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Abstract
The most and major popular technique in evolutionary computation 
research has been the genetic algorithm. Mostly in the Genetic 
Algorithm(GA), the representation used is a fixed-length bit string. 
Each position in the string  represents a particular feature of an 
individual and the particular value stored in that corresponding 
position. Particle Swarm Optimization(PSO) is used to find the 
optimal fitness value.Simulations are performed over the various 
standard test data and comparisions are performed with Genetic 
Algorithm(GA). The experimental results show that proposed PSO 
based method performs better than the GA method.

Keywords
Population, Mutation, Crossover, Genetic Algorithm, Particle 
Swarm Optimization

I. Introduction

A. Genetic Algorithms
Charles Darwin stated the theory of natural evolution or selection 
in the origin of biological organisms. The natural selection i.e. 
“survival of the fittest” to reach certain remarkable marks like the 
efficiency and the similarity between sharks and dolphins. Genetic 
Algorithms (GAs)[1] was invented by John Holland who proposed 
GA as a method based on “Survival of the fittest”. GA handles 
a population of possible solutions. Each solution is recognized 
as a chromosome i.e. an abstract representation. Coding all the 
possible solutions into a chromosome is the most straightforward 
approach of a Genetic Algorithm. 
Selection compares each individual in the population which is done 
by using a fitness function. Each chromosome has an associated 
value corresponding to the fitness of the solution it represents. The 
fitness evaluation of how good the candidate solution is. 
The basic genetic algorithm [2-4] is as follows:
Genetic random population of n chromosomes. Evaluate the 
fitness f(x) of each chromosome x in the population. Create a new 
population by repeating following steps until the new population 
is complete. Select two parent chromosomes from a population 
according to their fitness (the better fitness, the bigger chance to 
get selected).
With a crossover probability, cross over the parents to form new 
offspring (children). If no crossover was performed, offspring is 
the exact copy of parents. With a mutation probability, mutate new 
offspring at each locus (position in chromosome).
Place new offspring in the new population. Use newly generated 
population for a further sum of the algorithm. If the end condition is 
satisfied, then stop and return the best solution in current population. 
Repeat till best fitness evaluation. Mutation is performed to one 
individual to produce a new version of it. Selection process helps 
to decide which individuals are to be used for reproduction and 
mutation in order to produce new search points.
Steps as below:

Create initial random population.• 
Evaluate fitness for each population.• 
Store best individual.• 

Creating mating pool. • 
Create next generation by applying crossover. • 
Optimal or good solution found or not.• 
 Reproduce and ignore few populations.• 
 Perform mutation.• 

In genetic algorithms, individuals are binary digits or of some 
other set of symbols drawn from a finite set.
 As computer memory is made up of array of bits, anything can 
be stored in a computer and can also be encoded by a bit string 
of sufficient length. The two distinct elements in the GA are 
individuals and populations. 

B. Individuals
An individual is a single solution. Individual groups together two 
forms of solutions as given below:

The chromosome, which is the raw ‘genetic’ information 1. 
(genotype) that the GA deals.
The phenotype, which is the expressive of the chromosome 2. 
in the terms of the model.

C. Genes
Genes [2] are the basic “instructions” for building a Generic 
Algorithms. A chromosome is a sequence of genes. A gene is a bit 
string of arbitrary lengths. The bit string is a binary representation 
of number of intervals from a lower bound. 

D. Fitness
The fitness of an individual in a genetic algorithm is the value of 
an objective function for its phenotype. For calculating fitness, 
the chromosome has to be first decoded and the objective function 
has to be evaluated. 

E. Populations
A population is a collection of individuals. A population consists 
of a number of individuals being tested. 
The two important aspects of population used in Genetic 
Algorithms are:

The initial population generation.• 
The population size.• 

F. Binary Encoding
The most common way of encoding is a binary string, Each 
chromosome encodes a binary (bit) string. Each bit in the string 
can represent some characteristics of the solution. Every bit string 
therefore is a solution but not necessarily the best solution. Binary 
coded strings with 1s and 0s are mostly used. The length of the 
string depends on the accuracy.
In this,

Integers are represented exactly1. 
Finite number of real numbers can be represented2. 
Number of real numbers represented increases with string 3. 
length
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G. Selection
Selection is a method that randomly picks chromosomes out of the 
population according to their evaluation function. The higher the 
fitness function, the more chance an individual has to be selected 
and the more the better individuals are favored. This selection 
pressure drives the GA to improve the population fitness over the 
successive generations.

1. Roulette Wheel Selection
Roulette wheel selection is one of the traditional GA selection 
techniques. The commonly used reproduction operator is the 
proportionate reproductive operator where a string is selected from 
the mating pool with a probability proportional to the fitness. The 
principle of roulette selection is a linear search through a roulette 
wheel with the slots in the wheel weighted in proportion to the 
individual’s fitness values. A target value is set, which is a random 
proportion of the sum of the fit nesses in the population.
This method is implemented as follows:

Sum the total expected value of the individuals in the 1. 
population. Let it be T.
Repeat N times:2. 
Choose a random integer ‘r’ between o and T.• 
Loop through the individuals in the population, summing • 
the expected values, until the sum is greater than or equal 
to ‘r’. The individual whose expected value puts the sum 
over this limit is the one selected. Finally making use of Pie 
Chart it suggests actual count which is used to determine the 
population for crossover (fig. 1.3).   

H. Crossover 
Crossover is the process of taking two parent solutions and 
producing from them a child. After the selection (reproduction) 
process, the population is enriched with better individuals. 
Crossover is a recombination operator that proceeds in three 
steps:

The reproduction operator selects at random a pair of two • 
individual strings for the mating.
A cross site is selected at random along the string length.• 
Finally, the position values are swapped between the two • 
strings following the cross site.

1. Single Point Crossover
The traditional genetic algorithm uses single point crossover, 
where the two mating chromosomes are cut once at corresponding 
points and the sections after the cuts exchanged. A cross-site or 
crossover point is selected randomly along the length of the mated 
strings and bits next to the cross-sites are exchanged. If appropriate 
site is  chosen, better children can be obtained by combining good 
parents else it severely hampers string quality.
Maximize the following problem for 5 iterations and find its 
average fitness compared to the previous generation F(x)=y=x2+x 
subjected to 0.5<=x<=1.0 with the initial solution of population 
as:
1001011100 0000101101 0011100101  
0101101110 0101100110 1011101111     
1000010111 1001011100 0000000100    
0110000110.
Consider single point crossover at bit position 4,6,6,8,2 with 
mutation as mentioned (fig. 1.1)

I. Mutation
Mutation has traditionally considered as a simple search operator. 

If crossover is supposed to exploit the current solution to find 
better ones, mutation is supposed to help for the exploration of 
the whole search space.

1 Flipping
Flipping of a bit involves changing 0 to 1 and 1 to 0 based on a 
mutation chromosome generated. Mutation-flipping concept.  A 
parent is considered and a mutation chromosome is randomly 
generated. For a 1 in mutation chromosome, the corresponding 
bit in parent chromosome is flipped (0 to 1 and 1 to 0) and child 
chromosome is produced (Fig 1.2). 

II. Particle Swarm Optimization (PSO)
PSO is a novel stochastic origin in the motion of a flock of birds 
searching for food.  The basic PSO algorithm [8-9] is started by 
scattering a number of particles called swarms in the function 
search apace. Each particle moves in the search space looking 
for the global minimum or maximum. Each particle represents a 
position in i in the j dimensional search space, and is flown through 
this space adjusting its position towards both the particle’s own best 
position found thus far, and the best position in the neighborhood 
of that particle. For a particle moving in a multidimensional search 
space let jix ,  and jiv , denotes the position of ith particle in then 
jth dimension and velocity at time t. The local best position of 
the ith particle is obtained as

 (1)
and the global best position is obtained as

 (2)
where F  denotes the fitness of the particles and is obtained from 
the Euclidian distance.  The modified velocity and position of each 
particle at time (t+1) can be calculated as           

 (3)
where iv  is the velocity of ith particle at time (t+1), ix  is the 
current position, w  is the inertia weight factor, where i = 1, 2,…, N; 

21   and, cc are, respectively,  the cognitive, and social factors ; 

 
Fig. 1.1: Bit-String Crossover Among Parents a & b to Form 
Offspring c & d

Fig. 1.2: Bit-Flipping Mutation of Parent a to Form New Offspring 
b
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Table 1: Selection of Chromosomes in Binary Value With Fitness 
and Probability Factor

rand1,and rand2  are random numbers uniformly distributed within 

[0,1] , K is the constriction factor which is a function 1ϕ  and 2j  
given by

and    (4)
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Fig. 1.3: Pie Chart to Determine the Population for Crossover

Table 2:  Crossover for Offspring

Table 3:  Mutation chromosome for flipping
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Fig. 1.4: Fitness vs.Iterations (Genetic Algorithm)
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Table 4:  Input Dataset for PSO
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Fig. 1.5: Fitness vs. Itertaions in PSO

III. Conclusion
GA & PSO start with group of randomly generated initial 
population. Both analyze the population using fitness functions. 
PSO does not have genetic operators like crossover and mutation. 
Both update the population and search for the optimum values 
with random techniques. In GA, chromosomes share information 
with each other. So the whole population moves like a one group 
towards an optimal area. 
However, in PSO only global best particle “gbest” gives out the 
information to others. Compared to GA, the advantages of PSO 
are that PSO is easy to implement and there are few parameters 
to adjust.
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