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Abstract

Genetic algorithms (GAs) are stochastic based heuristic search methods which are
inspired by the Darwin’s theory of evolution. This random search optimization
technique using three main operators that are selection, crossover and mutation. These
operators aid in obtaining the best solutions for both constraint and unconstraint
optimization problems. In the current thesis, a new aspect of genetically focused
research is being pursued that offers comprehensive operating theory for multi-
offspring crossover operators. In the context of real-coded crossover, we will now put
a greater emphasis on how effectively designed crossover operators and can improve
the performance of the GA process. Currently, the probability based recoded
crossover operators included Exponential, Laplace, Fisk, Gompertz, Weibull, Double
pareto, Rayleigh, Lindely are used in the study. The performance of these operators
are assessed using a number of well-known benchmark functions. Moreover, some
real-coded crossover operators are also presented with unique idea of mixture
distribution including Rayleigh and Lindely probability distributions. These
probability distributions are co-integrated with a variety of parameters. Overall,
simulated results and performance indices will show that the new crossover
procedures are quite effective for obtaining optimal solutions. As a result, the
proposed genetic operators are built to utilize the right qualities of optimization
theory, which direct the GA process for the convergence to a practicable solutions.

This thesis is composed of five chapters.

xui



CHAPTER1
INTRODUCTION

1.1 Introduction

The technique of optimization spans various fields of study and finds relevance in
situations where choosing the best among given alternatives is crucial. These diverse
areas encompass engineering, management science, medicine, computer science,
applied mathematics, and more. Naturally, each field perceives optimization from its
unique standpoint, but the ultimate objective remains the same — making an optimal
decision. Due to its wide-ranging applicability in different disciplines, a concise single
definition of optimization becomes challenging to establish. For instance,
mathematicians seek to determine the maximum or minimum of a real function within
a defined set of variables. In the realms of computing and engineering, the aim is to
maximize system or application performance while minimizing runtime and resource

consumption as much as possible. (Chu & Beasley, 1995).

The best solutions are frequently needed in various real-life decision-making situations.
Any engineering, scientific, economic, or financial problems could be one of these.
When the quality of potential answers can be objectively characterized, finding a
superior and occasionally optimal response via an algorithm may be possible. In this
situation, choices are made by building optimization models that capture the essence of
the issue and then resolving those using mathematical techniques. Constrained
optimization problems thus form the core of the most basic optimization scenario,
despite the fact that the current research study only takes into account unconstrained
optimization problems. Mathematically, an unconstrained nonlinear optimization

problem is:

Min f(y), where f: R™ - R,
and S={yeP*1g;(y) <0,h(y)=0,i=12,..,kj=12,...mym<n}

where the function “f” is the objective function and more precisely known as the cost
function and y € S, the elements of set S are the feasible solutions. A feasible
solution, y € S which maximizing/minimizing the objective function according to the

nature of the problem. Hence, the f is known as the optimal solution. Generally, the



basic aim of the optimization is to find the most suitable values of the decision variables
which minimize or maximize objective function concerning some given restrictions.
The gradient information is always employed by optimization strategies for
unconstrained problems to find the optima. As a result, the objective functions with
non-differentiable components can be solved using the gradient-based optimization
technique known as proximal gradient descent. Due to their inability to handle discrete
variables effectively, these strategies are most likely stalled at a local optimum for
multimodal objective functions. Since the local optima are frequently attained at the
global optima, gradient-based approaches are frequently assured of this.

1.2 Evolutionary Algorithms

A population-based stochastic optimization approach is known as an evolutionary
algorithm (EA). This dissertation accepts the idea that EAs and Evolutionary
Computation (EC) algorithms are interchangeable terms. Metaheuristic algorithms or
simply metaheuristics have also been used to describe these algorithms. Evolutionary
optimization is the practice of using EC algorithms for optimization.

In the initial stage, the goal of Evolutionary Algorithms is to connect the algorithms to
the real-life issue. This establishes a link between the ecology of the onginal issue and
the area of problem-solving where progress takes place. This process 1s described as
the representation and storage of potential solutions in a fashion that allows for
computer manipulation. They can typically be expressed as binary codes consisting of
0Os and Is. The encoding technique that encodes potential search candidates must be
carefully chosen, and each chromosome is represented by a vector whose length
depends on the number of choice variables that define the search space's dimensions.
1.3 Genetic Algorithms

Population-based metaheuristic optimization techniques called genetic algorithms
(GAs) examine randomly selected individuals and chromosomes across the search
space. John Holland developed the fundamental concept of genetic algorithms in the
1960s, drawing inspiration from Darwin's notion of evolution's "survival of the fittest"
(Holland, 1992). These algorithmic techniques work well for resolving issues with and
without restrictions in optimization in a search space that has all conceivable solutions.
Strong, workable solutions will be passed down to the next generation, but ineffective
ones will be abandoned. These workable answers are assessed based on their fitness
ratings and are referred to as the population of individuals. Strong, workable answers

will be passed down to the following poor solutions and will be replaced in the



following generation. To give fitness values and initialize the starting point in the search
space is the most crucial component of the genetic algorithm framework (Sivanandam
& Deepa, 2008). Before going into further detail regarding GAs, there are a few key
terms that are frequently used in the literature on GAs. Genes are a set of parameters
that define an individual. By connecting genes, a chromosome is produced (solution).

A genetic algorithm represents a person's genetic makeup as a string or an alphabet.
The most common type of value is binary (a string of Is and 0s). The closeness of the
chromosomes from the specified solution is summed together and measured using the
fitness value. Each of these chromosomes would undergo a fitness test based on the
fitness function after producing the solutions represented by the chromosomes.

GA always attempts to produce better people by causing the population to develop from
an initial randomly produced population. By exchanging information with one another
to create new individuals or by altering existing ones, the evolution process is finished.
The people who exchange information are known as parents, and the new people
created as a result of the information exchange are known as children (offspring). As
shown in Figure 1.1, GA is an iterative process with three primary operators: crossover,
mutation, and selection.

The GA algorithm will keep running until the termination requirement is satisfied. To
create a robust search space, the theoretical foundation of GA is based on an artificial
evolutionary process. Initializing the population and finding potential answers to the
challenges at hand are the first steps in the algonthmic process. A collection of genes,
referred to as chromosomes, serves as the population's initialization, and each gene
holds all of the properties of the data set. It is crucial to choose the right objective
function because each chromosome has a fitness value that depends on the complexity
of the issue. Using genetic operators like selection, crossover, and mutation, GAs
evolve the population.

The primary goal of the choice operator is to raise the standard of answers by preferring
the most suited chromosomes and preventing those with low fitness values. The mating
pool will then be chosen from these chromosomes. The crossover operator mixes the
solutions' chosen components during the recombination phase to create new offspring.
It is the process of genetic material being transferred between two chromosomes that
were chosen during the reproductive stage. In the meantime, the mutation process seeks

to promote variety in the new population with a very low likelihood (Hagq et al., 2019a).



Through the generations, genetic operators can preserve genetic diversity. Genetic

variety or genetic variability is essential to the evolutionary process.

Encodingﬁi

Figure 1.1: Flowchart of the basic steps in GA (Haq et al., 2019)

In all evolutionary algorithms, GA is the best algorithmic technique because it strikes
the right balance between two opposing meirics for performance: exploitation
(selection pressure) and exploration (population diversity). Exploitation is the act of
fast getting to the best result, while exploration is the capacity of an algorithm to look
up or investigate each component of the available lookup field. The GA performs better
when exploration and exploitation are balanced properly.

1.3.1 The Selection Operators:

Selection for reproduction and selection for survival are two separate groups of
selection operators in the EA. It happens frequently that the operator being mentioned
depends on the context of the conversation. The evolutionary theories of biology

provide a foundation for both operators.



The method of selecting the next generation from populations of parent and child
individuals is called survival selection. According to the conventional generational
theory, the parent population will be entirely replaced by the kid population.

1.3.1.1 Tournament Selection (TS)

The TS method is an easy-to-use ranking-based selection process. For the binary
tournament selection, two individuals are picked at random, and the winning
chromosome is then selected for the mating pool based on having the highest fitness
value (Haq et al., 2019a). The weakest chromosomes, on the other hand, will not be
able to mate because of their low fitness value when compared to a predetermined
selection probability, pi. Therefore, Equation 3.1 gives the predetermined selection
probability "pi" of the (i) sorted individual:

P; =%((Z—i+1)‘—(z—i)‘); ie{1,2,..,2} (1.3)
where t is the size of the competition and Z is the population size. t=2 and t >2 are the
conditions for the binary tournament. If more than two people are wanted, the TS can
also be expanded (Sivanandam & Deepa, 2008).

1.3.2 The Crossover Operators:

The most complicated EA operator, crossover, is also occasionally referred to as the
recombination operator in the literature. A reproduction selection process that selects
at least two parent strings is necessary for crossover. It draws inspiration from the
genetic recombination seen during the reproduction process known as meiosis. Keep in
mind that there are significant differences between the specifics of biological crossover
between diploid organisms and the crossover operator of the EA. The fundamental
concept is to somehow integrate the genetic information from two or more parents to
roughly imitate the consequences of breeding in wild populations.

1.3.2.1 Mechanism for crossover

Crossover is the process of recombining chosen people to produce new offspring that
share some distinguishing characteristics with their parents. The genotype's
characteristics and how well the parents pass on their traits to the offspring determine
the crossover technique's operation. Therefore, Parkinson (2004) investigated how

recombination passed inherited traits from parents to offspring.



1.3.2.2 Crossover with the binary string
The most straightforward way to represent a chromosome in GA is by binary encoding.
The following crossover operators with binary string (Haq et al., 2019c) are thus
broadly applicable to address a variety of real-world issues:

® One-point crossover (see Figure 1.2)

e Two-point crossover

e Multi-point crossover (see Figure 1.3)

e Uniform crossover etc.
1.3.2.3 Path-based crossover (Permutation-based string)
A path-based crossover is frequently employed in algorithmic studies to effectively
resolve combinatory-type difficulties. Permutation-based crossover is most famously
recognized for its framework, which guarantees that each individual's tracks have a
valid permutation (Hagq et al., 2019c). The following are a few examples of path-based

crossover operators:

o Partially-mapped crossover
o Cycle crossover

e Order crossover

Parent | 0

;.:-
(=]
—
=
>
—

e | 1 | 0 ¢ 1 | 0 | 1 1 1 |0

Offsprngl = 0 1

Ofiprag2 | 1 0 | 1 . 0 , 1 | 0 @ 1

-

Figure 1.2: Visual description of one-point crossover



! |
Parent | 0 1 o =g o 0 1
Parent2 | 1 0 1| e] 1 1 0
Offspringl 0 0 0 &:L 0 1 1 I a
g2 | 1 1 1 | fed 1 0 0
Offspring ! Izz,,j!L |
! |

Figure 1.3: Visual description of multi-point crossover

1.3.2.4 Real-coded crossover
Real-coded genetic algorithms are a basic idea that Lucasius and Kateman (1989) put
into the context of evolutionary optimization approaches. According to Yu and Kuang
(2010), Wang et al. (2011), and Hagq et al. (2020), real-coded genetic algorithms provide
many benefits, such as appropriate precision, no requirement for Encoding, and a
thorough random space search, low-cost computing, quick convergence, and enclosed
danger of becoming trapped at local rather than universal optimums. Here are a couple
of crossover operators with genuine coding.

e Arithmetic crossover

e Flat crossover

e Blend crossover

e Fuzzy Connectives Based crossover

e Heuristic crossover

e Simulated binary crossover

e Laplace real-coded crossover

¢ XIM real-coded crossover

e Double-Pareto crossover‘
1.3.3 The Mutation Operator
The EA's mutation operator is arguably its most basic counterpart. It draws inspiration
from the fundamental mutation seen in biological genetics as a result of different
transcriptional effects and spontaneous chromosome changes seen in early evolutionary
studies. Using a bit-flip probability applied to each bit separately is the most typical

mutation strategy for binary genomes. Assuming an expected single-bit flip but



allowing for variation, a typical mutation rate is 1/n. Others have used a rate of 1/mn,
which predicts that one bit will be flipped in each generation over the entire population.
1.3.3.1 Mechanism for mutation
The GA recombination phase's final algorithmic step is a mutation, which guards
against the new population becoming locked at local optimal circumstances and
maintains population diversity. The process of mutation will help the population
produce better offspring than the previous generation. With some aspects in the solution
that will be mutated or modified with a minor probability, Pm=0.001 is typically
indicated and is beneficial in making the algorithmic process more dependable
(Bandyopadhyay & Maulik, 2002). The mutation is characterized by a little, arbitrary
change in the chromosome, leading to a new solution.
The mutation clock created by Goldberg (1989) addresses several issues with
* computing complexity that can arise during the mutation process. A mutation in a
constrained environment expards the search space. A tiny chromosomal variation could
have a big effect on the next generation. By addressing the issue of local optima, new
search spaces are intended to be obtained. The mutation is a procedure that involves
flipping, reversing, swapping, and exchanging bits in the binary strings that Hong et al.
(2000; have explored. The idea of flipping, swapping, and inverting binary bit values
1s shown in Figure 1.4.



o | 1 [ o [ 1 [ o | o | 1

le————— Flipping of all bits in the string

Figure 1.4: Visual description of flipping, swapping, and inverting binary bit

1.4 Parameters in genetic algorithms:

One of the most crucial elements in an effective algorithmic process is parameter
selection. In GA, selecting the initial population (population size), crossover
probability, and mutation rate are crucial for arriving at the best solution De Jong
(1980) proposed a balanced GA parameter adjustment that was beneficial for the
efficient genetic process Mitchell (1998) discussed how suitable population size, low
mutation rate, and a comparatively high crossover probability affected algorithmic
investigations. Furthermore, Hopgood (2011) proposed that to achieve the best
outcomes, the values of genetic parameters should be modified in accordance with the
nature of the issues.

1.4.1 Population size:

The population is chosen for the seamless application of GA in a fully random manner,
but the size, complexity, and accessibility of the problem also play important roles in
the efficient search for the best solution. Goldberg (1989), Schmitt, and Amini (1998),
and jointly proposed that the maximum number of generations and the minimum
population size have a better-controlled search space for global optimization. However,
the issue of a small population size raises the possibility of premature convergence.
Reeves (1993) and Chatterjee et al. (1996), among others, have found that a large

population size increases population diversity. The drawback of the huge population



size, however, causes a long convergence time and high computational load. Therefore,
Goldberg (2002) indicated that choosing the right population size is important for
overall optimization.

1.4.2 Generation gap:

In certain circumstances, it's possible that comparably fit candidates won't be chosen
for the following generation during the selection process. A generation gap is defined
as a parameter in the GA process to replace the fixed ratio of the population in each
generation to address these issues. As a result, the crossover process maintains a
constant percentage of the generally better fitness values, and this replaces the new one
across the board. As a result, the De Jong and Sarma (1993) study's findings about the
generation gap are acknowledged.

1.5 Benchmark function

Different guided random search algorithmic techniques have been created in the past to
address various optimization issues. Genetic algorithms (GAs), simulated annealing
(SA), ant colony optimization (ACO), and particle swarm optimization (PSO) are
subcategories of these algorithmic techniques. Although these algorithmic methods
have effective search capabilities, they may have trouble with challenging optimization
issues. As a result, it is also noted that different optimization issues suffer from the
curse of dimensionality. According to the algorithms' performance degrades as the
search space's dimensions grow. This flaw is primarily caused by two factors: first, the
aspects of the problem might change depending on the problem's magnitude and nature,
and second, the solution space of optimization problems grows exponentially as the
dimension rises. A better example is the Rosenbrock benchmark function, which is
unimodal for two dimensions but multimodal for multiple dimensions.

By using several well-known benchmark functions from the standard literature that
have more varied properties, optimization issue complexity can be evaluated (Molga &
Smutnicki, 2005). Benchmarks might be different well-known continuous test issues.
These benchmarks can be grouped based on the following characteristics.

Convex and unimodal with several dimensions: It is possible to evaluate the
algorithmic performance and gradual convergence to the ideal solution using this
combination of benchmark properties.

Multimodal, bi-dimensional, and with few local optima: This combination in the
benchmark is used to assess the effectiveness of conventional optimization methods in

a hostile environment.
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Bi-dimensional, multimodal, and having a high number of local optimums: It is
utilized for intelligent resistance-based optimization methods like the genetic algorithm
and simulated annealing, among others. These algorithmic techniques are built on a
fictitious framework for two-dimensional optimization techniques, which are extremely
uncommon in actual use.

Multidimensional and multimodal with a large number of local optimums: This
set of characteristics can be used to assess intelligent resistant optimization issues. It
1s also advised for discrete optimization issues because they practically enable higher
dimensions.

The extensive list of benchmark procedures includes Rosenbrock, Cosine mixture,
Schwefel , Sphere Function , Styblinski-Tang , Sum of Power , Drop-wave , Rastrigin,
Levy and Mantalvo and New function the effectiveness and viability of suggested
evolutionary approaches are assessed (Jamil & Yang, 2013).

11



1.6 Objectives of the study

Designing and creating selection and crossover systems based on probability utilizing
statistical computing techniques is the study's main goal. Several combinatorial
optimization problems and well-known benchmark functions with a range of properties
are used to evaluate these approaches. With the use of appropriate statistical

approaches, our work on genetic algorithms has the following precise objectives:

e To analytically investigate the elements and steps involved in genetic
algorithms.

¢ To maintain population diversity through a process of crossover that can avoid
premature convergence.

e To exploit promising regions in the solution space where good solutions are
likely to be found.

e To create a fine balance between population diversity and selection pressure
for exploring the better solution space.

¢ To enhancement the functionality of complex multimodal benchmarks.

e To validate and optimize the effectiveness of the proposed crossover operators
against existing alternatives via simulation research.

e To implement statistical evaluation approaches while conducting simulation-
based comparative evaluations of the current versus newly proposed crossover

schemes.

12



Chapter 2
Literature Review

The British naturalist Charles Darwin first proposed the fundamental theory of natural
selection in 1859; see, for instance, Holland (1992). According to the principle of
natural selection, it is more likely for people who have particular advantageous features
to reproduce and pass on their distinguishing traits to their progeny. As a result, people
with less desirable traits will eventually disappear from the population. Chromosomes,
which are formed of genes, are where the genetic inheritance is stored, according to a
natural phenomenon (Haq et al., 2019a). The traits of each person are determined by
their genes, which are passed on to their offspring when they mate. Sometimes
throughout the genetic process, the shape of the chromosomes might alter as a result of
crossing and mutation (Goldberg, 1989). The average population will continue to grow
as a result of the natural process of reproduction increasing the number of people with

desirable traits.

Thus, the crossover operator uses exploring the new search space using genetic
information across chromosomes, whereas the mutation operator uses genetic
information between chromosomes to preserve population diversity and prevent early
convergence (Haq et al, 2019b). Numerous population-based probabilistic
optimization strategies exist that are non-continuous or non-differentiable objective
functions to maintain population diversity and avoid local optima. These methods
include genetic algorithms (Holland, 1991; Deb, 2000); particle swarm optimization
(Eberhart et al., 2001); simulated annealing (Kirkpatrick et al., 1983); differential
evolution (Price et al., 2006); ant colony optimization (Dorigo, 1991); and tabu search
(Glover, 1986; Knox, 1994), among others. Thus, guided random search methods
constitute the umbrella term for all of these optimization strategies (Goldberg, 1991).
GA is the most effective method for comprehending and resolving issues with little

information.

A real-coded genetic algorithm has attracted a lot of interest in recent years due to its
unique and remarkable performance. As a result, numerous academics conducted in-
depth analyses and produced useful findings. The GA performance is significantly
impacted by the crossover and mutation operators. As a result, several researchers focus

heavily on improving these operators' performance.
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A heuristic crossover (HX) operator was first presented by Wright (1991), and it is
more effective at handling both constrained and unconstrained optimization issues. The
HX crossover operator’s generation of children is situated along a line that connects the
parents who place the most priority on fitness. By integrating the theoretical idea of
interval schemata, Eshelman et al. (1993) proposed a blend crossover operator (BLX-)
in the early 1990s. Because of how little the parents differ from one another, generations
of kids are fairly similar, but when parents differ greatly, the offspring are identical to
a random sample of space. Blend crossover is a parameter represented by the symbol,
with 0.5 being the recommended value for the best outcomes. Determining the need for
a modified single-point binary crossover, A simulated binary crossover (SBX) was
developed by Deb et al. in 1995. Given that is the SBX distribution index, SBX
generates two offspring for each of the two selected parents, and this distance between
the two offspring is determined by SBX. If the value is significant, there is a greater
chance that the created offspring will be located closer to the two parents; if the value
is relatively small, there is a greater chance that the created offspring will be located
farther from both parents. The drawback of SBX is that it is unable to regulate the
separation between two offspring created by the crossover process since it is unable to
adaptively control the magnitude of the parameter's value. To increase the efficiency of

the evolutionary process.

The Ellipsoidal probability distribution and the uni-modal normal distribution
crossover operator (UNDX) were created by Ono et al. in 2003. Deb et al. PCX, or self-
adaptive multi-parent crossover, was proposed in 2002. For the generation of N
offspring with different parents, this PCX computes various vectors using a high
probability. Laplace crossover (LX), which can be used to locate the offspring and is
associated with the Laplace probability distribution, was proposed by Deep et al. in
2007. As a result, the LX operator's two children are symmetrical in terms of their
parental position and are not always found close to their best parents. To find the global
optimum solution of multi-modal complicated optimization issues in 2014, Thakur
devised a self-adaptive real-coded crossover. This crossover operator is related to the
Pareto crossover (DPX) double Pareto probability distribution. Along with Using three
mutation operators through integration concurrently, DPX also has a significant
competitive advantage over other well-known crossover operators. A direction-based

crossover (DBX) that might investigate (2n - 1) different search paths was proposed by
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Chuang et al. (2016). However, DBX's search options are constrained. Although it may
be able to produce a crossover-based route that leads the chromosomes in the direction
of the best outcome, this is not very suitable. When the dimensionalities of the variables
are low, the null vector solution is more likely to be produced. Similarly to this, the
literature lists several different mutation techniques, including Michalewicz's (1996)
Non-Uniform Mutation (NUM) operator. The started and the end of the simulation
process both benefit from the robust global search capacity of NUM. Thus, the NUM
operator's primary flaw is the imposition of a maximum iteration number for all
optimization jobs. Wang et al. (1996) once more the creation of a mutation operator
that underwent mutations as measured by the gradient of the goal function. However,
the performance of the mutation operator is insufficient if the goal function is not able

to differentiate.

Deb et al. (2014) suggested Polynomial Mutation (PM), another real-coded mutation
operator with applications in many different disciplines Powerful random search
capabilities for reaching a universal optimum solution with gradual convergence are the
primary characteristic of PM operators. Dynamic random mutation (DRM) is a
mutation operator that was recently proposed by Chuang et al. (2016). Therefore, the
step size's mathematical formulation runs counter to its justification. It is difficult to

determine how many rounds the mutation operator will require in total.

A new parent-centric real-coded crossover operator is developed in the simulation-
based study by Hagq et al. (2022) using an original probabilistic component of the mixed
distribution. He also used the mixture distribution. This results from combining the
double Pareto and Laplace probability distributions with different parameter values.
Finding the most effective answers to difficult multimodal optimization problems is the
major objective of the newly presented methodology. Therefore, for to assess the
recently suggested mixed distribution crossover operator (MDX), three mutation
operators (MTPM, PM, and NUM) are combined with the double Pareto (DPX),
Laplace (LX), and simulated binary (SBX) crossover operators. In terms of
computational complexity, durability, scalability, and capability for exploration and
exploitation, the mixture-based crossover operator greatly surpassed all previous

crossover operators, according to the empirical findings of the simulation-based study.



According to Fakhra Naqyvi et al. (2020). well-known crossover operators known as the
Logistic crossover (LogX) integrated with mutation operators known as the Makinen,
Periaux, and Toivanen mutation (MPTM). She used the actual encoded crossover with
the mutation operator while creating an algorithm. She employed a group of fifteen test
problems from the global optimization literature to gauge the viability of the suggested
strategy. She compared the results to some popular genetic algorithms (GAs) that have
been reported in the literature. By contrasting the results of the various crossover
operators, this study shows that the logistic crossover operator (LogX) with three

mutation operators works better.
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Chapter 3
MATERIALS AND METHODOLOGY

In this chapter, we integrated some newly suggested real coded crossover operators
with several mutation operators, such as non-uniform mutation (NUM), Makinen,
Periaux, and Toivanen mutation (MPTM), and power mutation operator (PM). We also
theoretically outline the fundamental principles of a few recently used real coded GA
operators including Laplace crossover (LX), double Pareto crossover (DPX), and

simulated binary crossover (SBX), and discuss their advantages and disadvantages.
3.1 Tournament Selection (TS)

This way of selection operator falls under the category of Binary Tournament Selection.
The Binary Tournament Selection is based on selecting two individuals at random, then
competing to determine (Haq et al., 2019a). The weakest chromosomes, on the other
hand, will not be able to mate because of their low fitness value when compared to a
predetermined selection probability, zi. Therefore, Equation 3.1 gives the

predetermined selection probability "zi" of the (i) sorted individual:

== (@—i+ )%= (z-0D¥; ie{12,..,5) (3.1)
where u is the size of the competition and S is the population size. u=2 and u >2 are the

conditions for the binary tournament. If more than two people are wanted, the TS can
also be expanded (Sivanandam & Deepa, 2008).

3.2 Crossover operators

3.2.1 Double Pareto crossover (DPX)

A different kind of parent-centric crossover operator, the DPX operator (Thakur 2014),
uses the Double Pareto probability distribution, whose CDF is provided by Equation
3.2.

Flo) = %(l—fi—a, x<0 62)
CTlRE-(-2)) xso |
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where >0 is the distribution's scaling parameter and R is the location parameter.. By

using DPX, pair of offspring wi(ll= (wl{l},wz{l}, " ,w,{ll}) and wi =

(wa}. wi3, w) are generated from two parents x{!) —( W m . xT{ll}) and

x(2} = ( (2} x%Z}, {2}) followed by a sequential process.

Step 1: Using a uniform probability distribution and a value between 0 and 1, generate
a random number in step one.

Step 2: Equation 3.3 is used to calculate a cumulative distribution's opposite function
of the double Peraeto distribution, which is used to produce using the double Peraeto
probability distribution, generate random integers. The parameter value will be
produced by this.

(B -2y ™), n<0s

o= (aﬁ (1 ~ (zn)"aif) - 1), 1> 05 oD

Step-3: The descendants are now in Equations 3.4 and3.5. i =1,2,..,n
OO G e 0l o M (3.4)

w; P

o _ () sl
i T 2

(3.5)

If the offspring generation in DPX is over the variable bound, that is, x; < x}or x; <
x]*, then random values are presented by x; in a range [xl, xi

3.2.2 Laplace crossover (LX)

According to Deep and Thakur (2007), the LX Among self-adaptive crossover
operators, the crossover operator is one of them with real encoding. This crossover is
related to the Laplace probability distribution, and Equation 3.6 afterward expresses the

cumulative distribution function.

F(x) = 1 (Ix a| (36)
[1 - ] x>a

113 ”

The location parameter in the Laplace probability distribution is known as and

belongs to the real number, whereas the scale parameter is known as b>0. Utilizing LX,

from two parents x™) = ( M xz(l), ...,x,(,l)) and x(® = (xl(z), xgz), .(2)) two
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offspring t( = (til), tgl), ...,t,(ll)) and t®} = (tfz), téz), t) which are produced
by step-wise access.

Step 1: A number at random with a range of one should be generated using a uniform
distribution.

Step 2: To create random numbers, use the Laplace probability distribution. To
determine the parametric value f§;, invert the cumulative distribution function as

indicated in Equation 3.7.

a — blog,(¥;), F; < :
B = 4 (3.7)
a + blog.(¥;), £ >

Step-3: Now, Equations 3.8 and 3.9, respectively, produce the offspring for i =
1,2,...,n.
t = + g [ - 2P| (3.8)
t = 2P 4+ gy |« - 2| (3.9)
When the number of descendants is external to the permissible range ie. x; <
x}or x; < x,-ri Random values were then set to various bounds in LX and its location

parameter was given the value "0".

3.2.3 Simulated Binary Crossover (SBX)

With real coding, the SBX is a significant crossover operator. Deb and Agrawal (1995)
first introduced this operator, It stands out for having a continuous search space by
binary transformation. The random integer is developed in the first stage using a
uniform distribution with a limit of 0 to 1 consequently, the following mathematical
equation in Equation 3.10 is used to determine the parametric value S; .

1
@), ifr <

= 3.10
A ——1—1—-, otherwise ( )

(2-2rp)c¥D)

where n. € [0, =] called the distribution index.
Hence, both parents x( = (xl(l),xgl). ...,x,(ll)) and x® = (xfz) 1P, ., xD ) an
offspring z = (z4, 2, ..., Z,) is produced in the following Equation 3.11

to= (G + 2Py - g | - 2. 3.11)
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3.3 Mutation operators
3.3.1 Power mutation (PM)
A sufficient degree of population variation is maintained in the genetic process thanks
to the mutation operator, which also prevents the simulation process from being stuck
at the local optimum. In other words, the genetic process will aid in producing the
population's most compatible kids. To address the computational complexity issues
with the mutation process, Goldberg (1989) developed the mutation clock. By shifting
the string's location, he used the exponential probability distribution to determine the
next place. Exploring the new search space and effectively resolving challenging
optimization issues are the fundamental goals of the mutation process. In order to
prevent local minimum solutions, the mutation operator helps by utilizing larger search
spaces. Here, we provide a theoretical definition of the Deep and Thakur (2007)
proposed PM mutation operator.
The power distribution, from which the PM is derived, has the following p.d.f. and
CDF in Equations 3.12 and 3.13.
f(x) =px?P-1 0<x<1 (3.12)
F(x) = xP 0<x<1 (3.13)
where PM is employed to produce offspring, and p is a representation of the distribution
index. t = (ty,t,, ..., t,) from a parent x= (x4, x, ..., x,,) the following methodical
process.
Step 1: r; should be chosen at random from a Uniform Distribution with the range [0,
1].
Step 2: By utilizing the power distribution in Equation 3.14, determine a random value
k;.

ki = (Ti)% (3.14)

utilize the following mathematical formulas to produce offspring in Equation 3.15.

X — ki(xi - xil)! lf Ti_ l < T

t; = T (3.15)
xi+kl-(xl-—xl-l), if ‘—%>r

Where x/and x]* the smallest and higher bounds of the i choice variable, respectively.

According to the aforementioned mathematical formulation. The "p" parameter is

negatively correlated with the perturbation in offspring. Consequently, the probability
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of producing mutant offspring grows with distance from the parametric constraint,
which always yielded a suitable result.

3.3.2 Makinen, Periaux, and Toivanen mutation (MPTM)

The MPTM mutation operator was developed by Makinen et al. (1999), and it is used
to address several broad-based shape-related optimization problems in GA, particularly
in the fields of airflow and electromagnetics. Meittinen et al.'s 2003 work is also helpful
for GA-based restricted optimization situations. On multimodal nonlinear optimization
issues, Deep and Thakur (2007) examined and assessed its findings. From a point x=
(x4, x5, ..., X,) distorted point £ = (£, %5, ..., £,) is obtained in the following way.
Let's say that (r;) comes from a uniform distribution and falls between 0 and 1.

Equations 3.16 and 3.17 include the muffled answer as a result.

2 =1-2xt+ D, (3.16)
Where
zi—r\D
z,-—zi(‘zi') , ifri<z
z={ gz, if iy =z (3.17)
z+(1-2)G5Y ., ifnzz
And
x—xf

T Xl

Xi

x
Hence, the x| and x]* are the highest and lower range of i choice as well as variable.
3.3.3 Non-Uniform Mutation (NUM)

In real-coded GAs, Michalewicz's NUM mutation operator is the most often employed.
Michalewicz et al.'s (1994, 1996) work on the non-uniform mutation's mechanism may
have been the starting point. For implementation purposes, the power of the mutation
may be decreased by increasing the number of generations so that it appears uniformly
for the simulation process’ first generations while looking place for subsequent

origination . For a point x) = (Xf”).xg’). ---.X,(lv)) and muted point x®*+1) =

(xf” DXL x,(:’“)) is created after that:

Step 1: Make a random variable with the range [0, 1] by using a uniform probability
distribution.

Step 2: Follow the mathematical expression in Equation 3.18 to get a muted solution.

21



e T

b
a-&
(xf+(YE‘—X§’)(1—Wi ) ) 03

> rp a-&\° Otherwi
xP = (=F - yi) (1 - w, , erwise

where "b" is a parametric parameter that establishes the mutation operator's functional

P+l _
; =

x (3.18)

range.
the present generation and the most generations possible are denoted by P and p,

respectively. The ith decision variable's upper and lower bounds, respectively, are

denoted by the letters y* and y .
3.4 The proposed probability distribution
3.4.1 Exponential crossover operator (EX)
The exponential distribution is a continuous probability distribution that is applied to
time until a certain event happens in probability theory and statistics. Throughout this
process, things happen continuously, separately, and on average at a constant speed. The
exponential distribution's lack of memory is a key trait. The exponential random variable
could consist of more smali values or fewer large values. A customer's overall grocery
shop spending, for instance, follows an exponential distribution.
The exponential distribution is one of the most frequently used continuous distributions.
It aids in calculating the interval of time between the events. Numerous fields, inciuding
physics, dependability theory, queuing theory, and others use it. The following list
includes some of the fields that the exponential distribution models. Finding the
separation between mutations on a DNA strand is made easier by exponential
distribution figuring out the decay period of the radioactive particle. The use of an
exponential distribution allows us to calculate the heights of different molecules in a gas
under stable parameters of temperature, pressure, and gravitational field.
The probability density function shown below in Equation 3.19 is used to create the
mathematical underpinnings of the exponential crossover operator
f(x)= re . (3.19)
Aids in computing the highest monthly and annual amounts of normal rainfalt and river
outflow volumes we use exponential distribution. Equation 3.20 also features the
cumulative distribution function in the second term.

e, x<0
1—e*, x>0

F o= (3.20)
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By taking eX, a pair of offspring v = (vgl),vgl), ...,v,(ll)) and v® =

(vi'tgai“""mnig(z),vgz),...,v,(,z)) are generated from a couple of parents x™) =

(xfl),xgl), ...,x,(ll)) and x(l)=(x§1),x§1),...,x,(11)) in the following sequential
process.

Step-1: Produce a random number u between 0 and 1.

Step-2: the region beneath the curve going from to the randomly chosen number u is

used to build the parameter B; by inverting the CDF of Laplace Distribution.

y= e (3.21)
In(y) = (-Ax) (3.22)
In(y) _
— - =X (3.23)
If x>0, now:
y= l-e™® (3.24)
y-1=-eH (3.25)
In(y-1) = Ax (3.26)
In(y-1
=00 - (327)
In (y)
_ P Ti<o05
Ba=1 1ney-1) (3.28)
1 ’ Ti>o05

Step 3: Following Equations 3.29 and 3.30, respectively, generate the offspring for i=1,
2...n
() _ () gD =)

ti 2 ’

(3.29)

And,

& () Bl
l 2 ¢

(3.30)
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3.4.2 Laplace crossover operator (LX)
The distribution of differences between two independent variants with identical

exponential distributions is known as the Laplace distribution, sometimes known as the
double exponential distribution (Abramowitz and Stegun 1972, p. 930). It has uses in
finance, ocean engineering, hydrology, and voice and image recognition. Its primary
feature is the way it represents the likelihood of errors, also known as deviations from a
central value.

The Laplace crossover operator's mathematical foundation is built using the

probability density function described in Equation 3.31 below:
f(x) = - e~xH/b : (3.31)

Equation 3.32 also includes a subsequent representation of the cumulative distribution

function.

1/2 elx-w/b], x<a

F(x) =y = { 1— lelx-—pl/b a (3-32)
z )

By taking LX, a pair of offspring vV = (v}l), vy, ...,v,(,l)) and v =

vgz). vgz), s v,(,z) ) are generated from a couple of parents x() = (xil) ) xgl). s xf,l))

and x = xl(l),xz(l), e x,(ll)) in the following sequential process.

Step-1: Preduce a U is a chance number between 0 and 1.

Step-2:The parameter is constructed through CDF inversion of the Laplace
distribution, which employs the region beneath the curve from to to the arbitrary

number u.
y =1/2 glx-ui/b] | (3.33)
2y = elx-ui/b] (3.34)
In2y=Ix~—pl/b (3.35)
b*In 2y = Ix — l (3.36)
p +b*[In 2y] = x (3.37)
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If x> a, now:

y = 1-1/2 elx-w/b] (3.38)
g1 = - 1/2 elx-ui/b] (3.39)
l-y = 1/2 elx~H/b] (3.40)
2[1-y] = ellx-#/b] (3.41)
In 2[1-y]=x — /b (3.42)
b*In2[1-y]=x — (3.43)
p-b*In2[l-y]=x (3.44)
w-b*[ In 2(1-y)] =x (3.45)

Now

p+ b= [In2y], n <05

fa= {“ —b+[In2(1-y)j, n>05 (3.46)

Step 3: Following Equations 3.47 and 3.48, respectively, generate the offspring for i=1,

2,..,n.

o - (x?}*x?})*zﬁqlxt“}‘”?}! , (3.47)
And,

ti{z} - (xgl}"'x;m) ‘2/34|x{1}‘x{2}l (3.48)

3.4.3 The Fisk Crossover Operator (FX) Based On Log-Logistic Probability
Distribution

The Log-Logistic probability distribution is useful for modeling the transmission times
of numerical information in software and networking, as well as for estimating stream
flow and precipitation in hydrology. The creation of economic wealth or income models
1s another distinctive feature of log-logistic distribution. This probability distribution
effectively creates accurate simulations of transmission delays related to sensory data

obtained from a networked telerobotic, allowing us to predict future arrival times and
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guarantee the timeliness of these systems (Gago-Bentez et al., 2013). Additionally, the
log-logistics distribution is very effective in obtaining accurate estimates of the low-
flow frequency during the course of an event involving extremely low flows within a
given period (Ashkar & Mahdi, 2006).

Equation 3.49, which is provided below, uses the probability density function of the
Log-logistics distribution to establish the mathematical underpinnings of the Fisk

crossover operator:

By(xyF
flx) = ———(“)(‘:)B 3. (3.49)
(&)
The subsequent diagram represents the cumulative distribution function: in Equation
5.50.

1

—, x>0
(2
Fx)=y= 1 (3.50)
“oarr xS0
1+(3)

Where a > 0 is the scale parameter and 8 > 0 is the shape parameter

By taking FX, a pair of offspring v(1)=(v§1),v§1), ...,v(l)) and v® =

n

(viz),vgz), ...,v,(lz)) are generated from a couple of parentsx(?) = (xfn,xgl), ,x,(,1))

and xW = (xlu), xP, ., x0 ) in the following sequential process.

Step-1: Create (r;), a random integer generated using a uniform probability
distribution with r; between 0 and 1.

Step-2: By generating random integers from the distribution and determining the
cumulative distribution function's inverse of the Fisk/Log-logistic distribution as

described in Equation 3.51, you can calculate the parameter's value.
1
a(%x) 'B, . ;<05
By = 1 (3.51)

a(2)F >0

Step-3: Following Equations 3.52 and 3.53, respectively,

generate the offspring for i=1, 2,..., n.

Ly _ 5t
w

- , (3.52)

And,
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L@ _ () -y
ro 2

Concerning the two mentioned Equations 3.52 and 3.53, it is evident that for the fixed

(3.53)

parametric value in Figure 3.2, the lowest parametric value generates offspring who are
close to their parents the larger Parametric value of offspring produced apart from the
parents. As a result, Figure 3.3 illustrates how the production of offspring is farther
distance from the parents for the predetermined parametric value while the offspring

created by the lower parametric value are closer to their parents.

(<)

i,

Figure 3.3: p.d f of Fisk/log-logistic distribution for fix 3
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3.4.4 Gompertz crossover operator (GX)
The pattern of adult deaths is best described by the Gompertz distribution (Wetterstrand
1981; Gavrilov and Gavrilova 1991). The Gompertz force of mortality extends to the
entire life span of populations with no documented mortality slowing for low baby (and
young adult) death rates (Vaupel 1986).
Demographers and actuaries have given the Gompertz distribution a lot of
consideration. The Gompertz distribution was first thoroughly examined by Pollard and
Valkovics in 1992. Their findings, however, are valid only when the initial mortality
level is very near zero. Similar conclusions were reached by Kunimura (1998). They
both described the Gompertz distribution's moment-generating function in terms of the
imperfect. The Gompertz force of mortality was reformulated by Willemse and
Koppelaar in 2000, and correlations were derived for this new formulation. The
negative Gompertz distribution a Gompertz distribution with a negative rate of the
aging parameter was later described by Marshall and Olkin (2007).
Equation 3.54, which is provided below, uses the probability density function of the
Gompertz distribution to establish the mathematical underpinnings of the Gompertz
crossover operator. F(x)

f(x) = bneb*eexp(-neb*) . (3.54)
Following is another representation of the cumulative distribution function: in Equation
3.55.

. exp(—r)(e’”‘ - 1)), x<0
(x)= ~ o (3.55)
1 —expl—n(e 1)}, x>0
Where parameter b and n > 0.

By using GX, a pair of offspring u(¥ =(u§1), ugl), ...,ugl)) and u® =

(ugz)'ugz)' ...,uf,z)) are generated from a pair of parents x(V = (xfl),xgl), ...,x,(ll))

and x(V = (xfl),xgl), - x,(,l))in a subsequent sequential process.

Step-1: Create (7;), a number chosen at random from a range of 0 to 1 using a uniform
probability distribution

Step-2: By creating random integers from the distribution and finding the Gompertz
distribution's inverse cumulative distribution function as described in Equation 3.55,

you can calculate the parameter's value:
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y=1- exp(—n(e‘”‘ - 1))
exv(—n(e"" - 1)) =1-y
ebx —1 = —%m (1-y)
eb*=1- %ln(l -y)
1
bx=In [1 - ;ln(l - y)]

x ==In [1 - lln(1 - y)]

b n

Ifx >0, now:

y= exp(-n(e?* - 1))

iny=-n(e-1)

In
__y=ebx_ 1
n

In
1___}: = ebx

A 2.7 ol//

1n(1-‘“Ty)=bx

1 Iny . _
zln(l-—;-)—x

Now,

L n (1),

B, = "

% In [1 - %ln(l - y)], ;>0

(3.56)
(3.57)
(3.58)
(3.59)
(3.60)

(3.61)

(3.62)
(3.63)
(3.64)

(3.65)
(3.66)

(3.67)

T'i<0
(3.68)

Step-3: Following Equations 3.67 and 3.68, respectively, generate the offspring for i=1,

2.0

FYEET)

w _ o+ )eayP %)

Z; >

And,

Ly _ Ol st
i - .

2
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3.4.5 Weibull crossover operator (WBX)

The Weibull Distribution is a continuous probability distribution that is used to
examine product reliability, model failure rates, and analyze life statistics. It may also
accommodate a broad range of data from numerous other disciplines, including
engineering sciences, hydrology, biology, and economics. It is a probability
distributional extreme value that is widely used to describe data such as reliability,
survival, wind velocity, and other variables. Weibull distribution should only be used
due to its adaptability. Because it can imitate several distributions, including normal
and exponential distributions. With the aid of parameters, the dependability of the
Weibull distribution is assessed.

Due to its flexibility, the Weibull distribution is frequently used in reliability analysis
and life data analysis. This distribution is used to model the range of behaviors for a
specific function depending on the parameter values. The Weibull has been used
extensively throughout the engineering and scientific communities. Its acceptance,
breadth of applications, and theoretical advancement all continue to rise by Stephen.
Luko (1999).

Hence, Equation 3.69, which is provided below, uses the probability density function
of the Weibull distribution to establish the mathematical underpinnings of the Weibull

crossover operator:
f==L(5yte® (3.69)

Following is another representation of the cumulative distribution function in Equation
3.70.

x\t
Fx)=y={® @ : ¥<0 (3.70)
1-e @ x>0
By taking WBX, a pair of offspring u® = (ugl),ugl), ...,us)) and u® =
(ugz),ugz), ...,uﬁf)) are generated from a pair of parents x( = (xfl),xgl), ...,x,(ll))

and x(V = (xfl),xf), ...,x,(ll))in a subsequent sequential process.

Step-1: Produce a random number u between 0 and 1.
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Step-2: By creating random integers from the distribution and finding the opposite of
the Weibull distribution's cumulative distribution function as described in Equation

3.70, you can calculate the parameter's value:

y= oCD* (3.71)
Iny=(-3)* (3.72)
1,
(ny)k= —= (3.73)
1

A(lny)x =x (3.79)
If x >0, now:

y=1-eD" (3.75)

Joy = e (3.76)

In(l-y) = (= * (3.77)

1

AMn(l —y)) k=x (3.78)

Now,
1
B,. | ~MmNE. <0 (3.79)
—A(In(1 —y)) &, >0

Step 3: Following Equations 3.80 and 3.81, respectively, generate the offspring for i=1,

2,...n

geeey

(2 +2) 5, 22|

1y _

: (3.80)

And,

o _ O apf o)
i 2

(3.81)

3.4.6 Double Pareto crossover operator (DPX):

Combining the Pareto distribution and the distribution of a Pareto random variable will
result in the double Pareto distribution, which has power tail behavior at zero and
infinity and occurs as an exponential function of a double exponential distnibution.
(Kotz et al, 2001; Reed, 2001). For heavy-tailed phenomena, the double Pareto

distribution has been suggested as a model. When modeling finance, physics, and
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engineering (Embrechts et al., 1997; Fama, 1965; Jansen and Varies, 1991; Loretan and
Phillips, 1994; Mandelbrot, 1963; Madfal and Raw, 1996; Rachev, 2003; Rachev and
Mittnik, 2000), heavy-tailed distributions are crucial (Barkai et al., 2000; Rachev and
Mittnik, 2000). By reducing mean squared error fit on a probability plot and least
squares fitting on a plot of the tail distribution function, Burroughs and Tebbens (2001a;
2001b) estimated the parameters of the truncated distribution. Equation 3.82, which is
provided below, uses the probability density function of the Double Pareto distribution
to establish the mathematical underpinnings of the Double Pareto crossover operator:

f(x) =%(§ o-1 (3.82)
Where parameters © <x and § > x

Equation 3.83 also shows the CDF as the next.

1 SAY:)
o 5(;3 , 0 < x<B
Fx)=y= 1.8 (3.83)
1-5)°, 0=8

By using DPX, a pair of offspring v(¥ = (vil),vgl), ...,v,(ll)) and v® =

(viz),vgz), ...,v,(lz)) are generated from a pair of parents x( = (xfl),xél), ...,x,(,l))

and x(V = (xfl),xgl), ...,x,(ll))in a subsequent sequential process.
Step-1: Make a number u at random, between 0 and 1.

Step-2: You can calculate the value of the parameter by producing random integers
from the distribution and determining the inverse of the Double Pareto Distribution's

CDF, as stated in Equation 3.83:

y=1-2)° (3.84)
y-1=2 &)e (3.85)
B e

(yv-1)=(5) (3.86)

(2(y- 1))5= f— : (3.87)

(Z(Y‘l))% _1

Y T (3.88)
B =x (3.89)

1
(2(y-1))8
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If © = B, now:

y=3;G)° (3.90)
20=G)° (3.91)
2O = (392)
B[Z(y)]% =x (3.93)
Now,
B2, r, <05
B, = B (3.94)

_, r, > 05
(2(y-1))8

Step 3: Following Equations 3.95 and 3.96, respectively, generate the offspring for i=1,

2,...,n.

(x§1)+x?})+ﬂq|x§1}—x§2}l

{13 _
t, = 2

(3.95)

. ,-{2} _ (x§1}+x§2})—ﬁq|x§1}-x§2)| (3.96)

2
3.4.7 Rayleigh Crossover Operator (RX)

The Rayleigh distribution is one of the most widely applied probability distributions.
The Rayleigh distribution is a particular example of the Weibull distribution that
Rayleigh described in 1880. In areas including project effort loading modeling, survival
and reliability analysis, communication theory, physical sciences, technology,
diagnostic imaging, applied statistics, and clinical research, it is crucial for modeling
and analyzing lifetime data by N H Al-Noor and N K Assi 2020. Equation 3.98, which
is provided below, uses the probability density function of the Rayleigh distribution to

establish the mathematical underpinnings of the Rayleigh crossover operator:

1.x
fix) = %e“E‘F’Z . (3.98)

33



The cumulative distribution function is also depicted as subsequent in Equation 3.99

—-(—7)
e 28 x<0
F)=y= (3.99)
1-— e_E(Fi), x>0

By using RHX, a pair of offspring u(l)—(ugl),ugl), ...,u,(ll)) and u® =

( @ w?, ., (2)) are generated from a pair of parents x(V) = ( M M, ...,x,(ll))

and x™ = (xfl),xgl), xS ))m a subsequent sequential process.
Step-1: Produce a random number u between 0 and 1.

Step-2: By creating random integers from the distribution and finding the inverse of
the cumulative distribution function of the Rayleigh distribution as described in

thlation 3.99, you may calculate the parameter's value.

y= o352 (3.100)
ny= —3 ;—Z (3.101)
Qny= ;—Z (3.102)
B2(2lny) = x? (3.103)
B(—2In y)é =X (3.104)
If x > 0, now:
1,x2
y=1—e 282 (3.105)
ly = e 162 (3.106)
2
In (1-y) = ;z (3.107)
2In (I-y) = fr: (3.108)
B(-21In (1-y)) = x? : (3.109)
| .
; B(—2In(1-y))z=x (3.110)



B(— Zlny)z , x<0
B(—2In(1- y))z , x>0

(3.111)

Step 3: Following Equations 3.112 and 3.113, respectively, generate the offspring for
=1,2..,n

0 (xi[”+x§”)+2ﬂq|x§”-x§”| , (3.112)
2 = (x:‘””?))"zﬂql"l[”'*?)| _ (3.113)

3.4.8 Lindley crossover operator

Equation 3.114, which is provided below, uses the probability density function of the
Lindley distribution to establish the mathematical underpinnings of the Lindley

Crossover operator:

fx) =2 (1 + x) e . (3.114)

6+1

The cumulative distribution function is also depicted as subsequent in Equation 3.115

x| ,-6x
[1+6+1 , x<0

- -9x
1 [1+3+1 . x>0

By using LDX, a pair of offspring u® = (ugl),ugl),_ ,us)) and u® =

(ugz), ul?, ..., ué )) are generated from a pair of parents x( = (xl(l),xz(l), ...,x,(ll))

and xM = (xfl),xgl), - ,x( ))m a subsequent sequential process.
Step-1: Produce a random number u between 0 and 1.

Step-2: By creating random integers from the distribution and finding the inverse of
the cumulative distribution function of the Lindley distribution as described in Equation

3.115, you can calculate the parameter's value.

y=[1+=|e o (3.116)
-9 9

y-1= 250" (3.117)

Q=IO — xe~0% (3.118)

In [0 = 4 (o) (3.119)
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In [L=206D, — g2 (3.118)

2]
_ - 1
[ =« (3.119)
Ifx >0, now:
—1— [1 4 5% ] g-0x (3.120)
= 8+1 )
- 6x ] -6
y-1=[1+%]e o (3.121)
= bx] -ox
y2= [1+22]e (3.122)
. ln(y._-z)("“) = x2 (3.123)
_ 1
[- RO=2(6+1) 2)(9“)];:,( (3.124)
Now,
- - 1
B x>0 (3.125)
B, = . 3.
- ln(y—Ze)(9+1)]5, <0

Step 3: Following Equations 3.126 and 3.127, respectively, generate the offspring for
1=1,2...,n.

(x§1]+x§2})+ﬂqu§1]—x?]|

(1} _
ti - 2 5

(3.126)

And

(420t~

(2} _
t;” = >

(3.127)

3.4 Mixture distribution-based real-coded crossover

3.5.1 Background

The current section presents the mixed distribution crossover (MDX) operator, a unique
real-coded crossover operator, as a result of the co-integration of the two probability
distributions. In real-coded genetic algorithms, the idea of two-component mixture
probability models is used to create this novel crossover operator. To achieve the
optimum results, three mutation operators power mutation (PM), Makinen, Penaux,
and Toivanen Mutation (MPTM), and non-uniform Mutation (NUM) are combined
with the MDX (Thakur, 2014). A comparative computational analysis is conducted to

look at the mixture distribution crossover's overall performance.
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3.5.2 Newly Suggested Mixture Distribution based Real-Coded Crossover
Operator

In the present part, a unique real-coded crossover operator is developed based on ten
well-known existing real-coded crossover operators that have been hybrnidized. The
strength of optimality from which it is achieved is retained by the design of this
innovative technique. A mixture distribution crossover (MDX) is a newly developed
crossover operator that combines the Lindley crossover operator with parameter (8) and
with Lindley crossover operator with parameter (¢) and the Rayleigh crossover
operation (a) with Rayleigh crossover with parameter (B) to produce two offspring.
Real-coded crossover operators are used to initiate the probabilistic-based Exploitation
and research process as required by the hybridization concept. In other words, the best
genetic process would result from the right ratio of exploitation and exploration
3.5.2.1 The proposed mixture of Lindley probability distribution

As a result, the finite mixture models have drawn increasing attention in the field of
mathematical statistics over the years from both theoretical and practical viewpoints.
According to Sultan and Al-Moisheer (2015), the finite mixture models are also used
directly in a variety of applied sciences and engineering domains. Using the two-
component mixture as a base of Lindley probability distribution with parameter ¢ and
Lindley probability distributions with parameter @, In the following section, we
recommend a parent-centric crossover operator (Thakur, 2014).

Equations 3.128 and 3.127 provide the probability density function (pdf) and
cumulative distribution function (cdf) of the first component (Lindley with parameter
0).

2

£,(t) = %;(1 +x)e x| (3.128)
[1+ = ]ee=, t<0

Fy(t) = o (3.127)
1—[1+m e‘ax, t>0

The pdf and cdf of the second component (Lindley with parameter @ ) in Equations
3.128 and 3.127.

@2 ~Px
B(8) = 2= (1+x) e™®%. (3.128)
[1 +£]e“’x, t<0
F(t) =

, (3.129)
—— _x -
1 [1+ oy K x t>0
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Additionally, Equations 3.128 and 3.129 provide the pdf and cdf of the two-component

mixture probability model.
f@®) =a1/1(t) + 02£2(1), (3-130)
where 61 and 0 are defined as weights, hence 0 < g3, 6, <1, and 014 0, =1
£) = 0y 2o (1 4 x) e79% + g, 2 (1 + x) ™% (3.131)
f@ =071 +x)e oo (1+x)e ™ . :
[1+ —9"+az[1+ e ®x, t<0
F(t) = o+1 o+l (3.133)

all-[1+ 5]+ a1 - [1+2=]e®*], >0

¢+1]

Combination cumulative distribution function, 8 & @ > 0 are parameters. Using

MDX, from both of your parents t() = (tfl), tél), ...,t,(11)) and t@ =

(tiz), t$?, ...,t,(lz)), two offspring u® = (uil),ugl), - 'u7(11)) and u® =

(uiz)’ ugZ)‘ " un ) are acquired by following a step-by-step process.

Step-1: Use a uniform distribution to generate a random number with a range of units.
Step-2: Using the Mixture probability distribution to generate random numbers, find
the parametric value by simply reversing the CDF as shown in Equation 3.133:

~In (y-1)(8+1),1 —in (y-1)(¢+1).1
g=] (TG b [OEEE, <08 (3.134)
t — _ 1 .
oy [~ In(y- 2)(e+1)] + 0, In(y 29)(9“)]2' r>05

Step-3: Finally, the two off-springs for j = 1,2,...,n are determined through
subsequent Equations 3.135 and 3.136 respectively.

u}l}=(:}1}+:}21)+Zﬁtlt}“—tﬁ-”| ’ (3.135)
u}2}=(t’('ﬂ +‘§2})‘2B‘Itl('l}‘tl('2]| | (3.136)

Whenever children in MDX are born outside of the variable limits i.e. uj < u}or u; <

u]” , then, at an interval, random values are presented [u}, ujr] ]

3.5.2.2 The proposed mixture of Rayleigh probability distribution

We suggest a parent-centric crossover operator in the next section based on the two-
component mixture of Rayleigh probability distributions with parameters and Rayleigh
probability distributions with parameters (Thakur, 2014).
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Equations 3.137 and 3.138 provide the probability density function (pdf) and
cumulative distribution function (cdf) of the first component (Rayleigh with parameter

B).

x -2
M) = 3¢ 2p (3.137)
1,x2
2 <0
O =y=y " . * (3.138)
1—e2%2, x>0

Equations 3.139 and 3.140 provide the pdf and cdf for the second component
(Rayleigh with parameter a ) of the mixing function.

1
f(t)= ge‘z@z. (3.139)
2
-
RO=y={° """, x<0 (3.140)
i—e 2z , x>0

Additionally, Equations 3.142- 3.144 provide the pdf and cdf of the two-component
mixture probability model.

f(t) = 01 f1(t) + a2 £5(t) , (3.141)

where 01 and 0; are defined as weights, hence 0 < gy, g, < 1, and a4 0, =1

L2 1
f® =0 277 + 0y Ze i@, (3.142)
F(t) = 0,F,(t) + 0,F, (3.143)
Ll _1x?
o,[e T5P] + g,[ e T2, t<0

F(t) = o = (3.144)

36 -3
o[1—e 28] 40,51 —e 2%«?], t>0

Cumulative distribution function in a mixture, « & § > 0 is the parameters. Using

MDX, from both of your parents tM) = (tl(l), t$Y, ...,t,(ll)) and t@ =

(tfz),tgz), ...,t,(lz)), two  offspring u® = (uil),ugl), ...,u,(ll)) and u® =

(uiz), ugz)‘ ey u7(12) ) are acquired in a step-by-step process.

Step-1: Use a uniform distribution to generate a random number with a range of units.
Step-2:Find the parametric value by simply inverting the cumulative distribution
function using the Mixture probability distribution to produce random numbers as
stated in Equation 3.137:
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o [B(=2Iny)?] +0,[ a(-2lny)7], <05

. . (3.138)
01[B(—2In(1-y))2] +o[a(-2In(1—y))z], 1,>05

B: =
Step-3: Finally, the two off-springs for j = 1,2, ..., n are established by the ensuing
Equations 3.139 and 3.140, respectively.

(P )onlf?-o)
2 b

(3.139)

{1} _
u =

W = (fﬁ-”“?})-zﬂtltﬁ-”-fﬂ _ (3.140)

If MDX offspring are produced beyond of the variable limits i.e. ; < u}or u < ujrj ,

then, at an interval, random values are presented| ], ujrj ]

3.6 Benchmark functions:

There isn't a set formula for determining the effectiveness of GA by selecting the right
optimization function. As a result, the algorithmic performance depends on the
problem's nature, including the objective function's variation rate, the number of local
optima, etc. (Srinivas & Patnaik, 1994). Multiple local optima make up a multimodal
function. When looking for global optimal locations, the effective search method must
be adept at removing the area surrounding the local optimum. In the search space, the
case 1s more complicated when there are random local optima patterns. Another
important element that significantly complicates the challenge is the search space's
dimensionality. Friedman (1994) conducted a thorough investigation into the
dimensionality problem and its characteristics.

We now offer a set of ten unconstrained optimization test issues that can be used to
gauge how well optimization works. We now offer a set of 10 unconstrained
optimization test issues that may be used to assess how well optimization methods

perform.

1- Rosenbrock Function
f10) =25'100 ¥y — ¥D)2 + (71— 1]
subject to -30 < xi < 30. The global minima is located at xx =f(1,---, 1),
f(xx)=0
2- Cosine Mixture Function

f2 () =-0.13%, cos(5my,)-Y 1, ¥2
subject to -1 <y; < 1. The global minimum is located at y* = {0, 0),

f(y*) =(0.2 or 0.4) for n =2 and 4 respectively.
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3- Schwefel Function
f30)=CL1x)°

where a > 0, subject to -100 < y; < 100. The global minima is located at
y* =10, --,0),f(y")=0.

4- Sphere Function
fa()=X2- i
subject to 0 < y; < 10. The global minima are located y*=f(0, - - -, 0), f{y*) =0

5- Styblinski-Tang Function
1
fsop =5 L1 (* — 16y,* +5y))

subject to -5 < y;< 5. The global minimum is located y*= f(-2.903534, -2.903534),
f(y*)=-78.332.

6- Sum of Power

fo(y) = ZiLnl D
subject to -1 <y; < 1. The global minimum is f(y*) = 0.

7- Drop-wave

f15) = TE 1+cos(12 ’y,z-&yfu ’

05(y7+y%,1)+2
subject to -5.12 < y; <5.12. The global minimum is f(y*) =-1.

8- Rastrigin
fa(®) =10n+ I, [y} — 10 cos(2my,)]

subject to -5.12 < y; <5.12. The global minimum is f(y*) =0

9- Levy and Mantalvo
fo(y) = 0.1

subject to -5 < y; < 5. The global minimum is f(y*) =0

10- New function

F100)=Z10[0.2y] + 0. 1x}sin(2y,)]

subject to -10< y; < 10. The global minimum is f(y*) = 0.
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Chapter 4

Results and Discussion

4.1 Experimental setup

In the current chapter, a newly suggested set of crossover operators, namely
exponential, Laplace, Fisk, Gompertz, Weibull, Double Pareto, Rayleigh, Mix-
Rayleigh, Lindley, and Mix-Lindiey crossovers are closely compared to improve the
performance of the genetic process. The performance of these operators is assessed
using several well-known benchmark functions. To assess their overall effectiveness,
these ten crossover operators were merged alongside MPTM, PM, and NUM mutation
operators. The findings of hypothetical research into algorithmic combinations are
compiled in Table 4.1, together with the related crossover and mutation probability and
final parametric values. By properly changing parametric parameters, the empirical
inquiry can produce the best findings.
Thirty independent runs of each method were used to simulate the results. Each of
these algorithms has a population size that is ten times the number of decision factors.
The entire GA algorithmic method uses tournament selection and elitism with size one.
All studies come to an end once the number of generations reaches 300 and the best
outcomes for the GA process have been discovered using trial runs and screening

experiments.
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Table 4.1: Information about the parameters for all algorithms

Crossover Mutation Selection Crossover Mutation
Operators | Operators operator Probability Probability
EX MTPM | Tournament 0.70 0.02
LX MTPM | Tournament 0.70 0.02
FX MTPM | Tournament 0.70 0.02
GX MTPM | Tournament 0.70 0.02
WBX MTPM | Tournament 0.70 0.02
DPX MTPM | Tournament 0.70 0.02
RHX MTPM | Tournament 0.70 0.02
MIX-RHX MTPM | Tournament 0.70 0.02
LDX MTPM | Tournament 0.70 0.02
MIX-LDX MTPM | Tournament 0.70 0.02
EX PM Tournament 0.65 0.0
LX PM Tournament 0.65 0.005
FX PM Tournament 0.65 0.005
GX PM Tournament 0.65 0.005
WBX PM | Tournament 0.65 0.005
DPX PM Tournament 0.65 0.005
RHX PM Tournament 0.65 0.005
MIX-RHX PM Tournament 0.65 0.005
LDX PM Tournament 0.65 0.005
MIX-LDX PM Tournament 0.65 0.005
LX NUM Tournament 0.70 0.01
FX NUM Tournament 0.70 0.01
GX NUM Tournament 0.70 0.01
WBX NUM Tournament 0.70 0.01
DPX NUM Tournament 0.70 0.01
RHX NUM Tournament 0.70 0.01
MIX-RHX NUM Tournament 0.70 0.01
LDX NUM Tournament 0.70 0.01
MIX-LDX NUM Tournament 0.70 0.01
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The mean, standard deviation, and average time to complete in seconds are utilized as
the final results after thirty runs of each algorithm to guarantee compatibility and
effectiveness. Using MATLAB (version R2018a), the effectiveness of the recently
suggested real-coded crossover system connected with muiltiple probability
distributions is assessed on 10 benchmark functions.

4.2 Simulation study

Our primary contribution to the current empirical study is the introduction of new real-
coded crossover operators, and the major goal of our chapter is to assess the
effectiveness of suggested crossover operators in light of a simulation's output. In light
of the findings in Tables 4.2, 4.3, and 4.4 we now compare the recently proposed
crossover operator Exponential (EX), Laplace(LX), Fisk(FX), Gompertz(GX),
Weibul(WBX), Double Pareto(DPX), Rayleigh(RHX), Mix-Rayleigh(MIX-RH),
Lindley(LDX), and Mix-Lindley (MIX-LDX) based on mean, standard deviation (SD).
The empirical findings are often seen as being close to the theoretical optimum value
in the majority of the multi-modal test situations, which indicates the increased
performance of the recently introduced crossovers system. The performance of MIX-
LDX 1s extraordinarily perfect in terms of mean values, standard deviation, and average
execution time. It also aids in overcoming the drawbacks of the GA process, such as
Exploitation and research. As a result, the lowest mean values smaller SD, and the
shortest typical execution time show superior adequate ability to influence the loss of
population diversity and exert control over the selection pressure.

The results for the majority of the benchmark functions, such as Brown, Levy-Mont,
Schwefel etc., have the lowest mean, standard deviation, and average execution time.
In ten benchmark functions, MIX-LDX performs best overall, completely dominating
the other nine crossover operators.

Mutation and crossover operators can be combined to improve can have better control
over the limitations of the GA process. The substantial agreement between empirical
findings and theoretically ideal values indicates improved control overpopulation
diversity decline, and the short execution time reveals sustained selection pressure.
MIX-LDX generally has a higher rate of success in achieving the best outcomes.

4.3 Experimental result and comparison Tables 42, 43, and 4.4 show the
experimental results of a simulation study. After that, we now compare the recently

proposed crossover operators on the mean, and standard deviation (SD).
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4.3.1 EX-NUM VS LX-NUM

Ten methods were successful in solving ten benchmark functions. All problems have

mean values and standard deviations for LX that are lower than those for EX-NUM,
except for Comix, Sphere, and Stybin benchmark functions. Compared to EX-NUM,
LX-NUM has a smaller mean and standard deviation (Table 4.2).

4.3.2 LX-NUM VS FX-NUM

In terms of success rate and decreased mean and standard deviation value across 10
benchmark functions, LX-NUM is superior to FX-NUM. It implies that the LX
outperforms the FX in terms of close-to-ideal results (Table 4.2).

4.3.3 FX-NUM VS GX-NUM

GX-NUM performs a little bit better than the 10 benchmark functions in terms of a

lower mean value. Compared to FX-NUM, the suggested algorithm is superior.
43.4 GX-NUM VS WBX-NUM

Ten benchmark functions were successfully solved by ten algorithms. All problems
have smaller mean values and standard deviations for WBX-NUM than for GX-NUM,
except for Rosenbrick, Schwefel-1, and Levy Mont benchmark functions. Compared to
GX-NUM, WBX-NUM has a smaller mean and standard deviation (Table 4.2).

4.3.5 WBX-NUM VS DPX-NUM

DPX-NUM displays slightly better results than the 10 benchmark functions, with a
lower mean value. The suggested method performs significantly better than WBX-
NUM.

4.3.6 DPX-NUM VS RHX-NUM

In comparison to the 10 benchmark functions, the results for DPX-NUM are somewhat

superior in terms of reduced mean values. The suggested algorithm is superior to RHX-
NUM.
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4.3.7 RHX-NUM VS MIX-RHX-NUM

Ten benchmark functions were successfully solved by ten algorithms. MIX-RHX

consistently has a mean value and standard deviation that are lower than RHX-NUM,
except for the Sum of Power and New function. MIX-RH-NUM has a lower mean and
standard deviation than RHX-NUM (Table 4.2).

4.3.8 MIX-RHX-NUM VS LDX-NUM

In comparison to the 10 benchmark functions, the results for LDX-NUM are somewhat
superior in terms of reduced mean values. The suggested algorithm is superior to MIX-
RHX-NUM.

4.3.9 LDX-NUM VS MIX-LDX-NUM

When compared to the 10 benchmark functions, MIX-LD-NUM's mean values are
somewhat lower, which suggests a marginally better outcome. Direct comparison

shows that the suggested method outperforms LDX-NUM.
4.3.10 EX-NUM VS MIX-LDX-NUM

Ten methods were successful in solving ten benchmark functions. All problems have
mean values and standard deviations for MIX-LDX that are lower than those for EX-
NUM, except for Levy Mont, and Stybin benchmark function. Compared to EX-NUM,
MIX- LX-NUM has a smaller mean and standard deviation (Table 4.2).

4.3.11 LX-NUM VS MIX-LDX-NUM

In comparison to the 10 benchmark functions, the results for MIX- LDX-NUM are
somewhat superior in terms of reduced mean values. The suggested algorithm is
superior to LX-NUM.

4.3.12 FX-NUM VS MIX-LDX-NUM

When compared to the 10 benchmark functions, MIX-LD-NUM's mean values are
somewhat lower, which suggests a marginally better outcome. Direct comparison

shows that the suggested method outperforms FX-NUM.
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4.3.13 GX-NUM VS MIX-LDX-NUM

Ten methods were successful in solving ten benchmark functions. All problems have
mean values and standard deviations for MIX-LDX that are lower than those for GX-
NUM, except for the Stybin benchmark function. Compared to GX-NUM, MIX-LDX-
NUM has a smaller mean and standard deviation (Table 4.2).

4.3.14 WBX-NUM VS MIX-LDX-NUM

In terms of success rate and decreased mean and standard deviation value across 10
benchma'rk functions, MIX-LDX-NUM is superior to WBX-NUM. It implies that the
MIX-LDX outperforms the WBX in terms of close-to-ideal results (Table 4.2).

4.3.15 DPX-NUM VS MIX-LD-NUM

MIX-LDX-NUM performs a little bit better than the 10 benchmark functions in terms
of a lower mean value. Compared to DPX-NUM, the suggested algorithm is superior.
4.3.16 RHX-NUM VS MIX-LDX-NUM

Ten methods were successful in solving ten benchmark functions. All problems have
mean values and standard deviations for MIX-LDX-NUM that are lower than those for
RHX-NUM, except for the Stybin benchmark function. Compared to RHX-NUM,
MIX-LDX-NUM has a smaller mean and standard deviation (Table 4.2).

4.3.17 MIX-RHX-NUM VS MIX-LDX-NUM

MIX-LDX-NUM performs a little bit better than the 10 benchmark functions in terms
of a lower mean value. Compared to MIX-RHX-NUM, the suggested algorithm is
superior.

4.3.18 LDX-NUM VS MIX-LDX-NUM

In terms of success rate and decreased mean and standard deviation value across 10
benchmark functions, MIX-LDX-NUM is superior to LDX-NUM. It implies that the
MIX- LDX outperforms the LDX in terms of close-to-ideal results (Table 4.2).

4.3.19 EX-PM VS LX-PM

In comparison to the 10 benchmark functions, the results for LX-PM are somewhat

superior in terms of reduced mean values. The suggested algorithm is superior to EX.
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4.3.20 LX-PM VS FX-PM

FX-PM performs a little bit better than the 10 benchmark functions in terms of a lower
mean value. Compared to LX-PM, the suggested algorithm is superior.

4.3.21 FX-PM VS GX-PM

Ten methods were successful in solving ten benchmark functions. All problems have
mean values and standard deviations for FX that are lower than those for GX-PM,
except for the Drop wave and Stybin benchmark function. Compared to GX-NUM, FX-
PM has a smaller mean and standard deviation (Table 4.3).

4.3.22 GX-PM VS WBX-PM

In comparison to the 10 benchmark functions, the results for GX-PM are somewhat
superior in terms of reduced mean values. The suggested algorithm is superior to
WBX-PM.
4.3.23 WBX-PM VS DPFX-PM

In terms of success rate and decreased mean and standard deviation value across 10

benchmark functions, DPX-PM is superior to WBX-NUM. It implies that the DPX
outperforms the WBX in terms of close-to-ideal results (Table 4.3).

4.3.24 DPX-PM VS RHX-PM

In comparison to the 10 benchmark functions, the results for DPX-PM are somewhat
superior in terms of reduced mean values. The suggested algorithm is superior to RHX-
PM.

4.3.25 RHX-PM VS MIX-RHX-PM

MIX-RHX-PM performs a little bit better than the 10 benchmark functions in terms of

a lower mean value. Compared to RHX-PM, the suggested algorithm is superior.
4.3.26 MIX-RH-PM VS LDX-PM

In terms of success rate and decreased mean and standard deviation value across 10
benchmark functions, LDX-PM is superior to MIX-RHX-PM. It implies that the LDX
outperforms the MIX-RHX in terms of close-to-ideal results (Table 4.3).
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4.3.27 EX-PM VS MIX-LDX-PM

In comparison to the 10 benchmark functions, the results for MIX-LDX-PM are
somewhat superior in terms of reduced mean values. The suggested algorithm is
superior to EX-PM.

4.3.28 LX-PM VS MIX-LDX-PM
In terms of success rate and decreased mean and standard deviation value across 10

benchmark functions, MIX-LDX-NUM is superior to LX-NUM. It implies that the LX

outperforms the FX in terms of close-to-ideal results (Table 4.3).
4.3.29 FX-PM VS MIX-LDX-PM

Ten methods were successful in solving ten benchmark functions. All problems have
mean values and standard deviations for MIX-LDX that are lower than those for FX-
PM, except for the Drop wave Stybin benchmark function. Compared to FX-PM, MIX-
LDX-PM has a smaller mean and standard deviation (Table 4.3).

4.3.30 GX-PM VS MIX-LDX-PM

MIX-LDX-PM performs a little bit better than the 10 benchmark functions in terms
of a lower mean value. Compared to GX-PM, the suggested algorithm is superior.

4.3.31 WBX-PM VS MIX-LDX-PM

In comparison to the 10 benchmark functions, the results for MIX-LDX-PM are
somewhat superior in terms of reduced mean values. The suggested algorithm is
superior to WBX-PM.

4.3.32 DPX-PM VS MIX-LDX-PM

Ten methods were successful in solving ten benchmark functions. All problems have
mean values and standard deviations for MIX-LDX that are lower than those for DPX-
PM, except for Drop wave, Schwefel-1, and Stybin benchmark function. Compared to
DPX-PM, MIX-LDX-PM has a smaller mean and standard deviation (Table 4.3).

4.3.33 RHX-PM VS MIX-LD-PM

MIX-LDX-PM performs a little bit better than the 10 benchmark functions in terms

of a lower mean value. Compared to RHX-PM, the suggested algorithm is superior.
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4.3.34 MIX-RH-PM VS MIX-LD-PM

In comparison to the 10 benchmark functions, the results for MIX- LDX-PM are
somewhat superior in terms of reduced mean values. The suggested algorithm is
superior to MIX- RHX-PM.

4.3.35 LDX-PM VS MIX-LDX-PM

In terms of success rate and decreased mean and standard deviation value across 10
benchmark functions, MIX- LDX-PM is superior to LDX-PM. It implies that the MIX-
LDX-PM outperforms the LDX-PM in terms of close-to-ideal results (Table 4.3).

4.3.36 EX-MTPM VS LX-MTPM

In comparison to the 10 benchmark functions, the results for EX-MTPM are somewhat
superior in terms of reduced mean values. The suggested algorithm is superior to LX-
MTPM.

4.3.37 LX-MTPM VS FX-MTPM

Ten methods were successful in solving ten benchmark functions. All problems have

mean values and standard deviations for LX that are lower than those for FX-PM,
except for the Sum of power and Stybin benchmark function. Compared to FX-PM,
LX-PM has a smaller mean and standard deviation (Table 4.4).

4.3.38 GX-MTPM VS WBX-MTPM

In comparison to the 10 benchmark functions, the results for WBX-MTPM are
somewhat superior in terms of reduced mean values. The suggested algonthm is
superior to GX-MTPM.

4.3.39 WBX-MTPM VS DPX-MTPM
Ten methods were successful in solving ten benchmark functions. All problems have
mean values and standard deviations for DPX that are lower than those for WBX-

MTPM, except for Comix, Sphere, and Stybin benchmark functions. Compared to
WBX-MTPM, DPX-MTPM has a smaller mean and standard deviation (Table 4.4).

4.3.40 DPX-MTPM VS RHX-MTPM

DPX-MTPM performs a little bit better than the 10 benchmark functions in terms of a
lower mean value. Compared to RHX-MTPM, the suggested algorithm is clearly
superior.
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4.3.41 RHX-MTPM VS MIX-RHX-MTPM

In terms of success rate and decreased mean and standard deviation value across 10
benchmark functions, MIX-RHX-MTPM is superior to RHX-MTPM. It implies that
the MIX-RHX outperforms the RHX in terms of close-to-ideal results (Table 4.4).

4.3.42 MIX-RHX-MTPM VS LDX-MTPM

Ten methods were successful in solving ten benchmark functions. All problems have
mean values and standard deviations for LDX that are lower than those for MIX-RHX-
MTPM, except for Comix, Sphere, and Stybin benchmark functions. Compared to
MIX-RHX-MTPM, LDX-MTPM has a smaller mean and standard deviation (Table
4.4).

4.3.43 EX-MTPM VS MIX-LDX-MTPM

MIX-LDXX-MTPM performs a little bit better than the 10 benchmark functions in
terms of a lower mean value. Compared to EX-MTPM, the suggested algorithm is
superior.

4.3.44 LX-MTPM VS MIX-LDX-MTPM

In terms of success rate and decreased mean and standard deviation value across 10

benchmark functions, MIX-LDX-MTPM is superior to LX-MTPM. It implies that the
MIX-LDX outperforms the LX in terms of close-to-ideal results (Table 4.4).

4.3.45 FX-MTPM VS MIX-LDX-MTPM

MIX-LDX-MTPM performs a little bit better than the 10 benchmark functions in
terms of a lower mean value. Compared to FX-MTPM, the suggested algorithm is
superior.
4.3.46 GX-MTPM VS MIX-LDX-MTPM
In comparison to the 10 benchmark functions, the results for MIX-LDX-MTPM are
somewhat superior in terms of reduced mean values. The suggested algorithm is
superior to GX-MTPM.
4.3.50 WBX-MTPM VS MIX-LDX-MTPM

Ten methods were successful in solving ten benchmark functions. All problems have

mean values and standard deviations for LX that are lower than those for MIX-LDX-
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MTPM, except for Comix, Sphere, and Stybin benchmark functions. Compared to
WBX-MTPM, MIX-LDX-MTPM has a smaller mean and standard deviation (Table
4.4).

4.3.51 DPX-MTPM VS MIX-LDX-MTPM

In comparison to the 10 benchmark functions, the results for MIX- LDX-MTPM are
somewhat superior in terms of reduced mean values. The suggested algorithm is

superior to DPX-MTPM.
4.3.52 RHX-MTPM VS MIX-LDX-MTPM

In terms of success rate and decreased mean and standard deviation value across 10
benchmark function, MIX-LDX-MTPM is superior to FX-MTPM. It implies that the
MIX-LDX outperforms the RHX in terms of close-to-ideal results (Table 4.4).
4.3.53 MIX-RHX-MTPM VS MIX-LDX-MTPM

Ten methods were successful in solving ten benchmark functions. All problems have
mean values and standard deviations for MIX-1.DX that are lower than those for MIX-
RHX-MTPM, except for Comix, Sphere, and Stybin benchmark functions. Compared
to MIX-RHX-MTPM, MIX-LDX-MTPM has a smaller mean and standard deviation
(Table 4.4).

4.3.54 LDX-MTPM VS MIX-LDX-MTPM

MIX-LDX-MTPM performs a little bit better than the 10 benchmark functions in terms
of a lower mean value. Compared to LDX-MTPM, the suggested algorithm is superior.
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Chapter §

Conclusion

The main objective of our experiment-based study is to evaluate the effectiveness of
the mixture distribution crossover (LDX and RHX) in resolving complex unconstrained
optimization problems. We assess ten distinct crossover operators, which are combined
with three mutation operators. Presently, we propose a new set of crossover operators,
namely exponential, Laplace, Fisk, Gompertz, Weibull, Double Pareto, Rayleigh, Mix-
Rayleigh, Lindley, and Mix-Lindley crossovers. The performance of these operators 1s
assessed using several well-known benchmark functions like Rosenbrock, Sum of
power, Comix, Dropwave, Rastrigin, Schwefel-1, Levy mont, Sphere, New function
and Stybin.

The novel real-coded GA is created by integrating the proposed crossover operators
with MPTM, NUM, and PM mutation operators. We compare the performance of the
suggested operator with ten real-coded algorithms that are proposed by the operator.
The implementations of each method are comparable, and the simulation conditions are
the same. The suggested operator outperforms the other three crossover operators in

terms of providing results close to the ideal values and having a higher success rate.

Furthermore, we introduce an innovative parent-centric real-coded crossover operator
that combines Rayleigh and Lindley distributions with different parameters in mixture
distributions. The empirical findings show that newly proposed operators achieve
significant dominance in terms of statistical significance, computing difficulty,

resilience, durability, and exploration and exploitation potential.

To compare the algorithms further, we consider the success rate and minimal median
values of the objective functions for each algorithm. Mix-LDX with MPTM, NUM, or
PM mutation operator outperforms all other algorithms in terms of success rate and

minimal mean objective function values.
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