
Chapter 5 

Genetic Algorithms 

5.1 Basics of GA 

The GA, first formulated by Prof. John Holland at the University of Michigan in 1975 

[8] and is a stochastic global search method that mimics the metaphor of natural 

biological evolution. GA usually operates offline in the sense that they can be seen as 

building a simulated application environment in which they evolve and select the best 

solution among all the generations, under the well known Darwinian principle of 

"survival of the fittest" [9], 

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 operate on a population of potential solutions applying the principle of survival 

of the fittest to produce better and better approximations to a solution. At each 

generation, a new set of approximations is created by the process of selecting 

individuals according to their level of fitness in the problem domain and breeding 

them together using operators borrowed from natural genetics. This process leads to 

the evolution of populations of individuals that are better suited to their environment 

than the individuals that they were created from, just as in natural adaptation [17]. 

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 

-28-



"reproduce", by "cross breeding" with other individuals in the population. This 

produces 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 

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 GA, fitness is defined by, fj/fAvg where 

fi is the evaluation associated with string i and fAvg 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 GA 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 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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The structure of a GA is composed by an iterative procedure through the following 

five main steps: 

• creating an initial population P0 

• evaluation of the performance of each individual p, of the population, by 

means of a fitness function 

• selection of individuals and reproduction of a new population 

• application of genetic operators: crossover and mutation and 

• iteration of steps 2-4 until a termination criterion is fulfilled. 

Above steps can be illustrated by the following flow chart. 

Figure 5.1 : Evolutionary algorithm mechanism 

5.1.1 Individuals 

Individuals, or current approximations, are encoded as strings, chromosomes, 

composed over some alphabet(s), so that the genotypes (chromosome values) are 

uniquely mapped onto the decision variable (phenotypic) domain. The most 
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commonly used representation in GAs is the binary alphabet {0, 1} although other 

representations can be used, e.g. ternary, integer, real-valued etc. 

5.1.2 Population 

GAs operate on a number of potential solutions, called a population, consisting of 

some encoding of the parameter set simultaneously. Typically, a population is 

composed of between 30 and 100 individuals, although, a variant called the micro GA 

uses very small populations, -10 individuals, with a restrictive reproduction and 

replacement strategy in an attempt to reach real-time execution. 

5.1.3 Objective and Fitness Functions 

The objective function is used to provide a measure of how individuals have 

performed in the problem domain. In the case of a minimization problem, the most fit 

individuals will have the lowest numerical value of the associated objective function. 

This raw measure of fitness is usually only used as an intermediate stage in 

determining the relative performance of individuals in a GA. Another function, the 

fitness function, is normally used to transform the objective function value into a 

measure of relative fitness. 

5.1.4 Selection 

Selection is the process of determining the number of times, or trials, a particular 

individual is chosen for reproduction and, thus, the number of offspring that an 

individual will produce. 

There are two major methods of selection. They are, Roulette Wheel Selection 

Method and Stochastic Universal Sampling. 

5.1.4.1 Roulette Wheel Selection 

Many selection techniques employ a "roulette wheel" mechanism to probabilistically 

select individuals based on some measure of their performance. A real-valued interval, 

Sum, is determined as either the sum of the individuals' expected selection 

probabilities or the sum of the raw fitness values over all the individuals in the current 
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population. Individuals are then mapped one-to-one into contiguous intervals in the 

range [0, Sum]. The size of each individual interval corresponds to the fitness value of 

the associated individual. For example, in Figure 5.2, the circumference of the roulette 

wheel is the sum of all six individual's fitness values. Individual 5 is the most fit 

individual and occupies the largest interval, whereas individuals 6 and 4 are the least 

tit and have correspondingly smaller intervals within the roulette wheel. To select an 

individual, a random number is generated in the interval [0, Sum] and the individual 

whose segment spans the random number is selected. This process is repeated until the 

desired number of individuals have been selected. 

Figure 5.2 : Roulette Wheel Selection 

5.1.4.2 Stochastic Universal Sampling 

Stochastic universal sampling (SUS) is a single-phase sampling algorithm with 

minimum spread and zero bias. Instead of the single selection pointer employed in 

roulette wheel methods, SUS uses N equally spaced pointers, where N is the number 

of selections required (See Figure 5.3). 

The population is shuffled randomly and a single random number in the range 

[0 Sum/N] is generated, ptr. The N individuals are then chosen by generating the N 

pointers spaced by 1, [ptr, ptr+1, ..., ptr+N-l], and selecting the individuals whose 
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fitnesses span the positions of the pointers. As individuals are selected entirely 

their position in the population, SUS has zero bias. 

5.1.5 Crossover (Recombination) 

The basic operator for producing new chromosomes in the GA is that of crossover. 

Like its counterpart in nature, crossover produces new individuals that have some 

parts of both parent's genetic material. 

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

offspring. In one - point crossover, one chromosome positions are randomly selected 

between one and (L- l ) , where L is the chromosome length and the two parents are 

crossed at this point. 

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. 5.4. In uniform crossover, each 

chromosome position is crossed with some probability, typically one-half 
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Parent 1: 

Parent 2: 

Offspring 1: 

Offspring 2: 

110001011 

010010110 

Crossover point 

/ 
110010100 

100011001 

110001011 

010010110 

100011001 

110010100 

Figure 5.4 : One-point crossover 

For multi-point crossover, m crossover positions, , where k,e{ 1,2, . / - l jare 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 Figure 5.5. 

3 n^L 

0 
i r i i 

J c i i i i 

Figure 5.5: Multi-point crossover, m=4 

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

5.1.6 Mutation 

In natural evolution, mutation is a random process where one allele of a gene is 

replaced by another to produce a new genetic structure. In GAs, mutation is randomly 

applied with low probability, typically in the range 0.001 and 0.01, and modifies 

elements in the chromosomes. 

Usually considered as a background operator, the role of mutation is often seen as 

providing a guarantee that the probability of searching any given string will never be 

zero and acting as a safety net to recover good genetic material that may be lost 

through the action of selection and crossover. 

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: 1 1 0 

After Mutation: 1 1 0 

0 0 0 1 0 0 1 1 

0 0 0 1 0 0 1 1 

Figure 5.6 : 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 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 
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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 probability of mutation 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. 

5.1.7 Termination of the GA 

Thus the GA is a stochastic search method, it is difficult to specify convergence 

criteria formally. As the fitness of a population may remain static for a number of 

generations before a superior individual is found, the application of conventional 

termination criteria becomes problematic. A common practice is to terminate the GA 

after a pre-specified number of generations and then test the quality of the best 

members of the population against the problem definition. If no acceptable solutions 

are found, the GA may be restarted or a fresh search should be initiated. 

5.2 Inherent features of G A 

The four most significant differences are: 

• GAs search a population of points in parallel, not a single point. 

• GAs do not require derivative information or other auxiliary knowledge; 

• only the objective function and corresponding fitness levels influence the 

directions of search. 

• GAs use probabilistic transition rules, not deterministic ones. 

• GAs work on an encoding of the parameter set rather than the parameter set 
itself (except in where real-valued individuals are used). 
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