
Chapter 5 

5.0 Overview Of Genetic Algorithm 

5.1. Introduction and background 

The Genetic Algorithm (GA) was invented by Prof. John Holland [23] at the University 

of Michigan in 1975, and subsequently it has been made widely popular by Prof. David 

Goldberg [24] at the University of Illinois. The original GA and its many variants, 

collectively known as genetic algorithms, are computational procedures that mimic the 

natural process of evolution 

Much has been learned about genetics since the time of Charles Darwin. All 

information required for the creation of appearance and behavioral features of a living 

organism is contained in its chromosomes. Reproduction generally involves two parents, 

and the chromosomes of the offspring are generated from portions of chromosomes taken 

from the parents. In this way, the offspring inherit a combination of characteristics from 

their parents. GAs attempt to use a similar method of inheritance to solve various 

problems; such as those involving adaptive systems. GAs have also been applied to 

optimization problems. The objective of the GA is then to find an optimal solution to a 

problem. Of course, since GAs are heuristic procedures, they are not guaranteed to find 

the optimum, but experience has shown that they are able to find very good solutions for 

a wide range of problems. 

GAs work with a population of "individuals"; each representing a possible solution to a 

given problem. Each individual is assigned a "fitness value" according to how good a 

solution to the problem is. The highly-fit individuals are given opportunities to 

"reproduce", by "cross breeding" with other individuals in the population. This produces 
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new individuals as "offspring", which share some features taken from each "parent". The 

least fit members of the population are less likely to get selected for reproduction, and so 

"die out". A whole new population of possible solutions is thus produced by selecting the 

best individuals from the current "generation", and mating them to produce a new set of 

individuals. This new generation contains a higher proportion of the characteristics 

possessed by the good members of the previous generation. In this way, over many 

generations, good characteristics are spread throughout the population. By favoring the 

mating of the more fit individuals, the most promising areas of the search space are 

explored. If the GA has been designed well, the population will converge to an optimal 

solution to the problem 

5.2. Overview 

The evaluation function, or objective function, provides a measure of performance with 

respect to a particular set of parameters. The fitness function transforms that measure of 

performance into an allocation of reproductive opportunities. The evaluation of a string 

representing a set of parameters is independent of the evaluation of any other string. The 

fitness of that string, however, is always defined with respect to other members of the 

current population. In the genetic algorithm, fitness is defined by: fi/fA where fi is the 

evaluation associated with string i and fA is the average evaluation of all the strings in the 

population. 

Fitness can also be assigned based on a string's rank in the population or by sampling 

methods. The execution of the genetic algorithm is a two-stage process. It starts with the 

current population. Selection is applied to the current population to create an intermediate 

population. Then recombination and mutation [23] are applied to the intermediate 

population to create the next population. The process of going from the current population 

to the next population constitutes one generation in the execution of a genetic algorithm. 
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5.3. Coding 

Before a GA can be run, a suitable coding (or representation) for the problem must be 

devised. We also require a fitness function, which assigns a figure of merit to each coded 

solution. During the run, parents must be selected for reproduction, and recombined to 

generate offspring. 

It is assumed that a potential solution to a problem may be represented as a set of 

parameters. These parameters (known as genes) are joined together to form a string of 

values (often referred to as a chromosome). For example, if our problem is to maximize a 

function of three variables, F(x; y; z), we might represent each variable by a 10-bit binary 

number (suitably scaled). Our chromosome would therefore contain three genes, and 

consist of 30 binary digits. The set of parameters represented by a particular chromosome 

is referred to as a genotype. The genotype contains the information required to construct 

an organism which is referred to as the phenotype. 
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Figure 5.1: Segment decoding 

The fitness of an individual depends on the performance of the phenotype. This can be 

inferred from the genotype, i.e. it can be computed from the chromosome, using the 

fitness function. Assuming the interaction between parameters is nonlinear; the size of the 
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search space is related to the number of bits used in the problem encoding. For a bit string 

encoding of length L; the size of the search space is 2L. 

5.4. Genetic Operators 

5.4.1 Selection 

Various selection schemes have been used, but we will focus on roulette wheel 

selection and stochastic universal selection [23], [24]. As illustrated in Fig. 5.1(a), 

roulette wheel selection is a proportionate selection scheme in which the slots of a 

roulette wheel are sized according to the fitness of each individual in the population. An 

individual is selected by spinning the roulette wheel and noting the position of the 

marker. The probability of selecting an individual is therefore proportional to its fitness. 

As illustrated in Fig. 5.1(b), stochastic universal selection is a less noisy version of 

roulette wheel selection in which N equidistant markers are placed around the roulette 

wheel, where N is the number of individuals in the population. N individuals are selected 

in a single spin of the roulette wheel, and the number of copies of each individual selected 

is equal to the number of markers inside the corresponding slot. 

I 
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(a) Roulette Wheel Selection (b) Stochastic Universal Selection 

Figure 5.2: Proportionate Selection Schemes 
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5.4.2 Crossover 

• 

Once two chromosomes are selected, the crossover operator is used to generate two 

offspring. In one- and two-point crossover, one or two chromosome positions are 

randomly selected between one and (L-l), where L is the chromosome length and the 

two parents are crossed at those points. For example, in one-point crossover, the first 

child is identical to the first parent up to the crossing point and identical to the second 

parent after the crossing point. An example of one-point crossover is shown in Fig. 5.2. In 

uniform crossover, each chromosome position is crossed with some probability, typically 

one-half 

Parent 1: 

Parent 2: 

Offspring 1: 

Offspring 2: 

110001011 

010010110 

110001011 

010010110 

110010100 

100011001 

100011001 

110010100 

"Figure 5.3: One-point crossover 

For multi-point crossover, m crossover positions, , where A:, e{l,2, / - l}a re the 

crossover points and / is the length of the chromosome, are chosen at random with no 

duplicates and sorted into ascending order. Then, the bits between successive crossover 

points are exchanged between the two parents to produce two new offspring. The section 

between the first allele position and the first crossover point is not exchanged between 

individuals. This process is illustrated in Fig 5.3. 

: i = r 

Figure 5.4: Multi point Crossover 

i r IZJ 
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The amount of crossover is controlled by the crossover probability, which is defined as 

the ratio of the number of offspring produced in each generation to the population size. A 

higher crossover probability allows exploration of more of the solution space and reduces 

the chances of settling for a false optimum. A lower crossover probability enables 

exploitation of existing individuals in the population that have relatively high fitness. 

5.4.3 Mutation 

As new individuals are generated, each character is mutated with a given probability. In 

a binary-coded GA, mutation may be done by flipping a bit, while in a non-binary-coded 

GA, mutation involves randomly generating a new character in a specified position. 

Mutation produces incremental random changes in the offspring generated through 

crossover, as shown in Figure 5.4. When used by itself, without any crossover, mutation 

is equivalent to random search, consisting of incremental random modification of the 

existing solution, and acceptance if there is improvement. However, when used in the 

GA, its behavior changes radically. In the GA, mutation serves the crucial role of 

replacing the gene values lost from the population during the selection process so that 

they can be tried in a new context, or of providing the gene values that were not present in 

the initial population. 

Before Mutation: 110100010011 

After Mutation: 110000010011 

Figure 5.5: Mutation Operator 

For example, say a particular bit position, bit 10, has the same value, say 0, for all 

individuals in the population. In such a case, crossover alone will not help, because it is 

only an inheritance mechanism for existing gene values. That is, crossover cannot create 

an individual with a value of 1 for bit 10, since it is 0 in all parents. If a value of 0 for bit 

10 turns out to be suboptimal, then, without the mutation operator, the algorithm will 

have no chance of finding the best solution. The mutation operator, by producing random 
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changes, provides a small probability that a 1 will be reintroduced in bit 10 of some 

chromosome. If this results in an improvement in fitness, then the selection algorithm will 

multiply this chromosome, and the crossover operator will distribute the 1 to other 

offspring. Thus, mutation makes the entire search space reachable, despite a finite 

population size. Although the crossover operator is the most efficient search mechanism, 

by itself, it does not guarantee the reachability of the entire search space with a finite 

population size. Mutation fills in this gap. 

The mutation probability PM is defined as the probability of mutating each gene. It 

controls the rate at which new gene values are introduced into the population. If it is too 

low, many gene values that would have been useful are never tried out. If it is too high, 

too much random perturbation will occur, and the offspring will lose their resemblance to 

the parents. The ability of the algorithm to learn from the history of the search will 

therefore be lost. 
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