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Abstract
This paper proposes a hybrid Modified Coronavirus Herd Immunity Aquila Optimization Algorithm (MCHIAO) that

compiles the Enhanced Coronavirus Herd Immunity Optimizer (ECHIO) algorithm and Aquila Optimizer (AO). As one of

the competitive human-based optimization algorithms, the Coronavirus Herd Immunity Optimizer (CHIO) exceeds some

other biological-inspired algorithms. Compared to other optimization algorithms, CHIO showed good results. However,

CHIO gets confined to local optima, and the accuracy of large-scale global optimization problems is decreased. On the

other hand, although AO has significant local exploitation capabilities, its global exploration capabilities are insufficient.

Subsequently, a novel metaheuristic optimizer, Modified Coronavirus Herd Immunity Aquila Optimizer (MCHIAO), is

presented to overcome these restrictions and adapt it to solve feature selection challenges. In this paper, MCHIAO is

proposed with three main enhancements to overcome these issues and reach higher optimal results which are cases

categorizing, enhancing the new genes’ value equation using the chaotic system as inspired by the chaotic behavior of the

coronavirus and generating a new formula to switch between expanded and narrowed exploitation. MCHIAO demonstrates

it’s worth contra ten well-known state-of-the-art optimization algorithms (GOA, MFO, MPA, GWO, HHO, SSA, WOA,

IAO, NOA, NGO) in addition to AO and CHIO. Friedman average rank and Wilcoxon statistical analysis (p-value) are

conducted on all state-of-the-art algorithms testing 23 benchmark functions. Wilcoxon test and Friedman are conducted as

well on the 29 CEC2017 functions. Moreover, some statistical tests are conducted on the 10 CEC2019 benchmark

functions. Six real-world problems are used to validate the proposed MCHIAO against the same twelve state-of-the-art

algorithms. On classical functions, including 24 unimodal and 44 multimodal functions, respectively, the exploitative and

explorative behavior of the hybrid algorithm MCHIAO is evaluated. The statistical significance of the proposed technique

for all functions is demonstrated by the p-values calculated using the Wilcoxon rank-sum test, as these p-values are found

to be less than 0.05.
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1 Introduction

We face a large number of optimization challenges in

engineering, for which optimization methods are required

[1]. Optimization algorithms help us in a variety of ways in

our daily lives. Optimization algorithms can be used to

reduce expenses and faults in any system or to increase

profits in a financial firm. Optimization algorithms can be

classified into two main categories: deterministic algo-

rithms and stochastic algorithms.

Deterministic algorithms pursue a firm procedure where

for the starting point the deterministic algorithm will fol-

low up the same path whenever we run the program. On the
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other hand, stochastic algorithms are random in finding the

optimum values. So, every time we run the program the

solutions will be different [2]. Traditionally, deterministic

algorithms are used to deal with optimization problems that

are characterized as small dimensions and less complex

problems. Despite their capability to reach an exact and

specific solution to optimization problems, they experience

some serious impasses, and they can easily fall into the

local optimal solution [3]. We can say that stochastic

algorithms can overcome deterministic algorithms’

impasses. Heuristic optimization algorithms are methods

that improve the efficiency of a search process by sacri-

ficing completeness, examples of these methods are

Nearest Neighbor (Greedy Algorithm) and local search

algorithms. Although they can reach a ‘‘near-optimal’’

solution in a short time and consume a small memory

space, they cannot guarantee to reach the optimal solution

or reach a solution that is ‘‘good enough’’ [4]. As a result,

meta-heuristic algorithms emerged that combine heuristic

techniques in an upper-level framework to explore a search

space efficiently. Metaheuristic-based algorithms provide a

framework for optimization that employs stochastic fea-

tures that are controlled by tunable parameters with

knowledge acquisition operators to improve the current

solution until the best possible solution is found [5].

Interestingly enough, nature-inspired phenomena helped in

generating the most meta-heuristic algorithms, which can

be divided into categories as listed in Fig. 1 [6].

Nevertheless, there is not a single optimization algo-

rithm that can operate efficiently with all classes of opti-

mization issues ‘‘according to the No Free Lunch (NFL)

Theorem’’ [7]. The community-based behavior of animal

flocks is often an inspiration for swarm-based algorithms.

The ability to work together to survive is the main asset of

such a class. Particle swarm optimization (PSO), which

imitates the social behavior of flocking birds, is one of the

first swarm-based algorithms [8]. The particles (solutions)

search for the best position in their surroundings (search

space) ‘‘global best’’. Throughout the flight, the first-rate

places (local best) on the road to the optimum locations are

noted. The grasshopper optimization algorithm (GOA) is a

novel swarm intelligence algorithm inspired by grasshop-

pers’ natural foraging and swarming behavior [9]. Saremi

et al. presented the GOA algorithm in [9], which is a fas-

cinating new swarm intelligence system that simulates

grasshopper foraging and swarming behaviors. Grasshop-

pers are insects that are well-known as pests that wreak

havoc on agricultural production and agriculture [9]. Their

life cycle is divided into two stages: nymph and adulthood.

Small steps and gradual movements describe the nymph

phase, but long-range and rapid movements represent the

maturity phase. The intensification and diversification

phases of GOA are defined by nymph and adult

movements. Moth-Flame Optimization (MFO) algorithm is

a new nature-inspired algorithm inspired by moths’ trans-

verse orientation mechanism [10]. MFO uses a set of moths

to search the decision space, reporting fitness functions at

each time step and tagging the best solution with a flame.

The movement of moths is based on their flames spiraling

around them in a spiral direction. The Marine Predators

Algorithm (MPA) is another well-known nature-inspired

optimization algorithm that follows the rules that regulate

optimal foraging strategy and predator–prey encounter

rates in marine ecosystems [11].

The main inspiration for MPA is a widely used foraging

strategy in ocean predators, specifically Lévy and Brown-

ian movements, as well as an optimal encounter rate policy

in predator–prey biological interactions. While seeking

food in a prey-scarce environment, marine predators (such

as sharks, tunas, and marlines) use the Lévy strategy, but

when foraging in a prey-abundant environment, the pattern

is frequently shifted to Brownian motion [12]. In a bio-

logical interaction between predator and prey, the optimum

encounter rate policy is also determined by the sort of

movement that each predator/prey makes and the velocity

ratio of prey to predator [13]. Grey Wolf Optimizer (GWO)

is a new type of optimization approach for swarm intelli-

gence inspired by grey wolves (Canis lupus) [14]. The

GWO algorithm is simulated after the natural hierarchy of

authority and hunting mechanism of grey wolves. For

mimicking the leadership hierarchy, four types of grey

wolves are used: alpha, beta, delta, and omega. Further-

more, the three basic processes of hunting are imple-

mented: seeking prey, encircling prey, and attacking prey.

Heidari et al. established Harris Hawks Optimization

(HHO), a novel optimization algorithm inspired by the

simulation of the behavior of Harris Hawks [15]. The

algorithm’s base is the simultaneous attack method of

Harris Hawks from numerous directions. For the time

being, comparing nature-inspired human-based algorithms

such as HSA to other nature-inspired algorithms gives

more pleasing results. The Salp swarm algorithm (SSA) is

a newly developed bio-inspired optimization algorithm

based on the swarming mechanism of salps, which was first

presented in 2017 [16]. SSA is an evolutionary algorithm

that mimics the natural swarming mechanism of salps. In

2016, the whale optimization algorithm (WOA) was pro-

posed by Mirjalili and Lewis [17]. It’s a swarm intelligence

optimization system that mimics the hunting behavior of

humpback whales. Metaheuristics solve intractable opti-

mization problems. Since the initial metaheuristic was

proposed, several new algorithms have been created

[18–25]. The algorithm’s main goal is to solve the objec-

tive problem by mimicking the predatory behavior of a

whale. In this paper, a modification in the nature-inspired

and human-based optimization technique which is known
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as ‘‘Coronavirus Herd Immunity Optimizer’’ is proposed.

In the year 2019 in China, an evolution of a severe acute

respiratory syndrome which is called coronavirus disease

(COVID-19) caused a considerable global outbreak that

gave rise to a major public health issue [26]. The coron-

avirus pandemic and specifically the herd immunity against

COVID-19 gave the main concepts to the Coronavirus

Herd Immunity Optimizer (CHIO) algorithm. Outper-

forming several other biologically inspired algorithms, the

Coronavirus Herd Immunity Optimizer (CHIO) is a com-

petitive human-based optimisation tool. Compared to other

optimization approaches, CHIO performed efficiently.

Nevertheless, CHIO can only handle local optima, which

limits its accuracy in solving intricate global optimization

problems. Consequently, the Coronavirus Herd Immunity

Optimizer (CHIO) algorithm has a poor rate of conver-

gence during the iterative process and is easily prone to

falling into a local optimum in high-dimensional space,

which is why we propose Enhanced Coronavirus Herd

Immunity Optimizer (ECHIO). However, considering that

AO has great local exploitation capabilities, its global

exploration skills are restricted. The AO algorithm may

exhibit early convergence and poor global exploration

when used to optimize difficult, high-dimensional engi-

neering problems. When optimizing complex multidimen-

sional problems, the AO runs into challenges, such as poor

exploration efficiency and poor convergence behavior.

Then, in order to overcome these drawbacks, such as

CHIO’s poor exploitation skills and the AO algorithm’s

insufficient exploration capabilities, the Modified

Coronavirus Herd Immunity Aquila Optimizer (MCHIAO),

a novel metaheuristic optimizer, is presented. It is modified

to handle feature selection issues. Three different contri-

butions have been applied to the CHIO algorithm to

increase exploration efficiency by keeping the ideal bal-

ance between it and the search’s exploitation of an optimal

solution. The main contributions of the current work can be

summarized as:

• Cases categorizing according to the status vector.

• Enhancement of the gene’s equations for new genes

applying chaotic maps.

• Generating a new formula for switching between

narrowed and expanded exploitation.

• Validate the proposed MCHIAO through testing against

12 state-of-the-art algorithms.

• Wilcoxon statistical analysis and Friedman average

rank are conducted to validate the proposed MCHIAO.

• On 130 benchmark functions, the proposed hybrid

algorithm’s performance is evaluated. The benchmarks

comprise 23 standard benchmark functions, 29 CEC-

2017 test functions, 10 CEC-2019 test functions, 24

unimodal functions, and 44 multimodal functions.

• Test the proposed MCHIAO algorithm on six real-

world engineering problems.

The sections of this paper are organized in the following

order:

Section 2 presents the CHIO algorithm, the inspiration

beyond it, and its main concepts. The Aquila algorithm, its

origins of inspiration, and its core perspectives are all

Fig. 1 Optimization methods
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presented in Sect. 3. Section 4 outlines the proposed hybrid

algorithm MCHIAO and the details of the contributions.

Section 5 presents the results of a comparison between the

MCHIAO algorithm, CHIO algorithm, Aquila algorithm,

and other state-of-the-art algorithms applied to different

benchmark functions with different dimensions and as well

as 6 common real-world problems. Section 6 shows the

conclusion and direction for future work.

2 Corona virus herd immunity optimization
algorithm

2.1 Inspiration

The COVID-19 pandemic has been a global threat. Herd

immunity is a highly effective method to tackle the

COVID-19 pandemic [27]. The resistance to the spread of

an infectious illness within a community or herd is known

as ‘‘Herd Immunity.’’ On March 13th, the British

Government’s chief scientific adviser, Sir Patrick Vallance

pointed out that waiting for herd immunity would result in

getting 60% of the population being infected with COVID-

19. Herd immunity occurs when a considerable section of a

community gets immune to a disease stopping its spread

from one person to another. There are two ways to achieve

herd immunity for COVID-19:

I.

Vaccines

II.

Infection

Without causing suffering or illness, vaccines create

immunity and protect people against pandemics. Despite

the effectiveness of the concept of vaccination, it has a

serious drawback, some people may reject taking vaccines

because of fear of the possible side effects and risks.

Another drawback of the vaccine is that it may fade over

time and requires revaccination. Natural infection is an

effective path to obtaining herd immunity. It can be

achieved when an appropriate portion of people in the

community has recovered from a specific disease and have

evolved antibodies that would work against future infection

[28]. Herd immunity is suggested to be one of the mech-

anisms to control and slow down the COVID-19 wide-

spread disease. Bear in mind that the CHIO algorithm put

in an application ‘‘the survival of the fittest’’ principle from

the Darwinian Theory. Herd immunity can be described as

the indirect protection from contagion given to susceptible

human beings when an appropriate proportion of immune

persons exist in a population. The population-level effect is

frequently considered in the vaccination programs which

target to establish herd immunity for those who cannot be

vaccinated and still be protected against contra disease.

The susceptible-infectious-recovered (SIR) model has been

widely utilized to survey the dynamic growth of COVID-

Fig. 2 CHIO flowchart [30]

123

Neural Computing and Applications (2024) 36:13381–1346513384



19 in a large population [29]. The SIR model classifies the

population into three categories:

I. Susceptible individuals: The virus has not yet

infected these participants, but when a susceptible

individual and an infectious individual come into

infectious contact without following the recom-

mended social distancing rules, they can be infected.

II. Infected individuals: Participants in this category

have been verified to be infected, and they can spread

the virus to others who are susceptible.

III. Recovered (immune) individuals: These are the

individuals who are protected against the virus either

because they have taken the vaccine or because they

have been infected with the virus and recovered.

2.2 Mathematical model of CHIO [30]

In this section, the mathematical model of the CHIO

algorithm is illustrated in steps

2.2.1 Initializing CHIO parameters

minf ðxÞ x 2 ½lb; ub� ð1:1Þ

where f ðxÞ is the objective function (immunity rate) and it

is calculated for each case (individual).

x ¼ ðx1; x2; x3; . . .; xnÞ ð1:2Þ

where xi represents the gene (decision variable) indexed by

i, while n represents the overall amount of decision vari-

ables in every case.

xi 2 ½lbi;ubi� ð1:3Þ

where lbi is the lower bound of the gene xi and ubi is the

upper bound of it.

The CHIO algorithm has two control parameters:

• Basic reproduction Rate (BRr): By spreading the virus

among individuals, it controls the CHIO operators.

• Maximum infected case age (MaxAge): Determine the

infected cases’ status when a case reaches MaxAge, it is

either recovered or died.

The CHIO algorithm has another four parameters:

• Max Itr: Represents the maximum number of

iterations.

• C0: This value represents the number of primary

infected cases, which is typically one.

• HIS : Represents the population size.

• n : Represents the problem dimensionality.

2.2.2 Generating herd immunity population:

Randomly CHIO generates a set of individuals (cases) as

many as HIS. The set of the generated individuals is stored

as a two-dimensional matrix of size n� HIS in the herd

immunity population (HIP) as follows:

HIP ¼
x11 x12 . . . x1n
x21 x22 . . . x2n
xHIS1 xHIS2 . . . xHISn

2
4

3
5 ð1:4Þ

where each row represents a case x j, which is calculated as

follows:

x j
i ¼ lbi þ ubi � lbið Þ � U 0; 1ð Þ 8i ¼ 1; 2; 3; . . .; n:

8j ¼ 1; 2; 3; . . .;HIS: ð1:5Þ

For each case, the objective function is calculated using

Eq. (1.1).

The fitness for each search agent is set as follows:

Sj ¼ 0 8j ¼ 1; 2; 3; . . .;HIS:

Aj ¼ 0 8j ¼ 1; 2; 3; . . .;HIS:

where S is the status vector of length HIS in the HIP for

every case initiating from zero which means a case that is

susceptible or rather one that represents an infected case.

2.2.3 Coronavirus herd immunity evolution

In this section, the main improvement loop of CHIO is

presented. The gene (x j
i ) of the case (x

j) either remains the

same or becomes classified as an infected, susceptible, or

immune case according to the percentage of the basic

reproduction rate (BRr) as follows:

x j
i t þ 1ð Þ  

x j
i tð Þ r�BRr

C x j
i tð Þ

� �
r\

1

3
� BRr==Infected case

N x j
i tð Þ

� �
r\

2

3
� BRr==susceptible case

R x j
i tð Þ

� �
r\BRr==immuned case

8>>>>><
>>>>>:

9>>>>>=
>>>>>;

ð1:6Þ

where r is a random value between 0 and 1.

• For infected cases:

x j
i t þ 1ð Þ ¼ Cðx j

i ðtÞÞ

C x j
i tð Þ

� �
¼ x j

i tð Þ þ r � ðx j
i tð Þ � xci ðtÞÞ ð1:7Þ

where x j
i ðt þ 1Þ is the new gene and the value xci ðtÞ is

chosen randomly based on the status vector (S) from any

infected case xc as c ¼ ijSi ¼ 1f g and r is the random

number between 0 and 1.

• For susceptible cases:
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x j
i t þ 1ð Þ ¼ Nðx j

i ðtÞÞ

N x j
i tð Þ

� �
¼ x j

i tð Þ þ r � ðx j
i tð Þ � xmi ðtÞÞ ð1:8Þ

where x j
i ðt þ 1Þ is the new gene and the value xmi ðtÞ is

chosen randomly based on the status vector (S) from any

susceptible case xm as m ¼ ijSi ¼ 0f g and r is the random

number between 0 and 1.

• For immune cases:

x j
i t þ 1ð Þ ¼ Rðx j

i ðtÞÞ

R x j
i tð Þ

� �
¼ x j

i tð Þ þ r � ðx j
i tð Þ � xvi ðtÞÞ ð1:9Þ

where x j
i ðt þ 1Þ is the new gene and the value xvi ðtÞ is

chosen randomly based on the status vector (S) from any

immuned case xv as f xvð Þ ¼ argminj kjSk¼2f gf ðx jÞ.

2.2.4 Update the herd immunity population:

For each generated case x j t þ 1ð Þ, the immunity rate

f ðx j
i t þ 1ð ÞÞ is calculated and if the generated case

x j t þ 1ð Þ is better than the present case x j tð Þ such

asf x j t þ 1ð Þð Þ\f ðx jðtÞÞ, the current case is replaced by the

generated case.

If the status vector (Sj ¼ 1), the age vector ðAjÞ is

increased by one.

Based on the herd immunity threshold, for each case

x j tð Þ the status vector (S jÞ is updated which employs the

following equation:where, Mf xð Þ ¼
PHIS

i¼1 f xið Þ
HIS .

Where is Coronaðx jðt þ 1ÞÞ represents a binary value

that equals one in case of the new case x jðt þ 1Þ gained a

value from the infected case and Df ðxÞ represents the mean

value of the population immune rates.

2.2.5 Fatality cases

When the immunity rate ðf x j t þ 1ð Þð ÞÞ of the current

infected case does not improve for a specific time of iter-

ations which is specified by the parameter Max Age such

as Aj�Max Age then this case is considered dead. Then, it

is regenerated from scratch using the following equation:

x j
i t þ 1ð Þ ¼ lbi þ ubi � lbið Þ � U 0; 1ð Þ ð1:11Þ

where 8i ¼ 1; 2; . . .; n

Over and above, Aj and Sj are set to zero.

2.2.6 Stop criterion

CHIO repeats the main loop until the maximum number of

iterations is achieved. The entire number of immune cases

in addition to the susceptible cases command the popula-

tion and the infected individuals disappear. Figure 2 rep-

resents the flowchart of CHIO. The pseudo-code of the

CHIO is described in algorithm 1.

Sj  
1 f x j t þ 1ð Þð Þ\ f x j t þ 1ð Þð Þ

Mf xð Þ ^ Sj ¼ 0 ^ is Corona x j t þ 1ð Þ
� �

2 f x j t þ 1ð Þð Þ[ f x j t þ 1ð Þð Þ
f xð Þ ^ Sj ¼ 1

8>><
>>:

9>>=
>>;

ð1:10Þ
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Algorithm 1 CHIO pseudo-code [30].
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3 Aquila optimization algorithm [31]

3.1 Inspiration

One of the most well-known raptors in the Northern

Hemisphere is the Aquila. Aquila catches a variety of prey,

primarily rabbits, hares, deeps, marmots, squirrels, and

other ground animals, using its speed, agility, strong feet,

and long, pointed talons. Aquila may be seen in nature,

along with their peculiar behaviors.

Aquila may maintain 200 km2 or larger holdings. They

build large nests on mountains and other high areas. They

reproduce in the spring, and because they are monoga-

mous, they are likely to remain together for the rest of their

lives. Aquila is one of the most researched birds in the

world because of its bold hunting behavior. Aquila hunt

squirrels, rabbits, and many other creatures with their speed

Fig. 3 Aquila flowchart [31]
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and razor-sharp talons. Even mature deer have been known

to be attacked by them.

The Aquila is known to primarily employ four different

hunting techniques, each of which has several

notable variations. Depending on the circumstances, most

Aquila can deftly and swiftly switch between different

hunting techniques. The following statements describe

Aquila’s hunting techniques.

Table 1 Chaotic maps
No Name Chaotic map

1 Chepyshev Xiþ1 ¼ cosðicos�1ðXiÞÞ
2 Circle Xiþ1 ¼ modðXi þ b� a

2p

� �
sin 2pXkð Þ; 1Þ

3 Gauss/mouse
Xiþ1 ¼

1Xi ¼ 0
1

modðXi; 1Þ
otherwise

4 Iterative Xiþ1 ¼ sinðap=XiÞ
5 Logistic Xiþ1 ¼ aXið1� XiÞ
6 Piecewise

Xiþ1 ¼

Xi

P
0�Xi\P

Xi�P

0:5� P
p�Xi\0:5

1� P� Xi

0:5� P
0:5�Xi\1� P

1� Xi

P
1� P�Xi\1

7 Tent

Xiþ1 ¼
Xi

0:7
Xi\0:7

10

3
ð1� XiÞXi � 0:7

8 Sine Xiþ1 ¼ a
4
sinðpXiÞ

9 Singer Xiþ1 ¼ pð7:86Xi � 23:31X2
i þ 28:75X3

i � 13:302875X4
i Þ; p ¼ 1:07

10 Sinusoidal Xiþ1 ¼ aX2
i sinðpXiÞ

Fig. 4 ECHIO flowchart
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• In the first method, the Aquila hunts birds in flight using

the first technique, high soar with a vertical stoop, in

which it soars far above the ground.

• The Aquila undertakes a lengthy, low-angled glide after

exploring its prey, increasing its speed as the wings

continue to shut. The Aquila must have a height

advantage over its prey for this strategy to be effective.

To simulate a thunderclap just before the encounter, the

wings and tail are opened, and the feet are propelled

forward to seize the prey.

• Aquila is known for using the second technique,

contour flying with brief glide attack, the most

frequently. In this technique, the Aquila climbs at a

low height above the ground. The target is then pursued

relentlessly, whether it is flying or running. This

strategy is advantageous for pursuing seabirds, nesting

grouse, or ground squirrels.

• A low flight and a gradual descending assault are the

third strategies. In this, the Aquila descends to the

ground and then advances on the victim. The Aquila

chooses its victim and attempts to enter by landing on

the neck and back of the animal. For sluggish prey, such

as rattlesnakes, hedgehogs, foxes, and tortoises, as well

as any species lacking an escape reaction, this hunting

technique is used.

• The Aquila walks on the ground while attempting to

draw its prey in the fourth technique, known as walking

and grabbing prey. It is used to remove the young of big

prey, such as sheep or deer, from the coverage area.

As a whole, Aquila is one of the most knowledgeable

and proficient hunters—possibly second only to humans.

The methods mentioned above formed the primary sources

of inspiration for the suggested AO algorithm. These pro-

cesses are modeled in the AO in the next subsections.

3.2 Mathematical model of AO

3.2.1 Generating AO population

The population of candidate solutions (X) as shown in

Eq. (2.1), which is created stochastically between the upper

limit (UB) and lower bound (LB) of the given problem,

serves as the starting point for the optimization procedure

in the population-based approach known as AO. In each

Fig. 5 Description of the proposed ECHIO

123

Neural Computing and Applications (2024) 36:13381–1346513390



iteration, the best answer so far is roughly decided to be the

best candidate.

X ¼
x1;1 � � � x1;j x1;Dim�1 x1;Dim

..

.
� � � xi;j . . . . . .

xN;1 � � � xN;j xN;Dim�1 x1N;Dim

2
64

3
75 ð2:1Þ

where N is the total number of candidate solutions (pop-

ulation), Xi indicates the decision values (positions) of the

ith solution, X is the set of current candidate solutions,

which are generated randomly by applying Eq. (2.2), and

Dim denotes the problem’s dimension size.

Xij ¼ rand � ðUBj � LBjÞ þ LBj; i ¼ 1; 2; :::;N
j ¼ 1; 2; :::;Dim

ð2:2Þ

When a rand is a random number, LBj refers to the jth

lower bound, and UBj represents to the j
th upper limit of the

given issue.

Fig. 6 MCHIAO flowchart
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3.2.2 Aquila algorithm evolution

In this section, the Aquila optimization algorithm’s main

steps are presented. The AO algorithm mimics Aquila’s

behavior during hunting by displaying the activities taken

at each stage of the hunt. Thus, the four methods used in

the proposed AO algorithm’s optimization processes are

high soar with a vertical stoop to select the search space;

contour flight with a short glide attack to explore within a

diverged search space; low flight with a slow descent attack

to exploit within a converge search space; and walk and

grab prey to swoop.

Based on this condition, if t�ð2
3
Þ � T , the exploration

steps will be thrilled; otherwise, the exploitation steps will

be carried out, and the AO algorithm can switch from

exploration steps to exploitation steps utilizing different

behaviors.

Aquila behaviors are modeled as a mathematical opti-

mization paradigm that chooses the optimum solution

while taking into account several restrictions. The follow-

ing is the mathematical representation of the AO.

3.2.2.1 Step 1: Expanded exploration (X1) In the initial

method (X1), the Aquila determines the ideal hunting

location by high-flying with a vertical stoop after identi-

fying the prey region. Here, the AO extensively explores

from a high altitude to pinpoint the location of the prey in

the search space. The mathematical representation of this

behavior is given in Eq. (2.3).

X1ðt þ 1Þ ¼ Xbest tð Þ � 1� t

T

� �

þ XM tð Þ � Xbest tð Þ � randð Þ; ð2:3Þ

where X1ðtþ 1Þ is the result of the first search technique

(X1) for the answer to the next iteration of the problem t.

The best answer up until the tth iteration, Xbest tð Þ, repre-
sents the approximate location of the prey. The enlarged

search (exploration) is managed through the number of

iterations using the equation (1�tT ). The location means the

value of the connected current solutions at the tth iteration,

or XM tð Þ; is determined using Eq. (2.4). A random number

between 0 and 1 is called rand. The current iteration and

the maximum number of iterations are represented,

respectively, by t and T.

XM tð Þ ¼ 1

N

XN
i¼1

Xi tð Þ; 8j ¼ 1; 2; :::;Dim ð2:4Þ

where N is the number of potential solutions (population

size) and Dim is the problem’s dimension size.

3.2.2.2 Step 2: Narrowed exploration (X2) In the second

technique (X2), the Aquila circles over the intended prey,

prepares the terrain, and then strikes after being spotted

from a great height. Contour flying with a short glide attack

is this technique.

Here, AO prepares for the attack by closely examining

the chosen location of the intended victim. This behavior is

represented quantitatively in Eq. (2.5).

X2ðt þ 1Þ ¼ XbestðtÞ � LevyðDÞ þ XRðtÞ þ ðy� xÞ � rand

ð2:5Þ

where X2ðt þ 1Þ is the result of the second search technique
(X2) and represents the answer of the subsequent iteration

of the problem t. Levy(D) is the levy flight distribution

function that is determined using Eq. (2.6), where D is the

dimension space.

At the ith iteration, XRðtÞ is a random solution selected

from the interval [1 N].

LevyðDÞ ¼ s� u� r

tj j
1
b

ð2:6Þ

where u and t are random numbers between 0 and 1, and s

is a constant value set to 0.01. r is determined by applying

Eq. (2.7).

r ¼
Cð1þ bÞ � sineðpb

2
Þ

Cð1þb
2
Þ � b� 2

b�1
2ð Þ

 !
ð2:7Þ

where b is a constant with the value 1.5.

The spiral form in the search is presented in Eq. (3.5)

using the variables y and x, which are computed as follows.

y ¼ r � cosh ð2:8Þ
x ¼ r � sinh ð2:9Þ

where,

r ¼ r1 þ U � D1 ð2:10Þ
h ¼ �x� D1 þ h1 ð2:11Þ

h1 ¼
3� p
2

ð2:12Þ

For a set number of search cycles, r1 takes a value

between 1 and 20, and U is an insignificant value fixed at

0.00565. D1 Consists of integers from 1 to the search

space’s length (Dim), and x is a tiny value fixed at 0.005.

3.2.2.3 Step 3: Expanded exploitation (X3) In the third

approach (X3), the Aquila descends vertically with an ini-

tial attack to ascertain the prey reaction after the prey

region has been precisely designated and the Aquila is
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prepared for landing and attacking. Low flying with grad-

ual descending assault is the name given to this tactic.

Here, AO takes advantage of the target’s chosen location to

approach its victim and attack. The mathematical repre-

sentation of this behavior is given in Eq. (2.13).

X3ðt þ 1Þ ¼ ðXbestðtÞ � XMðtÞÞ � a� rand þ ððUB� LBÞ
� rand þ LBÞ � d;

ð2:13Þ

where X3ðt þ 1Þ represents the result of the third search

technique (X3) for the solution of the subsequent iteration

of the constant t. The best-obtained solution,XbestðtÞ,
reflects the approximate position of the prey up until the ith

iteration, and the mean value of the current solution at the

tth iteration, XMðtÞ; is determined using Eq. (2.4). A ran-

dom number between 0 and 1 is called rand. The

exploitation adjustment parameters a and d, are set in this

study at a low value (0.1). The given problem’s LB and UB

abbreviations stand for lower and upper bounds,

respectively.

3.2.2.4 Step 4: Narrowed exploitation (X4) In the fourth

technique (X4), the Aquila approaches the target and then

assaults it over the land in accordance with its stochastic

motions. This strategy is known as ‘‘walk and grab prey.’’

Finally, AO engages the prey at the last position. The

mathematical representation of this behavior is given in

Eq. (2.14).

X4ðt þ 1Þ ¼ QF � XbestðtÞ � ðG1 � XðtÞ � randÞ � G2

� LevyðDÞ þ rand � G1;

ð2:14Þ

where X4ðt þ 1Þ is the result of the fourth search technique

(X4), which is created for the following iteration of t. The

term ‘‘QF’’ refers to a quality function that is derived using

Eq. (2.15) and is used to balance the search techniques. G1,

which is produced using Eq. (2.16), stands for multiple AO

movements that are employed to follow the prey during the

hunt. The flight slope of the AO used to follow the prey

during the journey from the starting position (1) to the last

site (t), which is created using Eq. (2.17), is represented by

G2 by decreasing values from 2 to 0. The solution as of the

tth iteration is X(t).

QFðtÞ ¼ t
2�rand�1
ð1�TÞ2 ð2:15Þ

G1 ¼ 2� rand�1 ð2:16Þ

G2 ¼ 2� 1� t

T

� �
ð2:17Þ

The quality function value at the tth iteration is denoted

by QFðtÞ, and the random value, rand, is a number between

0 and 1. The current iteration and the maximum number of

iterations are represented, respectively, by t and T. Using

Eq. (2.6), we can derive the levy flight distribution func-

tion, LevyðDÞ.
Algorithm 2 explains the pseudo-code of the AO. The

flowchart of the AO is presented in Fig. 3.
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Algorithm 2 Aquila Optimizer [31].
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4 The proposed modified coronavirus herd
immunity aquila optimization algorithm
(MCHIAO)

This section outlines the hybrid algorithm that we devel-

oped by enhancing and fusing CHIO and AO, two distinct

optimization algorithms. As AO is a population-based

algorithm and CHIO is a human-based algorithm, they are

both metaheuristic optimization algorithms. The suggested

method comprises two phases: exploration and exploita-

tion, with the exploration phase performed by ECHIO and

the exploitation phase by the AO. The first of two modi-

fications to CHIO is the categorization of cases, followed

by applying chaotic maps to improve the equation values

for the new genes. Based on this condition, if t�ð2
3
ÞT , the

exploration steps will be excited; otherwise, the exploita-

tion steps will be carried out, and the MCHIAO algorithm

can switch from exploration steps to exploitation steps

utilizing this behavior. Finally, the two scenarios of

exploitation using AO are used in the proposed algorithm

in addition to an enhancement to the random value used to

switch between narrowed and expanded exploitation. In the

subsections that follow, the specifics of the proposed

MCHIAO algorithm are covered.

4.1 Enhanced coronavirus herd immunity
optimization algorithm (ECHIO)

4.1.1 Cases categorizing

For every search and optimization algorithm, exploration

and exploitation exemplify influential characteristics. The

inability to achieve the balance between both exploration

and exploitation leads the optimization algorithms to fall

into local optimum in optimization problems.

Supporting optimal ‘‘exploitation’’ of the existing results

and promoting ‘‘exploration’’ for new ones is our main goal

in this proposed contribution.

Instead of categorizing the cases (individuals) according

to the basic reproduction rate (BRr) parameter which leads

the CHIO algorithm to be trapped in the local optima, we

use the status vector (S) in classifying the cases (individ-

uals) that caused a local optima avoidance and a faster

convergence curve as follows:

x j
i t þ 1ð Þ  

C x j
i tð Þ

� �
Si ¼ 1==Infected case

N x j
i tð Þ

� �
Si ¼ 0==susceptible case

R x j
i tð Þ

� �
Si ¼ 2==immuned case

8><
>:

9>=
>;
ð3:1Þ

Table 2 CEC 2005 benchmark

functions (U: Unimodal, M:

Multimodal, F: Fixed

dimension)

Function name Dim Range f min Properties

Sphere 30 [- 100, 100] 0 U

Schwefel 2.22 30 [- 10, 10] 0 U

Schwefel 1.2 30 [- 100, 100] 0 U

Schwefel 2.21 30 [- 100, 100] 0 U

Rosenbrock’s Function 30 [- 30, 30] 0 U

Step Function 30 [- 100, 100] 0 U

Quartic Function 30 [- 1.28, 1.28] 0 U

Schwefel 2.26 30 [-500,500] - 418.9829 9 5 M

Rastrigin function 30 [- 5.12, 5.12] 0 M

Ackley’s function 30 [- 32, 32] 0 M

Griewank function 30 [- 600, 600] 0 M

Pendized 30 [- 50, 50] 0 M

Generalized Pendized 30 [- 50, 50] 0 M

Shekel’s foxholes 2 [- 65, 65] 1 F

Kowalik 4 [- 5, 5] 0.00030 F

Camel 2 [- 5, 5] - 1.398 F

Rastrigin 2 [- 5, 5] 0.398 F

GoldStein price 2 [- 2, 2] 3 F

Hartmann 3-D 3 [1, 3] - 3.86 F

Hartmann 6-D 6 [0, 1] - 3.32 F

Shekel 1 4 [0, 10] - 10.1532 F

Shekel 2 4 [0, 10] - 10.4028 F

Shekel 3 4 [0, 10] - 10.5363 F
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Table 3 MCHIAO Vs AO and CHIO algorithms are conducted on 23 benchmark functions

Function Algorithm indices AO [31] CHIO [30] MCHIAO

F1 Mean 2.498E-110 1.897E-40 0

Std 5.585E-110 4.2417E-40 0

Rank 2 3 1

F2 Mean 9.6935E-55 9.8005E-28 3.271E-205

Std 2.1675E-54 2.0803E-27 0

Rank 2 3 1

F3 Mean 1.385E-99 2.6399E-34 0

Std 3.096E-99 4.6842E-34 0

Rank 2 3 1

F4 Mean 6.9898E-55 4.1704E-17 6.621E-211

Std 1.563E-54 8.1929E-17 0

Rank 2 3 1

F5 Mean 0.00171213 3.10247561 6.1598E-18

Std 0.00091398 0.0009991 8.8012E-18

Rank 2 3 1

F6 Mean 2.3877E-05 0.00302397 6.163E-34

Std 1.9152E-05 0.00081059 1.3781E-33

Rank 2 3 1

F7 Mean 0.00027164 0.00042438 2.8462E-05

Std 0.00015596 0.00039545 1.5409E-05

Rank 2 3 1

F8 Mean -2094.1396 -1395.7482 22094.9144

Std 1.29594899 87.7140848 0

Rank 2 3 1

F9 Mean 0 4.048605 0

Std 0 3.07757649 0

Rank 1 2 1

F10 Mean 4.4409E-16 7.5495E-15 4.4409E-16

Std 0 0 0

Rank 1 2 1

F11 Mean 0.00072208 0.05034689 0

Std 0.00161462 0.05135439 0

Rank 2 3 1

F12 Mean 0.00014737 0.00160332 9.6307E-32

Std 0.00029131 0.00097396 2.7483E-33

Rank 2 3 1

F13 Mean 1.1447E-05 0.27196928 0.00156962

Std 1.2248E-05 0.17811665 0.00415283

Rank 1 3 2

F14 Mean 6.42595173 0.99806131 0.99800384

Std 5.8797439 8.1814E-05 0

Rank 3 2 1

F15 Mean 0.00046154 0.00129651 0.00030749

Std 5.9718E-05 3.7358E-05 2.5619E-19

Rank 2 3 1

F16 Mean -1.0304442 -1.0316039 21.0316285

Std 0.00093395 3.6921E-05 8.3925E-17

Rank 3 2 1
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4.1.2 New genes’ value equation enhancement:

In the coronavirus herd immunity evolution for infected,

susceptible, and immune cases instead of adding the cur-

rent gene’s value to the dissimilarity among the existing

gene’s value and a random gene adapted from infected,

susceptible, and immune cases as shown in Eqs. 1.6, 1.7,

and 1.8, respectively, we use subtraction in Eqs. 3.2, 3.3,

and 3.4.

In addition, chaotic maps are used instead of random

parameters due to their expected ability to increase the

speed of convergence. Equations 3.2, 3.3, and 3.4 are

modified to clarify the proposed claim. Chaotic systems or

simply chaos can be described as behavior that falls

between rigid regularity and randomness. One of the most

essential characteristics of the chaotic system is that it

exhibits extreme sensitivity to initial conditions. Many

studies suggested that the spread of COVID-19 can be

categorized as a chaotic system.

The chaotic behavior of the coronavirus inspired us to

use the chaotic system by replacing the random parameter

(r) with the parameter (m).

Local minima avoidance and rapid convergence rate are

the main reasons for us to use chaos optimization. Chaos

theory plays an important and effective role in overcoming

these problems.

The main three important dynamic properties of chaos

can be described as quasi-stochastic, ergodicity, and sen-

sitive dependence on the initial conditions.

Quasi-stochastic can be described as the ability to

replace random variables with the values of a chaotic map.

Ergodicity expresses the ability of chaotic variables to

search the non-recurrently of all states in a specified range.

Replacing the random parameter ‘‘r’’ with the chaotic

value ‘‘m’’ allows an enormous effect on enhancing the

exploration phase of the proposed ECHIO algorithm which

assists in finding a new promising search region hopefully

for the optimum solution.

The new enhanced equations for Eqs. 1.6, 1.7, and 1.8

respectively will be as follows:

Table 3 (continued)

Function Algorithm indices AO [31] CHIO [30] MCHIAO

F17 Mean 0.39814763 0.39834444 0.39788736

Std 0.00022088 0.00051409 0

Rank 2 3 1

F18 Mean 3.05734004 3.00013989 3

Std 0.05647628 0.00013478 6.1672E-16

Rank 3 2 1

F19 Mean -3.8501083 -3.8559734 23.8627821

Std 0.01220757 0.00279125 1.6994E-15

Rank 3 2 1

F20 Mean -3.135271 -2.9360783 23.2744379

Std 0.07864923 0.32353334 0.06028982

Rank 2 3 1

F21 Mean -10.137405 -4.1472921 210.1532

Std 0.01166538 1.6909226 1.0616E-15

Rank 2 3 1

F22 Mean -10.377872 -4.1935533 210.402941

Std 0.04536386 1.69978168 2.1756E-15

Rank 2 3 1

F23 Mean -10.524331 -4.752378 210.53641

Std 0.01151248 1.05458509 2.8485E-15

Rank 2 3 1

Percentage 2.043478261 2.826086957 1.043478261

Total Rank 2 3 1
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C x j
i tð Þ

� �
¼ x j

i tð Þ � m� ðx j
i tð Þ � xci tð ÞÞ ð3:2Þ

N x j
i tð Þ

� �
¼ x j

i tð Þ � m� ðx j
i tð Þ � xmi tð ÞÞ ð3:3Þ

R x j
i tð Þ

� �
¼ x j

i tð Þ � m� ðx j
i tð Þ � xvi tð ÞÞ ð3:4Þ

where the m vector can be calculated as shown in Eq. 3.5.

m ¼ Chaotic� value ð3:5Þ

Fig. 7 The 23 CEC2005 benchmark functions and convergence plots
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Fig. 7 continued

123

Neural Computing and Applications (2024) 36:13381–13465 13399



Fig. 7 continued
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Fig. 7 continued
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This chaotic behavior in the final stage aids in allevi-

ating the two issues of entrapment in local optima and slow

convergence rate while solving high-dimensional prob-

lems. In this article, 10 chaotic maps have been used to

improve the performance of the CHIO algorithm as illus-

trated in Table 1 [31].

Figure 4 illustrates the flowchart of the proposed opti-

mization algorithm ECHIO. Figure 5 presents the graphical

description of the proposed ECHIO algorithm. The pseudo-

code of the proposed algorithm ECHIO is illustrated in

Algorithm 3.

Algorithm 3 The proposed ECHIO pseudo-code.
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4.2 Selection between the narrowed
and expanded exploitation in the AO
algorithm

In the AO algorithm, a random value rand is used to switch

between the Narrowed and Expanded exploitation cases, as

rand is a random number between 0 and 1.

To improve the algorithm’s performance, we modified

rand value as shown in Eq. 3.6.

R ¼ rand � 1� t

T

� �
ð3:6Þ

As t represents the current iteration and T is the maxi-

mum number of iterations, respectively.

4.3 Hybrid ECHIO with AO algorithms (MCHIAO)

The Coronavirus Herd Immunity Optimizer (CHIO) out-

performs certain other biologically-inspired algorithms as

one of the competitive human-based optimisation tech-

niques. CHIO performed well in comparison to other

optimisation techniques. However, CHIO is limited to local

optima, which reduces the precision of complex global

optimisation issues. Therefore, in high-dimensional space,

it is simple to fall into a local optimum, and the Coron-

avirus Herd Immunity Optimizer (CHIO) algorithm has a

low rate of convergence during the iterative process.

However, AO’s global exploration skills are limited,

despite the fact that it possesses strong local exploitation

capabilities. When AO algorithm is applied to optimize

challenging, high-dimensional engineering problems, it

may experience early convergence and poor global explo-

ration. The AO encounters issues while optimizing chal-

lenging multidimensional problems, including subpar

convergence behavior and subpar exploration efficiency.

The Modified Coronavirus Herd Immunity Aquila Opti-

mizer (MCHIAO), a novel metaheuristic optimizer, is then

introduced to get over these limitations such as the low

exploitation skills in CHIO and the insufficient exploration

abilities of the AO algorithm and modify it to address

feature selection problems.

Figure 6 below illustrates the flowchart of the proposed

optimization algorithm MCHIAO and the pseudo-code of

the proposed algorithm MCHIAO is illustrated in Algo-

rithm 4.

The algorithm starts by initializing the MCHIAO

parameters HIS, Sr, d, a; and Maxage. Herd immunity

population is generated, and the fitness function of each

search agent is calculated. Herd immunity evolution is

initialized and the exploitation parameters G1;G2; LevyðDÞ
are updated. The selection between the exploration and the

exploitation cases is based on the condition t� 2
3

� �
� T .

The exploration phase is handled by the proposed ECHIO

algorithm, as the cases are categorized as infected, sus-

ceptible, and immune cases based on the status vector. The

exploitation phase consists of two categories, expanded

exploitation and narrowed exploitation. The selection

between the two exploitation cases is based on the gener-

ated formula R: The herd immunity population is updated,

and the new positions of the agents are calculated. After the

fatality condition is met, the best solution is obtained.
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Algorithm 4 The proposed MCHIAO pseudo-code.
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5 Experimental results & analysis

The performance of the proposed MCHIAO is evaluated

for variants benchmark functions including 23 CEC 2005,

29 CEC 2017, 10 CEC 2019, 24 unimodal, 44 multimodal

test functions, and six different real-world problems. The

proposed MCHIAO is compared as well against twelve

state-of-the-art algorithms (GOA, MFO, MPA, GWO,

HHO, SSA, WOA, IAO, NOA, NGO, AO, and CHIO),

conducting Wilcoxon statistical analysis to statistically

validate all outcomes. MATLAB/SIMULINK� 2018b is

used to accomplish all simulations. The metrics used to

define the performance of the algorithm against the twelve

competitive state-of-the-art algorithms are mean, standard

deviation, rank, percentage, and total rank. The

experimental results include the mean value (Mean),

standard deviation (Std), and rank order (Rank). In the case

of the minimum problem, the algorithm’s discovery of the

optimal solution is more likely the smaller the best value;

similarly, the algorithm’s comprehensive optimization

capabilities are enhanced by the lower the mean value; and

the algorithm’s stability is improved by the smaller stan-

dard deviation. The algorithms are ranked using a ranking

based on the mean value, which allows for a more intuitive

comparison based on the magnitude of the mean value. The

algorithm with the highest ranking among those ranked

equally is shown.

The Wilcoxon signed-rank test (also called the Wil-

coxon signed-rank sum test) is a nonparametric test used to

compare data. For within-group comparison of algorithms

Table 6 Summary of the 29

CEC2017benchmark functions
Type Number Function name f iðx�Þ

Unimodal 1 Shifted and rotated Bent Cigar function 100

3 Shifted and rotated Zakharov function 300

Multimodal 4 Shifted and rotated Rosenbrock’s function 400

5 Shifted and rotated Rastrigin’s function 500

6 Shifted and rotated Expanded Schaffer’s F6 function 600

7 Shifted and rotated Lunacek Bi_Rastrigin function 700

8 Shifted and rotated non-continuous Rastrigin’s function 800

9 Shifted and rotated Levy function 900

10 Shifted and rotated Schwefel’s function 1000

Hybrid 11 Hybrid function 1 (N—3) 1100

12 Hybrid function 2 (N—3) 1200

13 Hybrid function 3 (N—3) 1300

14 Hybrid function 4 (N—4) 1400

15 Hybrid function 5 (N—4) 1500

16 Hybrid function 6 (N—4) 1600

17 Hybrid function 6 (N—5) 1700

18 Hybrid function 6 (N—5) 1800

19 Hybrid function 6 (N—5) 1900

20 Hybrid function 6 (N—6) 2000

Composition 21 Composition function 1 (N—3) 2100

22 Composition function 2 (N—3) 2200

23 Composition function 3 (N—4) 2300

24 Composition function 4 (N—4) 2400

25 Composition function 5 (N—5) 2500

26 Composition function 6 (N—5) 2600

27 Composition function 7 (N—6) 2700

28 Composition function 8 (N—6) 2800

29 Composition function 9 (N—3) 2900

30 Composition function 10 (N—3) 3000
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Table 7 MCHIAO performance against CHIO and AO algorithms is

conducted on 29 CEC-2017 functions

Function Algorithm

Indices

AO [31] CHIO [30] MCHIAO

F1 Mean 74,460,200.6 1,760,094,431 2866.08648

Std 123,756,337 1,467,167,371 3308.02416

Rank 2 3 1

F3 Mean 4187.2174 4311.95317 300.000076

Std 914.824188 1164.12591 0.00027993

Rank 2 3 1

F4 Mean 436.039253 739.467171 402.605918

Std 25.1789584 405.302522 1.71126457

Rank 2 3 1

F5 Mean 532.319243 553.387742 519.614328

Std 12.7198787 7.21201353 10.7631725

Rank 2 3 1

F6 Mean 627.236527 636.244568 603.822265

Std 7.84502623 5.96254295 3.41594141

Rank 2 3 1

F7 Mean 761.598213 803.160009 742.780727

Std 16.0291469 13.6082671 8.51299127

Rank 2 3 1

F8 Mean 828.145579 839.343639 817.148124

Std 4.7890986 8.26597153 6.15251227

Rank 2 3 1

F9 Mean 1096.66657 1402.77982 946.602451

Std 91.7687802 140.589628 79.1275347

Rank 2 3 1

F10 Mean 1995.0516 3019.22908 1931.62902

Std 264.267774 147.056249 328.80526

Rank 2 3 1

F11 Mean 1390.7056 1386.41834 1128.39922

Std 302.652315 102.101563 16.039182

Rank 3 2 1

F12 Mean 5,148,551.08 10,944,616.1 26,913.1807

Std 5,206,061.52 9,688,908.59 18,147.663

Rank 2 3 1

F13 Mean 19,760.1968 35,853.9812 1651.34374

Std 12,495.3061 16,505.8753 349.271564

Rank 2 3 1

F14 Mean 4031.33268 6797.48159 1465.48509

Std 2033.50287 825.477957 34.2525909

Rank 2 3 1

F15 Mean 8444.98355 16,261.4922 1590.52906

Std 4496.8501 8848.00604 81.6176787

Rank 2 3 1

F16 Mean 1887.44346 1965.59533 1666.42854

Std 88.854808 126.235428 79.8004617

Rank 2 3 1

F17 Mean 1786.22388 1795.15872 1744.94634

Std 13.7815982 20.7812173 10.8849663

Table 7 (continued)

Function Algorithm

Indices

AO [31] CHIO [30] MCHIAO

Rank 2 3 1

F18 Mean 25,885.9274 112,737.744 2609.51094

Std 14,268.618 82,697.1716 1257.63002

Rank 2 3 1

F19 Mean 76,665.4739 27,301.7071 1954.85267

Std 128,019.754 7820.54704 37.8865398

Rank 2 3 1

F20 Mean 2178.37203 2239.36288 2040.02629

Std 66.5526714 80.4024286 6.17522688

Rank 2 3 1

F21 Mean 2303.13739 2314.37698 2243.56959

Std 47.9077996 60.8143985 62.0238696

Rank 2 3 1

F22 Mean 2326.13568 3814.29715 2302.3156

Std 18.6111765 580.323684 2.82049757

Rank 2 3 1

F23 Mean 2653.20969 2658.01634 2622.52767

Std 14.6819134 6.92611101 13.2639282

Rank 2 3 1

F24 Mean 2788.92455 2793.85698 2664.19632

Std 26.2276458 16.0096304 142.219745

Rank 2 3 1

F25 Mean 2951.91226 3042.9232 2920.28895

Std 29.4727073 56.9908093 24.5533739

Rank 2 3 1

F26 Mean 3104.57715 3963.30913 2919.55391

Std 190.634688 424.654747 158.402239

Rank 2 3 1

F27 Mean 3108.0177 3106.14969 3094.15989

Std 10.2052865 19.0242259 1.86615578

Rank 3 2 1

F28 Mean 3483.35556 3244.76013 3290.72305

Std 90.2595564 7.17012236 147.790981

Rank 3 1 2

F29 Mean 3269.65681 3330.88552 3172.72036

Std 36.3736394 133.880124 21.4615926

Rank 2 3 1

F30 Mean 3,382,703.95 7,098,205.17 1,471,154.92

Std 2,400,644.58 3,198,242.47 1,494,262.41

Rank 2 3 1

Percentage 2.10344828 2.86206897 1.03448276

Total Rank 2 3 1
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Fig. 8 The 29 CEC2017 functions and convergence plots
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generally Wilcoxon signed-rank test can be applied to

analyze each algorithm within-group. We have calculated

the mean result for each algorithm as all of the algorithms

are executed with a maximum of 500 iterations and 51

runs. The Friedman average rank test is used for evaluating

the performance of the various optimization algorithms,

with the best result of each measure in each function

highlighted in bold in the result tables.

Fig. 8 continued
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5.1 Case1: MCHIAO performance through 23 CEC
2005 benchmark

In this section, 23 benchmark functions are considered to

evaluate the proposed MCHIAO’s performance. Each of

these test functions is a minimization problem of varying

size and difficulty. Table 2 shows the benchmark functions,

where Dim represents the function’s dimension, Range

represents the function’s search space boundaries, and f min
is optimum.

5.1.1 MCHIAO Vs AO and CHIO

MCHIAO is run against the original CHIO and AO algo-

rithms on the different functions of 23 benchmark.

Numerical results in Table 3 demonstrate the mean,

Fig. 8 continued
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standard deviation, and rank of the used algorithms on

every function, as it ranked first in all of the 23 benchmark

functions (from Table 2) except for F_13 (x) where AO

ranked the first. MCHIAO achieved total rank 1.

5.1.2 MCHIAO vs other algorithms

The proposed MCHIAO algorithm is compared against

twelve different algorithms in a simulated experiment.

These algorithms are GOA, MFO, MPA, GWO, HHO,

Fig. 8 continued
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WOA, SSA, IAO, NOA, NGO, AO, and CHIO. All of the

algorithms are executed with a maximum of 500 iterations

and 51 runs. In Fig. 7 and Table 4, simulation results for all

methods are presented. Table 4 presents the metrics cal-

culated such as mean, standard deviation (Std), and

Friedman average rank test for evaluating the performance

of the various optimization techniques, with the best result

of each measure in each function highlighted in bold.

These data show that the suggested algorithm MCHIAO

performed well in both the multimodal functions from

F8ðxÞ to F13ðxÞ and the unimodal functions from F1ðxÞ to
F7ðxÞ, demonstrating the first rank except for F6ðxÞ and
F13ðxÞ where NGO and MPA ranked the first, respectively.

However, MCHIAO showed the greatest rate and placed

first in all the fixed-dimension multimodal functions from

F14ðxÞ to F23ðxÞ, except F20ðxÞ where MPA ranked first.

Fig. 8 continued
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With a total rank of one, the findings showed that the

suggested algorithm MCHIAO performed the best on the

Standard benchmark functions. In Fig. 7, the vertical axis

shows the optimal solution to the function, while the hor-

izontal axis shows the total number of iterations. It implies

a comparison of the convergence curves of MCHIAO and

Table 10 Review of CEC2019

benchmark function problems
No Functions F	i ¼ Fiðx�Þ Dim Search range

1 Storn’s Chebyshev Polynomial Fitting Problem 1 9 [-8192, 8192]

2 Inverse Hilbert Matrix Problem 1 16 [-16384, 16384]

3 Lennard–Jones Minimum Energy Cluster 1 18 [-4, 4]

4 Rastrigin’s Function 1 10 [-100, 100]

5 Griewangk’s Function 1 10 [-100, 100]

6 Weierstrass Function 1 10 [-100, 100]

7 Modified Schwefel’s Function 1 10 [-100, 100]

8 Expanded Schaffer’s F6 Function 1 10 [-100, 100]

9 Happy Cat Function 1 10 [-100, 100]

10 Ackley Function 1 10 [-100, 100]

Table 11 MCHIAO

performance against CHIO and

AO algorithms is conducted on

10 CEC-2019 functions

Function Algorithm indices AO [31] CHIO [30] MCHIAO

F1 Mean 69,363.0155 4,362,075,407 37,453.7001

Std 15,915.6584 8,744,866,059 658.27772

Rank 2 3 1

F2 Mean 17.3670308 17.3909001 17.3428571

Std 0.00213039 0.01404747 0

Rank 2 3 1

F3 Mean 12.7024252 12.7024172 12.7024042

Std 2.1097E-05 3.3786E-06 0

Rank 3 2 1

F4 Mean 1062.16958 2757.55276 146.586412

Std 902.303042 1474.3629 102.829675

Rank 2 3 1

F5 Mean 1.5350851 3.31228981 1.2337303

Std 0.05752762 0.56147541 0.08531583

Rank 2 3 1

F6 Mean 10.9565728 10.502067 7.18112683

Std 0.67379091 1.18939858 2.18752976

Rank 3 2 1

F7 Mean 453.191656 937.891665 353.651994

Std 338.696778 137.105271 229.317033

Rank 2 3 1

F8 Mean 5.49648782 6.78439506 4.99222537

Std 0.74485931 0.20919096 0.70002441

Rank 2 3 1

F9 Mean 5.23456936 422.275604 2.91996449

Std 0.83734447 220.111026 0.31898007

Rank 2 3 1

F10 Mean 20.4357804 20.4815469 20.0697435

Std 0.07629745 0.0473569 0.15003633

Rank 2 3 1

Percentage 2.2 2.8 1

Total Rank 2 3 1
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other algorithms on common benchmark functions,

demonstrating that MCHIAO has a favorable rate of con-

vergence and the ability to find a more compact solution

across all the benchmark functions, demonstrating one of

its key strengths. In the majority of the twenty-three

benchmark functions, it is seen that using the MCHIAO

approach beats the other twelve evaluated algorithms. The

Wilcoxon rank-sum test [32] is also applied in order to

statically prove the efficiency of our proposed algorithm.

Statistical study of the discrepancy results between two

algorithms frequently makes use of the p-value of the

Wilcoxon rank-sum test, which is useful in establishing if

the two sets of data are significantly different. When p is

less than 0.05, it indicates a substantial difference between

the two methods in this test function, indicating the

rejection of the null hypothesis. The comprehensive p-

Fig. 9 Convergence curves of CEC2019 functions and convergence plots
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values in Table 5 were acquired by applying the Wilcoxon

test with each of the twelve algorithms to the MCHIAO

solution findings, 51 times separately on the 23 benchmark

functions test. This was necessary because the test

necessitates two independent data sets. These results prove

the significance of the proposed algorithm for all functions

because the p-values are less than 0.05.

Fig. 9 continued

Table 14 Description of Unimodal fixed-dimension Problems

f :No: Name Vars Range f min

F1 Beale 2 [-4.5, 4.5] 0

F2 Booth 2 [-10, 10] 0

F3 Brent 2 [-10, 10] 0

F4 Matyas 2 [-10, 10] 0

F5 Schaffer N. 4 2 [-100, 100] 0.292579

F6 Wayburn Seader 3 2 [-500, 500] 19.10588

F7 Leon 2 [-1.2, 1.2] 0

F8 Cube 2 [-10, 10] 0

F9 Zettl 2 [-5, 10] -0.00379
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From the previous table, the proposed algorithm

MCHIAO outperforms or produces similar solutions in all

functions except for F6ðxÞ;F13ðxÞ and F20ðxÞ where the

best algorithms are NGO and MPA respectively.

The convergence curves for all thirteen algorithms on

the 23 standard benchmark functions are shown in Fig. 7,

where the vertical axis shows the optimal solution to the

problem and the horizontal axis shows the total number of

iterations. One of MCHIAO’s assets is its remarkable

convergence abilities, which are demonstrated by the

algorithm’s rate of convergence on CEC2005 benchmark

functions and the ability to produce a more compact

solution for all benchmark functions.

5.2 Case 2: MCHIAO performance on CEC2017
benchmark functions

The 29 CEC2017 benchmark functions are used to evaluate

the proposed MCHIAO against all the same twelve state-

of-the-art algorithms. The minimization problems in

CEC2017 are divided into four categories: The first has

three unimodal functions (F1–F3), the second has seven

simple multimodal functions (F4–F10), the third has ten

hybrid functions (F11–F20), and the fourth has ten com-

position functions (F21–F30). Table 6 shows how these

functions operate. The objective function minimizes the

difference between the optimal value of the i th function

f iðx�Þ and the best solution determined by the method f iðxÞ;
this function can be written as Eq. (4.1).

error ¼ f i xð Þ � f iðx�Þ ð4:1Þ

5.2.1 MCHIAO Vs AO and CHIO

Table 7 demonstrates the performance of the proposed

MCHIAO against CHIO and AO as it ranked the first in all

of the 29 functions except for F28ðxÞ; as it ranked second

and CHIO ranked the first. MCHIAO scored a total rank 1.

5.2.2 MCHIAO vs other algorithms

Table 8 presents the experimental study findings of the

suggested MCHIAO algorithm as well as the other com-

parator techniques in terms of mean results and standard

derivation after 51 separate runs of each algorithm. The

Table 15 MCHIAO

performance against CHIO and

AO algorithms is conducted on

8 Unimodal fixed-dimension

functions

Function Algorithm indices AO[31] CHIO[30] MCHIAO

F1 Mean 0.00041645 0.27580244 0

Std 0.0004393 0.36657232 0

Rank 2 3 1

F2 Mean 0.00040099 0.0001764 0

Std 0.00029567 9.7635E-05 0

Rank 3 2 1

F3 Mean 1.3839E-87 1.3839E-87 1.3839E-87

Std 2.734E-103 2.734E-103 2.734E-103

Rank 1 1 1

F4 Mean 3.737E-106 9.9749E-74 0

Std 6.47E-106 9.4198E-74 0

Rank 2 3 1

F5 Mean 0.2925824 0.29257936 0.29257863

Std 3.6705E-06 5.5684E-07 5.5511E-17

Rank 3 2 1

F6 Mean 19.1108644 19.1101276 19.1058798

Std 0.0049773 0.00381332 4.3512E-15

Rank 3 2 1

F7 Mean 0.00133935 0.00092498 0

Std 0.00098295 0.0012904 0

Rank 3 2 1

F9 Mean -0.0037511 -0.0037912 20.0037912

Std 5.4492E-05 4.8259E-10 5.3115E-19

Rank 3 2 1

Percentage 2.33333333 2.22222222 1

Total Rank 3 2 1
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best outcomes are displayed in bold font in Tables 7 and 8.

Optimization results presented in Table 8 indicate that the

proposed MCHIAO algorithm outperforms the other

twelve algorithms in 17 out of the 29 CEC2017 benchmark

functions and scored a total first rank against other opti-

mization algorithms. Our proposed algorithm MCHIAO

ranked first in the unimodal functions F1ðxÞ and F3ðxÞ. For

the multimodal functions F4ðxÞ to F10ðxÞ, MCHIAO

ranked first in F4ðxÞ;F5ðxÞ; and F8ðxÞ. MPA ranked first in

F6ðxÞ;F9ðxÞ; and F10ðxÞ, and GOA ranked first in F7ðxÞ: In
the hybrid functions F11ðxÞ to F20ðxÞ, MCHIAO ranked

first in all functions except

F11ðxÞ;F12ðxÞ;F14ðxÞ; and F17ðxÞ, where it ranked the

second and MPA ranked first in F11ðxÞ;F14ðxÞ; and F17ðxÞ,

Fig. 10 The 8 Unimodal fixed-dimension and convergence plots
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and NGO ranked first in F12ðxÞ: However, in the compo-

sition functions F21ðxÞ to F30ðxÞ, MCHIAO ranked first in

all functions except F25ðxÞ;F26ðxÞ;F28ðxÞ; and F30ðxÞ
where GOA, MPA, CHIO, and NGO ranked first, respec-

tively. Therefore, with a total rank of 1, our suggested

algorithm MCHIAO showed the greatest performance on

the CEC2017 benchmark functions. Table 9 presents the p-

values of MCHIAO which was acquired by applying the

Wilcoxon test against all the other twelve algorithms for 29

CEC2017 benchmark functions. These results prove the

significance of the proposed algorithm for all functions

because the p-values are less than 0.05.

Figure 8 presents the convergence plots of the proposed

MCHIAO algorithm against the same twelve algorithms for

the 29 CEC2017 benchmark functions. The MCHIAO

algorithm outperforms the other twelve evaluated algo-

rithms in the majority of the 29 benchmark functions.

5.3 Case 3: MCHIAO performance on CEC2019
benchmark functions

We chose one of the most relevant and challenging test

suites from the numerical optimization competitions, CEC-

2019 (which has ten functions) to further demonstrate the

effectiveness of the proposed technique. Table 10 illus-

trates the ten CEC2019 benchmark functions.

5.3.1 MCHIAO Vs AO and CHIO

Table 11 shows that MCHIAO is ranked first against CHIO

and AO in all the 10 CEC-2019 benchmark functions. For

the total rank, MCHIAO scored 1.

5.3.2 MCHIAO vs other algorithms

Table 12 shows the performance of the proposed MCHIAO

against the same twelve algorithms conducted on the ten

CEC2019 functions after 500 iterations and 51 runs of each

algorithm. The data analyzed for the mean value, standard

deviation, and rank produced by the twelve unique state-of-

the-art optimization methods are shown in Table 12. With

a high rate, our suggested algorithm MCHIAO placed first

in CEC01, CEC02, CEC03, and CEC09, second in CEC08,

fourth in CEC05, and fifth in CEC06, CEC07, and CEC10,

and sixth in CEC04. With a total rank of 2, MCHIAO

showed a promising overall performance on the CEC2019

benchmark functions. Table 13 presents the p-values of

MCHIAO which was acquired by applying the Wilcoxon

test against all the other twelve algorithms for ten

CEC2019 benchmark functions. These results prove the

significance of the proposed algorithm for all functions

because the p-values are less than 0.05.

Figure 9 shows the convergence behavior of the pro-

posed MCHIAO on CEC2019 functions.

5.4 Case 4: performance of MCHIAO
on Unimodal fixed-dimension problems

Table 14 represents the details of the unimodal fixed-di-

mension problems. Range specifies the lower and upper

boundaries of the design variables, whereas fmin signifies

the overall minimum of the functions. Vars identifies the

number of dimensions (design variables) of the functions.

Fig. 10 continued
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5.4.1 MCHIAO Vs AO and CHIO

In Table 15, MCHIAO is ranked the first in all 8 functions

with a total rank 1, while CHIO ranked second and AO

ranked third.

5.4.2 MCHIAO vs other algorithms

Tables 15 and 16 show the mean value, standard deviation,

and rank attained by the proposed MCHIAO algorithm

against CHIO and AO, and the other twelve unique state-

of-the-art optimization algorithms, respectively. Table 16

shows that MCHIAO demonstrated the first rank in all

unimodal fixed-dimension problems except for F6 in which

it ranked second. With a total rank of 1, MCHIAO had the

greatest overall performance on the unimodal fixed-di-

mension functions. The convergence curves of the various

methods are shown in Fig. 10, where the vertical axis

shows the optimal solution to the function and the hori-

zontal axis shows the total number of iterations. Table 17

presents the p-values of MCHIAO which was acquired by

applying the Wilcoxon test against all the other twelve

algorithms for the 8 Unimodal fixed-dimension functions.

These results prove the significance of the proposed algo-

rithm for all functions because the p-values are less than

0.05.

5.5 Case 5: performance of MCHIAO
on Unimodal variable-dimension problems

Table 18 represents the details of the unimodal variable-

dimension functions.

5.5.1 MCHIAO Vs AO and CHIO

Table 19 demonstrates that MCHIAO obtained the first

rank in all unimodal variable-dimension problems. For the

total rank, MCHIAO ranked first, AO ranked second, and

CHIO ranked third.

5.5.2 MCHIAO vs other algorithms

In comparison to the 12 existing meta-heuristics algo-

rithms, Table 20 demonstrates that the novel hybrid

MCHIAO algorithm offers the best attainable optimum

values of the functions in terms of mean and standard

values of the functions. Figure 11 addresses the conver-

gence performance of the twelve competitive algorithms

and MCHIAO variations in solving unimodal benchmark

functions; the convergence solutions encountered show that

the MCHIAO is better capable of finding the most opti-

mum solution in the fewest iterations. Based on the results

of variable and fixed dimension unimodal problems, we

can say that MCHIAO has excellent exploitation capabil-

ities and can produce superior results in difficult situations.

Table 21 presents the p-values of MCHIAO which was

acquired by applying the Wilcoxon test against all the other

twelve algorithms for the 15 Unimodal variable-dimension

functions. These results prove the significance of the pro-

posed algorithm for all functions because the p-values are

less than 0.05.

5.6 Case 6: performance of MCHIAO
on Multimodal fixed-dimension problems

The details of the multimodal fixed-dimension functions

are presented in Table 22.

5.6.1 MCHIAO Vs AO and CHIO

Table 23 presents the MCHIAO against CHIO and AO

where it ranked first in all functions except F14ðxÞ where
AO ranked first. For the total rank, MCHIAO scored rank

1, AO rank 2, and CHIO rank 3.

5.6.2 MCHIAO vs other algorithms

Table 24 illustrates the outcomes of MCHIAO and the

other algorithms for the fixed-dimension multimodal

benchmarks. The results show that MCHIAO generally

reaches the globally optimal values. If the results are

compared, MCHIAO possesses first place for all functions

other than f9, f14, and f15. An important feature that

should be explored is the convergence of the MCHAIO for

the optimal solutions throughout the iteration numbers,

hence Fig. 12 demonstrates the best solutions so far across

Table 18 Description of Unimodal variable-dimension problems

f :No: Name Vars Range f min

F1 Sphere 30 [-100, 100] 0

F2 Powell Sum 30 [-1, 1] 0

F3 Schwefel’s 2.20 30 [-100, 100] 0

F4 Schwefel’s 2.21 30 [-100, 100] 0

F5 Step 30 [-100, 100] 0

F6 Stepint 30 [-5.12, 5.12] -155

F7 Schwefel’s 2.22 30 [-100, 100] 0

F8 Schwefel’s 2.23 30 [-10, 10] 0

F9 Rosenbrock 30 [-30, 30] 0

F10 Brown 30 [-1, 4] 0

F11 Dixon and Price 30 [-10, 10] 0

F12 Powell Singular 30 [-4, 5] 0

F13 Xin-She Yang 30 [-20, 20] 0

F14 Perm 0,D,Beta 5 [-Var, Var] 0

F15 Sum Squares 30 [-10, 10] 0
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Table 19 MCHIAO

performance against CHIO and

AO algorithms is conducted on

unimodal variable-dimension

functions

Function Algorithm indices AO [31] CHIO [30] MCHIAO

F1 Mean 3.533E-99 9.2172E-08 0

Std 7.9E-99 1.3477E-07 0

Rank 2 3 1

F2 Mean 2.2334E-60 3.0776E-26 0

Std 4.9941E-60 4.7155E-26 0

Rank 2 3 1

F3 Mean 2.6229E-59 0.00038404 3.414E-196

Std 4.5431E-59 0.00056483 0

Rank 2 3 1

F4 Mean 1.6964E-60 0.0946589 2.281E-198

Std 2.9382E-60 0.09033654 0

Rank 2 3 1

F5 Mean 0.00020324 3.21719824 1.4618E-07

Std 0.00024445 0.1541856 2.2558E-07

Rank 2 3 1

F6 Mean 2155 2155 2155

Std 0 0 0

Rank 1 1 1

F7 Mean 1.9266E-47 1.9348E-05 1.095E-195

Std 3.3368E-47 6.2951E-06 0

Rank 2 3 1

F8 Mean 0 2.9402E-23 0

Std 0 5.0925E-23 0

Rank 1 2 1

F9 Mean 0.00380226 28.9457917 3.1522E-05

Std 0.00389016 0.01378845 2.7376E-05

Rank 2 3 1

F10 Mean 1.416E-95 1.0104E-09 0

Std 2.4439E-95 1.1945E-09 0

Rank 2 3 1

F11 Mean 0.25090981 0.77843789 0.00106436

Std 0.00158201 0.19187879 0.00063133

Rank 2 3 1

F12 Mean 3.5284E-97 2.8293E-05 0

Std 6.1114E-97 4.8879E-05 0

Rank 2 3 1

F13 Mean -0.448377 4.34E-232 21

Std 0.11982465 0 0

Rank 2 3 1

F14 Mean 229.027227 4547.1164 0.11071688

Std 206.245808 112.142546 0.11643342

Rank 2 3 1

F15 Mean 2.179E-122 1.6725E-08 0

Std 3.774E-122 2.7561E-08 0

Rank 2 3 1

Percentage 1.86666667 2.86666667 1

Total Rank 2 3 1
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the iteration numbers. The acceleration convergence curves

of the suggested MCHIAO have a discernible declining

rate for the multimodal fixed-dimension functions.

Table 25 presents the p-values of MCHIAO which was

acquired by applying the Wilcoxon test against all the other

twelve algorithms for the 27 multimodal fixed-dimension

functions. These results prove the significance of the pro-

posed algorithm for all functions because the p-values are

less than 0.05.

5.7 Case 7: performance of MCHIAO
on Multimodal variable-dimension problems

The dimensionality of the variable-dimension multimodal

benchmark functions, in addition to the local optima,

increases the complexity and difficulty of optimization.

Table 26 presents the details of the multimodal variable-

dimension problems. Vars specifies the number of dimen-

sions (design variables) of the functions. Range identifies

the lower and upper boundaries of the design variables,

whereas fmin signifies the overall minimum of the

functions.

5.7.1 MCHIAO Vs AO and CHIO

MCHIAO is ranked first in all functions against CHIO and

AO except for F8ðxÞ and F14ðxÞ where AO ranked the first,

as shown in Table 27. MCHIAO scored 1 for the total rank,

while AO scored 2 and CHIO ranked rank 3.

5.7.2 MCHIAO vs other algorithms

In Table 28, MCHIAO’s ability to solve multimodal

functions with variable dimensions is compared with the

performance of other algorithms.

The results show that MCHAIO can fully explore the

search space. Except for F8ðxÞ, F14ðxÞ, and F17ðxÞ,
MCHAIO consistently exceeds competitors; nonetheless,

the results for these three functions are equally competi-

tive. Table 29 presents the p-values of MCHIAO which

was acquired by applying the Wilcoxon test against all the

other twelve algorithms for the 17 multimodal variable-

dimension functions. These results prove the significance

of the proposed algorithm for all functions because the

p-values are less than 0.05.

In Fig. 13, MCHIAO’s convergence curves for 17

multimodal variable-dimension functions are presented and

compared with the twelve algorithms to demonstrate the

convergence capabilities of MCHIAO.
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5.8 Case 8: performance of MCHIAO on real-
world problems

The majority of the search spaces for real-world issues are

unknown and provide several challenges. Such challenges

drastically reduce the performance of optimization

algorithms in the sector, which previously excelled at

benchmark functions or simple case studies [36].

Scientists and practitioners must recognize the obstacles

and include the appropriate adjustments, alterations, and

enhancements in the algorithms to address them in order to

Fig. 11 The Unimodal variable-dimension functions and convergence plots
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guarantee the quality of solutions to optimisation problems

[37].

This section evaluates the performance of MCHIAO in

real-world problems, this optimizer has been used to solve

six engineering problems: welded beam design, pressure

vessel design, tension/compression spring design, weight

minimization of a speed reducer, three-bar truss design

problem, and gear train design problem.

5.8.1 Tension/compression spring design

The goal is to obtain the least fabrication cost for spring. It

is a weight minimization problem of a spring with three

Fig. 11 continued
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structural parameters: wire diameter (d or x1), mean coil

diameter (D or x2), and the number of active coils (P or x3).

Figure 14 presents the spring and its parameters [38].

This problem has the following mathematical model:

ConsiderX ¼ x1; x2; x3½ � ¼ d;D;P½ �:

Minimize f xð Þ ¼ x3 þ 2ð Þx2x21: ð4:2Þ

Subject to : g1 xð Þ ¼ 1� x32x3
7:1785x41

� 0;

g2 xð Þ ¼ 4x22 � x1x2

12:566 x2x
3
1

� �
� x41

þ 1

5:108x21
� 1� 0;

g3 xð Þ ¼ 1� 140:45x1
x22x3

� 0;

g4 xð Þ ¼ x1 þ x2
1:5

� 1� 0:

With

0:05� x1; � 2; 0:25� x2� 1:3; and 2� x3� 15:

The performance of the proposed MCHIAO is evaluated

by solving the tension/compression spring design problem

and compared against the same twelve state-of-the-art

algorithms as shown in Table 30. The performance of the

MCHIAO algorithm is better than the twelve state-of-the-

art algorithms.

For 500 iterations and 51 runs, MCHIAO outperforms

the other twelve algorithms as proved in Table 31.

Table 31 presents the p-values of MCHIAO which was

acquired by applying the Wilcoxon test against all the other

twelve algorithms for the tension/compression spring

design problem. These results prove the significance of the

proposed algorithm for all functions because the p-values

are less than 0.05.

Figure 15 presents the convergence curve of the

MCHIAO optimization algorithm against the other twelve

algorithms in the tension/compression spring design

problem.

Fig. 11 continued
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5.8.2 Pressure vessel design

The objective is to obtain a pressure vessel design with the

minimum fabrication cost. Figure 16 demonstrates the

pressure vessel and the design parameters [38].

The four decision variables in this problem are head

Thickness (Th), shell thickness (Ts), length of the cylin-

drical section neglecting head(L), and Inner radius (R).

This problem’s mathematical formulation is as follows:

ConsiderX ¼ x1; x2; x3; x4½ � ¼ Ts; Th;R; L½ �:

x1 and x2 are discrete while x3 and x4 are continuous.

The fitness function is nonlinear with linear and non-

linear inequality constraints.

Minimize f xð Þ ¼ 0:6224x1x3x4 þ 1:778x2x
2
3 þ 3:1661x21x4

þ 19:84x21x3:

ð4:3Þ
Subject to : g1 xð Þ ¼ �x1 þ 0:0193x3� 0;

g2ðxÞ ¼ �x2 þ 0:00954x3� 0;

g3ðxÞ ¼ �px23x4 �
4

3
px33 þ 1296000;

g4ðxÞ ¼ x4 � 240� 0;

With

0� x1; x2� 100; and 10� x3; x4� 200:

Table 32 provides the results of this problem for the

proposed MCHIAO against the same twelve algorithms.

Table 33 presents the p-values of MCHIAO which was

acquired by applying the Wilcoxon test against all the other

twelve algorithms for the pressure vessel design problem.

Table 22 Description of

Multimodal fixed-dimension

problems

f :No: Name Vars Range f min

F1 Egg Crate 2 [-5,5] 0

F2 Ackley N.3 2 [-32,32] -195.629

F3 Adjiman 2 [-1,2] -2.02181

F4 Bird 2 [-2pi,2pi] -106.765

F5 Camel 6 Hump 2 [-5,5] -1.0316

F6 Branin RCOS 2 [-5,5] 0.397887

F7 Goldstien Price 2 [-2,2] 3

F8 Hartman 3 3 [0,1] -3.86278

F9 Hartman 6 6 [0,1] -3.32236

F10 Cross-in-tray 2 [-10,10] -2.06261

F11 Bartels Conn 2 [-500,500] 1

F12 Bukin 6 2 [(-15,-5),(-5,-3)] 180.3276

F13 Carrom Table 2 [-10,10] -24.1568

F14 Chichinadze 2 [-30,30] -43.3159

F15 Cross function 2 [-10,10] 0

F16 Cross leg table 2 [-10,10] -1

F17 Crowned cross 2 [-10,10] 0.0001

F18 Easom 2 [-100,100] -1

F19 Giunta 2 [-1,1] 0.060447

F20 Helical Valley 3 [-10,10] 0

F21 Himmelblau 2 [-5,5] 0

F22 Holder 2 [-10,10] -19.2085

F23 Pen Holder 2 [-11,11] -0.96354

F24 Test Tube Holder 2 [-10,10] -10.8723

F25 Shubert 2 [-10,10] -186.731

F26 Shekel 4 [0,10] -10.5364

F27 Three-Hump Camel 2 [-5,5] 0
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Table 23 MCHIAO performance against CHIO and AO algorithms is conducted on Multimodal fixed-dimension functions

Function Algorithm indices AO[31] CHIO[30] MCHIAO

F1 Mean 5.503E-101 7.156E-147 0

Std 9.532E-101 1.239E-146 0

Rank 3 2 1

F2 Mean -195.62826 -195.62895 2195.62903

Std 0.00103777 6.0025E-05 0

Rank 3 2 1

F3 Mean -2.0218067 -2.0218068 22.0218068

Std 4.4063E-08 4.256E-10 0

Rank 3 2 1

F4 Mean -106.74417 -106.7518 2106.76454

Std 0.01326392 0.00639826 1.0049E-14

Rank 3 2 1

F5 Mean -1.031279 -1.0316223 21.0316285

Std 0.00031171 4.87E-06 0

Rank 3 2 1

F6 Mean 0.3981097 0.39813503 0.39788736

Std 0.00017101 0.00027844 0

Rank 2 3 1

F7 Mean 3.05659703 3.00001478 3

Std 0.01086624 6.7114E-06 7.6919E-16

Rank 3 2 1

F8 Mean -3.8502528 -3.8545256 23.8627821

Std 0.00380409 0.00016892 0

Rank 3 2 1

F9 Mean -3.1000292 -2.8642107 -3.2823641

Std 0.13315313 0.30230971 0.06864298

Rank 2 3 1

F10 Mean -2.0626116 -2.0626084 22.0626119

Std 1.6325E-07 1.784E-06 0

Rank 2 3 1

F11 Mean 1.00000001 1 1

Std 1.9783E-08 0 0

Rank 2 1 1

F13 Mean -24.152935 -24.107559 224.156816

Std 0.00369228 0.02224092 4.3512E-15

Rank 2 3 1

F14 Mean 242.793565 -42.559128 -42.646245

Std 0.2567107 0.06249043 0.25819889

Rank 1 3 2

F15 Mean 4.8482E-05 4.8482E-05 4.8482E-05

Std 1.7632E-10 7.6852E-11 6.7763E-21

Rank 3 1 1

F16 Mean -0.0002547 -0.00019 20.3618163

Std 7.2683E-05 2.8271E-05 0.55413702

Rank 2 3 1

F17 Mean 0.29091024 0.53252908 0.01354889

Std 0.25415889 0.05619264 0.02142434

Rank 2 3 1
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These results prove the significance of the proposed algo-

rithm for all functions because the p-values are less than

0.05.

Figure 17 represents the convergence curves of the

MCHIAO against the other twelve optimization algorithms

in the pressure vessel problem.

5.8.3 Welded beam design

Another example used to assess MCHIAO performance in

the engineering domain is a well-known welded beam

design, as shown in Fig. 18 [22].

In this problem, the aim is to establish the best design

variables to minimize the overall manufacturing cost of a

welded beam is subject to Shear stress (s), Bending stress

(h), the bar’s buckling load (Pc), the beam end deflection

(d), and other constraints. The four variables in this prob-

lem are the bar length (l), the thickness of the weld (h),

height (t), and thickness (b). The mathematical formulation

of this problem is as follows:

ConsiderX ¼ x1; x2; x3; x4½ � ¼ h; l; t; b½ �:

Table 23 (continued)

Function Algorithm indices AO[31] CHIO[30] MCHIAO

F18 Mean -0.9999221 -0.9997226 21

Std 5.3918E-05 0.00012847 0

Rank 2 3 1

F19 Mean 0.06447602 0.06447233 0.06447042

Std 9.3665E-06 5.5926E-07 0

Rank 3 2 1

F20 Mean 0.02878722 4.12675429 1.6435E-30

Std 0.02300902 3.5748105 2.8466E-30

Rank 2 3 1

F21 Mean 0.00702172 0.00853319 0

Std 0.00716048 0.00927898 0

Rank 2 3 1

F22 Mean -19.19857 -19.187159 219.208503

Std 0.0143746 0.01012612 0

Rank 2 3 1

F23 Mean -0.9635347 -0.9635301 20.9635348

Std 1.4268E-07 3.1812E-06 0

Rank 2 3 1

F24 Mean -10.871754 -10.857572 210.8723

Std 0.0004693 0.011744 0

Rank 2 3 1

F25 Mean -186.47518 -186.02185 2186.73091

Std 0.32438566 0.20930624 2.8422E-14

Rank 2 3 1

F26 Mean -10.527056 -2.3000796 210.53641

Std 0.01316684 2.3485831 0

Rank 2 3 1

F27 Mean 1.47E-139 8.101E-163 0

Std 2.546E-139 0 0

Rank 3 2 1

Percentage 2.38461538 2.53846154 1.03846154

Total Rank 2 3 1
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Minimize f xð Þ ¼ 1:10471x21x2 þ 0:04811x3x4 14:0þ x2ð Þ:
ð4:4Þ

Subject to g 1 xð Þ ¼ s xð Þ � 13600� 0;

g2 xð Þ ¼ r xð Þ � 30000 � 0;

Fig. 12 The Multimodal fixed-dimension functions and convergence plots
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Fig. 12 continued
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Fig. 12 continued
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Fig. 12 continued
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g3 xð Þ ¼ x1 � x4� 0;

g4 xð Þ ¼ 0:10471x21
þ 0:04811x3x4 14þ x2ð Þ�5:0 � 0;

g5 xð Þ ¼ 0:125� x1� 0;

g6 xð Þ ¼ d xð Þ� 0:25� 0;

g7 xð Þ ¼ 6000� pc xð Þ � 0:

where s xð Þ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
s0 þ 2ss0ð Þ x2

2Rþ s00ð Þ2
q

;

s0 ¼ 6000ffiffiffiffiffiffiffiffiffiffiffiffi
2x1x2
p ;

s00 ¼ MR

J
;

M ¼ 6000 14þ x2

2

� �
;

R ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
x22
4
þ x1 þ x3

2

� �2r
;

J ¼ 2 x1x2
p
2

x22
12
þ x1 þ x3

2

� �2� �	 

;

rðxÞ ¼ 504000

x4x
2
3

dðxÞ ¼ 65856000

ð30:106Þx4x33

pc ðxÞ ¼
4:013 30:106

� � ffiffiffiffiffiffiffiffi
x2

3
x6

4

36

q

196
ð1� x3

28

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
30:106

4ð12:106Þ

s
Þ:

With

0:1� x1; x4� 2 and 0:1� x2; x3� 10:

Table 34 presents the optimization results of the welded

beam design problem for the proposed MCHIAO against

the same twelve algorithms. Table 35 presents the p-values

of MCHIAO which was acquired by applying the Wil-

coxon test against all the other twelve algorithms for the

welded beam design problem. These results prove the

significance of the proposed algorithm for all functions

because the p-values are less than 0.05.

Figure 19 below illustrates the MCHIAO plot against

the competitive optimization results in the welded beam

design problem.

5.8.4 Speed Reducer problem

It is a weight minimization problem that involves the

design of a speed reducer for a small aircraft’s internal

combustion engine. It is a challenging benchmark because

it has seven design variables (x1 to x7). Figure 20 illustrates

the problem’s schematic [39].

This problem’s mathematical model is as follows:

ConsiderX ¼ x1; x2; x3; x4; x5; x6; x7½ �
¼ b;m; p; l1; l2; d1; d2½ �:

Minimize f xð Þ ¼ 0:7854x1x
2
2 3:3333x23 þ 14:9334x3 � 43:0934
� �

� 1:508x1 x26 þ x27
� �

þ 7:4777 x36 þ x37
� �

þ 0:7854 x4x
2
6 þ x5x

2
7

� �
:

ð4:5Þ

Subject to : g1 xð Þ ¼ 27

x1x
2
2x3
� 1� 0;

g2 xð Þ ¼ 397:5

x1x
2
2x3
� 1� 0;

Fig. 12 continued
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g3 xð Þ ¼ 1:93x34
x2x3x

4
6

� 1� 0;

g4 xð Þ ¼ 1:93x35
x2x3x

4
7

� 1� 0;

g5 xð Þ ¼ 1

110x36

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ð745x4
x2x3

Þ
2

þ 16:9� 106

s
� 1� 0;

g6 xð Þ ¼ 1

85x37

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ð745x5
x2x3

Þ
2

þ 157:5� 106

s
� 1� 0;

g7 xð Þ ¼ x2x3
40
� 1� 0;

g8 xð Þ ¼ 5x2
x1
� 1� 0;

g9 xð Þ ¼ x1
12x2

� 1� 0;

g10 xð Þ ¼ 1:5x6 þ 1:9

x4
� 1� 0;

g11 xð Þ ¼ 1:1x7 þ 1:9

x5
� 1� 0:

With

2:6� x1� 3:6; 0:7� x2� 0:8; 17� x3� 28; 7:3� x4

� 8:3; 7:3� x5� 8:3; 2:9� x6� 3:9; 5� x7� 5:5:

Table 36 shows the results of this problem for the pro-

posed MCHIAO against the same twelve algorithms.

Table 37 presents the p-values of MCHIAO which was

acquired by applying the Wilcoxon test against all the other

twelve algorithms for the speed reducer design problem.

These results prove the significance of the proposed algo-

rithm for all functions because the p-values are less than

0.05.

Figure 21 illustrates the same 12 optimization algo-

rithms’ convergence curves against the MCHIAO on the

speed reducer problem.

5.8.5 Gear train design problem

The main goal of this problem is to minimize the gear ratio

for preparing the compound gear train, as shown in Fig. 22

[39].

The objective is to achieve the optimal number of teeth

for four train gears to minimize the gear ratio. The gear

ratio is defined as:

Gear ratio ¼ nBnD
nFnA

The decision variables (nj) are discrete. Where nj stands

for the number of gearwheel teeth j, with j ¼ A;B;D;F:
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Consider ½x1; x2; x3; x4� ¼ ½nA; nB; nD; nF�:

Minimize f xð Þ ¼ ð 1

6:931
� x3x2
x1x4
Þ
2

: ð4:6Þ

Subject to : 12� xi� 60; i ¼ 1; 2; 3; 4:

Table 38 illustrates the results of this problem for the

proposed MCHIAO against the same twelve algorithms.

Table 39 presents the p-values of MCHIAO which was

acquired by applying the Wilcoxon test against all the other

twelve algorithms for the gear train design problem. These

results prove the significance of the proposed algorithm for

all functions because the p-values are less than 0.05.

Figure 23 demonstrates the diverse algorithms’ conver-

gence curves against the proposed MCHIAO algorithm.

5.8.6 Three-bar truss design problem

The primary purpose of truss design is to reduce the weight

of the bar structures. As a result, three bars should be

placed as shown in Fig. 24. As the goal is to reduce the

weight of the bars in this position. This is an optimization

problem with constraints. This problem has two design

parameters ðx1; x2Þ and three restrictive functions: deflec-

tion constraints of each bar, buckling, and stress [22].

The problem is mathematically expressed as follows:

Objective function : f xð Þ ¼ 2
ffiffiffi
2
p

x1 þ x2

� �
� L ð4:7Þ

Subject to : g1 ¼
ffiffiffi
2
p

x1 þ x2ffiffiffi
2
p

x21 þ 2x1x2
� P� r� 0

g2 ¼
x2ffiffiffi

2
p

x21 þ 2x1x2
� P� r� 0

g3 ¼
1ffiffiffi

2
p

x1 þ x2
� P� r� 0

where:

0� x1; x2� 1:

The constants are as follows: L ¼ 100 cm;P ¼ 2 KN
cm2 :

and r ¼ 2KN=cm2.

Table 40 presents the results of various algorithms on

this problem for the proposed MCHIAO against the same

twelve algorithms. Table 41 presents the p-values of

MCHIAO which was acquired by applying the Wilcoxon

test against all the other twelve algorithms for the three-bar

truss design problem. These results prove the significance

of the proposed algorithm for all functions because the p-

values are less than 0.05.

Figure 25 below presents the various competitive opti-

mization algorithms’ convergence curves.

Table 26 Description of Multimodal variable-dimension functions

f :No: Name Vars Range f min

F52 Schwefel’s 2.26 30 [-500,500] -418.983

F53 Rastrigin 30 [-5.12,5.12] 0

F54 Periodic 30 [-10,10] 0.9

F55 Qing 30 [-500,500] 0

F56 Alpine N. 1 30 [-10,10] 0

F57 Xin-She Yang 30 [-5,5] 0

F58 Ackley 30 [-32,32] 0

F59 Trigonometric 2 30 [-500,500] 0

F60 Salomon 30 [-100,100] 0

F61 Styblinski-Tang 30 [-5,5] -1174.98

F62 Griewank 30 [-100,100] 0

F63 Xin-She Yang N. 4 30 [-10,10] -1

F64 Xin-She Yang N. 2 30 [-2pi,2pi] 0

F65 Gen. Penalized 30 [-50,50] 0

F66 Penalized 30 [-50,50] 0

F67 Michalewics 30 [0,pi] -29.6309

F68 Quartic Noise 30 [-1.28,1.28] 0
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Table 27 MCHIAO performance against CHIO and AO algorithms is conducted on Multimodal variable-dimension functions

Function Algorithm indices AO [31] CHIO [30] MCHIAO

F1 Mean 282.517956 300.589882 1.2785E-05

Std 11.9413383 8.17246486 1.1359E-08

Rank 2 3 1

F2 Mean 0 5.14212146 0

Std 0 2.58879245 0

Rank 1 2 1

F3 Mean 0.90016154 7.89928594 0.9

Std 0.00027979 0.23392407 0

Rank 2 3 1

F4 Mean 313.189295 5353.14974 0.00062537

Std 123.617533 270.969316 0.00074791

Rank 2 3 1

F5 Mean 5.2698E-50 0.00234174 1.772E-202

Std 9.1274E-50 0.00148203 0

Rank 2 3 1

F6 Mean 1.8295E-13 2.8741E-06 3.78E-180

Std 3.1687E-13 4.9699E-06 0

Rank 2 3 1

F7 Mean 24.441E-16 19.963105 24.441E-16

Std 0 0.00050852 0

Rank 1 2 1

F8 Mean 1.00109004 78.9284682 12.9586629

Std 0.00122459 10.182355 10.8528879

Rank 1 3 2

F9 Mean 2.0611E-51 0.16654103 0

Std 3.5699E-51 0.05773331 0

Rank 2 3 1

F10 Mean -907.70035 -634.46345 21174.985

Std 36.938001 27.9405838 2.9525E-08

Rank 2 3 1

F11 Mean 0 0.00723185 0

Std 0 0.01252592 0

Rank 1 2 1

F12 Mean -0.9448373 8.8232E-11 21

Std 0.09554454 3.2917E-11 0

Rank 2 3 1

F13 Mean 3.5202E-12 3.1781E-11 3.5124E-12

Std 9.3035E-15 6.1453E-13 3.0844E-20

Rank 2 3 1

F14 Mean 2.9718E-05 2.71692004 0.00366247

Std 2.1878E-05 0.03720067 0.00634355

Rank 1 3 2

F15 Mean 1.4775E-05 0.44584183 7.0298E-10

Std 2.4323E-05 0.0519485 4.8484E-10

Rank 2 3 1

F16 Mean -10.514488 -7.0549159 222.281646

Std 2.23441885 0.56532887 1.72818388

Rank 2 3 1

F17 Mean 0.00011373 0.0018622 3.9674E-05

Std 7.8379E-05 0.00125016 2.1887E-05

Rank 2 3 1

Percentage 1.70588235 3 1.11764706

Total rank 2 3 1
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Fig. 13 The Multimodal variable-dimension functions and convergence plots
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Fig. 13 continued
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Fig. 13 continued
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Fig. 14 Tension/compression spring design problem

Table 30 Tension/compression spring design results

Algorithm Mean Standard Rank

GOA [9] 0.015951297 0.002906484 10

MFO [10] 0.012907016 0.000264164 4

MPA [11] 0.01281136 0.000157643 3

GWO [14] 0.012933896 0.000326614 5

HHO [15] 0.015027618 0.003059537 9

SSA [16] 0.013490251 0.001684084 7

WOA [17] 0.013942492 0.001765381 8

AO [31] 2,170,196,892 6,510,590,675 12

IAO [33] 0.019488045 0.00475156 11

NOA [34] 2.96285E ? 14 3.59669E ? 14 13

NGO [35] 0.012760485 0.000154712 2

CHIO [30] 0.01326582 0.000596831 6

MCHIAO 0.012746062 0.000166938 1

Table 31 The Wilcoxon rank-sum test (p-Value) for the MCHIAO

algorithm against all other 12 algorithms for tension/compression

spring design

Algorithm p-value

MCHIAO vs. GOA 1.9804E-150

MCHIAO vs. MFO 4.46507E-67

MCHIAO vs. MPA 6.09558E-35

MCHIAO vs. GWO 4.4864E-122

MCHIAO vs. HHO 1.7473E-148

MCHIAO vs. SSA 8.0538E-145

MCHIAO vs. WOA 6.4924E-144

MCHIAO vs. AO 2.2367E-159

MCHIAO vs. IAO 4.766E-158

MCHIAO vs. NOA 1.2395E-117

MCHIAO vs. NGO 3.51627E-17

MCHIAO vs. CHIO 1.3444E-135

Fig. 15 Convergence curves of the 13 algorithms on the tension/com-

pression spring design

Fig. 16 Schematic of pressure vessel design

Table 32 Pressure vessel results

Algorithm Mean Standard Rank

GOA [9] 35,131.10339 40,967.52571 12

MFO [10] 6497.220239 634.8879331 3

MPA [11] 7226.95381 607.0149758 6

GWO [14] 6535.891917 622.7804105 4

HHO [15] 13,847.76839 19,971.53144 10

SSA [16] 15,007.75896 11,020.65098 11

WOA [17] 12,675.26123 9480.70412 9

AO [31] 7271.549004 710.3684348 7

IAO [33] 7174.680954 711.5027682 5

NOA [34] 236,891.2726 128,237.6272 13

NGO [35] 6096.333062 305.6936459 1

CHIO [30] 8283.54537 327.2246859 8

MCHIAO 6132.290892 318.6501042 2
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6 Conclusions

In this study, Modified Coronavirus Herd Immunity Aquila

Optimizer (MCHIAO) is an improved hybrid algorithm

proposed as a contribution to a novel nature-inspired

human-based metaheuristic optimization algorithm (CHIO)

with Aquila optimization algorithm for global optimization

Table 33 The Wilcoxon rank-sum test (p-Value) for the MCHIAO

algorithm against all other 12 algorithms for pressure vessel problem

Algorithm p-value

MCHIAO vs. GOA 6.326E-145

MCHIAO vs. MFO 8.10913E-79

MCHIAO vs. MPA 4.4997E-107

MCHIAO vs. GWO 3.572E-99

MCHIAO vs. HHO 6.2287E-151

MCHIAO vs. SSA 3.2334E-139

MCHIAO vs. WOA 6.0615E-132

MCHIAO vs. AO 6.0725E-133

MCHIAO vs. IAO 2.5723E-131

MCHIAO vs. NOA 2.4169E-156

MCHIAO vs. NGO 7.73373E-14

MCHIAO vs. CHIO 4.6006E-118

Fig. 17 Convergence curves of the 13 algorithms on the pressure

vessel design problem

Fig. 18 Schematic of welded beam design

Table 34 Welded beam design problem results

Algorithm Mean Standard Rank

GOA [9] 3.087832124 0.655528688 11

MFO [10] 2.777903465 1.013200491 10

MPA [11] 2.027376231 0.678406815 6

GWO [14] 1.734099162 0.003968062 2

HHO [15] 2.568683246 0.596323174 9

SSA [16] 2.447819513 0.516575419 8

WOA [17] 1.60077E ? 14 4.80232E ? 14 13

AO [31] 2.111506686 0.161034724 7

IAO [33] 2.024464177 0.115296664 5

NOA [34] 1.11692E ? 13 1.90331E ? 13 12

NGO [35] 1.742050269 0.034573561 3

CHIO [30] 1.843894229 0.038903465 4

MCHIAO 1.724857129 1.42997E-05 1

Table 35 The Wilcoxon rank-sum test (p-Value) for the MCHIAO

algorithm against all other 12 algorithms for welded beam design

problem

Algorithm p-value

MCHIAO vs. GOA 3.3461E-148

MCHIAO vs. MFO 7.9047E-144

MCHIAO vs. MPA 1.928E-131

MCHIAO vs. GWO 4.463E-84

MCHIAO vs. HHO 4.86E-149

MCHIAO vs. SSA 9.6273E-144

MCHIAO vs. WOA 9.6293E-160

MCHIAO vs. AO 1.396E-154

MCHIAO vs. IAO 6.5181E-152

MCHIAO vs. NOA 6.064E-161

MCHIAO vs. NGO 6.1375E-102

MCHIAO vs. CHIO 2.1799E-123
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problems. The proposed algorithm presents three main

modifications that lead to better outcomes. The first mod-

ification is applying an improved case categorizing tech-

nique that implements a balance between the exploitation

and exploration stages. The second enhancement is

improving the equation of the new genes’ value which

leads to more optimal values. Additionally, as many studies

show that the COVID-19 pandemic possesses chaotic

system characteristics, we applied the chaotic system in the

case categorizing phase which leads to avoiding local

minima and rapid convergence rate. The third enhancement

is generating a new formula for the selection between the

expanded exploitation and narrowed exploitation phases.

The results reveal that the proposed MCHIAO can find

optimal solutions and converge faster on most issues due to

its strong exploration and exploitation capabilities. The

proposed MCHIAO’s effectiveness is evaluated using

Wilcoxon statistical analyses and Friedman average rank

through 23 well-known benchmark functions of various

Fig. 19 Convergence curves of the 13 algorithms on the welded beam

design problem

Fig. 20 Speed reducer design

Table 37 The Wilcoxon rank-sum test (p-Value) for the MCHIAO

algorithm against all other 12 algorithms for speed reducer problem

Algorithm p-value

MCHIAO vs. GOA 7.1841E-160

MCHIAO vs. MFO 7.71414E-22

MCHIAO vs. MPA 2.7588E-101

MCHIAO vs. GWO 1.6344E-126

MCHIAO vs. HHO 1.7953E-139

MCHIAO vs. SSA 1.0121E-137

MCHIAO vs. WOA 1.4754E-129

MCHIAO vs. AO 3.8149E-148

MCHIAO vs. IAO 8.3013E-147

MCHIAO vs. NOA 1.1145E-154

MCHIAO vs. NGO 4.15843E-89

MCHIAO vs. CHIO 2.7345E-145

Table 36 Speed reducer problem results

Algorithm Mean Standard Rank

GOA [9] 1.07722E ? 15 3.11439E ? 15 13

MFO [10] 762.8288311 13.95755429 2

MPA [11] 763.9785059 15.86450865 3

GWO [14] 788.8860584 19.96261583 5

HHO [15] 881.8736378 73.09210583 8

SSA [16] 910.4944773 48.64117481 10

WOA [17] 905.7236558 138.6739242 9

AO [31] 843.163184 33.33856705 7

IAO [33] 820.8015923 38.20063308 6

NOA [34] 1.53481E ? 14 1.05845E ? 14 12

NGO [35] 765.4001109 18.85723823 4

CHIO [30] 954.3313325 172.5583058 11

MCHIAO 757.5016403 17.82148259 1
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Fig. 22 Gear train design

Table 38 Gear train design results

Algorithm Mean Standard Rank

GOA [9] 6.21185E-18 7.44915E-18 7

MFO [10] 0 0 1

MPA [11] 4.24881E-20 8.73172E-20 5

GWO [14] 9.86456E-12 1.37344E-11 9

HHO [15] 0 0 1

SSA [16] 3.50623E-19 5.12915E-19 6

WOA [17] 7.68122E-25 2.76945E-24 4

AO [31] 1.41497E-10 2.27371E-10 11

IAO [33] 2.38202E-10 5.74132E-10 12

NOA [34] 6.07034E-07 1.34258E-06 13

NGO [35] 1.16393E-14 2.33049E-14 8

CHIO [30] 6.37017E-11 1.05369E-10 10

MCHIAO 0 0 1

Table 39 The Wilcoxon rank-sum test (p-Value) for the MCHIAO

algorithm against all other 12 algorithms for gear train design

problem

Algorithm p-value

MCHIAO vs. GOA 2.155E-119

MCHIAO vs. MFO 0.005515138

MCHIAO vs. MPA 8.75194E-93

MCHIAO vs. GWO 5.4314E-139

MCHIAO vs. HHO 1.2376E-47

MCHIAO vs. SSA 1.0991E-119

MCHIAO vs. WOA 2.3808E-70

MCHIAO vs. AO 3.3244E-153

MCHIAO vs. IAO 4.7013E-150

MCHIAO vs. NOA 1.5031E-159

MCHIAO vs. NGO 2.3313E-106

MCHIAO vs. CHIO 3.8584E-142

Fig. 23 Convergence curves of the 13 algorithms on the gear train

design problem

Fig. 24 Three-bar truss design

Fig. 21 Convergence curves of the 13 algorithms on the speed

reducer problem
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dimensions and complexity: seven unimodal, six multi-

modal with adjustable dimensions, and 10 multimodal with

fixed dimensions. These functions have been widely used

to evaluate newly proposed optimization methods in the

literature. The MCHIAO is also compared to the perfor-

mance of other well-known and most recent optimization

techniques. The algorithms used in the comparison are

GWO, GOA, MFO, MPA, HHO, SSA, WOA, IAO, NOA,

NGO, AO, and the original CHIO. The comparative anal-

ysis reveals that MCHIAO is conspicuously competitive

since it can acquire 21 out of the 23 benchmark functions.

Further, to prove the efficiency of the proposed MCHIAO

algorithm, both CEC 2017 and CEC 2019 benchmark

functions are tested in which MCHIAO achieves the

overall best results in 17 out of 29 CEC 2017 and 4 out of

10 CEC19 benchmark functions. The exploitative and

explorative behavior of the hybrid algorithm MCHIAO is

assessed on a variety of classical functions, including 24

unimodal and 44 multimodal functions, respectively. The

proposed MCHIAO ranked top in all 15 functions for

unimodal variable-dimension issues and first in 7 out of 8

functions for unimodal fixed-dimension problems. On the

other hand, MCHIAO succeeds in 24 out of 27 functions

for the multimodal fixed-dimension challenges and is

placed top in 14 out of 17 functions for the multimodal

variable-dimension problems. As well, the proposed

MCHIAO defeats the competitive optimization algorithms

in five out of six real-world application problems gear train

design problem, speed reducer problem, welded beam

design problem, pressure vessel design problem, and wel-

ded beam design problem and ranked second in the pres-

sure vessel problem. MCHIAO has several limitations,

much like any other suggested algorithm. First, the sensi-

tivity to parameter issue in the original CHIO and AO has

been resolved by MCHIAO. Results with the mentioned

issues are encouraging. This might not work, though, for

other issues. Second, convergence time grows with com-

plexity, providing a new avenue for future study to address

this problem. Finally, new algorithms with improved per-

formance may be created as this field of study continues to

advance.

Table 40 Three-bar truss design results

Algorithm Mean Standard Rank

GOA [9] 266.9145286 4.384192239 13

MFO [10] 264.0882605 0.381636882 7

MPA [11] 263.9926233 0.13055913 5

GWO [14] 263.9138724 0.010425992 4

HHO [15] 264.0204774 0.157444236 6

SSA [16] 263.9078842 0.012938126 3

WOA [17] 265.587063 2.302897999 10

AO [31] 266.4906845 2.046607548 12

IAO [33] 266.2227394 2.092995513 11

NOA [34] 265.0384931 0.630322305 8

NGO [35] 263.8977075 0.002511928 2

CHIO [30] 265.5120281 5.208503965 9

MCHIAO 263.8958434 1.23887E-13 1

Table 41 The Wilcoxon rank-sum test (p-Value) for the MCHIAO

algorithm against all other 12 algorithms for the Three-bar truss

design problem

Algorithm p-value

MCHIAO vs. GOA 1.7096E-162

MCHIAO vs. MFO 3.3632E-149

MCHIAO vs. MPA 3.8239E-155

MCHIAO vs. GWO 2.8163E-149

MCHIAO vs. HHO 5.411E-153

MCHIAO vs. SSA 2.4051E-140

MCHIAO vs. WOA 1.2056E-160

MCHIAO vs. AO 2.0848E-164

MCHIAO vs. IAO 1.1648E-168

MCHIAO vs. NOA 5.0247E-165

MCHIAO vs. NGO 1.8896E-117

MCHIAO vs. CHIO 2.8027E-161

Fig. 25 Three-bar truss design plots
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Appendix

A glossary of acronyms and abbreviations is listed in

Table 42.
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