used work on the improvement o f  rate o f  

convergence was contributed by Shi and Eberhart [38]. A weighting factor was 

introduced in the velocity update equation is  given as follows. 

u ,,,, (n) = I I I U  ,,,, (n  - 1) + randl.q,.(p,,,, - ~ , , ~ ( n  - 1)) + ~iin&2.p~.(p ,,,,, - x ,,,, (11 - 1)) 
(2.4.4) 



which can be instantiated to the original PSO algorithm by letting u~ = 1. Shi and 

Eberhart have performed experiments by varying win static as well as dynamic manner 

[39][40]. They have found the convergence to be faster when w E 10.8, 1.21. 

It is evident 6 o m  the above equation that the basic purpose of introducing this factor was 

to control the contribution o f  the previous velocity. This control over velocity helps to 

exploit the search space more than to explore. From this point ofview the factor w is just 

like the temperature control in simulated annealing. 

2.4.3.3 Constriction Factor 

Clem [41]-[42] proposed the idea of constriction factor and argued that there is no need 

of having I<,,,, anymore. Clerc proposed several constriction models. Consider the 

following model, 

where 

with the condition that 9 = 9, + q2, y > 4 

Russ [43] has compared the performance of  the PSO algorithm with and without 

constriction factor. It was found that in general the inclusion o f  constriction factor 

resulted in an improved rate of  convergence. For some test functions, constriction factor 

did not work well. However simultaneous application o f  constriction factor and velocity 

limit resulted in improved performance. 



2.4.3.4 Acceleration Constants 

Setting the acceleration constants controls the way the particles move towards the 

individual and global best particle. Ozcan el a1 [44] conducted investigation regarding the 

effect of these constants on convergence. They reported that as the coefficients are 

increased, the frequency ofoscillation ofthe particle around the optimum increases while 

smaller values result in sinusoidal pattern. In most o f  the applications, both the constants 

are fixed at a numerical value of2.0. 

2.4.3.5 Maintenance o f  diversity 

For any population based optirnizarion technique, the importance o f  diversity goes 

without saying. The more the diversity. the more the chances to reach the optimal 

solution. However, there is always a chance o f  stagnation which results in premature 

convergence. I n  order to overcome such kind o f  situation, diversity schemes were 

introduced. I 

One o f  the earliest schemes was proposed by Sungathan [45]. He suggested using metric 

based neighborhood instead o f  indexed based neighborhood. The distance between any 

two particles is calculated at every iteration o f  the algorithm. For each particle the ratio 

x - ,  is calculated in every iteration. Here f , , , ,  is  the maximum distance 

between any two particles in the swarm and llm,, i s  the distance between particle 11 

and 6 .  Sungathan suggested using the selection threshold given below, for defining the 

neighborhoods. 

3 x k  + 0.6xk,,, ,  
selection - threshold = (2.4.7) 



Here k,,, is the maximum number o f  iterations in the algorithm and k is the current 

iteration. At the start ofalgorithm small value o f  selection threshold defines small 

neighborhoods. As the algorithm progresses. the neighborhoods grow. and approach the 

size o f  the whole swarm by the end o f  the algorithm thus making it Gbest PSO. 

Sungathan also proposed to vary the stochastic acceleration parameters during the 

algorithm. The changes proposed by him proved to give better results. 

2.4.4 PSO Variants 

A class o f  PSO variants has been evolved by amalgamating it with other evolutionary 

techniques, described earlier like GA, ES, etc. This has, in fact, resulted in an increased 

diversity. These variants are described in the following. 

2.4.4.1 Amalgam of Differential Evolution 2nd PSO 

The differential evolution (DE) is a population based stochastic search algorithm 

introduced by Storn and Prince [46].  DE is quite similar to GA. However in DE. mutation 

is performed first and then recombination followed by selection. The details o f  mutation 

are different from mutation in GA. Here in DE, weighted difference o f  two vectors is 

added to the vector being mutated. Another pe'culiar feature o f  DE i s  that every candidate 

solution undergoes mutation, and takes part in recombination and selection for the next 

generation. DE is defined only for real valued representation. The differential evolution 

PSO (DEPSO) was introduced by Zang and Xie [47] and further investigated by Talbi 

[48] and Moore [49]. 



2.4.4.2 Amalgam of Evolutionary Programming and PSO 

The concept ofselection 6om the evolutionary programming (EP) was introduced in PSO 

by Angeline [50]. She suggested the following steps to be performed before going to 

update the velocity of the  particles. 

Step I :  A particle is picked up and compared to all other particles in the swarm. If the 

selected particle has better fitness than the other, it is given a point. This process is done 

for all the particles in the swarm. 

Step 2: All the particles in the swarm are sorted in the order ofdecreasing points. 

Step 3: The upper half of  the particles is duplicated and the lower half is removed from 

the swarm. 

Experimental results by Angeline have shown that the inclusion of  selection in the PSO 

has resulted in a better local search at the cost of degraded global search. 

2.4.4.3 Amalgam of Evolution Strategies and PSO 

One of  the earliest attempts in this regard was to make PSO cowork with evolutionary 

strategies (ES) for application to power systems [51][52]. A particle is detined as a set of  

object parameters (the variables to be optimized) and strategic parameters (the 

 weight,^,). The movement of  particles was quite similar to classical PSO, except that 

the constants and random variables in (2.4.1) are replaced by weights, as given below. 

I 
w,; = w ,  + rN(O,l)  (2.4.8) 

I 

where N(O.l)is a random variable with Gaussian distribution having O m a n  and mi l  

variance and T is learning parameter which may be fixed or changed afler mutation. It 



can be fised or treated as strategic parameter. The major steps of EPSO included 

replication, mutation, reproduction, evaluation and selection. All these steps form the 

major structure of evolutionary strategies algorithm. Replication is related to particle 

presence in the swarm. A particle is replicated r times ( r  is set at 1 in [52]).  Each 

particle generates offsprings by following the particle movement which is quite similar to 

updating the particle position in classical PSO. Through stochastic tournament selection. 

the best particles are moved to the nest generation. 

2.4.4.4 Amalgam of GA and PSO 

The process of coupling between the evolutionary computation and PSO continued with 

the work by Lovbjerg et a/ 1531, who applied recombination operator to the PSO 

algorithm and called it breeding. Remember that this modification was made to the 

original PSO algorithm, defined for real valued problems. The following modifications 

were proposed: 

1) Calculate the particle velocities and positions according to the original PSO 

algorithm 

2) Assign a parent probability to each particle. 

3) Choose two particles and generate two offsprings through crossover. Replace the 

parents with the new offsprings. 

4) The personal best positions ofthe particles used as parents, should be assigned as 

their current position. 

Also he divided the swarm into sub-swarms for the sake of increased diversity. The 

changes suggested resulted in improved performance in case of rnultimodal fimctions. 



However, for unimodal functions the convergence was slower than the original PSO 

algorithm. 

Another hybrid o f  GA and PSO was proposed by El-Dib [54]. They applied reproduction 

to both the position and velocity vectors. Two randomly selected position particles 

generate two children as follows, 

where p is  a uniformly distributed random number between 0 and I. 

Two randomly selected velocity vectors generate two child velocity vectors as follows, 

Robinson er a1 [55]  investigated the applicatidn of alternating GA and PSO algorithms 

for optimizing a profiled corrugated horn antenna. They performed experiments and 

found that the best results were given by using PSO to GA algorithm i.e. the optimization 

starts with PSO and aflerwards GA takes over to reach the optimum solution. They 

announced that the PSO-GA approach performed better than the two schemes, GA-PSO 

and GA, both. 

2.4.4.5 Amalgam of  Genetic Programming and PSO 

More recently Poli et a1 [56][57] proposed hybridization o f  genetic programming with 

PSO. They have focused on the possibility o f  evolving optimal force generating 



equations to control the particles in a PSO using genetic programming. Their focus was 

on the development o f  PSO through the use o f  GP so that instead o f  one problem, a 

whole class o f  problems could be addressed. In other words, the main thrust o f  GP is on 

finding the appropriate finction, instead o f  the standard function. that drives the particles 

in the swarm to their local and global best positions. They tised two benchmark fi~nctions. 

city-block sphere problem and Rastrigin's problem and came up with seven new PSO 

algorithms. 

2.4.4.6 PSO for Multiobjective function optimization 

There is a great deal o f  real world problems, which are o f  multiobjective nature. For 

example in the design o f  automobile. potential objectives include cost, t ie l  consumption. 

speed, capacity and comfort etc. In these problems i t  is difficult to find the best solution 

since the objectives to be optimized are conflicting. In  addition to other techniques from 

operation research used for multiobjective optimization, evolutionary techniques have 

also gained considerable attention by the researchers. Schaffner [ 5 8 ] [ 5 9 ]  is considered to 

be among the pioneers to investigate the use o f  evolutionary computing for optimizing 

multiobjective functions. An excellent overview of the topic can be seen in [60] and [6 I]. 

A number o f  multiobjective PSO (MOPSO) algorithms have been proposed recently. 

There are two major issues in developing MOPS0 algorithm [62][63].  One is to decide 

how to evolve the social and cognitive parameters that can lead other particles towards 

the optimum solution. The other is to maintain diversity. I t  is  worth mentioning that the 

process selection o f  cognitive parameters in MOPS0 is the same as in traditional uni- 

objective PSO algorithm. There are two steps in the selection o f  social factor. First is to 

setup a pool o f  potential particles. Second step is to actually choose the social leader. For 



this purpose there exist two classes o f  algorithms. Algorithms belonging to one class rely 

on random approach. The general strategy followed by the algorithms o f  this class is to 

assign weights to the particles. Ray and Liew [64] have suggested to first make a group 

o f  leader particles having higher fatnesses. Al l  the particles then move towards a 

rando~nly selected leader. keeping in view the fact that the leader having the least number 

o f  followers has the highest chance o f  selection. Coello er a1 [65] have used two step 

procedure. First they store non-dorninated solutions in a secondary population. The 

primary population then uses a randomly selected neighborhood best particle tiom the 

secondary population for updating their velocities. Later on they incorporated Pareto 

dominance and special mutation operator for enhancing the exploratory capabilities ofthe 

PSO algorithm 1661. 

The algorithms in the second class use some quantitative method instead o f  random 

approach to select the social leader. Mostaghim el 01 [67] proposed sigma method. He 

suggested using sigma values for each particle in the primary as well as in the candidate 

pool for the selection o f  social leader. The leader having the minimum sigma distance 

from the particle wi l l  be chosen as the leader. The use o f  sigma values results in an 

increased pressure on selection. Hu er a1 [68] introduced dynamic neighborhood strategy 

for selecting the social leader. The objectives are first divided into two groups say GI  and 

G2. GI is termed as neighborhood objective and G2 is referred to as optimization 

objective. Each particle chooses its neighborhood by finding the distance between itself 

and all other particles. Only one objective is optimized at a time like lexicographic 

ordering. Alier the completion o f  neighborhood tindins process local and then the global 

best particle is chosen. 



Vector Evaluated PSO (VEPSO) is based on the concept o f  vector evaluated genetic 

algorithm (VEGA). Parsopoulos er a1 [69] proposed the vector evaluated PSO. The idea 

behind was to have two or more swarms. Each swarm goes for one objective fi~nction and 

the swarms share information. 

More recently, Liang et a1 [70] have proposed another variant, named comprehensive 

learning PSO (CLPSO). The novelty o f  this new variant lies in the fact that any particle 

in the swarm can use the history ofany other particle to improve itself. This ensures more 

diversity and hence helps to avoid premature convergence. Although CLPSO has shown 

good results for multimodal problems. it cannot perform equally well on unimodal 

functions. 

2.4.4.7 PSO for Dynamic environment 

A dynamic system is characterized by a fitness function that changes almost continuously 

over time, thus rendering the previously found optimal solution almost obsolete. A 

number of real world systems have dynamic nature. Scheduling systems are the best 

example o f  dynamic systems. where most o f  the time is spent in rescheduling. 

Parsopoulos el a1 [71] proved that the PSO can track slow moving optima without any 

changes at all. Eberhart [72] suggested slight change to the original PSO algorithm by 

randomizing the inertia weight between 0.5 and 1.0. The reason was to make the 

contribution o f  the social and cognitive factors flexible so that the exploration and 

exploitation could be adjusted according to changing environment. Afterwards, they 

suggested [73] specialized-adaptive PSO for dynamic environment. A two step procedure 

was suggested which included detection and then responding to the changinz 

environment. The change i s  detected when a different fimction value is observed upon re- 



evaluation. The response suggested, was to randomize the entire swarm. Earlier. Carlisle 

et a/ [74][75]suggested two responses upon the detection o f  change. First was to set the 

current position o f  the particle to the previous best and the second was to go for the 

winner o f  the current and previous best. 

Blackwell and Bently [76][77] introduced the notion o f  charged particles to update the 

particle position. The special feature o f  this scheme was that it does not require any 

detection o f  changing environment. The particles repel each other and make a kind o f  

orbit around a converging nucleus o f  neutral particles. I t  helps to stop the swarm from 

converging to a single point. The particles remain spread. thus making it easier to respond 

to change and readjust the optima. Das el rd [78][79] have proposed small population 

PSO (SPPSO). The main feature o f  this variant is that the number o f  particles in the 

swarm is quite small (five or even less). The population i s  regenerated after every N 

iterations. A l l  the particles except gb,, and the pLrS, are replaced. SSPSO has performed 

well in dynamic environment. 

Another challenging class o f  problems is the dynamic multimodal problems. In these 

environments, multi-swarm approach has proved to be kuitful. 

Parrot el cd[80] have adjusted the number and size o f  swarms dynamically. The swarm is 
! 

divided into species subpopulations. based on their similarity. Each specie has a dominant 

particle, called seed. The species seeds are updated every iteration and serve as 

neighborhood best for the respective specie group. I t  is  worthwhile to note that species 

are formed adaptively at each iteration, keeping in view the feedback from the 

multimodal fitness function. The Species PSO has proved to be effective under both the 

static and dynamic multiobjective environments. 



2.4.4.8 PSO for constrained Optimization 

Most o f  the engineering problems are constrained problems. The basic PSO algorithm 

does not include any mechanism for handling the constrained optimization problems. 

With the passage o f  time, however, researchers have contributed to this end as well. 

There are two approaches to deal with constrained optimization using PSO. One way to 

optimize constrained problems using PSO is to incorporate constraints in the fitness 

function using penalty functions. Venter el a1 [81] have proposed to penalize the particles 

with violated constraints. The motive behind this was to reset the velocity o f  the violating 

particles. 

The second option is to deal with fitness and constraints separately. This approach i s  

quite helpful in the sense that there is no major change in the algorithm and also no limit -- 
y o n  the form or number ofconstraints. AAer updating the position each particle i s  checked 
9 4 to see whether or not it i s  in feasible region [82]. If it is, then either the particle is reset to 

' its p,".,, [83] or its previous position or it is randomized [84]. 
\ i 

Parsopouhs ei a1 [81] converted the constrained problem into non-constrained problem 

by incorporating a penalty hnction which is non-stationary. The application o f  PSO to 

the reformulated problem resulted in promising results. Ray et a1 [86] suggested to use 

information sharing at multiple levels so that a particle not performing better may get its 

direction corrected with the help o f  i ts  nearest neighbor that is in better performer list 

(BPL). In  order to deal with constraints. there is a constraint matrix which is used in 

* 
conjunction with Pareto ranking scheme to create a BPL. The results were found to be 

quite encouraging. Other PSO schemes for handling constrained optimization may be 

found in 1871-[89]. 



2.4.4.9 PSO for Noisy function 

Unlike dynamic problems, in noisy problems the fitness hnction does not change, 

however, its evaluation is noisy. This means that if the same position is visited again. the 

fitness value may be different. Parsopoulos and Vrahatis [90] investigated the behavior o f  

PSO under Gaussian random noise. They added noise to the fitness fiinction and 

performed random rotation to the search space. The results were quite encouraging in the 

sense that the performance o f  PSO was not affected by the presence o f  noise. Pugh [91] 

compared the noise resistant PSO with the original PSO and found that the noise resistant 

PSO keeps itself improving while the standard PSO stops evolutionary process after a 

few iterations. Also the noise resistant PSO takes less number o f  iterations than the 

standard PSO to reach the convergence. 

2.4.4.10 Discrete PSO 

The original PSO algorithm was developed for real number space. Later on discrete 

versions were also introduced. 

Binary PSO, like real number PSO was proposed by Kennedy and Eberhart [92]. The 

purpose was to extend the standard PSO algorithm to work for binary number space since 

a number o f  problems are defined over binary number space. Thus the particle position is 

in the form o f  binary digits, 0 and 1. The velocity o f  the particle is, however, real-valued 

and limited to the interval [0, I], thus treating it as probability. The velocity is updated as 

follows, 

1 -  ,,,, (4 = 11 ,,,, (18 - 1) + 9I.b ,,,, - 6 ,,,,@ - 1)) + %.(P",,, - ,,,, (71  - 1 ) )  



where q, and %are the stochastic acceleration constants. Thresholding o f  velocity is 

accomplished by employing sigmoid function, defined as follows, 

I n  order to avoid the threshold being too close to 0 or I, velocity is typically set to a 

maximum value yUnx. ~umerical  value o f  y,, is 'usually set between 4 and 6. 

Position o f a  particle is updated using the following 

if(t.antl( ) < S(v,,,)), the71 b ,,,, = 1 

else b,,,, = 0 

A number o f  problems require solution in the form o f  integers instead o f  binary numbers. 

For such problems integer PSO was proposed by Parsopoulos et a1 [93]. The equations 

developed for real number space are used for integer PSO. Once the position i s  

determined it is  rounded to the nearest integer value. Lnteger PSO has shown better 

performance than other methods like Brach and Bound method 1941. 

2.4.4.11 Gaussian PSO 

The Gaussian PSO was proposed by Krohling [95].  While applying the classical PSO 

algorithm, one has to specify the constants regarding inertia weight, V,,li, etc. Gaussian 

PSO was proposed to avoid these initializations so that the acceleration constants are 

automatically initialized using Gaussian distribution. Inertia is set to zero so that there is 

no limit on maximum velocity. The Gaussian PSO was tested on well known benchmark 

functions and performed better than the classical PSO algorithm. 



2.4.4.12 Dissipative PSO 

Inspired by the concept o f  self-organizing dissipative systems. this version o f  PSO was 

proposed by Xie el a1 [96]. They have introduced the concept ofentropy, thus creating a 

dissipative structure which is far from equilibrium. The negative entropy i s  introduced in 

the system by incorporating an additional chaos in the velocity o f  particles as given 

below: 

if(mnd( ) < c,) , then u, = rand( ).V, ,,,, (2.4.1 1) 

Where c,. and i ~ 1 . d  are both random numbers between 0 and 1. The non-linear 

interactions among the particles help establish equilibrium. The DPSO was tested on 

multimodal benchmark fi~nctions and gave good results. 

2.4.4.13 PSO with Passive Congregation (PSOPC) 

PSO with Passive Congregation (PSOPC) was proposed by He et a1 [97]. The focus is on 

avoiding local minima and at the same time enhance the convergence speed. This is 

achieved by incorporating congregation coefficient into the velocity update 

formula, 

Herep,is the passive congregation coefficient and i;,r;and r,are random numbers 

between 0 and 1. S i s  any particle selected randomly from the swarm. 



2.4.4.14 Cooperative PSO 

Van den Bergh et al [98] introduced cooperative PSO. I t  employs multiple swarms to 

implement the concept o f  cooperative PSO. CPSO was inspired by the idea given by 

Potter [99] who suggested to split the search space into multiple smaller search spaces for 

GA's thus originating the cooperative co-evolutionary genetic algorithm (CCGA). Van el 

a/ introduced two versions o f  CPSO. One was named as CPSO-HK and the other CPSO- 

SK. The CPSO-SK is exactly like CCGA. The strategy is to divide a swarm having n- 

dimensional vectors into n swarms consisting o f k  dimensional vectors. Thus each swarm 

optimizes one component ofthe solution vector. The number k is termed as split factor. A 

particle in a swarm is evaluated through credit assignment strategy. 

CPSO-HK is a combination o f  PSO and CPSO-SK such that one iteration o f  CPSO-SK is 

followed by one iteration o f  standard PSO algorithm. The cooperative approach to PSO 

has shown better than standard PSO when the dimensionality o f  the problem is increased. 

2.4.4.15 Concurrent PSO 

Concurrent PSO i s  also based on cooperation and has been proposed by Easkar and 

Sunganthan [loo]. In  this scheme the search space is partitioned into two sub-swarms 

implicitly. 

2.4.4.16 ~ ie ra rch i ca l  PSO 

Hierarchical PSO El-Abd et nl [I011 combines both implicit and explicit splitting ofthe 

search space using CPSO and CONPSO and has outperformed both schemes. 



2.4.4.17 Angle Modulnted PSO 

I t  is well known that as the problem dimension increases, it puts more pressure on the 

performance o f  the optimization algorithms and as a result the algorithm converges to 

suboptimum solution. With this fact in mind, Pampara et a1 [I021 proposed the Angle 

moddated PSO which reduces a high dimension binary valued optimization problem to 

four diniensional continuous valued problems. The AMPS0 algorithm has been tested 

and found to give better results as compared to binary valued PSO. 

2.4.4.18 Fully Informed PSO 

Mendes and Kennedy [I031 proposed fully informed PSO. The motive behind was that 

the PSO algorithm can perform better if a particle is made to share information with all 

other particles in the population instead o f  sharing with its neighbors only. 

2.4.4.19 Principle component PSO 

Voss [I041 proposed principle component PSO. The motive behind was to improve 

convergence o f  PSO on high dimensional problems. PCPSO uses covariance matrix and 

gives more importance to the current directions the particles are flying in, instead o f  the 

previous directions. PCPSO has been tested to give superior performance on 30 

dimension standard functions, 100 dimension sphere, Rosenbrock and Voss functions. 

2.4.4.20 Attractive Repulsive PSO 

Attractive-Repulsive PSO was proposed by Riget and Vesterstrom [I051 to overcome the 

premature convergence problem in PSO. The proposed PSO uses one o f  the two phases 

while updating the velocity; attraction and repulsion. In  attraction phase it acts exactly 

like the original PSO. In  repulsion phase. the velocity update i s  done by performing a 



subtraction (instead of  addition) in the velocity update formula. This is described as the 

particles are attracted towards one another during attraction phase while pull one another 

during repulsion phase. The authors have claimed that the proposed version o f  PSO 

performs quite well on multimodal functions. 

2.4.4.2 1 Gregarious PSO 

Pasupuleti and Battiti [I061 proposed gregarious PSO for avoiding premature 

r 
convergence. They suggested re-initializing the particle when it is stuck at some local 

optima. Also they proposed to  dynamically change step size keeping in view the feedback 

from previous iterations. The GPSO has been shown to outperform the basic PSO on a 

number of  benchmark fimctions. 

2.4.4.22 Soft PSO-I (SPSO-1) 

The special feature ofthis type o fPSO is that it works with the real numbers and the final 

result is taken in binary form. This type ofPSO has been successfully used by Choudhry 

[I071 and Zubair[l08] for multiuser detection problems. The swarm is initialized at small 

real random numbers uniformly in [0, I]. Particle position is updated through soft 

decision as follows. 

if(~md( ) > S(u,,,,)). then L ,,,, = -I +S(,U ,,,,) 

else b,,, = S(v,,,! ) 

where 

S(V",,) = (111 + exp(-YJn,J) 

It must be kept in mind that-, is one o f  the important parameters of  SPSO. In binary PSO 

-y = 1. If 7 -' ce we have pure step fi~nction. Thus with y = 0.25, the variation ol' 



S(v5,,,)is very gradual around v~,, = 0. But as y is increased, it becomes more and more 

abrupt tendin:: towards more hardness. I t  has been observed after test and trial. that 

gradually increasing 3 from 0.25. results in better performance. Upon the completion o f  

the iterations, hard decision is carried out on the global best particle to get the final binary 

valued optimized solution. 

2.4.4.23 Soft PSO (SPS0)-2 

Choudhry [I091 has also used another version o f  sofl PSO, called SPSO-2. This version 

has proved to be even beper in terms o f  performance. The swarm is initialized at soft 

values. The particle position is updated as follows, 

b ,,,, (4 = b ,,,, (11 - I )+  tanh(W ,,,,) (2.4.13) 

where 0 < 7 < 1. Like SPSO-I, the final result is  obtained by taking a hard decision on 

the global best particle. 

2.4.5 Applications of PSO 

Despite the fact that PSO is comparatively new addition to the optimization techniques, it 

has shown its usefulness in a number o f  areas. 

2.4.5.1 Artificial Neural Nehvorks 

The use o f  PSO for finding the optimum weights for ANN. has been investigated by a 

number o f  researchers. The major focus o f  the researchers was on synaptic weights and 

the network topology. This has been done for supervised as well as unsupervised 

learning. A number o f  papers have reported the comparison and supremacy o f  the PSO 



over traditional back propagation algorithm [I 101-[I 1 I] for finding the weights of neural 

networks. The obvious reason behind this is that PSO works on non-differentiable 

functions. One of the earliest uses of PSO was to train a Recurrent Neural Model [I 121- 

[ I  131. Later on PSO was used for training product Units in Feedforward Neural Networks 

[ I  141-[I 161, neural network control for nonlinear processes [ I  171, design of radial basis 

function [I 181, for training of support vector machines [ I  191, fault diagnosis [I201 etc. 

2.4.5.2 Image Processing 

PSO has been successfully applied to various disciplines of image processing. These 

include, image classification [121][122], image clustering [123][124], image 

segmentation [125], image noise cancellation [126], pattern matching [127], irnase 

restoration [ I  28][129], texture synthesis [l30], and various others [I 3 I]-[I 331. 

2.4.5.3 Signal Pracessing 

PSO has been used for solving problems relating to various sub-fields of signal 

processing like signal detection [134], source separation 11351, filter design [136]-11391, 

speech coding [140], estimation [141]-[I431 and multiuser detection [144]-[150]. 

2.4.5.4 Antennas 

There is a considerable research interest in the application of PSO for antenna design 

[151]-[156]. PSO has been used for antenna arrays [157]-[167]. for yagi array antenna 

[168], monopole antenna [169]. and horn antenna [170]. 

2.4.5.5 Power 

PSO has been successfully applied to solve problems pertaining to various areas in Power 

systems. One of such areas is Reactive Power and Voltage Control. Here the problem is 



to keep the voltage limited to a specified range. There exist a number o f  traditional 

methods to achieve it in static sense. A dynamic approach for achieving this i s  called 

volt/var control (VVC). Traditional optimization techniques have been used for VVC 

problem, but as the system grows, the dimensionality ofthe problem increases and the 

traditional techniques show signs o f  strain. A number o f  researchers have applied PSO 

for solving VVC problem and the results were found to be better than other contemporary 

solutions [171]-[I 751. 

Another challenging problem in power systems i s  known as Economic Dispatch (ED) 

problem. I n  this problem it is  desired to hit upon a set o f  optimal parameters for 

generational units such that their operational cost is minimized while meeting the other 

constraints. Researchers have applied evolutionary programming, Tabu search, artificial 

neural networks and GA. More recently a great interest has been shown by the 

researchers in applying PSO for ED problem [176]-[184]. Another area o f  interest is 

feeder reconfiguration which is a technique used for enhancing the quality as well as 

price o f  the service while meeting the constraints o f  reliability. PSO has been applied for 

feeder recontiguration [IS]-[I871 and various other applications in power systems 

[I 871-[194]. 

Control is  another area where PSO has proved its strength. The specific applications 

include the design o f  PI and PID controllers [195]-[I971 and AGC tuning [198]. 

2.4.5.6 Robotics 

One o f  the major uses o f  PSO in robotics i s  the design o f  f i~zzy neural network [199]- 

[201]. Also some researchers have used PSO for path planning [202]-[203] and other 

purposes [204]-[208]. 



CHAPTER 3 

PSO ASSISTED MULTIUSER DETECTION FOR 

MC-CDMA 

3.1 Introduction 

In  this chapter multiuser detection (MUD) of ~nulticarrier CDMA (MC-CDMA) systems. 

in both synchronous and asynchronous environments, is discussed. The first section 

gives a brief history and major contributions by various researchers for MUD in MC- 

CDMA systems. The second section addresses the MUD of multicarrier system in 

synchronous environment using particle swarm optimization (PSO) for slow fading 

Rayleigh channel. In the third section MUD of MC-CDMA system for asynchronous 

system using PSO has been discussed. It has been shown that the PSO performs better 

than the Genetic algorithm (GA) in terms ofbit error rate (BER). 

3.2 Background 

The most important part of the fourth generation (4G) systems is the wireless Internet 

and high speed multimedia services. This demands a high data rate. which is restricted 

by time varying dispersive fading channels and intersymbol interference (ISI). Fading is 

caused by multipath mobile channels. Different replica of the same signal reach the 

receiver afler reflecting from buildings, trees, hills, and other large still structures or 

moving objects. These different copies of the signal add up at the receiver resulting in a 



signal that has replicas with different delays and different attenuations. This phenomenon 

results in frequency selective fading. Special' attention has to be given for receiving 

systems in these cases. The conventional systems fail to meet such a demanding 

situation. One of the  ways to fight the multipath fading and IS1 is to employ equalizer at 

the receiver. 

With the increasing data rates, the equalizers become more and more complicated. 

Another solution is multicarrier transmission i.e. to use a number of  carriers instead of  a 

single one. The idea of multicarrier modulation was fust used in Collins Kineplex system 

[209]. Later on Chang [210][21 I ]  proposed OFDM in 1966 and got it patented in 1970. 

Saltzberg [?I?]  analyzed the performance of the idea presented by Chang rot- dispcrsi\.e 

channel and emphasized on reducing the cross talk between adjacent channels rather than 

perfecting individual channels. 

OFDM is a special case of  multicarrier modulation. The idea behind OFDM is to split 

the available channel bandwidth into a number oforthogonal frequency flat channels. As 

a result of  this the data rate on each subchannel will be decreased by expanding the 

symbol duration. The net effect will be very small or no equalization at the receiver. 

Hence the working principle of the OFDM is that a high bit rate input is split into parallel 

lower bit rates and transmitted across the channel. This results in an increase in the symbol 

duration and hence IS1 is reduced considerably. 

The difference between tnulticarrier tnodulation (MCM) and OFDM is that in OFDM the 

carriers are orthogonal to each other which may not be true in MCM. Also OFDM is 

similar to frequency division multiple access (FDMA) in which bandwidth is divided 

into a number of channels. However, the difference lies in the carrier spacing. Two 

adjacent channels in OFDM which are spaced I kHz apart will be 30 kHz apart in 



FDMA. initially the idea of  OFDM could not get appropriate appreciation and as a 

result, there was no significant research in this direction. The reason for this lack o f  

interest was the heavy computational complexity. The major milestones in the history o f  

OFDM occurred in 1971. when discrere Fourier transform (DFT) was proposed for 

modulaLion and demodulation purposes [2l3]. This eliminated the use of tillers and 

oscillators at the receiver. The main contributions to OFDM research from 1980 to 1990 

were focused on high speed OFDM systems [214]-[221]. In the present decade the 

OFDM is being used for high data rate applications in wired, as well as, wireless 

communication standards. An example is the asymmetric digital subscriber lines 

(ADSL). wireless local area networks (WLAN). such as  802.1 1[222], terrestrial digital 

vidw broadcasting (DVB-T) [223]. 

OFDM requires an extensive level of synchronization, both in time and frequency. 

However, by combining OFDM with CDMA the symbol rate in each subcarrier can be 

decreased so that longer symbol duration makes it easier to quasi-synchronize the 

transmissions. 

Different combinations of  MCM and CDMA have been proposed. In the first tcchnique, 

known as multicarrier CDMA (MC-CDMA), which was introduced in 1993 12241-[225]. 

the data is spread in frequency domain. Figure 3.1 shows transmitter diagram for rl-Ih 

user in a typical MC-CDMA system. Each user is assigned a spreading sequence of  

length N. ARer serial to parallel conversion of data, each user bit is multiplied with one 

chip of the spreading sequence and sent on one of  the M ortho~onal carrier. 

Schnell [?26] used maximum likelihood detector for MC-CDMA. which !nay be 

discarded due to its exponentially growing computational complexity with the number of 



users. The performance o f  iterative detection was analyzed in [227]-[2?8]. Park 

[229] discussed the parallel interference cancellation for multipath fading channels. 

Dnta stream 
o f  1;" user sL!q 

Fig. 3.1: Transmitter for k* user for MC-CDMA system 

Hara and Prasad 12301 investigated the performance o f  MC-CDMA in frequency 

selective Rayleigh fading channels. Tat 12311 proposed optimized transmitter and 

receiver for MC-CDMA system. The receiver optimization was performed in n 

decentralized manner while transmitter optimization was performed through either 

centralized or decentralized control o f  the powers of different carriers. Based on 

interference cancellation technique, a novel receiver was pmposed by McCormick 12321. 

Miller [233] proposed chip based matched filter in context o f  MMSE optimization for 

the detection for MC-CDMA system. Petre el a1 [234] proposed a combination o f  

MMSE and partial PIC scheme for MC-CDMA. The effect o f  the overlapping between 

successive carriers o f  a MC-CDMA system on the performance in a multipath fadinp 

channel was investigated by Said [Zj]. Z l l o n ~  [236j proposed partial sampling MMSE 



(PS-MMSE) receiver. Unlike conventional MMSE receiver. PS-MMSE demodulates the 

received signal at a sampling rate significantly higher than symbol rate. This helped to 

eliminate the problem o f  timing estimation in the classical MMSE receiver. Kalofonos 

[237] and Shi [238] investigated the multipath Rayleigh fading channels. Kafle and 

Sesay [239] presented iterative receivers based on subspace approach. Brunel [240] 

presented a novel maximum likelihood detection scheme. This scheme. as opposed to the 

classical optimum maximum likelihood detector (OMLD) which has exponential 

con~plexity, had polynomial complexity. Brunel modeled the MC-CDMA system as a 

sphere packing lattice and a low-complexity optimum lattice decoder. the sphere 

decoder. is applied to jointly detect all users. The uplink in a wireless mobile system is 

asynchronous. The timing mismatch in asynchronous systems results in damaged 

orthogonality among spreading codes and subcarriers as well. Consequently, this 

mismatch significantly degrades receiver's BER performance. L iu et a1 [241] 

investigated the performance o f  asynchronous MC-CDMA for frequency selective 

multipath fading channels. 

Recently Jeffery [242] proposed a low complexity successive interference cancellation 

(SIC) scheme for multipath fading channels. He has presented two different models for 

MC-SIC. The first model i s  an uncoded system which is equipped with an interference 

cancellation block. The second system uses low-rate super-orthogonal codes for 

spreading, and each coded symbol is placed on a subcarrier rather than simple replicates 

o f  each bit. MC-CDMA is also a candidate for ultra wideband communication. This is 

evident from the work carried out by Jiangzhou [243]. By assuming Nakagami fading 

channel, he has analyzed the performance o f  MC-CDMA in the presence o f  narrowband 

interference. Junqiang er a1 [244J presented MAP based iterative MUD for coded MC- 



CDMA systems at much reduced computational cost than other coded MC-CDMA 

systems. Another variation o f  the MC-CDMA was p~oposed recently by Xiaodong el ul 

[245]. The idea was to divide the users into groups and then assigning unique spreading 

codes to the users in the group. However, one group o f  users was transmitted on one 

frequency. Due to increase in processing power and decrease in processing cost, 

researchers are now attracted towards using evolutionary techniques for inultiuser 

detection o f  MC-CDMA systems. Techniques like Genetic algorithms and Ant colony 

optimization (ACO) have recently been used for the purpose. Wei and Hanzo [246] have 

used Genetic algorithm for Synchronous as well as asynchronous [247] MC-CDMA 

systems. Samir et a1[248]-[251] have used ACO for MC-CDMA systems 

MC-DS-CDMA was introduced in [252]. TIE transmitter for this system for I;'" user is 

shown in Fig 3.2. Data stream of the k'' user is first converted from serial into a parallel 

(frame) and then each bit in the frame is spread in  time domain. Each spread sequence 

then modulates one o f  the M orthozonal carriers. This technique i s  particularly useful for 

uplink. 3 

Kondo and Milstein [253] investigated a MC-DS-CDMA system in which they applied 

repetition coding to transmit bandlimited DS-CDMA waveforms. whose bandwidths 

summed up to that o f  a comparable single-carrier DS-CDMA system. Xu el a1 [254] 

presented MMSE interference suppression for MC-DS-CDMA systems. Douglas [255] 

carried forward the work done by Kondo and presented convolutionally coded MC-DS- 

CDMA Systems for a Multipath Fading Channel. Lin proposed successive interference 

cancellation (SIC) scheme for MC-DS-CDMA system [256], and then analyzed (1571 its 

performance using band-limited spreading waveforms to prevent self-interference. 



Namgoong [258] investigated the performance of MC-DS-CDMA system for frequency 

selective fading channel by using tapped delay line (TDL) channel model. The 

performance of generalized MC DS-CDMA system over Nakagami-m fading channels 

v m  stream 
of k* user 

Fig. 3.2: Transmitter for k" user for MC-DS-CDMA system 

and effect of subcarrier spacing on the performance was explored by Liang and Hanzo 

[259]. They also s~udied the effect of using various chip waveforms for the generalized 

MC-DS-CDMA system 12601. Some other contributions in this regard were made by 

Sener and Hanzo ef a1 [261] -[264]. 
L 

The third scheme in time domain spreading is the multitone CDMA (MT-CDMA). This 

scheme was introduced by Vandendorpe (2651-[267]. MT-CDMA has not been given 

much attention. A few researchers have investigated various aspects of  MT-CDMA 

[268]-[277]. 



3.3 Problem formulation of MUD of Synchronous MC- 

CDMA System 

The system model for MC-CDMA system is shown in Fig. 3.3. Since we are considering 

synchronous MC-CDMA, we consider only one time slot. Each bit of the k'" user, 

b2 -1 Multicarrier Modulation V 

b~ Multicarrier Modulation 

Fig.3.3: Transmitter of MC-CDMA System 

b 6 { I - }  is spread in parallel on Mspreading signatures, denoted by g;'" '(t). 

m = 42 ... M.Length of each signature is N ,  given by N = T,/r where T is chip 

interval and T,  is bit interval. The bit b, spread by gLm'(t) is mapped onto the mu' 

subcarrier P-'. The transmitted symbol of kauser on m" subcarrier is given as 



where A, is the amplitude o f  the i;Ih user. The composite signal traveling on the m" sub 

carrier. i s  given as 

Symbol s""'(t) propagates through Rayleigh flat fading (RFF) channel whose complex 

gain i s  given as <r'""eG-. where a'"' is Rayleigh distributed channel gain and phase 

g,,, has flat distribution over the interval (0.2nj. The received signal on r d h  subcarrier is 

given as 

Fig 3.4: Proposed Synchronous MC-CDMA Receiver 



The receiver model is shown in Fig. 3.4. The received signal is treated on carrier basis at 

the receiver end. Afler demodulation of the nz" carrier and passing through matched 

filter $"'(t). we get. 

where q:,, is demodulated version of q,,(t). This can also be written in matrix form as 

follows 

where 

.;i, 

= g,(t)g,(t - T, + 7, - 7,)dt for k < j 
U 



and 

For optimum MUD in MC-CDMA, the objective function to be maximized is given as  

Thus there are 2" possible combination of b out of which one has to be chosen 

To avoid this exhaustive search which increases exponentially with the number o f  users, 

GAS were invoked for near optimum solution. In the same spirit. PSO is proposed for 

near optimum solution with much less complexity and hence without any need for 

exhaustive search. Specifically two versions o f P S O  have been used for the purpose. One 

is the conventional PSO, known as hard PSO (HPSO) that uses hard decisions on the 

particles. The second version of PSO, known as sot? PSO applies sotl decision on the 

particles. 

3.3.1 HPSO Assisted MUD for Synchronous MC-CDMA 

PSO assumes that each possible solution is a particle in the swarm. Any i" particle or  

solution is written as 



b, =[b,, b,, ... b ,,,... b,] (3.3.9) 

where K is  the number o f  users and b,,,, is the position o f  ml%ser on i" particle. Each 

particle position b,,,, has a corresponding velocity u,,,, . 

The algorithm for PSO assisted MC-MUD has the following steps: 

Stenl: Initialization of the particles in the swarm can be done in two different manners. 

One way is to create particles at random without bias i.e. 

b,=[b,, h,,...b,,] I s r i p  

where p is the number o f  particles in the swarm and i t  depends on the number o f  users 

in the system. Second way is  to create population o f  particles with bias. We proceed 

through the second way in  which we use maximurn ratio combining principle for 

matched tilter output and then carry out the hard decision. The output o f  I;" user is given 

once we have the output o f  Icusers, b = [iI . . .&I, we treat it as particle and create the 

rest o f  the (p - 1) particles through toggling one o f  the bits at random. 

Ster,: Using (3.3.7) as fitness function, the fitness of each particle is calculated. 

Particle with the highest fitness i s  taken as best performer of the population. Also 

looking at the history o f  each particle we record their corresponding personal best 

position. 



w: The velocity v,,ofeach particle corresponding to each bit position b,, is updated 

using personal best and global best particles, 

As explained earlier. p, and p* are the weights of the stochastic acceleration terms that 

pull each particle towards p,,, and p?,, position. We have t a k e n ~ ,  = p2 = 2 .  We 

sugest  a fundamental change in (3.3.1 1). We take q, = p2 = vand introduce a factor 

By varying P we can decide to prefer personal or collective intelligence. One can 

change this parameter to give best possible results. The velocity r:,,, has the following 

bounds 

where y,,,,, has been kept as 4 in simulations. 
a 

The decision to be made by the particle position to be +I or -1 depends upon the 

particles predisposition, which is obtained byv,. If v,,, is high, the individual is more 

probable to acquire a value of +l. This is given by the statement 

i f ( a n d  ) < S ,  ) )  then b,,, = - l eke b ,,,, = 1 

where 



-3: The velocity v,,ofeach particle corresponding to each bit position b,,,, is updated 

using personal best and global best particles, 

As explained earlier. 9, and q* are the weights of the stochastic acceleration terms that 

pidl each particle towards p,,,, and pv position. We have taken y, = y, = 2 .  We 

suggest a hndamental change in (3.3.1 1). We take ip, = W, = pand introduce a factor 

5 

By varying 0 we can decide to prefer personal or collective intelligence. One can 

change this parameter to give best possible restllts. The velocity q,,, has the following 

bounds 

where I<,,;, has been kept as 4 in simulations. 

The decision to be made by the particle position to be +1 or -1 depends upon the 

particles predisposition, which is obtained byv,,. If rJ* is high, the individual is more 

probable to acquire a value of +I. This is given by the statement 

if(rand( ) < S(ve,)), then b,,, = -1 else b,,, = 1 

where 



m: The above steps are repeated until the minimum bit error condition i s  satisfied or 

maximum number o f  iterations has been performed. 

3.3.2 SPSO Assisted MUD for Synchronous MC-CDMA 

In SPSO the particles in the swarm are initialized at soR values instead o f  hard values. 

This is done by using tnnh(.) instead o f  sgn(.) in (3.3.10). i.e. 

The rest o f  the panicles are created by flipping the sign or by adding a very small 

number to a randomly selected location o f  a particle. The titness o f  particles is evaluated 

by using (3.3.7). Velocity is updated by using (3.3.12). Like HPSO velocity is bounded 

above and below. Particle position i s  updated through soft decision as follows, 

Where 

I t  must be kept in mind that is one o f  the important parameters o f  SPSO. I n  HPSO 

7 = 1. If y --. m we have pure step function. Thus with 7 = 0.25, the variation o f  

S(vo,,) is very gradual around u,,, = 0. But as y is increased it becomes more and more 

abrupt tending towards more hardness. We have observed after test and trial that by 

gradually increasing y from 0.25 the results are better in terms o f  bit error rate than 



keeping the y static (y = 1) as in HPSO. Upon the completion o f  the iterations. hard 

decision is carried out on the global best particle to get the estimated data bits. 

3.3.3 Performance of PSO assisted MUD for Synchronous MC-CDMA 

Systcm 

In order to test the performance o f  PSO thoroughly, simulations have been carried out for 

systems with various number o f  users and for various computational complexities. The 

product of number of particles, P, and number o f  iterations, Y. has been taken as 

computational complexity. The reason behind this i s  to compare the proposed schemes 

with the results obtained by using Genetic Algorithm by H. Wei [246] who has defined 

P.Y as complexity. Throughout the simulations, 32-chip Walsh codes have been used for 

spreading the data bits and each user bit is sent on 4 different carriers. The channel is 

assumed to be Rayleigh distributed with flat phase uniformly distributed between [0,27~]. 

These results have been compared with the results o f  GA for same computational 

complexity. Bit error rate (BER) has been taken as performance criteria for these 

simulations. 

Fig. 3.5 shows simulation results in terms o f  BER performance. for a system with 10 

users. Here the hard PSO (HPSO) is used with computational complexities o f  200. 400 

and 600. Fig. 3.6 shows simulation results for the same system with the same 

complexities when SPSO is used. SPSO has given better BER results and this i s  because 

of two reasons. First reason is that the panicles have soft values which gives flexibility 

and the second reason is that during the execution, these soft values are gradually forced 

towards the limits i.e. +I or -1 by increasing the value o f  y in (3.3.15). This 

procedure seems natural instead o f  forcing a particle to have a hard value of+[  or -1. 
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Fig. 3.5: RER Performance o f  HPSO For synchronous 
MC-CDMA system with 10 users 

Fig. 3.6: BER Performance o f  SPSO for synchronous 
MC-CDMA system with 10 users 



Fig. 3.7: Performance Comparison ofGA. SPSO. and HPSO for 
synchronous MC-CDMA system with 10 users 

Performance comparison o f  HPSO-MUD, SPSO-MUD, and GA-MUD for 10 users is 

shown in fig. 3.7. I t  is evident that both the hard and sofi versions o f  PSO perform better 

than GA. 

Fig. 3.8 shows results for systems with 15 users, when HPSO is used. The computational 

complexities o f  the results in this simulation are 600, 800, and 1000. Fig. 3.9 shows 

results for the same environment when SPSO has been used. Since no results ere 

available for GA-MUD for 15-user system. therefore no co~nparison is provided. 

However it i s  quite obvious that the results obtained by using SPSO are better than those 

obtained by HPSO. Similarly, fig. 3.10 shows the BER performance of HPSO for a 

system with 20 users. The computational complexities used for this simulation are 1000. 

1500 and 2000. Fig. 3.1 1 shows results for the same system, under the same environment 

when SPSO is used. 
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Fig. 3.8: BER Performance of  HPSO for synchronous 
MC-CDMA system with 15 users 

Fig. 3.9: BER Performance of SPSO for synchronous 
MC-CDMA system with 15 users 



Fig. 3:lO: BER Performance of HPSO for synchronous 
MC- CDMA system with 20 users 

Fig. 3.1 I :  BER Performance of SPSO for synchro& 
MC-CDMA svstem with ?O users 
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Fig. 3.12: Performance Comparison ofGA, SPSO, and HPSO for 
synchronous MC-CDMA system with 20 users 

Fig. 3.12 presents comparison of  HPSO, SPSO and GA under the same simulation 

conditions. Once again SPSO is leading the other two. 

The nest two graphs, Fig. 3.13 and Fig. 3.14, show BER performance of  HPSO and 

SPSO for a system with >2 users. The computational complexities for both of  these 

simulations are 1600, 2400 and 3200. One can see an obvious deterioration in BER 

performance as compared to the previous results. As the number of users increase. the 

computational cost goes up exponentially [I]. From this point of  view PSO-MUD has a 

computational complexity that is almost negligible as compared to the optimum detector 

by Verdu [ I ]  that has computational cost of 2"for this system. Since no results were 

available for GA's for 32 user system, hence i t  has not been included in the simulations. 

The computational complexity of  SPSO and HPSO deserves a comment. The complesity 

of  SPSO is slightly more than that of HPSO. 



Fig. 3.13: BER Performance of HPSO for synchronous 
MC-CDMA system with 32 users 

Fig. 3.14: BER Performance of SPSO for synchronous 
MC-CDMA system with 32 users 



The reason is that with 7 = 0.25 in SPSO, the calculation o f  S(v,,,,) wil l  take little more 

time because o f  an additional multiplication required for u,,,, . Moreover. since 

bwm = -1 + S(v,,*) or 6, = S(v,,), it wi l l  take more storage than in the case o f  HPSO 

where b,,,, = f 1. 

3.4 Problem formulation of MUD of Asynchronous MC- 

CDMA System 

The uplink in a wireless communication system is  inherently o f  asynchronous nature. 

This is because o f  timing mismatch between the incoming signal and the locally 

generated spreading sequence and carrier frequency. As a result the performance in terms 

o f  BER is  degraded considerably. 

In this section we discuss an asynchronous MC-CDMA system with K users. The 

transmitter for such a system is the same as shown in section 3.3. In a typical wireless 

asynchronous system a bit o f  interest faces interference due to two neighboring bits. 

Therefore in order to detect the bit o f  interest, the two neighboring bits have to be 

estimated first. The receiver for the system is  shown in Fig. 3.15. We define a 

transmission delay 7, associated with k"' user. For the sake o f  simplicity and without 

loss o f  generality it can be assumed that 0 < T, < T, < ... _< T, < T, .  For the sake o f  

simplicity it is assumed that for any k" delay, r, = l,T, where 0 _< 1, < N . We also 

assume that the delays are known at the receiver. The channel is taken to be slowly 

fading with Rayleigh distribution. I t  is further supposed that an additive white Gaussian 

noise (AWGN) corrupts the composite signal. The receiver, shown in Fig. 3.15, employs 



a bank of filters, matched to the delayed signatures. The received s i ~ n a l  at the base 

station on r l ~ ' ~  subcarrier after coherent detection is given by 

. h- 

r , a ( t ) = ~ ~ 4 , g p ' ( t - i T , - 7 1 ) b k u ~ ' e B b + n , ( t )  (3.4.1) 
,=-% 1=I 

For mu subcarrier, the output of the matched filter, at i" interval, can be written in 

vector form as follows, 

where 

Fig. 3.15: Proposed Asynchronous MC-CDMA Receiver 



(,+llT,+7, 

( i )  = $,,(t)gi"(t - iT, - ~ * ) d t .  (3.4.3) 
el;-:, 

At any observarion interval. the current bit of  interest b ( i )  gets overlapped with the 

previous bit b ( i  - 1). and the nest bit b(i + 1). As a result only three terms survive in 

( 3 . 4 3 ,  

Using vector notation, the output ofthe matched filter at iIh interval can be written as 

Y'""(i) = R,,[l]HmAb(i - 1) + R,n[O]H"Ab(i) + R;[l]H'"Ab(i + 1) + n,,, (3.4.5) 

where 

and 



and 

where 

Unlike the synchronous case. one 

b(i - l), b(i) nnd b(i+l) . Keeping 

- + 7, - rk)dt for k < j (3.4.9) 

has to deal with three vectors sinii~ltaneously, 

(3.4.5) into account. the objective function of 

OMLD for the m'" subcarrier is given as 

J t ( b ( i ) )  = [ b(,-tpi,,.b[.+t) mi. ~ [ n ~ n - ] ]  (3.4.10) 

where n,, is noise sampling vector given by, 

n,,, = ~ ( ' " ' ( i )  - R("')[l]W,u~b(i - 1) - Rb')[0jIV,,,Ab(i) - ~ ~ ( " ' [ l ~ , , , ~ b ( r  + 1) (3.4.1 1 )  

For optimum MUD for CDMA the overall objective fi~nction to be minimized becomes 



I1  

J (b) = J'"" (b(i)) (3.4.12) 

The detection of b(i) requires the knowledge o f  both b(i - I )  and b(i + 1). If we 

assume that b(i - I) is already known to us from the previous observation interval. we 

have to find the optimal b(i) and b(i + 1). But b(i + 1) is not known in advance. For 

optimal detection o f  b"'. there are 22'~~mbination o f  b out o f  which one has to be 

chosen. 

I t  i s  obvious that the computational requirement forthis problem i s  three times more than 

that o f  MUD o f  synchronous MC-CDMA system described in the previous section. 

Among a number o f  suboptimal approaches like Successive lnterference Cancellation 

(SIC), Parallel Interference Cancellation (PIC), and evolutionary computing algorithms, 

we  propose PSO as one ofthe options, in the next subsection. 

3.4.1 HPSO Assisted MUD for Asynchronous MC-CDMA 

Any j"' particle in the swarm is written as concatenation o f  6:'' and b:'f" 

where Ii is the number o f  users and 14:; is rlie position o f  the j" paiticle and nr"' user 

in time slot t , which i s  either r or i + 1. Each particle position ir:,:: has a correspondins 



8 

velocity I$!. Both o f  these parameters are updated using individual best as well as the 

global best particles so far. Our algorithm for PSO assisted MUD for asynchronous MC- 

CDMA has the following steps: 

&p-l: We have adopted the biased initialization by employing the maximum ratio 

combining principle and performing hard decisions on the matched filter output. The 

output o f  kfh user i s  given as 

The outpul o f  data vector 6'" = [ii'l ... i;!'] for i I h  time slot is taken as first li bits o f  

the first particle. The first K bits, for the rest o f  the particles are created through toggling 

one o f  the bits o f  b"' at random. This constitutes the population for i '  particle. For 

b"+" to be used in (3.4.11) a number o f  approaches have been investigated in the 

literature. Wei and Hanzo [247] have used maximum ratio combining as well as random 

initialization for b".". We have used MRC for b'"". Thus the last Ii bits o f  each 

particle in the population, corresponding to panicle b"*" are created by randomly 

flipping b'"". 

m: The fitness o f  each particle is determined using (3.4.10) as titness function. The 

particle having the highest fitness is chosen as global best panicle o f  the population. On 

the basis o f  the previous fitness o f  each particle, the corresponding individual best 

position is updated. 



&&: The velocity t(!!ofeach particle corresponding to each bit position bl,:: is revised 

using individual best and global best particles, 

where pl and dip, are the weights o f  the stochastic acceleration terms that pull each 

particle towards p , ,  and p9,% position. We have takenp, = q* = 2. The second term on 

the right in (3.4.16) represents the individual intelligence while the third term represents 

the global intelligence o f  the particles. We propose a fundamental change in (3.4.16) . In 

order to have flexible contributions from individual and global intelligence for the 

updation ofparticle velocity, we introd~~ce a factor f i  . 

By  varying ,!? we can decide to prefer individual or collective intelligence. One can 

change this parameter to give best optimal. To avoid divergence, the velocity v:! has the 

following bounds 

"I  < I . ,  
171 ,,#, 1 - 8.-, 

where I.:,, has been kept as 4 in this dissertation. In calcdating v:, in (3.4.17) 

if v!! > V,,,, u:! = V,,, 

. tl,. 11) < -v-, v:= - v 
"SW 

and 



The decision about the particle position to be +1 or -1 depends upon the current 

velocity of tlie particle it:,:. The higher the value o f  z$L . the more tlie probability for 

+I. i.e. 

if(t.and( ) < S(t<:!)), then b::! = -1 else b::,! = 1 

m: Using the updated particles, new fitnesses are calculated. Individual and global 

best particles are updated. Tlie steps 1 to 4 are repeated until the minimum error 

condition i s  satisfied or maximum number o f  iterations has been reached. Upon the 

termination o f  the algorithm, global best particle i s  picked up as estimated data vector 

kI"'. Once the data vector b"' has been estimated. it becomes b"." for the nest data 

vector b"'. The whole population o f  particles. made for the detection o f  bl" is discarded. 

The dala vector b"." is determined as b'" in the nest iteration. 

3.4.2 SPSO Assisted MUD for Asynchronous MC-CDMA 

As described earlier in section 3.3.2, for SPSO, the particles in the swarm are initialized 

at sofi values instead o f  hard limits. This i s  done by using tanh(.) instead o f  sgn(.) in 

(3.4.15) i.e. 

Tlie rest o f  the population i s  created by perturbing the first particle. The fitness o f  

particles is evaluated by using (3.4.10). Velocity is updated by using (3.3.12). Like 



HPSO, the velocity of particles is bounded above and below. Particle position is updated 

through soft decision as follows, 

where 

The role of is the same as described in section 3.3.2. Upon the con~pletion of the 

algorithm, a hard decision is carried out on the global best particle to get the estimated 

data bits. 

3.4.3 Performance of PSO assisted MUD for Asynchronous MC-CDMA 

System 

Simulations have been carried out for the asynchronous MC-CDMA systems with 

different number of users. Walsh codes are used for spreading the data bits. Each user 

bit is  sent on 1 different carriers. The channel is assumed to be Rayleigh distributed 

having flat phase distribution between 0 and 2r. BER is taken as performance criteria. 

Fig. 3.16 shows performance o f  PSO-MUD for a system with 10 users for computational 

complexities of 200. 400 and 600. Fig. 3.17 shows the performance when SPSO is used 

in the same scenario. For this simulation, 8-chip Walsh code has been used. The 

performance of SPSO is better than that of HPSO which is in agreement to the 

synchronous case in section 3.3. Both SPSO and HPSO have also been compared with 

GA-MUD [278] in fig. 3.18. The performance of PSO is comparable to GA at low 



E, IN, ,  ratio. However, the PSO gives better performance afler 12dB. It is worth 

mentioning here that in the real world communication, the ratio E,/N,, is kept greater 

than 12dB. 
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Fig. 3.16: BER Performance of HPSO for Asynchronous 
MC-CDMA system with 10 users 
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Fig. 3.17: BER Performance of SPSO for asynchronous 
MC-CDMA system with 10 users 



Fig. 3.18: Performance Comparison o f G A  and HPSO for asynchronous 
MC-CDMA system with 10 users 

Fig. 3.19 presents the BER performance o f  HPSO-MUD for 15-user system. The 

computational complexities used are 600, 800 and 1000. For this system again, 8-chip 

Walsh code has bee" used for spreading the data bits. Obviously, for the same 

computational complexity, the results o f  synchronous case are better than those o f  

asynchronous case. F i g  3.20 shows the performance o f  SPSO for same environment. 

Fig. 3.21 presents simulation for 70-user system usins HPSO. Here 16-chip Walsh code 

has been used. A l l  other simulation parameters are the same. The computational 

complexities, used are, 1000. 1500, and 2000. The nest figure, Fig. 3.22 is for the same. 

system but using SPSO. 



Fig. 3.19: BER Performance of HPSO for asynchronous 
MC-CDMA system with 10 users 

Fig. 3.20: BER Performance of SPSO for Asynchronous 
MC-CDMA system with I0 users 



Fig. 3.21: BER Performance of HPSO for Asynch~~onous 
MC-CDMA system with 20 users 

Fig. 3.22: BER Performance o f  SPSO for Asyncllronous 
MC-CDMA system with 20 users 



The performance o f  PSO as compared to GA, keeps on improving with SNR. Especially 

the SPSO is outperforming the other competitors. The next two figures show the 

simulation results for 32-user system for HPSO and SPSO respectively. Here a Walsh 

code o f  32 chips has been used for spreading the data bits. The computational 

complexities for both HPSO and SPSO cases are 1600. 2400 and 3200. The results with 

GA-MUD for this system were not available. hence its comparison with PSO is not 

provided. 

The BER performance for 32 users in asynchronous detection is obvioi~sly quite lower 

than the performance for synchronous detection with same number o f  users. The reason 

behind this is worth mentioning. The asynchronous case is quite different from 

synchronous case because in asynchronous case the search space i s  2" instead o f  2'as 

in synchronous detection. The computational cost increases explosively by increasing 

the number o f  users and i s  much larger than that required in synchronous detecfion. 

However. the computational requirement o f  PSO is almost negtigible in comparison with 

the optimum detector proposed by Verdu [I], but still best amon!: the best amon:: other 

suboptimum techniques. 



The performance of PSO as compared to GA, keeps on improving with SNR. Especially 

the SPSO is outperforming the other competitors. The next two figures show the 

simulation results for 32-user system for HPSO and SPSO respectively. Here a Walsh 

code of 32 chips has been used for spreading the data bits. The computational 

complexities for both HPSO and SPSO cases are 1600,2400 and 3200. The results with 

GA-MUD for this system were not available, hence its comparison with PSO is not 

provided. 

The BER performance for 32 users in asynchronous detection is obviously quite lower 

than the performance for synchronous detection with same number of users. The reason 

behind this is worth mentioning. The asynchronous case is quite different kom 

synchronous case because in asynchronous case the search space is z~~ instead of zK as 

in synchronous detection. The computational cost increases explosively by increasing 

the number of users and is much larger than that required in synchronous detection. 

However, the computational requirement of PSO is almost negligible in comparison with 

the optimum detector proposed by Verdu [I], and is better among the other suboptimum 

techniques. 
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CHAPTER 4 

RADIAL BASIS FUNCTIONS AND PSO ASSISTED 

MULTIUSER DETECTION FOR DS-CDMA 

4.1 Introduction 

The two ~najor factors which contribute to erroneous detection in a DS-CDMA system 

are the MA1 and noise. The former appears due to non-orthogonal spreading codes while 

the latter i s  the induced by the channel. Since the traditional detectors give a sofi outpul. 

the presence o f  MA1 and channel noise make these soft decisions non-linearly separable. 

This chapter describes the use o f  Radial Basis Functions along with PSO for multiuser 

detection in a syncluonoia environment. 

Section 4.2 sheds light on basics, brief history and applications of radial basis functions. 

Section 4.3 discusses the use o f  PSO-assisted multiuser detection using radial basis 

functions for synchronous DS-CDMA system. Section 4.4 discusses the simulation 

results. Section 4.5 concludes the chapter. 

4.2 Background 

Radial Basis functions (RBF) were initially used for solving real inultivariate 

interpolation problems [279]. First o f  all it was Cover [280] who argued that a complex 

pattern classitication problem turns into linearly separable problem if it is taken to high 

dimensionality. This can be very easily understood by considering the XOR problem. 



Another reason for having a higll dimensional non-linear layer is tlie motive to increase 

the capacity of the network. RBF neural networks are known to be deterministic global 

non-linear optimization tool. The application areas of RBF networks include pattern 

classitication [?81]-[282], signal classification [283]. function approximation [284]- 

[285], image restoration [286], time series prediction and modeling [287]-[289], and 

interference cancellation [290]. 

Fig. 4.1 shows the simplest form of a radial basis function network. I t  has threclayers, 

an input layer, one hidden layer and one output layer. The input layer obviously, 

connects the network to the environment. The hidden layer is a high dimensional layer 

that is non-linear in nature, while the output layer is linear. 

There is a large class of radial basis fitnctions. A few of these include multiquadrics. 

inverse multiquadrics and Gaussian functions. Multiquadrics are non-localized while 

Gaussian and inverse multiquadrics are localized radial basis functions. By localized we 

mean that these functions give a strong response near the centers and as tlie vector r 

moves away from the center, the response weakens. 

In our work we have used Gaussian functipns as the activation function of the hidden 

layer units. Mathematically it is given by 

where x = [z,,z?,...~,~] is the input vector. 
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Fig.4.1: Radial basis fi~nction network 

c j  is tlie centre and o, is the spread o f  j" radial basis function. I t  is obvious from (4.3.1 ) 

that the argument o f  the activation function o f  each hidden unit in an RBF network 

computes Euclidean norm between the input vector and tlie center o f  that unit. 

REF have been trained using various learning schemes. These are orthogonal least 

squares method [291]-[292] and hybrid learning [293]. 

The use o f  Neural Networks for multiuser detection was first proposed by Aazhang 

[294]. Later on Radial basis functions for multiuser detection were proposed by Mitra 

[295]. Other contributions to tlie topic were provided by Cruichhank [296]. Tanner 

12971-[298]. and Sessler [299]. The high computational coniplexity o f  REF network has 

resulted in a lack o f  interest in its tse. Some researchers have used other tools in 

conjunction with RBF network to get the better results at reduced complexity. Wei and 



Hanzo [300] have used Genetic algorithms to reduce the computational complexity. We 

have proposed pSO in this dissertation, to cut down this computational cost. A number 

o f  other researchers [301]-[307] have also contributed for using the R E F  in multiuser 

detection. 

4.3 Problem formulation of RBF-assisted MUD for 

Synchronous DS-CDMA System 

Consider the DS-CDMA system whose transmitter model is given in Fig.4.2. Each ofthe 

K users has been assigned a spreading code o f  length N. The transmitted composite 

signal o f K  users for this system i s  given as 

where A"' is the amplitude oftransmitted bit. 6"' E {I,-1) and gw' = [11: g: ...9,:.] is a 

spreading code for XI" user. with 9,") E {I,-1). T, and T are bit and chip intervals 

respectively, with T, = NT,. The received vector at the intput o f  the matched filter is 

given as 

Elements o f  vector 11 are independent and identically distributed (iid random variables 

with Gaussian distribution. Channel i s  assumed to be lion-dispersive mr~noryless 

AWGN. The REF assisted multiuser detector is given in Fig.4.3 with input vector as r . 



Fig.4.2: System Model of Transmitter 

For the composite reciived signal rand vector centre c, a typical RBF is given by 

The basic radial basis function network has been expanded to give multiple outputs for 

the multiuser detector. There are a total of K outputs corresponding to K users in the 

system. The weighted outputs From RBF functions are added to give the kt* component 

vector. 

( 1 )  (2) 11) 1x1 y = Iy y . . . y  ...y ] 



th 
. is the weight connecting iih RBF to k summer and M = 2'. The above equation 

3, 

can be written in matrix form as. 

Fig. 4.3: RBF-PSO assisted receiver 

The weights in RBF network, as given in [300], can belong to a limited set 

w E (1,-1). We can have majority decision rule if we choose the weights as follows: r, k 



Ii For users with binary signaling, we can have 2 possible combinations of bits. All of 

these can be used for formulating REF centers 

li 
e, = C~(%yl~(~) where i = 1,2,. . .2" 

1=, 

where c, =[cY1 c!" C]3'....,~!.Y'J can be called as a noiseless channel output 

correspondins to the transmitted K data bits b, = Ib!" by2' 6:';..,6!"']. One may go for 

a slraight forward approach by using all 2" possible centers. but computational 

conlplesiry for large A' will be unbearable. To reduce this complesity. we have 

suggested PSO [147]. They are simpler to implement and faster in converzence as 

compared to CA. 

4.3.1 HPSO for RBF-assisted MUD 

The REF centers are chosen so as to maximize the objective function as given by (4.3.3). 

This implies that specific sel of centers c, that have components closest to vector r .  will 

be the channel output. In our proposed receiver the oufput of the bank of matched filters 

is followed by a hard decision. which is taken as input particle b, for the PSO. Rest of 

the population is generafed by flipping sign of a single position of b, at random. For 

evaluating the fitness ofall the particles (4.3.3) serves as fitness function. So the particles 

in the population serve as candidate REF centers. ARer evaluating the fitness of all the 

centers, global best particle is chosen. As the PSO algorithm progresses the entire 

particles move with their respective velocities towards the global best particle. This 



movement or the convergence towards the global best particle is controlled by two 

factors. This can be seen in the following equation, 

where p!"" denotes the personal best position, 6;"' is the current position. and is the 

position o f  global best panicle. p, and v* are the stochastic acceleration terms. The 

second term on the right side o f  the above equation represents the individual intelligence 

o f  a particular particle, while the third term represents the collective or global 

intelligence. The contribution o f  the individual and global intelligence to the movement 

towards the global best can be finely controlled by using 3.  A value o f  0.5 implies equal 

contribution o f  the individual and global intelligence. The velocity ol'a particle is then 

used to determine its nest position. This is done by using the following 

Afler a finite number o f  PSOcycles, we get the best possible RBF centers. These centers 

contribute thmugh majority decision principle to give the estimated I( user bits. 

4.3.2 SPSO for RBF-Assisted MUD 

The idea behind Soft PSO has already been esplained in the previous chapter. The 

application ofsoft PSO results in BER performance better than hard PSO. 

4.3.3 SimuIation Results and Discussion 

The performance o f  PSO has been investigated by comparing it with other suboptimal 

techniques as well as with itself for different number o f  users and different 



co~nputational complexities. The definition o f  computational complesity i s  the same as 

described in the previous chapter i.e. product o f  number o f  particles P and irerations Y. 

Throu~liout tlie simulations, the channel i s  assumed to be additive wllite Gaussian noise 

(AWGN) nature. For spreading the data bits, 31-chip Gold codes have been used. 

Fig. 4.4 shows BER performance for a system with 10 users using both soft and hard 

PSO for computational complexities o f  100 and 200. I n  both the cases, the performance 

o f  SPSO is superior to that o f  HPSO. Fig. 4.5 shows the comparison o f  GA-RBF [278] 

assisted MUD with the proposed HPSO-RBF assisted MUD [I471 for computational 

complexities o f  200 and 400. At low SNR, the performance o f  GA seems to be on better 

ride. However, as the SNR values reach in tlie range used in real world communication. 

i.e. geater tha11 IOdB. PSO performs better. In this range o f  SNR i.e. > 12 dB. it 

outperforms the C A  based algoritlim. Application ofSPSO instead o f  HPSO has resulted 

in even better performance. which i s  quite obvious from Fig. 4.6. I t  shows BER 

performance for a system with 15 users for computational complexities o f  100. 200 and 
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Fig. 4.4: BER Performance o f  PSO-RBF assisted 
MUD for 



Fig. 4.5: Performance Comparison of PSO-RBF assisted 
MUD with G A  assisted MUD systeln with 15 users 

Fig. 4.6: BER Performance of SPSO-RBF assisted 
MUD for system with 15 users 



Fig. 4.7 presents comparison o f  PSO with other suboptimal techniques including 

decorrelating detector, LMMSE detector and partial PIC detector for a system with 20 

users. For PSO, we have used I00 particles and 50 iterations. As we can observe PSO for 

20 users outperforms the other suboptimal techniques. Fis. 4.8 shows BER performance 

using SPSO for [he same 20-user system. This simulation i s  based on computational 

coniplesities of800. 1000 and 1-700. 

Fig. 4.9 shows simulation results for a system will1 32 users using PSO-RBF approach. 

No simulation results were available for any other suboptimal technique for 32-user 

system. For this system, the performance o f  HPSO-MUD has been investigated with 

three complexities, each having two possible combinations. For example, the complexity 

1000 has been tested with P = 125, Y = S and P = 100, Y = 10. I t  has been 

observed that having more number o f  iterations for the same computational complesity. 

results in better BER performance. The same observation is there for SPSO-RBF assisted 

MUD. as shown in Fig.4.10. 

Fig. 4.7: Performance Comparison o f  REF-PSO assisted M U D  with 
different suboptimal techniques for system with 20 users 



Fig. 4.8: BER Performance of SPSO-RBF assisted 
MUD for system with 20 users 

Fig. 4.9: Performance of HPSO-RBF assisted MUD 
for system with 32 users 
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Fig. 4.10: Performance of SPSO-RBF assisted MUD 
for system with 32 users 



CHAPTER 5 

JOINT CHANNEL AND DATA ESTIMATION USING 

PARTICLE SWARM OPTIMIZATION 

5.1 Introduction 

This chapter investigates the use o f  PSO for joint channel and data estimation. Section 

5.2 covers tlie background o f  the topic. Section 5.3 presents the system   nod el and 

problem formulation. Section 5.4 explains the application o f  PSO ror joint channel and 

data eiti~nation. Section 5.5 discusses simulation results 

5.2 Background 

In real world communication the channel behavior is not completely known a priori. In 

other words the channel i s  not tixed and its behavior varies over time. Typical examples 

are the wireless channels or radio channels, underwater acoustic channels and the dial-up 

telephone network. In these kinds o f  environments one cannot design an optimum 

receiver. The time dispersive channel behavior results in intersymbol interference (ISI). 

A bulk o f  research work can be found that addresses tlie issue o f  titJiting tlie ISI. The 

techniques used to fight tlie IS1 are known as channel equalization tecliniques. 

Broadly there are two families oftechniques for channel equalization. First major family 

relies on tlie use o f  training signals [308]. Prior to tlie actual data transmission. a 

predefined data sequence is transmitted and received. At the receiver the coefficients o f  



the equalizer are adjusted accordingly. Once this is done, the actual data transmission 

begins. This simple technique cannot be used in many practical systems due to a number 

ofreasons including bandwidth and time wastage. 

The second major family o f  equalization techniques which does not use training 

sequences is  known as blind channel equalization. Blind channel equalization has been 

an active area o f  research. One can find a good review in [309]. Sato [3 101 is considered 

to be the pioneer o f  blind channel equalization. Blind equalization techniques can be 

divided in three categories. The algorithms in the first category are based on higher order 

statistics o f  the output data [31 11-[315]. These algorithms were quite robust, but suffered 

from considerable storage requirement for large data samples and heavy computational 

load which has made their use difficult in fast changing environments like mobile 

communication. The bussgang algorithms [316]-[;I81 are also considered to be in this 

class. because they exploit the higher order statistics implicitly. These algorithms were 

relatively easy to implement but suffered from slow convergence. 

The second category o f  blind equalization has algorithms is  based on second order 

statistics o f  the output data [3 191-[334]. Another category o f  blind channel equalization 

has algorithms that jointly use second and higher order statistics, called hybrid 

algorithms [325]. 

In the third major family o f  equalization joint data and channel estimation is done. One 

approach to this is to use MLSE, but it has huge computational complexity. A 

number o f  researchers have contributed towards lowering this computational cost. Ghosh 

[326] has used batch iterative method for the purpose, while Seshadri [3?7] has used 

blind maximum likelihood sequence estimation (MLSE) on Viterbi algorithm (VA)  

where VA operates on many trellises instead o f  one. Javad e/  a1 [338]-[33l] have used 



Kalman filtering to jointly estimate channel and data. Joint estimation o f  channel and 

data has also been investigated for multiple input multiple output (MIMO) [332], single 

input multiple output (SIMO) [333]-[335], OFDM [336]-[341] and Space time 

communication [342]-[344]. Chen [345] has used two level approach. At the upper level 

he has used micro-genetic algorithm to estimate the channel and at the lower level the 

Viterbi algorithm to estimate the data. I 

5.3 Problem Formulation 

We assume that the channel to be estimated is  a linear channel modeled by finite inlpulse 

response (FIR) tilter having N real valued taps. Also the channel i s  assumed to be 

additive white Gaussian noise (AWGN) channel. Furthermore the data encoding i s  

supposed to be M-ary PAM. The kU'received sample is given by, 

where h is the channel impulse response and s is the transmitted symbol sequence and 

71 is the noise. Also we assume that, 

For P received samples in one batch, in vector matrix form we have 



where P i s  the number ofsamples we received in one batch. The ML crirerion for jointly 

estimating the channel parameters and the data requires us to minimize the following 

metric. 

where the tirst term can be ignored. Equivalently rlie following metric can be maximized 

to obtain an estimate ofthe channel parameters and the data, 

In vector matrix form, 

The equation (5.3.4) serves as the cost function for the particle swarm optimization 

algorithm. 



5.4 PSO for Joint Channel and Data Estimation 

There are two basic versions o f  PSO algorithm. One is for binary data and the other is for 

real valued data. \Ve have used tlie real-valued PSO algorithm for tlie estimation o f  

channel parameters and binary PSO for detecting the data. The fast convergence 

properties o f  PSO and its successful application to various problems in  engineering make 

it a potential tool for reducing the computational complexity in joint estimation problem. 

The PSO algorithm in our work has been applied at two levels iteratively. At the top 

level channel parameters are estimated by using real valued PSO. Once an estimate is 

obtained it is used at the lower level together with the binary valued PSO to estimate the 

data. The complete algorithm has been explained in the following. 

Step 1: Two separate popirlations/swar~ns are initialized at random values, one for data 

b called data swarm and the other Tor channel parameters h . known as channel swarm. 

The dimensions o f  b and 11 depend on the size ofthe channel output sample taken. and 

the number o f  channel parameters respectively. A l l  the combinations o f  channel swarm 

and data swarm are tested using (5.3.4) as titness function. The best combination o f  b 

and h is chosen. A new population for b is  created by perturbing the b chosen above. 

This population serves as the data swarm for the binary PSO algorithm for detecting the 

data bits. Similarly the vector 11 chosen above is  perturbed to create channel swarm for 

real-valued PSO for estimating the channel parameters. Again the best combination of b 

and 11 is chosen and is called global best data vector and global best channel vector. 

Step 2: Real-valued or continuous PSO starts with the population created above. Each 

particle in the channel swarm is a candidate solution for channel parameters. Again 

(5.3.4) is used as fitness function, but this time b i s  fixed at the global best data vector 



and PSO algorithm works on the channel swarm. The velocity o f  the mfh location o f  

i" particle is updated using the following, 

v,:, (n) = v:,, ( 7 1  - 1) + 29, (h: - h,:) + 2vj(h;,  - h,,) (5.4.1 ) 

where hl'denotes the personal best and irYdenotes the global best panicle. Particle 

posilion is updated by using tlie following, 

This process is repeated ti l l a fixed number o f  iterations have been executed. At the end 

ofthe iterations, best particle is chosen as the estimated solution for channel parameters. 

Step 3: The next step is to use the soft version o f  binary PSO, called SPSO, for 

estimating the data bits. Again we use the (5.3.4) as fitness function. This time. the 

channel vector estimated above through PSO is  fixed and the binary PSO algoritlnn 

works on the data swarm. The global best particle o f  the data swarm is chosen and the 

velocity is updated wing the following, 

where b,:,denotes tlie mfh location o f  iaparticle. Particle position i s  updated. using the 

following, 

<!(rand( ) > S(tr ,,,, )), then b ,,,, = - 1  + S(tr,#,) else b,,, = S(ri ,,,,) (5.4.4) 



AAer a tised number o f  iterations for the data swarm, the algorithm stops. The global 

best particle from the data swarm is chosen as the estimated data vector. 

Step 4: Next sample ofthe received signal is taken and the execution goes to the step 2 

5.5 Results and Discussion 

We have used three different channels to test our algorithm. The impulse response o f  

these channels is: 

Channel I: 11, = [0.407 0.815 0.407] 

Channel 2: h,  = [-0.21 -0.50 0.7% 0.36 0.211 

Channel 3: h, = [0.227 0.46 O.GSS 0.46 0.2271 

The channels are taken from [345]. We have used two o f  the most widely used criterion 

to judge the performance o f  PSO algorithm for channel and data estimation. For joint 

estimation we have used mean square error (MSE), detined by, 

Specifically for channel parameters we have used mean tap error (MTE), defined by. 

As explained above, we have applied continuous PSO for channel coefficients and binary 

PSO for estimating data the bits. in a repetitive manner. A big loop repeats the two PSO 



algorithms one after the other. If the outer loop iterates for (say) I 0  times and both the 

inner loops iterate for five times each. the total number o f  iterations wi l l  be 250. 

Fig.5.I shows the performance comparison o f  PSO and GAVA [345] technique in terms 

o f  MTE for channel I. We have used the data sample ofsize 50. The number o f  particles 

for the channel swarm is 15 and for data swarm is 100. The number o f  cycles for both the 

PSO algorithms is  5. The graph shows the results for two different SNR values. It is 

obvious that for higher SNR, i.e. 30dB, the PSO takes over GAVA even for less number 

o f  iterations. 

Fig, 5.2 s11ows the performance comparison o f  PSO and GAVA technique in terms o f  

MTE for channel 2 wliich is five tap channel. Al l  other parameters for this simulation are 

the same as used for channel I above. One can observe that PSO performs much better as 

the number o f  iterations i s  increased. Similarly fig. 5.3 shows simulation results for 

channel 3 
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Fig. 5.1: Performance comparison o f  PSO and GAVA 
technique in terms o f  MTE against the number 
o f  iterations for channel 1 for 2 PAM. 



Fie. 5.2 :  Performance comparison of PSO and GAVA 
L 

technique in term; of  MTE against the number 
of iterations for cliannel 2 for 2 PAM. 

Fig. 5.3: Performance comparison of  PSO and GAVA 
technique in terms of  MTE against the number 
of iterations for channel 3 for 2 PAM. 



Yet another way to investigate the performance o f  the proposed scheme i s  the MSE. 

Since no results were' available for comparison with GAVA for MSE (defined as a 

function o f  number o f  iterations). lhence only the performance o f  PSO is given in the 

follo\ving results. Fig. 5.4 shows the MSE for channel I at three different SNR Icvels. i.e. 

10, 20 and 30 dB. Fig. 5.5 shows MSE for channel 2 and Fiz. 5.6 shows MSE for 

channel 3 against number o f  iterations. The parameter used is SNR whose values are 

kept 10. 20 and 30 dB respectively. For these simulations, we have used the sample size 

o f  50. The number o f  particles for the channel swarm is 10 and for data swarm is 100. 

The number o f  cycles for both the PSO algorithms is again taken to be 5. The same task 

has been performed for channel 3 by keeping the simulation parameters the same. I t  is 

important to note that as the number o f  iterations is increased, MSE drops quite fast. 

Since no results were available for colnparison with GAVA for MSE, lhence only the 

performance o f  PSO is  given in the following results. 
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Fig. 5.4: Performance o f  PSO in terms o f  MSE against 
the number o f  iterations for channel I 
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Fig. 5.5: Performance of PSO in terms of MSE against 
the number of iterations for channel 2 
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Fig. 5.6: Performance of PSO i n  terms of MSE against 
the number of iterations for channel 5 



I n  order to thoroughly test the performance o f  PSO, we have also investigated the MTE 

for all the above mentioned channels for 8-PAM. These results have also been compared 

with the results given in [345], where GAVA technique has been used. A l l  other 

simulation parameters are the same as used previously. 

The comparison o f  the GAVA and PSO approach from computational complexity point 

o f  view is  quite complicated since the former approach involves two dityerent 

algorithms. one GA and the other VA. The computational complexity o f  this approach as 

given in [345] is N,., x C , ,  where N,., is the number o f  Viterbi algorithm (VA) calls 

and C,, i s  the complexity o f  VA. We have used product o f  the number o f  runs o f  both 

the PSO algorithms as complexity. However for the sake o f  comparison, in eve[-y 

simulation we have used the same sample size, as used in [345]. 

Clrannel 1.8.PAM 

--- mdicro GA * VAI, 
, . , . . , . . . (Micro GA Vm, SNR = 3DdB 
-PSO, S N R-  20 d B  

I I 
0 1 OD 2W ' 300 400 500 

Number oflteroltons 

Fig. 5.7: Performance comparison o f  PSO and GAVA 
technique in terms o f  MTE against the number 
o f  iterations for cl~annel 1 for 8 PAM. 
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CHAPTER 6 

CONCLUSIONS AND FUTURE WORK 

6.1 Conclusion 

This dissertation i s  concerned with the application o f  PSO to different problems in the 

field of communication. There exist various algorithms with different computational 

costs and implementation complexities to optimize or solve the real world problems. The 

winner i s  the one that does the job with minimum co~nputational complexity and cost. A 

number of evolutionary algorithms lhave been applied to various problems in 

communication. In this dissertation the PSO has been applied to four different problems. 

The reasons behind choosing PSO are manifold. Firstly, PSO is relatively a new 

technique. Secondly, it is perhaps the most widely and critically acclaimed evolutionary 

algorithm and is currently under investigations. One can see a large number o f  variants 

proposed by a number o f  researchers. Thirdly PSO is very easy to implement and 

requires quite less number o f  parameters and at the same time it  i s  characterized by an 

excellent and fast convergence. 

Slandard binary PSO (HPSO) and a proposed variant namely SPSO has been employed 

on four different problems. In HPSO the particles take the discrete values while for 

SPSO, the particle values are real numbers. The flexibility in values is mainly the reason 

for terniinology ofsol? PSO. The first application o f  PSO in this dissertation i s  MUD o f  

multicarrier COMA system in synchronous as well as in asynchronous environment. 



There are two major issues, addressed in this dissertation, for designing a receiver in 

CDMA systems. The first one is related to multiple access interference. The optimal 

approach to multiuser detection requires computational cost that grows exponentially 

with the number of  users. Such a large number of calculations cannot be performed in 

real time applications. Among many suboptimal approaches, evolutionary computing is 

one solution. PSO has teen successfully employed for MUD and shown to outperform 

GA, which is one of  the best known evolutionary computing techniques. For the same 

computational complexity, PSO-MUD has outperformed the GA-MUD. Considering the 

uplink, PSO has been employed for MUD in asynchronous MC-CDMA system and has 

shown promising results. 

Another problem addressed in this dissertation is the PSO assisted MUD along with 

RBF. Here the MUD problem has been treated a3 pattern classification problem. Thus a 

linearly non separable problem has been recast into a separable problem by transforming 

it to higher dimensions using RBF. PSO is used to reduce the computational cost and the 

results show the superiority ofPSO over GA and other suboptimal techniques. 

The fourth problem is the joint data and channel and data estimation. Computationally, 

this is again a very expensive problem. PSO offers a suboptimal solution. The joint 

application of continuous and discrete PSO has given a performance, better than the 

other two approaches, namely, micro GA and blind trellis search technique. 

6.2 Future Work 

Our future work i s  in three dimensions. First, the application of PSO to a number of 

other areas like, channel coding, OFDM, SlMO and MIMO channels etc. Second, is to 



develop and propose other variants so as to ensure faster convergence without getting 

stuck in local minima Third, is to  apply these variants10 the problems. 

Other than communication, the other signal processing areas could be a potential hanle 

grounds for PSO. For example one may apply PSO in the field o f  image processing and 

pattern classification. For this purpose radial basis functions, other than those, discussed 

in this dissertation. may be used. I t  will need a special variant tailored in accordance with 

the need of environment. 

Similarly PSO may be usefull in the problem of  speech coding and recognition. Source 

coding could be another juicy area for the application o f  PSO. Another very interesting 

area might be artificial intelligence and machine learning. The ever increasing computing 

power is going to  put a pressure on researchers to develop more and more intelligent 

machines. With enormous computing capability at hand the race will be among those 

who develop smarter learning algorithms and hence learning machines. Since the PSO is 

based on social thinking, its role may be investigated in an environment where machines 

jointly learn fiom the envi~mnienr.  Another advantage is that evolutionary computing 

algorithms in general and PSO in particular are well suited for parallel ~nacllil~es. 1 his 

may also be joined with GA to give some more robust learning algorithm. Another 

dimension could be the use of PSO lo train vnrior~s types o f  artificial neural networks for 

developing learning algorithms. 
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