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ABSTRACT 
This paper puts forth a succinct account of Genetic Algorithms (GAs), their structure, parameters, operators and their adaptation 
issues. The description of implementation details of GA can be of great help even to a novice to code GA for any application at 
hand. Important applications, adaptation scenario and adaptation level in GA presented in this paper, forms an important survey. 
The paper intends to present some seminal/ landmark applications of GAs.   
 
Key words: Genetic Algorithms (GAs), Probability of mutation (pm), Probability of cross-over (pc). 
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1. INTRODUCTION 

Genetic algorithms (GAs) are search and optimization algorithms inspired by natural evolution of species [1]–[3]. Natural evolution 
is mainly based upon three operators, namely selection (which is fuelled on the premise of survival of the fittest but sparingly with a 
chance of growth for the week candidates too), reproduction and mutation of species. Every organism in nature has a set of rules or 
blueprints describing all the characteristics of the organism. These tiny building blocks of life are called genes of the organism, which 
are further connected to form long strings, named as chromosomes. Genes represent specific traits of the members of species, such 
as colour of eye or hair, height, sex, skin colour, etc. Genes and their attributes form organism's genotype, while behavioural 
expression of genotype is named as phenotype. In a canonical GA, an initial population of candidate solutions is generated by some 
random process and the evolution operators are used to modify the population of candidate solutions, the process is iterated till a 
stopping criterion is met. Mimicking of the process of natural evolution paved the way for use of this strong process of nature for 
engineering optimization and search. GAs initially proposed by John Holland in the 1960s were further contributed by De-Jong, 
Fogel, Michalewicz, GoIdberg, Davis, Koza, Mitchell, Forrest, etc. [1]–[10]. In the present paper, a brief account GAs has been rendered 
along with the structure, parameters, operators & the adaptation issues. The applications and adaptation scenario in GAs has also been 
discussed. 
 
2.  STRUCTURE OF GENETIC ALGORITHM  

 
 

Figure 1 Structure of a binary coded Genetic Algorithm  
 
Genetic Algorithm begins with a population of candidate solutions called chromosomes. Each chromosome contains building blocks 
known as genes. Each chromosome has some fitness, determined by a user-defined function, called the fitness function or objective 
function. The fitness function returns a value that is proportional to the chromosome’s suitably to give an optimal solution to the 
problem at hand. The fitness function is problem- dependent. The GA may have the population of real numbers or binary numbers, 
thus defining the GA to be real-or binary-coded. Fig.1 depicts the structure of a binary coded GA. The algorithm starts with 
initialization of a population of candidate solutions drawn randomly and including a priori known good solutions. After initialization, 
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three operators namely selection, cross-over (reproduction) and mutation are used in a canonical GA. Elitism is another optional 
parameter which may be used whereby the best candidate to date is retained through the evolution/generations. 

Selection of a chromosome for participation in cross-over (reproduction) is a random process but heavily biased by the 
chromosome's fitness. This interalia means that even weak candidates will stand some chance of selection. The chromosomes so 
selected form a mating pool for cross-over. The cross-over operator performs the mating of two chromosomes. One pair of 
chromosomes (parents) is randomly selected from the mating pool to participate into cross-over. The probability of cross-over (real 
number between zero and one) decides formation of two new chromosomes (children) from the parents. If allowed by the 
probability of cross-over, two child chromosomes are created which inherit complementing genetic material from their parents. The 
cross-over operator controls the passing of genetic material from each parent to the child chromosome. The new chromosomes 
produced after cross-over enter into the offspring pool for the next generation.  

The mutation operator randomly changes part of the genetic make-up of a chromosome. Mutation rate is a user-defined 
parameter and decides the rate of occurrence of mutation on any chromosome.  

New generation of chromosomes are thus formed by application of genetic operators (reproduction, cross-over and mutation) 
on the older population. The process of selection, cross-over, mutation and formation of a new population completes one iteration 
or generation of GA. A GA iterates, until certain stopping criteria (such as a fixed number of generations, or a time limit or a user-
defined rule) is met. GAs are one type of Evolutionary Algorithms (EAs). The structure of a general Evolutionary Algorithm (EA) is 
given as [3]: 
 
 
begin 
      t: = 0; 
 initialize P (t);   
 evaluate P (t); 
       while (not terminate) do, 
        t: = t+1;  
P’(t): = select [P (t)];  
P (t+1): = variation [P’(t) ]; 
Evaluate P (t+1); 
                end; 
end. 
 
 
 
The algorithm maintains a population P(t) of ‘n’ chromosomes at generation ‘t’. Each chromosome represents a potential solution. 
Objective or fitness function is used to evaluate fitness of each chromosome. Then a new offspring population P(t+1) is formed at 
generation (t+1), by variation operators. A canonical Genetic Algorithm uses selection operator along with variation operators (i.e., 
cross-over and mutation).  
 
3. PARAMETERS AND OPERATORS OF GENETIC ALGORITHM  
GA starts with a randomly generated population of candidate solutions. However, if from prior knowledge of the problem domain, 
certain good solutions are known, they can also be incorporated into the initial population, giving a speedier evolution to optimal 
solution. This section describes the different operators and parameters of a canonical GA. 
 
3.1. Initialization of Population   
The representation used for initialization may be real or binary coded. The binary coding is explained in Fig.1. The algorithm for 
initialization of population may be given as [5]: 
 
for u = 1:1: size of population 
           Initialize variables to zero 
           for t = 1:1:chromosome length 
      Perform Coin flip using random number generator 
      Store values in an array to construct Chromosome 
            end; 
                Store Chromosomes in a bigger array to form population 
 end 
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This algorithm initializes a binary coded population with user-defined population size and chromosome length and stores the binary 
population in an array. 
 
3.2 Selection  
This operator mimics Darwinian principle of survival of the fittest. This operator selects chromosomes form present population to form 
a new population with probabilistic bias towards higher fitness of chromosomes. The chromosomes with higher fitness may get more 
copies in next generation while those with the lowest fitness may perish. So probabilistic biasing is such that the best chromosomes get 
more copies, the average stay even, and the worst die off. Many types of selection schemes are adopted in literature, some of them are: 
Roulette Wheel Selection (RWS), Stochastic Universal Sampling , Tournament Selection, Rank selection etc. The algorithm for RWS [5] is given below: 
 
a) Calculate the fitness value fval (vi) for each chromosome vi (i = 1,2, ..., popsize). We assume that fitness values are positive, otherwise one can 
use some scaling mechanism to render them all positive. 
 
b) Sum up above vector to find the total fitness of the population 
 F=    ∑fval(vi) 
 
(c)  Calculate the probability, pi, of selection for each chromosome vi. 

 pi = fval(vi) / F; i = 1,2, ..., popsize. 
 
(d)  Calculate the cumulative probability, qi, for each chromosome vi (i = 1,2, ..., popsize), i.e.  
                     

(e) Generate a real valued random number (float) in the range [0 to 1]. 
 
(f)  If r < q1, then select the first chromosome (vi), otherwise select the i-th chromosome vi (2<i<popsize), such that  
qi-1<r<<qi, Fig.2 shows RWS pictorially. 
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Figure 2 Roulette Wheel Selection [7] 
 
3.3. Cross-Over  
The crossover operator picks successive pairs of chromosomes from the current population. The decision to perform cross-over or not on a 
chosen pair rests with probability of crossover pc (also called crossover rate and is a user-defined parameter). Crossover rate is the probability 

Marker 
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that two parents will undergo cross over. The crossover can either be single point or multi-point crossover.  In the cases where no crossover 
allowed due to crossover rate being lower than a random number, then two offsprings formed are exact replicas (copies) of their respective 
parents. 

Further, within the chosen pairs, a randomly chosen point (chosen with uniform probability) is selected as the crossing site. If, however, 
the crossing site does not fall between the first and the last bit (i.e. within the chromosome length) (as the crossing site is selected only 
randomly and not even a single such site may be allocated to a chromosome pair), then again the two off springs are exact copies of 
respective parents. However, if the randomly chosen locus (crossover site) is within the chromosome, then this crossover operator 
exchanges the subsequence before and after that locus (crossover site) between the two chromosomes to create two offspring as shown in 
Fig.3 for binary chromosomes [5]. 

 
 
 

 
 
 
 
 
 

 
Figure 3 One point Crossover on Binary Chromosomes of length six each  

 
 
 

The algorithm given below may be used to perform Crossover [5]: 
 
a)  Generate a random number (float) ‘r’ in the range [0-1].  
(b)  If r < pc, select the given chromosome pair for crossover. 
(c)    Generate a random integer number, pos, between 1 and L-l (where L= chromosome length). This number is crossover site. 
(d) Two chosen chromosomes (a1a2 … apos-1apos … aL) & (b1b2  ... bpos-1bpos … bL) 
are replaced by a pair of their offspring: 
(a1a2…… apos-1bpos …..bL)  & (b1b2...bpos-1apos….aL) 
 
3.4. Mutation 
This operator randomly (with probability of mutation, pm, a user-supplied GA parameter also known as mutation rate) flips bits in a    
chromosome in case of a binary coded GA.  Mutation is an occasional event with small probability, and randomly alters the allele value in a 
chromosome. In binary coding, mutation means flipping of bits from 0 to 1 and vice-versa. There are many mutation schemes used by 
researchers. Mutation can occur at each bit position in a string with probability, pm (usually this probability is very small, e.g. 0.001 – 0.09). The 
following algorithm [5] can be used to perform mutation on binary chromosomes: 
 
(a) For each chromosome in the current (i.e. after crossover) population and for each bit within the chromosome, generate a random number 
(float) 'r' in the range [0 to 1]. 
(b) If r < pm, mutate the bit. 
 
4.  APPLICATIONS 
GAs find applications in science, engineering, designing, pharmaceuticals, business, financial forecasting, and sociology; to narrate 
the whole story of applications shall be quite exhaustive, so the most noticeable contributions are outlined in this section. Nature-
inspired computation regularly yields in amazing results while applying to complex search and optimization issues where 
conventional techniques are either not relevant or end up being unsuitable. GA is used to optimize parameters of digital filters [11], 
optimization of various design parameters of linear collider [12], refuelling of pressurized water reactors [13], optimization of aircraft 
design parameters [14][15], two dimensional shape representation [16], electromagnetic framework for portable mobile 
manipulators [17] optimization of configuration of survivable networks [8], and mixed integer evolution stratgies [18]. Standard GAs 
and their alternate forms are utilized to take care of combinatorial issues with straight forward representation of arrangements like 
production scheduling [19], set partitioning problem [20], vehicles routing [21], circuit switched telecommunication networks [22] 
and job shop scheduling [23]. GAs are also employed for issues identified with high specialization circuit design problems like 
planning of VLSI (Very Large Scale Integration) architectures and Electron Beam Lithography (EBL) [24], VLSI routing [25].  Genetic 
Programming is used for automated synthesis of electrical circuits [9]. An evolutionary approach for synthesis of high performance 
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analog integrated circuits is presented in [26]. In [27], Dengiz et al. present a local search GA for optimal design of reliable networks. 
The problem of channel asset administration is addressed in [28]. In [29], a steady state GA is used for generating fuzzy rules target 
tracking radar system. Xiao J. et al. [30], present planner/navigator for mobile robot. In reference [31], GA is used for automatic 
image registration by matching edge.  The authors of [32] present an introduction to GA and evolution strategies. An accurate credit 
management system for business application is given in [33]. Genetic algorithm is used for design of a self learning fuzzy logic 
controller in  [34]. The authors of [35] propose dynamic control of GA parameters using  fuzzy logic. Hwang et al. [36] present the 
design of intelligent controller using GA. Design of membership function & rule sets for fuzzy logic controllers using GA is presented 
in [37]. GAs are used for optimal design of membership function & control rules simultaneously for FLCs [38]. A GA-based PID 
controller tuner, using a fitness function constructed as the inverse of Integral Square Error (ISE) is presented in [39]. GA based 
epileptic seizure detection scheme is presented in [40][41]. Image enhancement using GA presented in [42]. Further listing of 
applications and survey on GAs can be found in [43], [44]. 
 
5. ADAPTIVE SCENARIOS IN GAs: 
The connection between GA control parameters settings and GA execution is considered as unpredictable relationship, yet there are 
approaches to comprehend this relationship [45] [46]. GAs tuned FLCs are can be found   in [38][47][48], their fundamental idea had 
been to use an FLC whose inputs are any combination of GA execution measures or current control parameters, which yields 
upgraded control parameters as depicted in Fig.4 [49]. Adaptive GA using FLC is presented in [35] [50] and [51]. In [52], an adaptive 
GA based upon FLCs, is used for multi-target improvement issues. In [52] a fuzzy learning GA is proposed for uniform guess of 
pareto-ideal arrangements. Adaptive GA operators based on co-evolution with fuzzy behaviours presented in [53].  No free lunch 
theorem is presented in [54]. Optimization of Control Parameters for Genetic Algorithms presnted in [55]. The adaptation in GA is 
mainly reported by introducing tuning of GA parameters with some computational intelligence tool like FLCs, neural networks etc.  
 

 
 

 
 
 
 
 
 

 
 
 
 
 
 
 
 

 
Figure 4 Structure of the AGA model based FLCs [49] 
 
 
 
5.1. Adaptation levels in GAs: 
The adaptation in Genetic Algorithms can be at three levels: 
 
Population level adaptation: The control parameters applicable for entire population undergo adaptation. Different types of cross 
over & mutation operators are used & allotted an initial application probability. These probabilities are updated with the evolution 
process such that operators causing generation of better chromosomes are allotted higher probabilities & vice versa. 
 
Individual level adaptation: Initially, each chromosome is allotted its own probability of cross over & mutation. Convergence state 
of the population & the fitness value of the chromosome decide the adaptive variation in the values of these probabilities in such a 
way that high fitness for the successive populations is achieved.  [52]. 
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Component level adjustment: These adjustments are powerful changes as to how the individual segment of every chromosome 
will be controlled freely from each other. The transformation probabilities connected with every piece of each chromosome are 
fused into a genetic representation, which develops with GA itself [30]. 
 
6. CONCLUSION 
In the present paper, the structure of a simple Genetic Algorithm has been discussed.  Various constituent operators of GA have 
been explained. The implementation algorithms have been given with details. However, the representation of population and that of 
objective function is dependent on the optimization problem at hand. The effective definition of the candidate solution and that of 
objective function make the GA work for the problem at hand.  The adaptation level in GAs is touched in brief and several 
applications of GAs are also explained. 
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