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Abstract

The chimp optimization algorithm (ChOA) is a recently introduced metaheuristic algorithm
inspired by nature. This algorithm identified four types of chimpanzee groups: attacker,
barrier, chaser, and driver, and proposed a suitable mathematical model for them, based on
the various intelligence and sexual motivations of chimpanzees. However, this algorithm
is not more successful in the convergence rate and escaping of the local optimum trap in
solving high-dimensional problems. Although it and some of its variants use some strategies
to overcome these problems, it is observed that it is not sufficient. Therefore, in this study,
a newly expanded variant is described. In the algorithm, called Ex-ChOA, hybrid models
are proposed for position updates of search agents, and a dynamic switching mechanism is
provided for transition phases. This flexible structure solves the slow convergence problem
of ChOA and improves its accuracy in multi-dimensional problems. Therefore, it tries to
achieve success in solving global, complex, and constrained problems. The performance of
the proposed algorithm was analyzed on a total of 34 benchmark functions and a total of 17
real-world optimizations, including classical, constrained, and modern engineering problems.
According to the results obtained, the proposed algorithm performs better or equivalent
performance than the compared algorithms.

Keywords Optimization - Metaheuristic - Chimp optimization algorithm - Engineering
constrained problems

1 Introduction

Many types of problems can be solved using traditional analytical methods. However, these

methods take a long time and cause inefficient use of resources. In particular, different
approaches may be required in solving complex and global engineering problems that we
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frequently encounter in real life. The bigger and more complex a problem, the harder it is
to solve [1]. Such problems are called non-deterministic polynomial time (NP-hard) in the
literature [2]. The approach that is at the forefront of the solution mechanisms and has become
widespread in recent years is the metaheuristic approach [3]. These algorithms try to find
the best solution (or near optimal) with the least cost. Due to the nature of these algorithms,
they do not fall into the local optimal trap and have very simple and flexible structures. In
addition, they are advantageous both in terms of time, resources, and the problem of finding
technical solutions by eliminating the negative aspects of traditional or heuristic approaches.
Therefore, they can play an important role in solving very complex and multi-dimensional
problems. In short, algorithms based on this approach can find global solutions simply and
quickly with low requirements because they can scan the search space in detail. Moreover,
according to the no free lunch (NFL) [4] approach, not every algorithm may be good for
every optimization problem. Therefore, it is important and natural to propose and develop
new metaheuristic algorithms for various problems. The main reasons for recommending
different metaheuristic algorithms for various problems are the use of simple concepts, the
use of simple mathematical equations and structures, the use of non-derivative mechanisms,
the avoidance of local optima, and their fast convergence [5]. They are also flexible as they can
be applied to different problems without very specific modifications. Thanks to these features,
it can be easily embedded even in many hardware devices. Accordingly, this approach can
also be used in trend application areas such as IoT, big data, and parallel structures [6, 7].
In addition, metaheuristic methods consisting of exploration and exploitation phases are
simple and easy to implement, regardless of the type and size of the problem, with their
stochastic structure. The main purpose of the proposed algorithms is to avoid falling into
local traps and to get closer to the target. In the exploration phase, while intelligent agents in
the population try to find a resource, they try to use the other acting resource. In the discovery
phase of the algorithm, in the first generation, intelligent agents in the population are used
to generate new solutions. In subsequent generations, population members try to increase
the accuracy of the solutions by taking advantage of the solutions obtained in the discovery
phase. These algorithms attempt to strike a balance between exploitation and exploration,
despite differences in inspiration and search mechanisms. Transitions between phases and
management of this process are one of the success criteria of these algorithms. So, they
can be good candidates for finding suitable solutions for all types of optimization problems,
especially NP-hard problems [8, 9]. Therefore, as the complexity and size of the problems
increase, there is a need to develop new algorithms or improve/modify existing algorithms
[10].

Metaheuristic approaches are algorithms that return near-optimal results for solving large-
scale optimization problems. For example, the artificial bee colony (ABC) [11], which
examines the foraging behavior of bees in nature and is adapted to solve real-world problems
with these movements, or the particle swarm optimization (PSO) [12], which optimizes the
process by adapting the movements that birds follow as a flock to find food in nature to a
real-world problem, are examples of developed algorithms. The generally accepted approach
in literature is to examine metaheuristic algorithms in five main categories (Fig. 1). These
are evolutionary-based (EA), physics-based (PA), human and social behavior-based (HS),
swarm intelligence-based (SI), and hybrid algorithms (HA) [13]. The algorithms in each
category are adapted as unimodal and multi-modal, single-objective and multi-objective, in
accordance with the problem and application. On the other hand, these algorithms are dis-
cussed in different categories in another study [14]. The authors mentioned two classes of
metaheuristic algorithms: single-solution-based and ensemble-based methods. Accordingly,
metaheuristic methods are basically classified as nature-inspired and non-nature-inspired
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Fig. 1 A classification of MH
algorithms

Meta-Heuristic

Algorithms

methods with dynamic and static objective functions. Furthermore, they are classified as
neighborhood structure and variable neighborhood structure, memory-using or memory-free,
single-solution or ensemble-based methods. In single-solution metaheuristics, optimization
problems are solved by optimizing a single target. Single-solution-based metaheuristics focus
on moving from a particular solution to another neighboring solution by walking through
neighborhoods. In this study, we focus on 5 commonly used categories.

EAs are basically inspired by Darwin’s theory. The most famous algorithms in this category
and their variants are listed below. Genetic algorithm (GA) [15], differential evolution (DE)
[16], biogeography-based optimizer (BBO) [17], wildebeests herd optimization (WHO) [18],
and improved quantum-inspired cooperative coevolution algorithm (MSQCCEA) [19]. The
WHO is inspired by the migrations of wildebeest in Africa. During migration, each antelope
tries to choose its own path, taking into account the position and mobility of the mature
one in the herd. In the black widow optimization (BWO) [20] algorithm, an approach close
to genetic logic is used, inspired by the life of hummocks. Here, it tries to find the best
solution to various problems through processes such as mutation. PAs are inspired by the
laws of physics in nature and behave randomly according to assumed physical events. We
should note that this random behavior helped bring them closer to the answer. In general,
algorithms in other categories also have this feature. Famous methods in this category are
henry gas solubility (HGS) [21], chaotic fractal walk trainer (CFWT) [22], adaptive best-
mass gravitational search (ABGS) [23], atom search optimization (ASO) [24], arithmetic
optimization algorithm (AOA) [25], special relativity search (SRS) [26], and Al-Biruni earth
radius (BER) [27]. The ASO is inspired by fundamental molecular dynamics. This algorithm
mimics the pattern of atomic motion in nature, where atoms interact through interaction
forces due to the Lennard—Jones potential and constraint forces due to the bond length
potential. The AOA This method attempts to find answers in various search spaces using
popular arithmetic operators such as multiplication, addition, subtraction, and division. The
SRS algorithm is based on the concept that time is relative and depends on the observer’s
frame of reference, inspired by Einstein’s theory of special relativity. This algorithm consists
of three main stages: evaluation, relativity update and selection. This proposed algorithm
has been claimed to have good performance in multi-modal and high-dimensional problems.
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The third category, which focuses on many characteristics of humans such as lifestyle and
social behavior, is the human behavior algorithms. The soccer league competition (SLC) [28]
algorithm, social mimic optimization (SMO) [29], poor and rich optimization (PRO) [30],
Olympiad optimization algorithm [31], driving training-based optimization (DTBO) [32],
and teaching—learning-based optimization (TLBO) [33] are well-known algorithms in this
group. The DTBO is inspired by the way humans behave when learning to drive. For this,
the algorithm was developed from three different perspectives. One of them is the practice
model, the other is the pattern consisting of the course teacher and the last one is the teaching
approach used by the driving instructor. TLBO is inspired by the teaching and learning
process observed in the classroom environment and consists of two basic phases. One of
these is the teaching phase, where the teacher with the best solution shares his knowledge
with other students in the population. In the other phase, learning, students interact with each
other, exchange information, and learn from better solutions in the population.

The fourth category is swarm intelligence (SI) algorithms, which have been the focus of
researchers lately. These algorithms generally work in the swarm (herd) mechanism. A herd
is used to mean a collection of scattered individuals interacting with each other. Individuals
represent a herd that works together to perform purposeful behavior and achieve a goal. This
easily observable ‘collective intelligence’ arises from frequently repeated behaviors among
representatives. The search agents use simple individual rules to govern their activities and
achieve herd goals through interaction with the rest of the group. A kind of self-organization
arises from the sum of group activities. In SI-based algorithms, there is a swarm distributed
architecture and a self-organizing structure. Members here can interact with each other and be
successful in finding the target. This definition can be applied in many areas today and can be
blended with other concepts such as machine learning, artificial intelligence, software, sensor
networks and IoT-based smart systems [34—40]. Ant colony optimization (ACO) [41], PSO
[12], grey wolf optimization (GWO) [42], ABC [11], sand cat swarm optimization (SCSO)
[43], mountain gazelle optimizer (MGO) [44], puma optimizer algorithm (POA) [45], and
binary artificial electric field algorithm (AEFA) [46] are few studies in this category. The
SCSO algorithm is inspired by the lives of desert cats and their special hearing ability.
This algorithm is used to solve many problems with its balanced and simple approach in
the attack and search phases. The MGO algorithm mimics the hunting behavior of mountain
gazelles, known for their ability to evade predators. In this algorithm, the optimization process
involves simulating the movements of gazelles in the search space and consists of three main
stages: exploration, homecoming, and herding. POA was designed inspired by puma hunting
strategies and consists of four main schemes: search, movement, jumping and repositioning.
Fast convergence and low probability of falling into local optima are the distinctive features
of this algorithm.

Algorithms belonging to the last category are hybrid-based algorithms. Studies in this cate-
gory have emerged to more efficiently overcome difficult and complex problems encountered
in the real world. These algorithms can be designed in two different ways. 1) It is achieved by
combining the strengths of existing algorithms. Combined algorithms do not have to be from
the same category family. Additionally, they may consist of improved versions of existent
algorithms. 2) It may propose through a combination of approaches that exist in nature but
have not been studied in the literature. An example of an algorithm gaining popularity due
to the identified need is the PSCSO algorithm [47], which is proposed as a combination
of political optimizer (PO) [48] and SCSO [43] algorithms. As mentioned above, PO is an
HS-based algorithm while SCSO is an SI-based algorithm. This proposed hybrid algorithm
offers a more balanced and faster mechanism by using the advantages of both methods. The
PSO-GA [49], GWO-WOA [50], AVO-HA [51], and RLWOA [52] methods can be given
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as examples of this category. In the PSO-GA algorithm proposed on the flexible flow layout
planning problem, transport constraints are also included. In this algorithm, PSO is used to
efficiently explore the solution space while GA is used to improve and refine the solutions.
The AVO-HA hybrid algorithm, created by combining the African Vulture Optimization
Algorithm and the Cohesion Search Algorithm, is designed to solve clustering problems.
The paper conducts experiment on different datasets to evaluate the performance of this new
algorithm. In RLWOA, hybrid algorithms created by combining two popular optimization
approaches, reinforcement learning (RL) and whale optimization algorithm (WOA) [53], are
designed to provide solutions to complex optimization problems. Q-learning method based
on RL approach was used to make decisions efficiently, smoothly, and stable in the explo-
ration and exploitation phases. In this hybrid structure, if the exploration phase is progressing
well in MH, RL is encouraged to continue the same process; otherwise, the decision resulting
from MH is changed and moves to the exploitation phase. A similar situation also applies to
the opposite scenario. Each of these algorithms has its own characteristics. It is noteworthy
that when the first versions of all these algorithms were presented and introduced, they were
mainly applied to different benchmark functions (CEC groups) and/or known complex engi-
neering fields. The characteristics of some of the algorithms considered in these categories
are summarized in more detail in Table 1.

A recently published study, chimp optimization algorithm (ChOA) [55], is a nature-
inspired, achievable algorithm that includes features in the fourth category. Since this
algorithm has some general and special features, it has suitable convergence behavior in
finding the optimum solution. This algorithm is inspired by the extraordinary group-hunting
mechanism of chimpanzees. Also, this algorithm memorizes the search domain information
throughout iteration and almost uses memory to keep the best solution they find. However,
there is a possibility of falling to local optima in the exploration phase. Although this algo-
rithm tries to solve this problem by the custom chaotic map, it may increase the transaction
cost. Also, since it is semi-deterministic, it is observed that it moves away from probabil-
ity and stochastic. In this paper, a new variant of ChOA is proposed with a new idea and
perspective to solve complex and global benchmarking and engineering optimization prob-
lems in order to eliminate its problems and shortcomings, and its name is extended-ChOA
(Ex-ChOA). We offer a more flexible and effective solution by using this mechanism as
well as this map. In addition, the balance between the exploitation and exploration phases
cannot be well established. The ChOA uses a special dynamic strategy to balance global
and local searches. Although it is dynamic, presenting selection models may not be a good
strategy for solving various problems. The Ex-ChOA offers a second solution model to make
this algorithm more flexible. Indeed, the proposed algorithm aims to make phase transitions
more balanced and stable with a new strategy. In addition, ChOA has a low speed in conver-
gence and is not very accurate in multi-dimensional, complex, and constrained engineering
problems. In this paper, new mathematical models are suggested by considering these prob-
lems. The Ex-ChOA will be able to explore the search space in various problems, especially
complex and high-dimensional problems. In addition to these, the main contributions of this
paper are briefly included as follows.

It improves the accuracy of the ChOA.

It solves the slow convergence problem of the ChOA.

It proposes new hybrid movement strategy models for position updates of search agents.
It provides a dynamic switching mechanism between phases.

It provides success in solving global, complex, and constrained problems.
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The rest of this paper is organized as follows. Section 2 is an overview of the standard
chimp optimization algorithm. Section 3 presents an expanded variant of the ChOA algorithm
based on an adaptive reform and hybrid mechanism. Sections 4 and 5 contain the results
and discussions about various test functions and different types of engineering optimization
problems. The conclusion and future works take place in the last section.

2 Standard chimp optimization algorithm

The chimp optimization algorithm (ChOA) is a new metaheuristic algorithm based on the
recently proposed SI category [55]. A chimpanzee colony is a fission—fusion society, and
tasks in the hierarchy may change over time [56, 57]. This shows the dynamism in group
mechanisms. Based on this basic knowledge, the concept of independent groups is proposed
in this algorithm. Although individuals have different abilities and intelligence, they are all
responsible for fulfilling their duties in the hunting process. This feature not only enhances
diversity but also adds dynamism, which can be advantageous in the prey capture process.
In this algorithm, the members in each group try to explore the search space with their own
strategy independently of other groups. These groups are divided into four types: attacker,
barrier, chaser, and driver. In the exploration phase, the driver, barrier, and chaser groups are
responsible, and in the exploitation phase, members of the attacker group. In short, the ChOA
is an algorithm that works in a hierarchical structure with few parameters inspired by nature.
Because chimpanzees are made up of various individuals in groups, various responsibilities
are easily identified, and they can access their prey quickly and easily. For this reason, the
ChOA algorithm can work well in the exploration and exploitation phases.

In the remainder of this section, the mathematical perspective and working model of
the algorithm are explained. Chimpanzees flank the prey to attack, and accordingly, the
mathematical model has been made in two interrelated aspects. The encircle of prey is given
based on Eqgs. 1, 2, and 3. Moreover, the position update of each agent is also calculated
according to Eq. 4.

> > =
Dattacker = ’CI - XAttacker — M7 - X(t)‘

o . — =
Dgarrier = ’CZ - XBarrier — M3 - X(t)’

. . . (H
DChaser = ‘C3 : XChaser - IH; . X(I)‘
Dpriver = ‘C4 * XDriver — II_IZ ' X(t)‘
C=2-1 ()
— . -
X1(t) = Xattacker — @1 - DAttacker
— 5 5
X7(t) = Xvarrier — @2 * DBarrier
N . . 3)
X3(t) = Xchaser — a3 - DChaser
— - >
X4(t) = Xdriver — @4 - Dpriver
a=2f-np—f 4

—
where D; represents the distance between each chimp and prey and it is a vector that depends

on the location of the target. X is the position vector of the prey and X; is the position vector
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Table 2 The dynamic coefficients

of the f parameter Groups ChOA1 ChOA2

1 (Attacker) 1.95 - 2¢1/4/71/3 2.5 — (2log(¢)/log(T))

2 (Barrier) 1.95 — 2¢13/714 (=263/T3) + 2.5

3 (Chaser) (=363T3) + 15 0.5 + 2exp[—(4/T)?]

4 (Driver) (=283 + 1.5 2.5 + 2(WT)*—2(2uT)
of the four groups of chimps (I =1, ..., 4). Besides, ‘¢’ represents the current iteration and

‘T’ represents the maximum number of iterations. ‘r;’ and ‘r,’ are random vectors that are
between range [0, 1]. The ‘a’, and ‘C’ are coefficient vectors that lead to encircling the prey.
The ‘C’ coefficient provides random weights to increase or decrease the emphasis (C > 1 or C
< 1) in the effect of prey position in determining distance. In the ChOA algorithm, the leader
member surrounds the prey (based on Eq. 1), then hunts and ultimately lunges it based on the
‘a’ value based on Eq. 4. If lal< 1, the chimpanzee is obliged to attack its prey; otherwise, it
tries to find another prey. In addition, ‘f’ is a control parameter that is nonlinearly decreased
from 2.5 to O throughout the iterations and is achieved using Table 2. Since two different
scenarios are assumed in this algorithm, the approach that seems appropriate and used for
each is presented in this table. Here, separate ‘f” values were used for each group. This
parameter is obtained with a dynamic strategy and is used to balance actions in both phases
and to solve complex optimization problems. Since these dynamic common coefficients are
chosen with various curves and slopes, it is thought that they will be effective in improving
the performance of the algorithm.

Also, 7 is a chaotic vector based on various used chaotic maps. This vector represents
the influence of chimpanzees’ diverse motivations in hunting. Six chaotic maps are used in
the ChOA algorithm as shown in Table 3 [5, 55]. Thanks to the specific behavior of each of
these maps, it can produce different results. Therefore, they may have positive contributions
to the relevant algorithm.

We should note that the attacker is supposed as the best candidate solution and the other
three groups tracks it. In this algorithm, two alternative solutions are proposed for position

Table 3 Chaotic maps used in ChOA [55]

No. Name Chaotic map Range
1 Quadratic Xit1 = XI.2 —c, c=1 O, 1
1 Xi=0

2 Gauss/mouse Xiy1 = \ O, 1)
ol (5D otherwise

3 Logistic Xit1=aXi1-X;), a=4 0, 1)

4 Singer Xiy1 = pu(7.86X; — 2331X7 +28.75X] — 13.302875X}), pu =107 (0.1

5 Bernoulli Xit1 =2X;(mod1) o, 1)

6 Tent X; 0,1

X, = X X <07 ©. 1)

B =X, Xi 207
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updating. This model works as presented in Eq. 5. The position update mechanism is an
approach based on the normal model in one and the chaotic model in the other [5, 55, 58].
Each of them is given a 50% chance to have a balanced weight. The ‘i’ is a random number
in [0,1]. If the u value is less than 0.5, the position is updated according to the average of
four chimpanzees; otherwise, chaotic values are activated.

X1 O+ X5 (0+X3(0+ X4
1O+ 2(01- 3OFXW e < 0.5

Chaotic Value if u=>0.5

X+1) = )

The pseudocode of the standard ChOA, which was inspired by [55], is represented in
Algorithm 1. You can find the detailed description of this pseudocode in the relevant reference.
Also, the position update mechanism of the ChOA algorithm is presented in Fig. 2.

éPrey

Attacker

.

> %

Barrier

Chaser

Driver

Fig. 2 Position updating in ChOA [55]
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Algorithm 1 Pseudocode of ChOA

Initialize the population size: N and the maximum number of iterations: T
Initialize positions of chimps
Calculate f, m, @ and C  //m based on Table 3; f'and C based on Table 2 and Equation (2)
Calculate the fitness of each chimp
Select attacker, barrier, chaser, and driver
While (t<T)
For each agent
if (u<0.5)
Update the position of the current search agent by the Equation (5) based on position update mechanism
else
Update the position of the current search agent by the Equation (5) based on chaotic values
end
Update f, m, @ and C  //m based on Table 3; f'and C based on Table 2 and Equation (2)
Update x, X, X, Xq
t=t+1
end
return x,

3 Expanded Chimp optimization algorithm

While the ChOA algorithm offers several advantages, it is prone to falling into local optima
during the exploration phase. Additionally, it suffers from slow convergence and limited
accuracy in high-dimensional problems. In spite of the fact that it tried to prevent this with
dynamic coefficients and chaotic maps, it still suffers from these problems. Therefore, in
this study, a multi-strategy-based algorithm is proposed to solve these problems and improve
performance. In the proposed algorithm, each search agent (chimpanzee) expresses the values
of the problem variables. It should be emphasized that in this study, explanations of all
parameters used are presented in Appendix Table 22.

3.1 Population initialization

In this algorithm, each agent is allowed to work up to the dimensional (d) of the problem.
The population is shown in Eq. 6, and the result of each member’s action in all dimensions
is represented by X’s, as represented in Eq. 7. In these equations, the total number of agents
is assumed to be 'n’.

Chimp; = {Chy, Chy, ..., Ch,}; 1 <i <n ©6)
X1 - X

X= DXy s 1<i<n 1=<j<d 7
Xn]"'Xnd

s

where, ‘i’ represents the index of each agent and °j° denotes the number of dimensions.
‘Xij’ represents the action of the ‘i’ agent in the /" dimension. This is a two-dimensional
matrix where the rows represent search agents, and the columns represent the dimensions of
the problem or the number of uncertain parameters. Therefore, in the first step of the Ex-ChOA
algorithm, a candidate matrix is created according to relevant matrix (Fig. 3). In this regard,
a cost calculation is made for each agent as a result of its actions on all dimensions. This
cost calculation is represented by a fitness function appropriate to the problem. The general
definition of this function is presented in Eq. 8. In each iteration, the relevant function is
evaluated for each member, and updates are made by getting the best solution as it moves
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/ Dimensions \
| .

Ch, X1 X2 | ‘ X1d » Solution,
Ch, X2 X2 ‘ ‘ X2 » Solution,
[ .
Ch, Xa1 ‘ X ‘ \ Xnd —» Solution,
X 4racker—the best search agent, Xporier—the third-best search agent

Xchaser—the second-best search agent, Xp,.,.,=the fourth-best search agey

Fig. 3 Initial step of Ex-ChOA

on to the next iteration. In this study, the top four results are used for the next position
updates. In each iteration, each agent finds a solution according to this fitness function. The
four agents that find the best answer represent the groups defined in the algorithm. For the
next iteration, while these four agents try to approach the prey, the other agents update their
positions according to these four agents. Fitness calculation continues until the last iteration.
At this stage, the best answer found is considered the most optimal solution that the algorithm
can find for the relevant problem. The appropriate fitness function must be defined for each
problem, and agents try to find answers accordingly. For example, they focus on finding the
minimum or maximum.

fXq - Xia)
Fitness = oo (8)

f(an e Xnd)

3.2 Search and attack mechanisms

In the proposed algorithm, prey search and attack mechanisms are mathematically modeled
below in different situations. These mechanisms are used in the exploration and exploita-
tion phases of the algorithm. In these two phases, intelligent agents update their positions
according to their fitness to find the best or a closed optimal solution. The position update
mechanism occurs from two different perspectives, like standard ChOA. Therefore, the
proposed algorithm is considered as Ex-ChOA1 and Ex-ChOA2. These are normal and chaos-
based approaches. Equations 9 and 10 defined in normal position updating are used. While
Eq. 9 is proposed for the exploration phase, Eq. 10 is introduced for the exploitation phase.
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-

— Ci - e C - -
Xi(t) = > - Xy —rand - X(1); Xo(t) = 7~Xb —rand - X(¢t)

— Cy - - — Cs - =

X3(t) = — - X. —rand - X(¢); X4(t) = — - Xq —rand - X(¢) 9
2 2 )

4

Xt+1D)=— 1 1 1
s—+t=s—+t=—+=—
Xi(v) Xa(t) X3(1) X4(t)

The Ex-ChOA focused on harmonic mean instead of position update with arithmetic mean.
A similar approach is also used in the exploitation phase. In short, in the normal position
updating, the harmonic mean-based approach is recommended in this study. The ‘a’ index
was used for the Attacker chimpanzee, the ‘b’ index for the Barriers chimpanzee, the ‘c’ index
for the Chaser chimpanzee, and the ‘d” index for the Driver chimpanzee. Based on this, ‘X;’
shows the Attacker chimp’s position and ‘D,’ represents the Attacker chimp’s distance relative
to the prey. Similar considerations apply to chimpanzees in the other category. Equation 10
is proposed for the exploitation phase in normal position updating mechanism. The values
of the ‘C’ and ‘f” parameters are calculated according to Table 4. The value ‘a’ is calculated
according to Eq. 2.

— — - — - —
Dy =1 Xa - X )\ X1(t) = X4 —ay - Dy;
— — — - —
Dy = ‘C2~X , Xo0()=Xp —ap- Dy
— — - —
De = |3 Xe = X(0)|. X30) = Xe —a3 - Dis
— - — - —
Dy ‘C4~—X(t)),X4(t)Xd —ay-Dy
- 4
Xt+1) = (10)

S
X1 Xa( X3 X4
In this study, the characteristics of the concept of chaos are also used. Mathematically,
chaos describes the randomness of a simple deterministic dynamical system, from which
chaotic systems can be considered sources of randomness. In this regard, the chaotic maps are
used to take advantage of the chaos feature in this algorithm [54]. In this way, problems such
as local optimum trap, low search consistency, premature convergence, inefficient search, and
low population diversity can be prevented or minimized. Therefore, in one of the strategies,
chaotic maps with statistical and dynamic properties that have similar randomness properties
are used in the proposed algorithm. As mentioned earlier, we assume that the probability of
choosing between the normal or chaotic model in the position update is 50%. That is, with
equal probability, either the natural hunting model is chosen, or the chaotic model is used
to update the position. Equation 11 is suggested for the algorithm to work according to the
chaotic map.

— = 5 = — - —
Daz\cl-x — - X0)]. X1(t) = Xa — a1 - Dy
— — - — - —
D, =|C2 X —  Xa(t) = X, —ay - Dy
5::‘C3- m; - X X3(t)—X —as- Dc,
— 7

Dd:‘c4'Xd—  Xa(t) = Xg — as - Dy
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Table 4 Calculation of the

coefficients of the f and C Algorithm f C
parameters
Ex-ChOA1 Equation 14 Equation 3
Ex-ChOA2 Table 2 Equation 13

32 .2 .2 32
X17() 4+ X27 () + X37(H) + X47(D)
— — = —
X0+ X0 + X0 + Xa0]

X(t+1) = an

As a result, the working model of the proposed algorithm is summarized in Eq. 12.
Additionally, if the values of the ‘f’ parameter are distributed evenly, the value of the ‘a’
parameter will also be balanced. and therefore, the chances of operations between the two
phases will be appropriate according to the problem. In other words, ‘a’ is a random value in
the interval [-2f, 2f] where ‘f” is reduced over iterations both linearly and nonlinearly in two
different scenarios named Ex-ChOA1 and Ex-ChOA2. These two scenarios differ only in the
calculation of the ‘f” and ‘C’ parameters, and the main backbone operation of the algorithm
is the same in both.

R Equation9 if (uw<05 and |a| >1)
X(@#+1) =13 Equation10 if (u<0.5 and |a| <1) (12)
Equation 11 if pn=>0.5

To evaluate the performance of Ex-ChOA with chaotic maps, 12 chaotic maps were used
as shown in Table 5. In order to increase the evaluation accuracy and attention of the proposed
algorithm, it will be possible to analyze the performances in different scenarios by doubling
the number of maps. In general, the creation of various models makes the algorithm more
flexible and can be used in various types of problems. The chaotic map can increase the cost
of transition costs while avoiding falling into local optima. It also causes the algorithm to
behave semi-deterministic [54].

The ‘C’ parameter supports exploration and avoidance of the local optimum, with a more
random behavior throughout the optimization. Two different scenarios are assumed for our
proposed algorithm here. In one of them (Ex-ChOAZ2), the ‘C”’ value is based on a completely
random model, while in the other (Ex-ChOA1), the effect of the f parameter in the calculation
of this parameter is also reflected (Eq. 13). Therefore, in the Ex-ChOA1 scenario, besides
the randomness, the parameter ‘f” influences both *a’ and ‘C’. For the calculation of ‘f’, two
different methods are used for the two scenarios. Ex-ChOA1 uses a dynamic approach, which
is presented in Table 2, and Ex-ChOA2 behaves based on Eq. 14. These two parameters (‘C’
and ‘f’) are summarized in Table 4.

C=2fer; (13)

T _ k.
f:s—s(JZl);s:{ 25k > 1 ; (14)

e—1 cos(e srand) +1°

where ‘r3’ is a random value in [0,1]. Besides, ‘s’ parameter can be obtained in two different
ways. This ensures that the useful one can be selected for different kinds of problems. In this
study, a value of 2 is assumed for the ‘s’ parameter in Ex-ChOA?2, but different values or our
other defined method can also be used. Based on this value, we are giving more than a 60%
chance of exploration. On the other hand, if s = cos(e * rand) + 1” is assumed, random
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transitions between the two phases will be possible and there will be a mutant-like behavior.
The point to be noted is that when s is kept equal with ”cos(e * rand) + 1”, the first iteration
will always be 2 and the last iteration will always be 0. Due to this behavior of the proposed
algorithm, it has fast and accurate convergence.

The working mechanism of the Ex-ChOA algorithm in position update is shown schemat-
ically in Fig. 4. In this figure, X p(t) represents the location of the prey (solution) at time “t”.
In fact, Xp is the vector of prey position. In addition to this, the flowchart and pseudocode
of the Ex-ChOA are given in Fig. 5 and Algorithm 2, respectively.

Algorithm 2 Pseudocode of Ex-ChOA algorithm

Input: The population size N and total number of iterations T
Calculate the fitness function based on the objective function.
Initialize f, m, a and C //m based on Table 5; fand C based on Table 4
Calculate the position of each chimp.
Divide chimps randomly into independent groups.
Select attacker, barrier, chaser, and driver.
while (t <T)
for each search agent
if (1<0.5)
if (la| >=1)
Update the position of the current search agent by the Equation (9)
else
Update the position of the current search agent by the Equation (10)
end
else
Update the position of the current search by the Equation (11)
end
end
Update f, m, a and C
Update X, Xp, X¢, Xg
t=t+1
end
return x,

X racker=1he best search agent, Xhaser =the second-best search agent
(@) Xponie—the third-best search agent, Xp,;,,=the fourth-best searchagent
&
- X, =the prey position

)

xt+1)  XE+D xe4

® Prey O Chaser > 1.
@ Attacker@ Driver lal P 11.‘}]-:5xpllor_f
© Barrier @ Other lal s Explol

Fig. 4 Working mechanism of Ex-ChOA algorithm in position updating
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Initialize
population
No

t <Max_Iteration

Calculate
Update Position Fitness val. For
based on Eq. 10 each member
No Calculate
f,m,aand c

Update Position |_Yes
based on Eq. 9

Update Position No
based on Eq. 11

Fig. 5 The flowchart of the Ex-ChOA algorithm

3.3 Complexity analysis

Computational complexity qualitatively represents the running time of an algorithm. The
parameters chimpanzee, size and total number of iterations and cost of the function are
important in calculating the computational complexity of Ex-ChOA. These are represented
by 'n’, ’d’, ’T’, and "F’, respectively. While the initial complexity is O (N) in the worst
case, it is equal to O (T x N x F) in the functional evaluation. This is also evident from the
pseudocode presented in Algorithm 2. Therefore, while the proposed Ex-ChOA algorithm
improves the performance of the standard ChOA algorithm, it is observed to be equal to the
original ChOA in terms of complexity analysis. This means that the working mechanism of
the Ex-ChOA algorithm is scientific.

4 Results and discussion
4.1 Simulation parameters and setup phase

In this section, the performance of the Ex-ChOA algorithm is analyzed over 34 benchmark
functions and complex problems from CEC2015, and 2019 [59, 60]. The 24 functions of
CECE 2015 are unimodal, multi-modal, and fixed-dimension multi-modal. Moreover, in
another subsection, 10 CEC-C06 complex functions are selected for evaluation. These are
competition functions that have been selected from IEEE Congress of Evolutionary Com-
putation Benchmark Test Functions [60]. Both categories of selected benchmark functions
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are well-known functions utilized by many researchers [61-63]. The detailed information on
each test function is represented in Appendixes Tables 23 and 24. These functions are used
to examine the effectiveness of the Ex-ChOA algorithm. In unimodal benchmark functions,
there is only a general optimum without any local optimum. Multi-modal functions, like
unimodal, have only one global optimum but can have more than one local optima. Such
benchmarking functions generally play an important role in the performance measurement
of metaheuristic algorithms in the exploration and exploitation phases and are widely used in
the literature. In the fixed-size multi-mode functions, the size of each comparison function is
static and cannot be set to a size number, whereas, in the multi-mode function, it can be set.

The obtained results are compared with the related state-of-the-art studies in recent years
(ChOA1 [55], ChOA2 [55], W-ChOA [57], E-ChOA [62], and I-GWO [63]). The standard
and several novel variants of ChOA are discussed in the comparisons. In addition to these,
a good-performance GWO-based algorithm was chosen. This is because the position update
mechanism is like the chimp algorithm. The proposed algorithm is evaluated in two different
scenarios (Ex-ChOA1, Ex-ChOA?2) and tried to reveal its performance in different situations.
All algorithms in this study were simulated using MATLAB, on the same PC with a Core i7
processor and 16GB of RAM. In addition, Table 6 presents the specific simulation parameters
of each algorithm. Specific and general simulation parameters are defined for all algorithms
used in the study. In this study, the number of populations, maximum iteration and total
number of runs are assumed to be 50, 500 and 10, respectively, and these parameters are
common for all used algorithms.

4.2 CEC2015 benchmark functions

In this section, the proposed algorithm is analyzed independently on several famous CEC2015
functions, and their results are compared with other metaheuristic algorithms. Tables 7, 8,
and 9 represent the performance of all algorithms over 23 functions of CEC2015. Detailed
information on these functions is presented in Appendix Table 23. As mentioned before, these
functions consist of unimodal, multi-modal, and fixed-dimension multi-modal test functions.
The results are evaluated based on three metrics (Best, Mean, and Std).

According to the results, the Ex-ChOA1 algorithm found the best solution in all functions
except for Fs Fg, Fg, Fi5, and F;. Also, Ex-ChOA2 algorithm outperforms than other in
Fe, Fo, F10, F11, and from Fy4 to F19. When we compare the performance of the algorithms,
we mainly pay attention to the mean and standard deviation values. If the performance of
the proposed algorithm in two scenarios is examined, it is determined that it cannot find
the best answer only in Fs, Fg and F»;, and this demonstrates the success of the general
working model of the Ex-ChOA algorithm. Ex-ChOA1 performed best from F; to Fy4. In
the F; evaluation, Ex-ChOA1 ranked first, while W-ChOA, Ex-ChOA2, E-ChOA, I-GWO,
ChOA2, and ChOA1 algorithms take place in the other ranks, respectively. In the F,, F3,
and F4 evaluation, those who follow the Ex-ChOA1 algorithm, which is by far the first, are
the same as in Fj. When the Fs results are analyzed, it is understood that the situation is
different from the previous functions. I-GWO algorithm is in the first place in F5. While the
E-ChOA algorithm is in second place, Ex-ChOA1, Ex-ChOA?2 algorithms are in the third and
fourth places. In this function, the ChOA2 and W-ChOA algorithms are in 5th place together.
The worst ranked algorithm is ChOA1. In the evaluation of Fg, Ex-ChOA2 and Ex-ChOA1
reserved the first two rows. In other ranks were the I-GWO, ChOA1, W-ChOA, E-ChOA,
and ChOA?2 algorithms. In the evaluation of F7, Ex-ChOA1 and Ex-ChOA2 took the first two
places, and I-GWO, W-ChOA, E-ChOA, ChOA1, and ChOA?2 algorithms were in the other
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Table 5 Chaotic maps used in Ex-ChOA

No Name Chaotic map Range
1 Chebyshev Xit1 = cos(icos™'x;) (-1, 1
2 Circle Xit1 = mod(x; +b — (5% )sin(27x;), 1), a=0.5, b=0.2 0, 1)
3 Iterative Xip1 = sm(%) a=07 (-L D
F 0<xi<P
xi—P
=L P<x <0.
4 Piecewise Xip1 = ?-5;” sxi <035 P=04 0,1
- 05<xi<1-P
Ly p<y<1
5 Sinusoidal Xit1 = aX,-zsin(nx,v),a =23 ©, 1)
6 Sine Xit1 = §sin(mx),a =4 ©, 1)
7 Quadratic Xit1 = Xl-2 —c,c=1 0, 1)
8 Gauss/mouse 1 X;=0 O, 1)
Xit1 = ) )
mod (D) otherwise
9 Logistic Xy =aX;(1 —X;),a=4 o, D
10 Singer Xit1 = n(7.86X; —23.31X;2 +28.75X;% — 13.302875X;%), 0 = 1.07 (0, 1)
11 Bernoulli Xit1 = 2X;(mod1) 0,1
12 Tent Xi 0,1
en Xi+1 _ o5 Xi <07 ( )
Da-x). X207
Table 6 Experimental parameters
Algorithm Parameter Value Algorithm Parameter Value
ChOA/ f Table 2 Ex-ChOA f Table 4
W-ChOA/ m Table 3 m Table 5
E-ChOA
a [—2,2] C Table 4
a [-2,2]
C 2.rand (0,1) I-GWO C 2.rand (0,1)
a [-2,2]

ranks, respectively. It is understood from the results that the I-GWO algorithm performed
successfully in Fg. Ex-ChOA2 took the second place, while Ex-ChOA1, ChOA2, E-ChOA,
W-ChOA, and ChOA1 algorithms took place in the other ranks.

In the analysis of Fo, it is understood that the best performance belongs to Ex-ChOA1
and Ex-ChOA?2, while the worst performance belongs to the ChOA1 algorithm. In a similar
analysis, the best result for Fyg is obtained by Ex-ChOA1 and Ex-ChOA?2 algorithms, while
the weakest performance belongs to Ex-ChOA?2 algorithm. Except for ChOA1, ChOA?2 in
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F11, all the other algorithms found the optimum result. As it turns out, some functions seem
to have more than one good answer algorithm (for example, Fy1). In this study, we counted
all of them as full points, but for detailed reporting, the best answer in which iteration they
found is presented below. Ex-ChOA1 found the best response in the Fi; function at the
17th iteration. For example, in the best case, Ex-ChOA2 found the best answer in the 39th
iteration, the I-GWO algorithm in the 201st iteration, the E-ChOA algorithm in the 245th
iteration, and the W-ChOA algorithm in the 432nd iteration. The best result in Fj, belonged
to Ex-ChOA1 algorithm again, while W-ChOA, ChOA2, ChOA1, Ex-ChOA2, I-GWO, and
E-ChOA algorithms took place in the other ranks. While Ex-ChOA1 algorithm is in the first
place in Fy3, the worst result was obtained from ChOA?2 algorithm. In the Fy4 function, the
best results are obtained by the proposed algorithm, while the weakest performance belongs
to the E-ChOA algorithm. In Fy5, Ex-ChOA2 was the best and ChOA?2 algorithm was the
worst. Finally, the F¢ and F;g results were examined. According to the results, all algorithms
were successful in finding the optimum value.

In Fy7 and Fjo, all algorithms found the best results, except the ChOA2 and W-ChOA
algorithms. In Fyg, the Ex-ChOA1 algorithm found the best result, while the weakest perfor-
mance belonged to the W-ChOA algorithm. In F,, the best performance belongs to -GWO.
The proposed algorithm is ranked second in this function. It is understood from the analysis
of the results that the Ex-ChOA1 algorithm found the best result in F»;, F23 and Fp4. As a
result, the analysis results for all 24 functions were obtained as follows. The Ex-ChOA1 took
first place, followed by Ex-ChOA2. The W-ChOA and I-GWO algorithms took third place
jointly. However, we should not ignore that -GWO has managed to achieve the best results
in three functions alone. The E-ChOA algorithm took fifth place, followed by ChoA2 and
ChoAl, respectively. In these 24 test functions, in total, Ex-ChOA1 achieved the best result
with 55.5%, and Ex-ChOA2 achieved this success with 18.46%, taking the second place.
Following these two is the -GWO algorithm, which ranked third with a rate of 16.42%. The
E-ChOA algorithm ranked fourth with a success rate of 3.92%, ChOA1 was in fifth place
with a success rate of 2.87%, and W-ChOA and ChOA2 came in next with a success rate of
1.19% each.

Another analysis considered in this study is convergence behavior. In this context, the
convergence with which the agents of each algorithm, especially the proposed algorithm,
reaches the best answer they find is examined. For this analysis, each algorithm is applied
500 iterations on all functions, and the movements and behaviors of each algorithm in two
phases are examined. It is also compared with other algorithms to get a clear understanding
of its performance. In general, search agents in optimization algorithms can act in unexpected
ways during their first steps, and this is considered a perfectly normal phenomenon in the
literature [64, 65]. This change in movement causes the search space to be explored more
broadly and, therefore, to benefit from it. However, these changes are normally reduced in
final iterations for good use. Therefore, this analysis is considered an important tool used to
show how well each algorithm performs. In other words, this analysis is an examination of
how the algorithm progresses toward an optimal solution over time. It involves evaluating
how the algorithm behaves as iterations progress and aims to understand how quickly and
effectively the algorithm approaches a solution that meets a certain criterion or achieves a
desired solution quality. The convergence behaviors of the algorithms are examined in Fig. 6,
and according to the analysis, it is seen that Ex-ChOA 1 outperforms the others. Regarding the
results according to the working mechanism of this algorithm, search agents explore the area
in early iterations and try to use them after certain iterations. At the same time, the chances
of finding other possible solutions increase as the transitions between phases are faster.
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Fig. 6 The convergence curve analysis of each algorithm in some CEC2015 test functions

In addition to the analysis, statistical tests were carried out for the proposed algorithm.
Tables 10 and 11 present the p-values calculated by the nonparametric Wilcoxon rank-sum
tests for the pair-wise comparison over two independent samples. One of the tables represents
Ex-ChOA1 and the other represents Ex-ChOAZ2. p-values are produced by the Wilcoxon test
with a significance level of 0.05 and over 10 independent studies.
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Table 10 Pair-wise comparison with Ex-ChOA1 and other algorithms

Functions Ex-ChOA1 Ex-ChOA1 Ex-ChOAl Ex-ChOA1 Ex-ChOA1 Ex-ChOA1

Vs. vs. ChOA1 vs. ChOA2 Vvs. vs. E-ChOA  vs. I-GWO

Ex-ChOA2 W-ChOA

h h h h h h
1 + + + + + +
2 + + + + + +
3 + + + + + +
4 + + + + + +
5 + + + + - -
6 - + + + + +
7 + + + + + +
8 - + + + + -
9 ~ + + + + +
10 ~ + + + + +
11 ~ + + + ~ ~
12 + + + + + +
13 + + + + + +
14 ~ + + + + +
15 — - + - - -
16 ~ ~ ~ ~ ~ ~
17 ~ ~ + + ~ ~
18 ~ ~ ~ ~ ~ ~
19 ~ ~ + + ~ ~
20 + + + + + +
21 - + + + + +
22 + + + + + +
23 + + + + + +
24 + + + + + +
Total + 12 19 22 21 17 16

sign

In this table, the plus notation ( +) indicates that the proposed algorithm is superior to the others. Also, the
minus notation (-) means that the results of the proposed algorithm are worse than other comparison algorithms.
Finally, the ( ~) notation represents that the pairwise comparison algorithm has equal rank. The sum ( +) sign
indicates how many times the proposed algorithm is better than the other in two different scenarios in pairwise
comparisons over 24 functions

4.3 CEC-2019-CE06 competition benchmark functions

In this study, the performance of the proposed algorithm is also analyzed on the modern 10
benchmark functions of CEC-2019. They are the 100-digit challenge also known as “CEC-
C06 benchmark test functions” [60]. Detailed information on these functions is presented in
Appendix Table 24. These functions are utilized to evaluate the Ex-ChOA1 and Ex-ChOA2.
All these functions are scalable, and their global optimum converges to 1. In terms of the
general characteristics of these functions, the worst results are also presented for a better

@ Springer



F. Anka

Table 11 Pair-wise comparison with Ex-ChOA2 and other algorithms

Functions Ex-ChOA2 Ex-ChOA2 Ex-ChOA2 Ex-ChOA2 Ex-ChOA2 Ex-ChOA2

Vs. vs. ChOA1 vs. ChOA2 Vvs. vs. E-ChOA  vs. I-GWO

Ex-ChOA1 W-ChOA

h h h h h h
1 - + + + + +
2 — + + - + +
3 - + + — + +
4 - + + - + +
5 - + + + - -
6 + + + + + +
7 - + + + + +
8 + + + + + -
9 ~ + + + + +
10 ~ + + + + +
11 ~ + + + ~ ~
12 — — - — + +
13 - - + - - -
14 ~ + + + + +
15 + + + + + +
16 ~ ~ ~ ~ ~ ~
17 ~ ~ + + ~ ~
18 ~ ~ ~ ~ ~ ~
19 ~ ~ + + ~ ~
20 — + + + - -
21 + + + + + -
22 - + + + + +
23 - + + + + -
24 - + + + + +
Total + 4 18 21 17 16 13

sign

In this table, the plus notation ( +) indicates that the proposed algorithm is superior to the others. Also, the
minus notation (-) means that the results of the proposed algorithm are worse than other comparison algorithms.
Finally, the ( ~) notation represents that the pairwise comparison algorithm has equal rank. The sum ( +) sign
indicates how many times the proposed algorithm is better than the other in two different scenarios in pairwise
comparisons over 24 functions

understanding of the performance of each algorithm. The CEC0O1-CECO3 functions are non-
shiftable, while CEC04-CEC 10 functions can be shifted and rotated. The performance of each
algorithm over these functions is presented in Table 12. According to the results obtained,
it is understood that the proposed algorithm performs better than the others. Our algorithm
found the best results in CEC2, 3, 4, 5, 7, and 8 in the Ex-ChOA1 scenario, while it ranked
first in CECl, 6, and 10 in Ex-ChOA2. In CECO01, Ex-ChOA1 is in second place, while
W-ChOA, E-ChOA, I-GWO, ChOA2, and ChOA1 algorithms take place in the other ranks.
In the CECO2 competitive function, E-ChOA and I-GWO algorithms ranked second and
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third. Ex-ChOA2 took the last place. In CECO03, the results are very close to each other and
with a slight difference, Ex-ChOAL is in the first place and W-ChOA algorithm is in the last
place. While Ex-ChOA1 was the first in CEC04 and CECO05, the E-ChOA algorithm took
the last place. Again, poor performance in CEC06 belongs to E-ChOA algorithm and best
result belongs to Ex-ChOA?2. In CEC07 and CECO08, Ex-ChOA1 algorithm showed the best
performance, while ChOA1 found the weakest result. In CECO08, the best result belongs to
the I-GWO algorithm, and the worst belongs to the Ex-ChOA1 algorithm. In CEC10, the best
performing algorithm was Ex-ChOA 1, while the weakest was ChOA2 algorithm. According
to these results, the proposed algorithm was successful in finding the best result in other
functions except CEC09. As a result, Ex-ChOA1 ranked first in competitive functions with
a 60% success rate. Ex-ChOA2 ranked second with 30% and the I-GWO algorithm ranked
third with 10%. The remaining algorithms did not find the best results for any of the functions
in this category, but W-ChOA was ranked fourth. Then, E-ChOA, ChOA?2 and ChOA1 took
place, respectively.

As shown in Fig. 7, the convergence behavior of the proposed algorithm and other methods
is examined. As the iterations progress, the sensitivity ranges are reduced for attempting of
search agents to use and find the global optimum. In these curves, sudden changes of the
proposed algorithm are observed. These cause agents to discover a possible solution and take
advantage of it.
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Fig. 7 The convergence curve analysis of each algorithm in CEC-2019 functions
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4.4 Exploration—-exploitation and diversity analysis

In the exploration phase, it evaluates how effective the algorithm is at searching for new and
diverse solutions in the solution space. It usually aims to find potentially better solutions using
random search or various search strategies. In this study, the probability increases even more
due to the use of chaotic maps in combination with dynamic strategies. In the exploitation
phase, it evaluates how effectively the algorithm moves toward the best available solution. It
generally aims to refine the solution by concentrating on the region closest to the best-known
solution. In the proposed algorithm, it is aimed to increase this sensitivity with the newly
defined ‘C’ and ‘f’ parameters. Additionally, a position update strategy has been defined
with two different approaches. The analysis in this section is used to measure the algorithm’s
ability to find solutions in a large search space, as well as the algorithm’s ability to focus
on and improve the best solution found. In Fig. 8, the behavioral analysis of the proposed
algorithm in the exploration and exploitation phases is shown representatively on different
functions. A sample is taken from each benchmark function, and its behavior is analyzed. As
can be seen, in unimodal and multi-modal functions, the exploration and exploitation rates of
the algorithm are close to each other, while the rates vary in the other two types of functions.
In the analysis, it was observed that while other algorithms focused on exploitation after a
while, the proposed algorithm maintained a certain and stable trend. As a matter of fact,
while in some scenarios the emphasis is on the discovery phase, in some cases it is possible
to follow the opposite results.
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Fig. 8 Exploration and exploitation of proposed algorithm on some types of benchmark functions
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Fig. 9 Diversity analysis of the proposed algorithm on some types of benchmark functions

The other analysis performed is diversity analysis. In general, algorithms that emphasize
exploitation phase will have a good convergence rate. At the same time, the risk of falling
into an optimum trap is reduced. Additionally, when the exploration phase is effectively
concentrated, the chance of thoroughly scanning the search space and therefore finding the
global solution increases. Moreover, diversity is important for the robustness and effectiveness
of metaheuristic algorithms. However, the probability of the convergence speed decreasing
increases. While diversity prevents premature convergence by encouraging exploration of the
search, too much diversity can prevent convergence toward the optimal solution. Therefore,
in a balanced and reasonable manner, algorithms should give importance to both phases. This
analysis was inspired by some studies in literature [66]. Since the proposed algorithm makes
use of chaos theory, the diversity level of the population can be maintained. Additionally,
due to the use of various strategies, the proposed algorithm reduces the possibility of falling
into the local optimum trap by focusing on the diversity level of the population. The analysis
results of the proposed approach are presented in Fig. 9, covering the whole population
according to the characteristics of each sampled function.

5 Real-world engineering optimization problems

In this section, the performance of the proposed algorithm is analyzed in solving optimization
problems in various engineering fields. In this regard, 10 limited modern problems are taken
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from CEC2020 [67], the other two are classical engineering problems, and the last problem is
amodern and complex type of a multi-objective-based problem related to microwave design.

5.1 Modern constrained engineering optimization problems

In this study, real-world engineering problems are used in the performance analysis of the
proposed algorithm, as well as a wide variety of global test functions in the previous section.
In this regard, several of the complex real-world problems in various fields of engineering are
addressed at CEC 2020. These problems are categorized as follows. (1) Industrial Chemical
Processes, 2() Process Synthesis and Design Problems, (3) Mechanical Engineering Prob-
lems, (4) Power System Problems, and (5) Power Electronic Problems groups. In this study,
we selected two problems from each group, as presented in Table 13. In this table, the ‘D’
represents the number of decision variables of the problem. The ‘g’ is the number of inequal-
ity constraints, and ‘h’ is the number of equation constraints. The complex optimization
problems arising from real-life applications are generally referred to as real-world problems.

Solving these optimization problems is considered relatively difficult due to the complex
nature of the functions involved with many parameters. Of these, the RCO1 problem is known
as industrial chemical processes. It is a case of heat exchanger network design. The RC11 is
a two-reactor problem recognized as an industrial cooling system with 14 design variables
and 15 inequalities design constraints. The names of other problems and their properties are
presented in Table 13. RCO1, the optimal shape of the heat exchanger structure, is considered
in this problem. In three hot streams, a cold stream is heated to reduce the extensive area of
the heat exchange structure. RC06 involves the separation of a three-component feed mix
into two multi-component outputs using separators and splitting/mixing/combining. The

Table 13 Real-world engineering constrained problems

Problem Category Name D g h Optimum target

RCO1 Industrial Heat exchange network 9 0 8 1.8931162966E+02
chemical design (case 1)

RCO6 process Blending-pooling-separation 38 0 32 1.8638304088E+00

problem

RCI11 Process Two-reactor problem 7 4 4 9.9238463653E+01

RC14 synthesis N pyigi-product batch plant 10 10 0 5.3638942722E+04
and design
problems

RCI16 Mechanical Optimal design of industrial 14 15 0 3.2213000814E—02
engineer- refrigeration system

RC23 ng Step-cone pulley problem 5 8 3 1.6069868725E+01
problem

RC35 Power Optimal sizing of distributed 153 0 148 7.9963854000E—02
system generation for active power
problem loss minimization

RC40 Microgrid power flow 76 0 76 0.0000000000E+00

(Islanded case)

RC45 Power SOPWM for 3-level inverters 25 24 1 3.0739360000E—02

RC50 electronic gOPWM for 13-level 30 29 1 1.5051470000E—02
problem inverters
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operating cost of each separator may depend on some separators and mixers in a linear or
constraints fashion. Details of other problems with their mathematical models are given in
[67].

According to obtained results, as shown in Table 14, the Ex-ChOA1 results take the
lead in RCO1, RC06, RC23, RC35, RC40, RC45, and RC50, whereas Ex-ChOA1 is better
than others in RC11, RC16, RC40, and RC45. When we evaluate each function specifically,
it is understood that the Ex-ChOA1 algorithm finds the best result in the RCO1 function.
The proposed algorithm found results with approximately 2 differences from the optimum
target. In this function, the other case of the proposed algorithm took the second place. The
I-GWO algorithm took the last place. In the RC06 evaluation, which is another industrial
chemical-based problem, the proposed method is best in finding the optimum solution. The
last rank belongs to standard ChOA algorithm, version 1. The RC11 and RC14 problems from
the Process Synthesis and Design Problems family are taken as examples from CEC2020.
According to the results, Ex-ChOA1 and Ex-ChOA were in first place of RC11 and I-GWO
was in the last place. The optimum target value of this function is 9.9238463653E + O1.
In the analysis of RC14, the I-GWO algorithm took the first place. Since Ex-ChOA?2 found
the same value in the “Mean” parameter, the partner took first place. The last place belongs
to the E-ChOA algorithm. Besides, two famous problems from Mechanical Engineering
published at CEC2020 were addressed. RC16 is one of them. In the result analysis of this
function, Ex-ChOA1 and I-GWO algorithms were ranked first and last, respectively. In RC23
evaluation, Ex-ChOA1 algorithm showed the best performance and took the first place. In
this function, the W-ChOA algorithm found the weakest result. In the analysis of the problem
named RC35 in the field of Power Systems, Ex-ChOA1 and I-GWO were ranked first and
last, respectively. In RC40, the best results were found jointly with Ex-ChOA1, Ex-ChOA?2,
and W-ChOA algorithms. The last row belongs to the ChOA2 algorithm by a small margin.
RC45 and RC50 problems are discussed in the field of Power Electronics. Ex-ChOA1 and
Ex-ChOAZ2 algorithms performed best in the RC45 problem. The ChOA1 algorithm took the
last place. In the analysis of the RC50 problem, Ex-ChOA1 single-handedly allocated the first
place to itself, and the last-ranked ChOA1 algorithm found the weakest result. As a result,
Ex-ChOA1 ranked first in constrained modern and current real-world optimization problems
with 68.3% success rate. Ex-ChOA2 secured the second position with 13.3%, followed by
the W-ChOA algorithm in third place with 8.3%, and I-GWO in fourth place with 5%. The
algorithms that follow these are E-ChOA, ChOA2 and ChOA1 algorithms which are ranked
5th, 6th and 7th, respectively.

5.2 Classic engineering problems
5.2.1 Welded beam design problem

One of the famous classical engineering optimization problems is welded beam design prob-
lem [68]. This problem is also defined in the real-world problems category with the code
RC19. This shows that although the problem is not new, it is still a complex problem that has
not been solved. The primary objective of this problem is designing a welded beam with the
least production cost within certain constraints and variables. The restrictions are as follows.
The shear stress (1) is the end deflection of the beam (3), the bending stress in the beam (0),
and the buckling load (Pc) on the road. The variables of this problem are the length of the
part attached to the rod (1), the thickness of the weld (h), the thickness of the rod (b), and
the height of the rod (t). This problem is detailed in Fig. 10, and its mathematical models are
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| lh ‘

Fig. 10 The welded beam design problem

Table 15 Experimental results of the welded beam design problem

Algorithms Optimum variables Optimum cost
h 1 t b
Ex-ChOA1 0.2007 3.3476 9.0415 0.2058 1.7020
Ex-ChOA2 0.2057 3.4705 9.0366 0.2057 1.7249
ChOAl 0.1656 4.0829 10.000 0.2046 1.9036
ChOA2 0.2214 3.5358 8.9115 0.2127 1.7737
W-ChOA 0.2021 3.4707 9.0366 0.2057 1.7249
E-ChOA 0.1680 3.8762 9.7041 0.2026 1.7453
I-GWO 0.1249 6.2775 9.0366 0.2057 1.7393

The best algorithm has been bold and highlighted

presented in Eq. 15.
Consider : ¥ = [x1x2x3x4] = [RItD], (15)

Minimize : £(¥) = 1.10471x7x; + 0.04811x3x4(14.0 + x2),

Subjectto : g1(X) = 7(¥) — Tmax < 0, g2(X) = (X)) — Omax < 0,
3(¥) = 8(¥) — Smax <0,

g4(X) =x1 —x4 < 0,85(¥) = p = pe(¥) <0, g6(F) = 0.125 — x1 <0,

g7(X) = 1.10471x2x3 + 0.04811x3x4(14.0 + x2) — 5.0 < 0

Variables Range : 0.1 < x; < 2.00;0.1 < x» < 10.0;0.1 < x3 <10.0;0.1 < x4 <
2.

0"(1)"he obtained results in Table 15 demonstrate that Ex-ChOA1 is better than all other

comparative algorithms. According to the results, Ex-ChOA2 and W-ChOA shared the second
place jointly. In other ranks, -GWO, E-ChOA, ChOA2, and ChOA?2 algorithms took place.

5.2.2 Cantilever beam design problem

As the second classical engineering problem, the cantilever beam design problem is
addressed. It is considered as a structural engineering design example regarding weight
optimization of a square-section cantilever beam [69]. The beam is supported rigidly at the
1st node and faces a certain vertical force effect at the 6th node (Fig. 11). This beam consists
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Fig. 11 The structure of cantilever beam

Table 16 Experimental results of the cantilever beam design problem

Algorithms Optimum variables Optimum cost
X1 X2 X3 X4 X5
Ex-ChOAl 6.0164 5.3060 4.4935 3.5059 2.1516 1.339
Ex-ChOA2 6.0143 5.3049 4.4987 3.5039 2.1517 1.340
ChOAl 6.2094 6.2094 6.2094 6.2094 6.2094 1.937
ChOA2 5.6052 4.9553 5.6619 3.1959 3.2026 1.411
W-ChOA 5.1261 5.6188 5.0952 3.9329 2.3219 1.379
E-ChOA 6.7628 5.1583 5.6537 2.9279 1.8854 1.397
I-GWO 6.0040 5.2950 4.4915 3.5125 2.1710 1.401

The best algorithm has been bold and highlighted

of five variables: the heights (or widths) of the different beam elements and the thickness is
kept constant (here t = 2/3). The equation of this problem is presented in Eq. 16.

Consider : ¥ = [x1x2x3x4x5] = [x1x2X3X4X5], (16)

Minimize : f(X) = 0.0624(x; + x3 + x3 + X4 + x5)
Subjectto: G(X) =% +37 4+ 194 74 L _1<90
X1 X1 X3 Xy X3

Variables Range : 0.01 <x; <100;i €1,...,5

Based on the results (are presented in Table 16), the ranking of the 7 algorithms is as
follows. Ex-ChOA1 ranked first. The others were Ex-ChOA2, W-ChOA, E-ChOA, I-GWO,
ChOAZ2, and ChOAI1, respectively. Therefore, the performance of the proposed algorithm
proves to be better than other algorithms used.

5.2.3 Microwave design optimization problem

Another engineering optimization problem discussed in this section is the transistor low-
noise amplifier (LNA) design problem from the field of electronics and transistors [70]. This
problem is an important type of problem in the field of microwave design. In this design, which
is a multi-dimensional and multi-objective problem, is tried to reach the required objectives
based on a nonlinear viable design target space. These can be achieved by optimal selection
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Fig. 12 The low-noise amplifier design problem

of source (Zs) and Load (Z;) terminations [71]. The main objective in designing a high
performance low-noise amplifier is to achieve a design with maximum gain and minimum
noise. In other words, the main purpose of LNAs that need very weak input signals is to keep
the noise as low as possible and to strengthen the weak signals. The performance of LNAs
is most often measured by their gain to noise ratio. Apart from these, there are also criteria
such as dynamic range, loss of rotation, and stability. LNAs are one of the most important
circuit components found in radio and other signal receivers. Low noise amplifiers are an
essential part of a receiver circuit where the received signal is processed and converted into
information. LNAs are designed to be close to the receiving device with minimal loss due to
interference. As the name suggests, it adds a minimal amount of noise (useless data) to the
received signal because it greatly distorts the now weak signals. An LNA is used when the
signal-to-noise ratio (SNR) is high and needs to be reduced by about 50 percent and increased
power. The LNA is the first component of the receiver to capture a signal, which is a vital
part in the communication process. The two-dimensional representation of the problems is
given in Fig. 12. Its mathematical equations are given in Eq. 17.

Gr
b

f(RS7XX7RL7XL):a’F_Freq|+e +C|V0ut_Voutreq|+d|Vin| )

where (Rs, Xy) is associated with ‘F’ and (Gt, Vin, Vout) is associated with (Rs, Xs, Ry,
X1). In this problem, the aim is to find the optimal values for these four parameters. In this
way, it will be possible to find the most suitable values for the optimal source (Zs) and load
(Z) terminations with the determined cost function as presented in Eq. 18.

2
R,|Zs — Z
F = F(Zs) = Fuin + |7;"|
RS|Zopt|
4RsRL|Z2 |
Gr(Zs,Z1) = 75
[(Z11 + Zs)(Zno + Z1) — Z12Z21] (18)
1 + | pinl
Vin(Zs, Zp) = ———
1 — | pin]
1 + |pout!
Vouw(Zs, Z1) = —— —=
1 — | poutl

where ‘F’ depends on the signal and noise power, ‘Gr’ represents the relationship between
the power delivered to the load and the available source power. The relationship between the
reflected power and the input power at the input port is expressed by ‘p;,,’, and the relationship
between the reflected power at the load and the load power is expressed by “pou:’.
According to the results presented in Table 17, it is understood that the proposed algorithm
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Table 17 Experimental results of the low-noise amplifier design problem

Algorithms Optimum variables Optimum cost
Vin Vout F Gr
Ex-ChOAl 1.000 1.201 1.297 12.993 7.587
Ex-ChOA2 1.021 1.208 1.280 12.979 7.589
ChOAl 1.166 1.200 1.248 12.884 10.553
ChOA2 1.053 1.230 1.284 12.945 8.484
W-ChOA 1.011 1.808 1.236 12.431 8.042
E-ChOA 1.017 1.201 1.311 12.986 8.189
I-GWO 1.000 1.202 1.300 12.994 8.174

The best algorithm has been bold and highlighted

Table 18 Experimental results of the pressure vessel design problem

Algorithms Optimum variables Optimum cost
T T R L
Ex-ChOA1 1.0000 1.0000 40.3196 200.0000 4348.8630
Ex-ChOA2 1.0000 1.0000 40.3206 200.0000 4349.0192
ChOAl 1.0000 1.0000 40.3265 200.0000 4349.9979
ChOA2 1.0000 1.0000 40.3678 199.8468 4356.2796
W-ChOA 1.0000 1.0000 40.3219 200.0000 4349.2291
E-ChOA 1.0000 1.0000 40.3228 200.0000 4349.3874
I-GWO 1.0000 1.0000 42.0288 177.5018 4562.8664

The best algorithm has been bold and highlighted

outperforms other metaheuristic algorithms. The Ex-ChOA1 found the best solution than
others. Ex-ChOA?2 took second place. W-ChOA, I-GWO, E-ChOA, ChOA2 and ChOA1
algorithms are in the other rows, respectively (Table 18).

5.2.4 Pressure vessel design problem

Another classical engineering optimization problem addressed is the design of a pressure
vessel. The goal is to minimize the overall cost associated with the cylindrical pressure
vessel, accounting for material, welding, and forming expenses [65, 72]. The vessel features
a hemispherical head and capped ends. The design variables include the head thickness
(Th), the length of the cylindrical body excluding the head (L), the shell thickness (Ts),
and the internal radius (R), as illustrated in Fig. 13. Additionally, the problem includes
four constraints expressed through mathematical equations (Eq. 19). The simulation results
demonstrate that the proposed algorithm achieved superior performance compared to other
algorithms in optimizing the total cost.

Consider : ¥ = [x1x2x3x4] = [T3 TR RL], (19)
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Fig. 13 Key design variables for
the pressure vessel optimization
problem

Minimize : f(X) = 0.6224x1x3x4 + 1.7781x2x7 + 3.1661x7x4 + 19.84x7x3,
Subject to : g1(¥) = —x1 + 0.0193x3 < 0,

(%) = —xp +0.00954x3 < 0,

83(¥) = —mxdxy — F7x3 + 1296000 < 0,

84(X) = x4 — 240 <0,

Variables Range : 0 < x; < 99,

0<x <99,

10 < x3 < 200,

10 < x4 < 200

5.2.5 Tension spring design problem

Another classical engineering optimization problem addressed in this study is the design
of a tension/compression spring. As illustrated in Fig. 14, the primary objective of this
problem is to minimize the spring’s weight [43, 65]. The design variables include the wire
diameter (d), the mean coil diameter (D), and the number of active coils (N). The problem
is subject to three constraints: surge frequency, minimum deflection, and shear stress. Also,
mathematical formulations related to these constraints are provided in Eq. 20. Additionally,
Table 19 summarizes the results obtained using each algorithm. The findings indicate that
the SCSO algorithm outperforms the other metaheuristic methods in identifying the optimal
cost.

Consider : ¥ = [x;x2x3] = [dDN], (20)

Minimize : f(X) = (x3 + 2)x2x7,

P& —)PID
d

Fig. 14 Key variables for the tension spring optimization problem
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Table 19 Experimental results of the tension spring design problem

Algorithms Optimum variables Optimum cost
d D N
Ex-ChOALl 0.0500 0.2500 2.0000 0.0247
Ex-ChOA2 0.0500 0.2500 2.0000 0.0247
ChOALl 0.0500 0.4998 15.0000 0.2096
ChOA2 0.0515 0.9926 8.6235 0.2761
W-ChOA 0.0500 0.3223 5.7424 0.0616
E-ChOA 0.0500 1.3000 2.4070 0.1414
I-GWO 0.0500 0.3174 14.0373 0.1272

The best algorithm has been bold and highlighted

3
. . —_ _ _ x2x3
Subjectto: g1(xX) =1 Tr785xT <0,

4x% —X1X2
]2566(x2x? —xi‘)

s(¥)=1- 7143252“ <0,

ga(¥) =2 —1<0

Variables Range : 0.05 < x; < 2.00,
0.25 < xp < 1.30,

2.00 <x3 <15.0

2\ 1 _
#(¥) = + s — 1 <0,

5.2.6 Rocket propulsion design problem

The rocket propulsion design problem involves the engineering design process aimed at
optimizing the performance, efficiency, and reliability of a rocket engine [73]. This prob-
lem considers the physical and thermodynamic parameters of propulsion systems, thrust
generation, fuel consumption, and environmental impacts. The primary goal is to develop a
propulsion system that maximizes performance while minimizing costs, weight, and envi-
ronmental impact. This involves achieving optimal thrust-to-weight ratios, efficient fuel
utilization, and ensuring the system’s reliability and safety under various operational con-
ditions. The mathematical representation of this problem is shown in Eq. 21. Here, the
constraints are the thrust (N), chamber pressure (M), and fuel flow rate (F). The unit of cal-
culation for fuel flow rate is kilogram per second. The representative image describing the
problem is presented in Fig. 15, and the results of the algorithms are presented in Table 20.

Consider : ¥ = [x1x2x3] = [NFM], #3))
Maximize : F = a1 T + aalsp — Bim — pC
Subject to: Iy, = %,

T = v, + (pe — Pa)Ae,

Omaterial
Faafety = ———— > 1.5
S y - .

Ooperating
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Fig. 15 Key variables for the rocket propulsion design problem
Table 20 Experimental results of the rocket propulsion design problem
Algorithms Optimum variables Optimum cost
N F M
Ex-ChOA1 500.0000 50.0000 0.5000 10.0000
Ex-ChOA2 494.8894 51.1035 0.5000 9.8978
ChOA1 404.5716 50.0000 0.5000 8.0914
ChOA2 439.4695 50.0000 0.5000 8.7894
W-ChOA 475.3224 50.0000 0.5000 9.5064
E-ChOA 500.0000 54.2327 0.5000 9.2195
I-GWO 448.8718 50.0000 0.9582 8.9774

The best algorithm has been bold and highlighted

Mpropellant + Mgructure < Myotal, Tchamber = Tmax,material, Eemissions = Ethreshold

Variables Range : 100 < x; < 500,
50 < xp <200,
05<x3<5

5.2.7 Water distribution network optimization

This classical optimization problem aims to minimize costs, energy consumption or losses
by optimizing the design parameters of the water distribution network [74, 75]. This problem
usually involves optimizing pump sizes, pipe diameters and flow rates. In this problem, there
are three defined pipe diameters, and the aim is to find the optimum pipe diameter value by
finding optimum values for them. The mathematical definition of the problem is presented
in Eq. 22.
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Fig. 16 A sample case about water distribution network problem

Consider

T = [xxx] = [xxxl, (22)
n
Minimize : f(x) = Z L;.C.x;
=1

1=
Subjectto : Zinﬁows = Z outflows

n

Q.
Px)=) L
i=1

40;
Umin = — =< Umax
TT.X;

Variables Range : 0.1 <x; <2
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Table 21 Experimental results of the water distribution network optimization problem

Algorithms Optimum variables Optimum cost
X] X2 X3
Ex-ChOAl 0.5031 0.5031 0.5031 159,789.3647
Ex-ChOA2 0.5030 0.5031 0.5031 159,789.3666
ChOALl 0.5026 0.5030 0.5035 159,789.4401
ChOA2 0.5026 0.5038 0.5023 159,789.6845
W-ChOA 0.5028 0.5032 0.5033 159,789.3929
E-ChOA 0.5029 0.5035 0.5031 159,789.4138
I-GWO 0.5021 0.5037 0.5014 159,789.4301

The best algorithm has been bold and highlighted

0.1 < xy < 2

0.1<x3<2

where ‘L;” is length of i" pipe (m), ‘C’ represents unit cost per meter per diameter ($/m?2).
‘x;” symbolizes diameter of the i pipe (m) and ‘#’ means number of pipes. The problem can
be made more complex as the number of X’s increases. Figure 16 presents a representative
example of this problem. The performances of the algorithms are presented in Table 21.

6 Conclusion and future works

This study proposes an expanded variant, inspired by the chimpanzee’s awesome hierar-
chy and hunting model, and discards some of the shortcomings of the recently proposed
population-based metaheuristic algorithm (ChOA). The proposed algorithm, with its dynamic
and flexible structure, tried to minimize problems such as slow convergence in the exploitation
and exploration phases. At the same time, it tried to improve accuracy in high-dimensional
problems. In this regard, it proposed hybrid models for position updates of search agents
by providing a dynamic switching mechanism between phases. In this direction, some new
mathematical models have been proposed. For this, two alternative solutions were suggested
for position updating. One of them is the normal position update mechanism, and the other
is based on the chaotic model. For this, two alternative solutions were suggested for position
updating. One of them is the normal position update mechanism and the other is based on
the chaotic model. Each of these approaches was given a half chance based on a normal dis-
tribution. In the solution mechanism based on the chaotic model, 12 different chaotic maps
presented were used. On the other hand, exploration and exploitation phases were also taken
into account in the updating according to the normal mechanism. Accordingly, harmonic
mean and weight-coefficient averaging mathematical models proposed. With the effect of
the control parameter presented in the algorithm, it will be possible to make balanced and
fast movements, especially during the operation phase. In addition, the proposed algorithm
was defined in two different scenarios (Ex-ChOA1 and Ex-ChOAZ2) and its performance was
examined. The appropriate one can be selected and applied according to the needs of different
problems, with this flexible approach. The performance of Ex-ChOA was analyzed on a total
of 51 benchmarking functions and various engineering problems, and the results obtained
accordingly were compared with some new well-known methods in the literature (ChOA1,
ChOA2, W-ChOA, E- ChOA, I-GWO), and according to the analyses, the proposed algorithm
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achieved an acceptable level of success. In this regard, 34 benchmark functions, and 17 classi-
cal, constrained, and modern multi-objective engineering problems are used for performance
analysis. Experiments were also conducted on a wide variety of well-known test functions to
increase the reliability of the results as well as real-world problems. These functions were col-
lected from CEC2015, 2019, and 2020 having different dimensions. According to the results
analyzed in various ranges, it was observed that the proposed algorithm provides the best
performance in the Ex-ChOA1 case scenario. It was noteworthy that Ex-ChoA?2 took second
place. This demonstrates that the developed method achieves strong overall performance.

As future studies, the suggested method can be used in a wide range of applications such as
path planning, complex network analysis in bioinformatics, feature selection in various image
processing problems, and optimization of hyperparameters in deep learning-based models.
Although the use of various maps in the multi-strategies based ChOA algorithm is its strength,
detecting the uncertain hyperparameters of each map is a research topic that will be focused
on in another study. By tuning these parameters properly and optimized, the distribution of
agents in the search space will become more efficient and therefore, the chance of finding
the global solution will be possible in earlier iterations. Additionally, if different constraints
are identified, they can be overcome with hybrid approaches such as reinforcement learning,
other MH algorithms, or alternative strategies such as levy flight and Brownian.

Appendixes

See Tables 22, 23, 24.

Table 22 Explanations of used parameters in this study

Parameters Explanation Parameters Explanation
D 4/D astacker Distance between attacker t Current iteration
chimp and prey
D /D arrier Distance between barrier T Maximum number of iterations
chimp and prey
- = . .
D ¢/D chaser Distance between chaser n Random number in [0,1]
chimp and prey
D 4/D priver Distance between driver chimp  n Total of agent numbers
and prey
- = L, . ) .
Xal X Attacker Attacker chimp’s position d Total of dimensions
Xp! X Barrier Barrier chimp’s position r, 1,13 Random number in [0,1]
-
X ¢/ X Chaser Chaser chimp’s position k A natural number k = 1,...,m
X al X Driver Driver chimp’s position S Parameter used in calculating f
—_—
Xp(1) Position vector of the prey F Cost of the function
f Control parameter decreased m Chaotic value
from2.5to 0
a Coefficient value between —2f  C Coefficient value between 0 and 2
and 2f
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Table 24 Modern benchmark competitive test functions from CEC-2019 (CEC-C06)

Function Benchmark function Dim Range fmin
CECO1 Stron’s Chebyshev polynomial fitting problem 9 [—8192, 8192] 1
CEC02 Inverse Hilbert matrix problem 16 [—16384, 16384] 1
CECO03 Lennard—Jones minimum energy cluster 8 [—4, 4] 1
CEC04 Rastrigin’s function 10 [—100, 100] 1
CECO05 Griewank’s function 10 [—100, 100] 1
CECO06 Weierstrass function 10 [—100, 100] 1
CECO07 Modified Schwefel’s function 10 [—100, 100] 1
CECO08 Expanded Schaffer’s F6 function 10 [—100, 100] 1
CEC09 Happy cat function 10 [—100, 100] 1
CEC10 Ackley function 10 [—100, 100] 1
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