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Abstract

A genetic Algorithm is an evolutionary algorithm that models and simulates biological behavior,
whether evolution or genetics, to reach a high-quality solution for search and optimization problems.
There are many areas and applications to which genetic algorithms can be applied, like machine
learning, feature selection, engineering design, and function optimization. Three leading operators
must be applied to each generation's reproduction process; the first is the Selection process, which
is applied to the initial population to select the candidate parents to mate and recombine to produce
the next generation(offspring). The second operator is a crossover, which is applied to the selected
parents from the previous operation (Selection) to make new individuals (offspring) carrying the
same traits from parents by combining the parent's chromosomes; the last operator is a mutation,
which is applied to the new offspring after crossover. Mutation operation aims to change the value
of the chromosome gene randomly. In this research, the selection process will be demonstrated in
detail. Then, fitness proportionate selection (FPS) will be presented as one of the most popular
methods used in the selection process. The main problem of FPS is the candidate parent, which will
mate and recombine to reproduce the next generation; in some cases, a strong individual can mate
with a weak one and produce offspring with lower quality traits than the strong parents as a
consequence of trait exchange, which happens between that pair. The researcher proposed an
enhancement of the FPS algorithm to ensure that strong parents will mate and reproduce strong
offspring and propagate their strong traits to the next generations; the proposed enhancement can be
summarized as adding a step to the standards FPS to sort the selected individual in ascending or
descending order after selection process and before applying cross over and mutation phases. The
researcher conducted three experiments to prove the improvements in the fitness value as a
consequence of applying that additional step in the selection algorithm; the experiments were
performed with three different population sizes and reproduced 100 generations. The fitness score
was measured in each generation, and the researcher presented the fitness score evolution over the
GA iterations. The results were precise, proving that the sorted individuals after Selection gave better
fitness scores than those obtained by applying the standard FPS.

Keywords: Genetic Algorithm, Reproduction Operators, Selection, Fitness Proportional Selection
(FPS).

1 Introduction

Genetic Algorithm (GA): is an evolutionary algorithm that models and simulates biological behavior,
whether evolution or genetics, to reach a high-quality solution for search and optimization problems (Rowe,
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2012). It can also be defined as an adaptive heuristic search algorithm based on the principles of genetics and
natural Selection (Dimitrov & Baumann, 2011). The natural selection process means the survival ability of
strong species that can adapt to any environmental changes and reproduce for generations (Tinos et al.,
2023). In other words, “survival of the fittest”. The natural life cycle of reproduction is presented in
GA as follows in figure 1 (Yu etal., 2009): Real-life environment: optimization problem in GA, species
living in that environment: feasible solutions, adaptation degree of species in their surrounding
environment: quality of solutions (score of fitness function), A population of species: A set of feasible
solutions, evolutionary process in nature selection, recombination and mutation: GA stochastic
operators (Selection, crossover and mutation), population evolution to adapt their environment:
Applying the GA stochastic operators on the set of feasible solutions (Kawulok & Kawulok, 2022).

survival of the
fittest
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reproduction of
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evolution of
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Figure 1: Natural Life Cycle Reproduction

Problem Statement

In this research, the selection process will be demonstrated in detail. Then, fitness proportionate selection
(FPS) will be presented as one of the most popular methods used in the selection process (Al-Omari &
Al-Haija, 2024). The main problem of FPS is the candidate parent, which will mate and recombine to
reproduce the next generation. In some cases, a strong individual can mate with a weak one and produce
offspring with lower-quality traits than the strong parents due to the characteristics exchanged between
that pair.

Research Objectives

The main objective of this research is to propose an enhancement of the FPS algorithm to ensure that
strong parents will mate and reproduce strong offspring and propagate their strong traits to the next
generations. The proposed enhancement can be summarized as adding a step to the standard FPS to sort
the selected individual in ascending or descending order after the selection process and before applying
cross-over and mutation phases (Prakash & Prakash, 2023).

Research Structure

Five sections will be presented in this research. The first will introduce the genetic algorithm's meaning
and importance. In contrast, the second section will cover the background and the literature reviews
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related to genetic algorithms, a flowchart of genetic algorithms, genetic operators, the selection process,
and the different selection algorithms in GA. The third section will show the research methodology,
followed by the fourth section, which will display the results of the experiment which the researcher
conducted, and finally, the fifth section with the discussion and conclusion of the research (Flores-
Fernandez et al., 2024)

2 Background and Literature Review

The following section will present the main key concepts related to the research area, such as genetic
algorithms, genetic operators, Selection genetic operators, and the different algorithms used by genetic
algorithms for the selection phase (Jiménez-Carrion et al., 2023).

Genetic Algorithm

A genetic algorithm is one of the optimization algorithms that simulates the natural genetic inheritance
and Selection. It implements the evolutionary process of an initial population of species (organisms);
individuals with desirable traits have a higher chance to survive and reproduce, and the new offspring
of the species have the same desirable traits (Gliesch et al., 2017). In GA, the species are presented as
chromosomes, each composed of several genes that determine the variable values to solve a specific
problem (Hasegawa et al., 2017). The algorithm starts by generating a random initial population of
chromosomes and evaluating the fitness value for each chromosome to find the selection probability;
after finding the selection probability values, these values will be used in applying the genetic operator's
Selection, crossover, and mutation to produce a new generation (offspring). (Hasegawa et al., 2017)

In the crossover process, each pair of chromosomes (parents) are combined to produce a new pair of
chromosomes (offspring), inheriting all or some traits from their parents (Kapoor & Pillay, 2023). The
mutation randomly changes the chromosome's genes to introduce new traits and features into the new
generations (Doan et al., 2020). These reproduction processes are repeated for several generations or
iterations; in each iteration, the new population is evaluated by calculating the fitness function to find
fitness values; the reproduction process is stopped if the fitness scores in a generation converge to the
target fitness scores (Oliveto & Witt, 2012). While in some cases the algorithm will stop if the maximum
number of iterations is reached. There are many areas and applications to which genetic algorithms can
be applied, like machine learning, feature selection, engineering design, and function optimization
(Rowe, 2012; Onorato et al., 2024). Genetic algorithm basic operators: Three leading stochastic
operators must be applied for the reproduction of each generation and can be summarized as follows:

o Selection: The first operation applied to the initial population to select the candidate parents to
produce the next generation. The selected parents depend on their value of fitness function
(Bahramvash & Nikaeen, 2016). If the value of fitness function for a specific individual is high,
then the opportunity of choosing that individual is also high; the selected parent can pass their
strong traits to the next generation (offspring). Many methods are used for selection in GA, like
rank-based selection, fitness proportionate selection (roulette wheel), and tournament selection. All
of those selection methods rely on the probability of Selection (Tahera et al., 2007).

o Crossover: This process is applied to the selected parents from the previous operation (Selection)
to produce new individuals (offspring) carrying the same traits from parents by combining the
parents' chromosomes. A crossover points or points in the chromosomes are chosen randomly to
swap the values of genes in those points. Consequently, the offspring will carry new trait
combinations, increasing population diversity (Igbal & Hoque, 2016).
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e Mutation: This is the last operation applied to the new offspring after crossover; this operation aims
to change the value of the chromosomes gene randomly depending on the comparison between the
value of mutation probability and a random number; in most cases, the probability of mutation is
very low, but it is essential mainly that it can prevent the new generation from prematurely
converging to a local (value) optimal solution (Ahn et al., 2010).

These three operators are the fundamental operators in GA, while many other advanced operators,
such as elitism, transposition, inversion, and gene transfer, can improve the genetic algorithm's
performance (Torchinskii et al., 2018).

Genetic Algorithm Flowchart: Genetic algorithm steps can be visualized using flowcharts. They
are a valuable tool for developers to simplify the implementation of GA and provide a structured and
precise representation of the algorithms. Here is the flowchart of the GA structure shows in figure 2

(Kapoor & Pillay, 2023):

The initial population of strings
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Figure 2: Structure of GA

The Selection Process in Genetic Algorithms

The most important phase in GA programming is the parent selection phase, which determines the
candidate chromosomes from the initial population to be parents for the reproduction process to produce
new offspring in the next generations (Tatsumi et al., 2017). also, the number of created children must
be determined in the cross-over phase; many methods were presented in GA research papers dealing
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with parent selection; the common goal of all those methods is how to improve the performance of
problem-solving with addition to improving the chromosome characteristics in the evolved generations
(Marrero et al., 2021). Parent selection can be defined as the parent's selection process in which they
mate and recombine to produce the next generation of offspring; it is a very crucial step because it
directly affects the GA convergence rate (Helmuth & Abdelhady, 2020); parents with good
characteristics can quickly drive chromosomes to a fitter and better solutions, this can be measured by
fitting scores for the offspring or the produced generations (Marrero et al., 2021). One of the issues that
must be considered in the selection process is avoiding the fit solutions extremely (Smith, 2007; Maltare
et al., 2023). That means avoiding the power of one dominant chromosome in the reproduction process
in many sequential generations. The consequences will lead to the closeness of solutions in the solution
space, which makes the diversity of solutions very low, and this is an undesirable issue in GA (Helmuth
& Abdelhady, 2020). The GA's success strongly depends on the diversity of the candidate solutions, so
the GA must maintain an acceptable degree of diversity of candidate solutions (chromosomes) in the
solution space (Nazmul & Chetty, 2013). One of the issues related to the dominant chromosomes is
called premature convergence, which all GA developers try not to reach (Acampora et al., 2021).

Parent selection in GA: These methods can be used in the selection phase to select candidate parents
in the next generation. The most popular method is Fitness Proportional selection; in this method, any
chromosomes from the initial population have a chance and are eligible to be selected as parents in the
reproduction process depending on their selection probability, which can be defined as proportional to
their fitness. Therefore, chromosomes with desirable characteristics (fitter) have a higher chance of
being chosen as parents to be mated and reproduce offspring that propagate their features to the next
generations (Nazmul & Chetty, 2013). The Importance of the propagated features in the reproduced
generation requires a selection strategy that guarantees choosing more fit chromosomes from the
population to produce better-evolved chromosomes over time (Helmuth & Abdelhady, 2020). Fitness
Proportional selection can be implemented in roulette wheel selection, tournament selection, Rank
Selection, and Stochastic Universal Sampling (Acampora et al., 2021).

Genetic Algorithm Parent Selection Methods

Selection can be defined as a stage in evolutionary algorithms, especially in genetic algorithms, where
several chromosomes are selected from an initial population of chromosomes as candidate parents to be
mate and exchange their features with the produced offspring; these selected chromosomes are potentially
high-quality solutions to recombine and produce new generations, the process of features exchange is the
output of the crossover and mutation phases (Liu & Shang, 2014). Many algorithms can be applied in
the selection phase in the evolutionary algorithms and will be listed in this research.

o Fitness proportionate selection (FPS), also known as Roulette Wheel Selection: In this method, the
chance for choosing any chromosome to be selected as a candidate parent depends on the
proportional of chromosome fitness to the summation of all fitness in the initial population (Gupta,
2009). The most important feature of the FPS algorithm is that there is always a chance, even for
weak chromosomes, to survive in the next generations, unlike the truncation selection algorithm,
which refers to the probability of selection technique used by FPS. Also, this feature can help offer
a diversity of solutions, which can lead to improvements in the new offspring after the
recombination process (Hart et al., 2015). FPS will be presented in detail later in this research.

o Rank selection: the rank selection algorithm similar to some extant to FPS, the main idea in this
algorithm is to sort the initial population upon their fitness function and the probability of Selection
is then calculated upon the chromosome rank in the population (Nuhu et al., 2021). Also, this
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algorithm gives a chance for weak chromosomes to survive and evolve in the next generations
(Corus et al., 2021).

o Steady State Selection: This selection algorithm relies on two stages. The first stage selects a certain
percentage of high-quality chromosomes from the initial population and lets them recombine and
produce new offspring. The second step is to replace the old low-quality chromosomes from the
initial population with the new high-quality offspring (Valem & Pedronette, 2019).

e Reward-based Selection: This selection algorithm depends on the principle of rewarding; the
rewards are granted to the chromosome upon their actual Selection in the new generations; in simple
words, if an offspring is selected in a particular generation, then it is rewarded and also his parents
get rewards, the added value of the rewards improve the probability of Selection of that offspring
in the next generations, the most important advantage of reward-based Selection is the speedy
process for the identifications of the most fruitful chromosomes in the recombination process, by
cumulative rewards for that chromosome (He et al., 2010).

e Tournament Selection: The tournament selection algorithm depends on the idea of conducting
several tournaments among groups of chromosomes selected randomly; the process of deciding the
winner depends on the fitness score for the chromosomes in the tournament after finishing all
tournaments and after achieving the desired number of selected chromosomes, these chromosomes
go to the next step of recombining and reproduce new offspring by applying the crossover and
mutation processes. The number of tournaments set by the algorithm has an effect on the quality of
the selected parents; that means if there is a large number of tournaments, the checking which each
candidate's parents will be stricter while evaluating the high quality and the fitness score value
(Pantridge et al., 2018).

e Stochastic universal sampling: This algorithm is extended from Fitness proportionate selection
(FPS) with a main modification of setting multiple points for the selection process; the fitness value
and the fitness proportion are calculated in the same way used in FPS, just the selection point is
changed in FPS is just one point while in SUS multiple points (Tallon-Ballesteros et al., 2020).

e Truncation selection: This method simulates the natural breeding process, which evaluates the
fitness score of the initial population of chromosomes. Then, a predefined portion of the weak
chromosomes is replaced by high-quality chromosomes, recombined, and strong offspring
reproduce, carrying the same features from the selected parents (Motoki, 2002).

o Elitist Selection: This method is carried out by partial recombination of strong chromosomes while
keeping some chromosomes that carry very high-quality features (elite chromosomes) without any
change or modification to the next generation (Du et al., 2009).

Problem statement: According to Darwin's evolution theory 1875, the best and strongest individuals
or species survive to participate in the generation's reproduction. Evolution comes from changing
organisms over generations by exchanging the features of parents and offspring. So, the most important
issue in the reproduction process is selecting the parents; the selected parent will propagate their traits to
their offspring and the next generations. Fit and strong species in the population evolve better species
over time. Selection is one of the leading GA operators; there are two main Approaches to Selection: the
first one is (Parent Selection) and the second one is (Survivor Selection). Parent selection means selecting
parents from the current generation and applying the reproduction process to generate offspring.

In contrast, survivor selection means selecting parents from the parents and their offspring to
reproduce new generations. In this research, the researcher will demonstrate the fitness Proportionate
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selection (FPS) algorithm as one of the most common algorithms applied in the selection stage in the GA
reproduction process. After that, the researcher will propose a new modification to improve the fitness
function scores of the reproduced generation.

Fitness Proportionate Selection

Fitness Proportionate Selection (FPS): Fitness Proportionate Selection is an algorithm used to select
parents from the initial population to reproduce offspring of that generation. This algorithm is also
known as Roulette Wheel Selection; each individual or chromosome in the population is assigned a
fitness score from the optimized function, and then each fitness score is used to calculate the probability
of Selection for each chromosome. The selection probability is calculated by dividing the chromosome
fitness score by the summation of all fitness scores in the population. Probability to select x;= fitness
score of xi/sum of fitness scores, this algorithm is called fitness proportionate selection because the
probability of Selection depends on proportional of the summation of fitness in the population. FPS is
considered one of the most popular selection algorithm because it gives the chromosomes even with low
probability of Selection a chance to survive in the selection process.

FPS algorithm steps

e For each chromosome in the population calculate the fitness score by applying the function being
optimized to the chromosome value.

o Calculate the fitness scores summation for all chromosomes in the population.

e For each chromosome calculate the selection probability by dividing the chromosome fitness score
by summation of fitness score for the whole population 4- Generate random numbers between 0
and 1.

e For each chromosome, make a comparison between its probability of Selection with the generated
random number; if the random number is less or equal to the probability of Selection, then select
that chromosome as a candidate parent for recombination.

o Step five is repeated until the same number of the initial population is reached.

Fitness Proportionate Selection algorithm enhancement: The researcher has proposed an
enhancement to the standard Fitness Proportionate Selection (FPS) algorithm by adding an additional
step to the standard algorithm. The main idea is to rearrange the selected chromosome in an ascending
or descending order after completing the selection process, this step will ensure that the strongest
chromosomes will mate together and reproduce the offspring and as mentioned before in this research
Fit and strong species in the population evolve better species over time. And to insure that fit and strong
species will mate together we must force them to mate to each other. To simplify the idea, FPS gives
chromosomes with low probability of Selection a chance to survive in the selection process. That means
that the selected chromosomes may have weak chromosomes with low fitness scores, the problem in
this case that when the parents are selected as pairs to reproduce new offspring, there is a chance that
strong chromosome is mate with weak chromosome leading to decrease the strong traits in their offspring
and next generation as a consequence of traits swapping, this case can be avoided by force the algorithm
to aggregate the strong chromosomes to gather in order to mate and reproduce new strong off spring ,
this can happened by reordering the selected chromosomes upon their fitness score then choose parents
in a sequential way. For example, suppose that after completing the selection process for a given
maximization optimization problem, the selected chromosomes and their fitness scores are as follows:
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Table 1: Calculating Fitness Scores

Selected chromosome | Fitness score (maximum optimization)
X111111 961
X2 00001 1
X3 11110 900
X4 00010 4
X511101 841
X6 11110 900

The standard FPS algorithm will divide them into three pairs (x1, x2), (x3, x4), and (x5, x6), then
apply the crossover and mutation phases for them. The above table 1 shows that x1 is the fittest
chromosome will mate to the weakest chromosome x2, which means if any swapping of values (traits)
happened in any digit except the first one it will destroy x1’s strength and the offspring of that pair will
not have the same strong traits, x3 and x4 will face the same problem. But if the proposed enhancement
is applied to the selected chromosomes, the parent's pairs will be as follows

Table 2: Reordering Population Regarding Fitness Scores

Selected chromosome | Fitness score (maximum optimization)
X111111 961
X3 11110 900
X6 11110 900
X5 11101 841
X4 00010 4
X2 00001 1

In table 2 shows the result of applying the reordering step to selected chromosomes is ensuring that
strong chromosomes will mate to each other as parents and go through to reproduce strong offspring
by maintaining the strong traits to their off spring, the parent’s pairs in this case will be (X1, x3), (X6,
x5), and (x4, x2). That means that there will be a guarantee that the offspring will carry strong traits
(high fitness score), which means higher probability to be selected in next generations.

FPS enhancement algorithm

e For each chromosome in the population calculate the fitness score by applying the function being
optimized to the chromosome value.

o Calculate the fitness scores summation for all chromosomes in the population

o For each chromosome, calculate the selection probability by dividing the chromosome fitness score
by the summation of the fitness score for the whole population

e Generate random numbers between 0 and 1

e For each chromosome, make a comparison between its probability of Selection with the generated
random number; if the random number is less or equal to the probability of Selection, then select
that chromosome as a candidate parent for recombination

o Step five is repeated until the same number of the initial population is reached

o Reorder (sort) the selected chromosome in a descending order then choose the pairs of parents for
the next stages in the reproduction process.
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3 Research Methodology

The researcher had conducted an experiment to show how the growth of fitness function scores was
affected by random Selection of parents which used by the basic FPS and the enhanced FPS which was
proposed in this research

The researcher had conducted three different experiments using Genetic algorithm to optimize a
function f(X)= x? for maximization, the first one with population size= 4 and the second one with
population size = 10 while the third one with population size = 20, for each population size the researcher
had implemented 10,000 iteration to produce 100 new generations, the researcher use a chromosome
length =16 bit, cross over probability was set to 0.3 while the mutation probability was set to .03, the
random seed was used to generate random numbers to make the comparisons needed in the Selection,
cross over and mutation phases, the experiments details can be summarized as flow in table 3:

Table 3: The Conducted Experiments Details

Population No. of Function being optimized for FPS Enhanced FBS
size iterations maximization

4 10000 F(x)=x? Fitness scores Fitness scores
average average

10 10000 F(x)=x? Fitness scores Fitness scores
average average

20 10000 F(x)=x? Fitness scores Fitness scores
average average

In each iteration the average of fitness scores was calculated for the new population (offspring), then
the evolution of fitness scores average was visualized and represented using a chart to show clearly how
the fitness scores average was increasing in both FPS and Enhanced FPS.

4 Experiments Results

The following charts represent the fitness value evolution for one hundred generation reproduced using
the standard FPS and the proposed enhanced FPS, each chart shows the result for certain number of
populations, population size in (figures 3 and 4) is 4, in (figures 5 and 6) is 10, and in (figures 7 and 8)
is 20.

Average Population Performance (Proportional Fitness)
Size: 4
(Average of 10,000 Tests)

Figure 3: Generations Fitness Average for Standard FPS and Enhanced FPS, Population Size = 4
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Figure 4: Generations Fitness Average for Standard FPS and Enhanced FPS,
Population Size = 4 Zoomed in
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Figure 5: Generations Fitness Average for Standard FPS and Enhanced FPS, Population Size = 10
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Figure 6: Generations Fitness Average for Standard FPS and Enhanced FPS,
Population Size = 10 Zoomed in
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Average Population Performance (Proportional Fitness)
Size: 20
(Average of 10,000 Tests)
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Figure 7: Generations Fitness Average for Standard FPS and Enhanced FPS, Population Size = 20

Average Population Performance (Proportional Fitness)
Size: 20
(Average of 10,000 Tests)
Zoomed In

Figure 8: Generations Fitness Average for Standard FPS and Enhanced FPS,
Population Size = 20 zoomed in

5 Results Discussion and Conclusion

The obtained results from applying FPS and Enhanced FPS as displayed in the previous section show
clearly the positive effect of applying the new enhanced FPS to the selection process in Genetic
algorithms and prove that the main problem of the standard FPS is the parent pair selection after finishing
the selecting process, that’s refer to the probability of strong chromosomes can mate and recombine with
weak chromosomes which lead to produce off spring not strong enough as the strong parent and in some
situation it leads to lose some of strong traits which carried by parents, while the proposed enhanced
FPS algorithm will sort the chromosomes after selection process upon their fitness values and after that
select the pairs of parents sequentially, this sorting guarantee that strong chromosomes will mate
together and recombine to reproduce strong offspring as a consequence of reproduction process . The
results obtained from the conducted three experiments show that the result of applying the enhanced
FPS is always better than the standard FPS. It also important to mention that the proposed enhanced FPS
algorithm maintain the most important feature of Genetic Algorithm which is the ability of chromosomes
even with low probability of Selection a chance to survive in the selection process but with elimination
of the weak chromosomes damages for the reproduced generations.
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