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ABSTRACT

The article discusses about the idea to estimatadmber of generations of offspring in a humaretjerprocess
on the basis of its computational analysis. As peralysis carried out and presented in this stmmmunication, It is
estimated from the result that the maximum numhdrsuccessive offspring generation is 60 while ®les were
considered for each parent therefore if the maxinmuman age is considered to be 100 years then @x@mam genetic
termination age after 60 generations is 3000 ydwe the offspring generation is considered dutire mid age of a

parent to estimate the maximum age for 60 gemgrstiuring the successive generation processes.
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INTRODUCTION

The Genetic Algorithm (GA) was invented by Profhddolland at the University of Michigan in 1975daibhas
been made widely popular by Prof. David Goldberghat University of Illinois [1-2]. GA is a class @volutionary
algorithms that typically use fixed-length charactgrings to represent their genetic informatioogether with a
population of individuals that undergo crossoved arutation in order to find interesting regionstloé search space. GA
work on the principle of “survival of the fittestiyhere the less fit members of a particular germaratre replaced by new
members formed by combining parts of highly fit nimws. The objective of the GA is to find an optirsalution to a
problem. It does not depend on the specific ardathe problem belongs to, and has been widely useflinction

optimization, automatic control, image processimgchine learning and other technology areas [3-5].
GA BASICS

Genetic Algorithms work by evolving a populatiohmembers over a number of generations. First,irhiel
population of members is generated. After this,fitmess of each member is evaluated, where thed# is a function of
the application. Two members or individuals arentbelected simultaneously. The selection is usymtihportional to the
fitness value, i.e., the members with higher fitnbave a greater probability of being selected.s€hmembers are then
crossed to form new individuals and these new mesnée mutated to avoid convergence to local optifhe resulting
members replace the less fit members of the oldilptipn. Thus, the fitness value of the populati®@improved with
every new generation. The different operationsefagic algorithm are described here [2], and itlean presented in a

process flowchart in figure 1. The operations aré#dows.

Initial Population: All genetic algorithms work on a population or dlection of several alternative solutions to theegi
problem. Each individual in the population is cdlke string or chromosome. These individuals aredas binary strings,

and the individual characters or symbols in thing#r are referred to as genes.
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Fitness Functiort The fithess function is an important componenthaf GA and has an important role in directing the
search toward high-quality solutions. An individeditness reflects its quality as a solution te firoblem, relative to the

other individuals. If, we consider the square fiortf(x) = %, where x is the input string value, known as aofosome.

Crossover: Crossover is the main operator used for reproductiocombines portions of two parents to create hew

individuals, called offspring, which inherit a comation of the features of the parents.

Mutation: Mutation is an incremental change made to each reewibthe population. Mutation enables new feattioes
be introduced into a population. Mutation can baelby flipping a bit. The GA operation invokes thatation operation
on the new bit strings very rarely, that is witlow probability, generating a random number fortebit and flipping this

bit only if the random number is less than or eqadahe mutation probability.
Termination: The termination condition determines stopping datafter the maximum number of generations.

Generation: The process of creating a new population from gistiag population through reproduction is called

generation.

Function optimization: For an n-input, single-output function, functiontiogization is technique to find the set of input

parameters that maximize the output function.
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Figure 1: Process Flowchart of Genetic Algorithm

The following tables 1 to 6 shows how the gendtiodthm code works to optimize the function f(xx*where
the range of x is taken from 0 to 27, and simutatiesult generated by the GA code written in Verilmitial population
of four strings is taken where each string is obB- For the fitness function f(x) =xvhere & x <27, the maximum

fitness value that can be attained is 729.
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Table 1
Initial population Fitnessfiion
Chromosome f(x) =X

(1) 01101 | 0010101001
(2) 11000 | 1001000000
(3) 01000 | 0000010000
(4) 10011 | 0101101001

Since 3rd chromosome is less fit member, it isaegd by most fit member that is 2nd chromosomeifossover

and mutation in the next evolution process.

Table 2: Mating Chromosomes for Crossover

(1) 01101

(2) 11000
(3) 11000
(4) 10011

Single point crossover is considered in this case.

Table 3

Chromosome 1 01| 101
Chromosome 2 11| 000
Offspring 1 01]000
Offspring 2 11101

hla 4

Chromosome 3 11| 000
Chromosome 4 10| 011
Offspring 3 11011
Offspring 4 10 | 000

The offspring then undergoes mutation operationtation occurred on offspring 3 and mutation po@ai bit-1,

this mutation point is generated randomly.

Table 5

Original Offspring 3 11m
Mutated Offspring 3 11m

After crossover and mutation operation the new faifmn is generated and it increases the fitnesstion.

Table 6: New population

(1) 01000
(2 11101
(3 11001
(4 10000

The process is repeated until function is optadiZThe function is optimized at generation nunteFhe output

of the simulation result gives f(x) = 729 at x=2hich gives the maximum value of the function.
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DESCRIPTION OF WORK

The genetic algorithm, explained in previous paapys, is used in the case of human genetic proSes=, it is
known that 23 chromosomes of each parent shamro fiuman cell’s nucleus of a baby therefore té6athromosomes
involves to produce an offspring. A genetic psscgl-2] & [6], consists of selection of chromos@mnerossover and
mutation for the generation of offspring includiogpying operation. In this study, it has been adergd that the genetic
generation process is functional, a square fitfiesstion is used, its simulation and analysis wizlcarried out and
presented here. It has been observed that maximuumber of generations for a human genetic prose®38 generations
while considering 8 codes per chromosome, it mélaaisafter 60 generation it terminates the furtpemeration process,
it has been presented in plot D of Figure 2, indase of 6 codes per chromosome the maximum gene@bcesses will
be 72, after that no further generation happershawn in plot B. Plot B and D has been generateitevebnsidering the
parents having maximum and minimum functional vabaticipated in their crossover selection prodesgarents to
produce offspring and only lower 6 codes were imed! in the genetic process in both cases, whifgdt C the crossover
happens between the two parents randomly seleftietheir 6 codes per chromosome per parent. Maximumber of
generations is 254 for randomly selected parentthé@ir crossover process to produce offspring. @bt has been

presented in Figure 2, each graph’s peak reprei@termination of a generation process aftelmagegenerations.
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Figure 2: Plot for the Termination of Successive d&pring Evolution Process (Y-Axis) after Certain Geerations

(X-Axis) in Human from an Initial Parent with 46 Chromosome

CONCLUSIONS

On the basis of above study, it is observed thatthximum offspring generation in a human genaticess is
deterministic and limited for its initial parentas shown in figure 2, the maximum numbers of sigieesoffspring
generation is 60, when 8 codes per chromosomesasasdered for each parent and the total estinggeds 3000 years,

if average generation age of each parent is asstorteel 50 years.
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