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Abstract In this paper, a new nature-inspired human-based optimization7

algorithm is proposed which called Coronavirus Herd Immunity Optimizer8

(CHIO). The inspiration of CHIO is originated from the herd immunity con-9

cept as a way to tackle coronavirus pandemic (COVID-19). The speed of10

spreading coronavirus infection depends on how the infected individuals di-11

rectly contact with other society members. In order to protect other members12

of society from the disease social distancing is suggested by health experts.13

Herd immunity is a state the population reach when most of the population is14

immune which results in the prevention of disease transmission. These concepts15

are modeled in terms of optimization concepts. CHIO mimics the herd immu-16

nity strategy as well as the social distancing concepts. Three types of individ-17

ual cases are utilized for herd immunity: susceptible, infected, and immuned.18

This is to determine how the newly generated solution updates its genes with19

social distancing strategies. CHIO is evaluated using 23 well-known bench-20

mark functions. Initially, the sensitivity of CHIO to its parameters is studied.21
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Thereafter, the comparative evaluation against seven state-of-the-art methods22

is conducted. The comparative analysis verifies that CHIO is able to yield23

very competitive results compared to those obtained by other well-established24

methods. In conclusion, CHIO is a very powerful optimization algorithm that25

can be used to tackle many optimization problems across a wide variety of26

optimization domains.27

Keywords Coronavirus · COVID-19 · herd immunity · Optimization ·28

Nature inspired · Metaheuristic29

1 Introduction30

Optimization is the process of finding the best configurations of some entities31

following limited resources respecting predefined constraints [55]. The opti-32

mization process can be utilized in several research domains such as health,33

engineering, mathematics, economics, linguistics, and science to optimize (min-34

imize or maximize) their objective [43]. In order to tackle optimization prob-35

lems, two types of optimization methods emerge deterministic-based and approximation-36

based [51]. Traditionally, deterministic-based methods are utilized to tackle37

some optimization problems with small dimensions and less complexity. Al-38

though they can find an exact solution for the optimization problem, they39

suffer from some dilemmas such as they cannot be used to tackle the NP-hard40

problems; they require heavy mathematical derivation especially for gradient-41

based techniques; they can easily be stuck in a local optima [42]. Thus, they42

are inefficient in tackling real-world problems. Consequently, the optimization43

research communities tend their attentions to utilize approximation methods44

for their optimization problems.45

Approximation methods have stochastic components to intelligently over-46

come the deterministic-based dilemmas. The traditional approximation-based47

methods were heuristic-based in which the optimization problem is construc-48

tively tackled element by element until a complete solution is reached [8].49

Heuristic methods are problem-specific where each optimization problem has50

its own heuristic methods, for example, graph coloring problems use saturation51

algorithm heuristic methods [45]. The heuristic-based approaches although52

they can easily find a solution for the optimization problem, the quality of the53

constructed solution is not unfortunately respected. The ultimate objective54

of tackling optimization problem is not only to find any solution, but also to55

find a “good enough” solution. Therefore, the emergence of metaheuristic al-56

gorithms as an efficient approximation-based method acquired high attention57

due to its superior advantages.58

Metaheuristic-based approaches provide a general optimization framework59

that can iteratively improve the current solution(s) using intelligent knowledge-60

acquisition operators with stochastic features controlled by tuned parame-61

ters until an optimal solution is reached [43]. The operators of the powerful62

metaheuristic algorithms can efficiently explore several regions in the problem63

search space as well as exploit the accumulative knowledge acquired during the64
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search process. Exploitation and exploration are contradictory, and achieving65

the right balance between them during the search is the main algorithmic66

challenge. The main advantages of these metaheuristic algorithms are [42]:67

i) Their simplicity to be adapted for a wide range of optimization problems68

with very small tweaking. They are dealt with the optimization problem as69

black-box mathematically formulated in terms of objective function and solu-70

tion representation in which the problem-specific knowledge is not necessarily71

deeply studied. ii) They do not require mathematical-derivative information72

in the initial search. iii) They can easily escape the local optima using their73

stochastic-based components. Interestingly, the most metaheuristic-based al-74

gorithms are originated from nature-inspired phenomena which can be cat-75

egorized into four classes: evolutionary-based, swarm-based, physical-based,76

and human-based algorithms [40,14]. These categories of metaheuristic-based77

algorithms are summarized in Table 1.78

Evolutionary Algorithms (EA) are naturally inspired from the evolution79

process initiated with a population of random individuals. Generation after80

generation, the gens of the parent individuals in the population are recom-81

bined and mutated to come up with offspring individuals which are adopted82

based on the survival-of-the-fittest principle in the natural selection scheme.83

The firstly developed EA is genetic algorithm (GA) proposed by John Henry84

Holland in 1960 to utilize the Darwinian principle of natural evolution [21].85

Swarm-based algorithms are normally inspired by the social behavior of animal86

swarms. The main merit of such class is their ability to collaboratively survive.87

The earlier and considered the first swarm-based algorithms is Particle Swarm88

Optimization (PSO) [28] which imitates the bird flocking social behavior. The89

particles (solutions) flies around their environment (search space ) searching90

for the optimal position (global best). During the flying process, the best po-91

sitions (local best) in the path to the optimal position is recorded. Other base92

swarm-based optimizer are Ant Colony Optimization (ACO) [10], Artificial93

Bee Colony (ABC) [26] and many others summarized in Table 1. Physical-94

based algorithms are inspired by the physical laws appeared in the universe.95

The base algorithm of such category is Simulated Annealing (SA) which imi-96

tates thermodynamics process when the metals are cooled and annealed [29].97

Other Physical-based algorithms are summarized in Table 1. Finally, human-98

based algorithm stimulates the human’s behavior, lifestyle or perception. The99

base method of such class is Harmony Search Algorithm (HSA) in which a100

group of JAZZ musicians plays the notes of their instruments, practice after101

practice until a pleasing harmony (optimal solution) is obtained [18]. Other102

popular human-based algorithms are Fireworks algorithm (FA) [54] and many103

others as reported in Table 1.104

Apparently, there are a plethora of nature-inspired algorithms which can be105

efficiently used for a wide range of optimization problems. However, according106

to the No Free Lunch (NFL) Theorem, the optimization algorithm cannot107

work efficiently for all types of optimization problems [59]. Furthermore, most108

deterministic or even heuristic optimization is not workable for problems with109

non-linearity and multi-modality. Therefore, the tremendous developments of110
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Table 1: Nurtured-inspired Optimization Algorithms

Nurtured-inspired
Categories

Nurtured-inspired Algorithms

Evaluation-based Genetic Algorithm (GA) [21], Evolution Strategy (ES) [6], Genetic Pro-
gramming (GP) [30], and Biogeography-Based Optimizer (BBO) [53]

Swarm-based Particle swarm optimization (PSO) [28], Ant colony optimization (ACO)
[10], Cuckoo search (CS) [62], Bat algorithm (BA) [64], Ant Lion Opti-
mizer (ALO) [35], Butterfly optimization algorithm (BOA) [3], Dragonfly
algorithm (DA) [37], fruit fly optimization algorithm (FOA) [44], Grey
wolf optimizer (GWO) [42], Krill herd algorithm (KHA) [17], Red deer al-
gorithm (RDA) [13], Bird mating optimizer (BMO) [4], Flower pollination
algorithm (FPA) [61], Monarch butterfly optimization (MBO) [56], Moth-
flame optimization algorithm (MFO) [36], whale optimization algorithm
(WOA) [40], Firefly algorithm (FA) [63], Artifical bee colony (ABC) [26],
Salp Swarm Algorithm (SSA) [39], Harris hawks optimization (HHO) [24],
and crow search algorithm (CSA) [5]

Physical-based Simulated annealing (SA) [29], Multi-verse optimizer (MVO) [41],
Sine cosine algorithm (SCA) [38], Water cycle algorithm (WCA) [12],
Electromagnetism-like mechanism (EM) [7], Gravitational search algo-
rithm (GSA) [48], Charged system search (CSS) [27], big bang–big crunch
(BBBC) [11], and Henry gas solubility optimization (HGSO) [22]

Human-Based Fireworks algorithm (FA) [54], Harmony Search Algorithm (HSA) [18],
Wisdom of Artificial Crowds (WAC) [60], β-Hill Climbing (βHC) [1], Tabu
search (TS) [20], Group search optimizer (GSO) [23], Interior search algo-
rithm (ISA) [16], Seeker optimization algorithm [9], Social-based algorithm
(SBA) [46], and Mine blast algorithm (MBA) [52]

metaheuristic algorithms, although come up with very powerful algorithms,111

there is still a window to develop other nature-based metaheuristic algorithms112

with intelligence characteristics with hope to tackle some complex optimization113

problems powerfully.114

Nowadays, human-based nature-inspired phenomenon is emerged with as115

algorithms such as HSA or βHC achieve pleasing results when compared to116

other nature-inspired algorithms. This paper proposed a new human-based117

nature-inspired algorithm Coronavirus Herd Immunity Optimizer (CHIO).118

Quite recently, the novel 2019 coronavirus evolved and start to spread from119

Wuhan, China since December 2019. Consequently, the virus spread across120

several countries and the World Health Organization (WHO) announces the121

name of the new contagious disease to be Corona Virus Disease (COVID-122

19) [32]. Herd immunity is proposed as one of the techniques to control the123

COVID19 epidemic outbreak [31]. The proposed algorithm relies on the con-124

cept of how to best protect the community against the disease by converting125

the majority of the susceptible population which is not infected to become126

immuned. The phases of herd immunity can be summarized as follows [15,127

50,31] firstly, a group of infected people will infect another group of people.128

Secondly, a large number of infected people will recover and become immuned129

and a small number of people will die. Finally, after some time the majority130

of the population will become protected against the virus.131

CHIO is modeled in terms of optimization algorithm. Initially, the pop-132

ulation individuals are randomly generated and marked as susceptible, and133
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very few members are marked infected. According to the basic reproduction134

rate (BRr), the herd immunity of the population is evolved using three rules135

of spreading the pandemic following social distancing concepts: susceptible,136

infected and immuned cases rules. The population members are moved from137

susceptible to infected and from infected to immuned according to herd immu-138

nity threshold by adopting the survival-of-the-fittest principle. A few numbers139

of infected individuals will reach the fatality state. The search is stopped when140

the population reaches the state of herd immunity. In order to verify the effi-141

ciency of CHIO, 23 well-known benchmark functions are used for evaluation.142

The effect of parameters on CHIO performance is initially studied. Then, al-143

ternative social distancing strategies are analyzed. Finally, the comparative144

evaluation against seven well-regarded methods is provided. The comparative145

results prove the viability of the proposed CHIO. In a nutshell, the new CHIO146

is a very powerful human-based optimization method that is pregnant with147

tremendous and successful developments for those who are interested to tackle148

their problems using natural-inspired metaheuristic-based algorithms.149

The remaining sections of this paper are as follows: the proposed CHIO150

algorithm and the concepts behind it are introduced in Sect. 2. The perfor-151

mance of the proposed algorithm is evaluated and analyzed in Sect. 3. Finally,152

the conclusion and some future directions are provided in Sect. 4.153

2 Coronavirus herd immunity Optimizer154

Viruses are normally spread and evolved very quickly among individuals of the155

population. The health communities normally use a vaccine to build immunity156

against viruses. However, new viruses need a period of time until their vaccine157

discovered. In the meanwhile, the health care organizations recommend to158

treat the virus in one of two ways: i) they isolate the infected individuals from159

their surrounding communities and isolate all the people they contact. ii) they160

use herd immunity principle to stop pandemics where herd immunity accrued161

when a significant portion of a population is immune resulting in protecting162

susceptible individuals.163

2.1 Inspiration164

Viruses can be transmitted biologically and it can be replicated by the ampli-165

fying hosts [57]. The novel 2019 coronavirus (2019-nCoV) evolved and start166

to spread from Wuhan, China since December 2019. Consequently, the virus167

spread across several countries and the World Health Organization (WHO)168

announces the name of the new contagious disease to be Corona Virus Disease169

(COVID-19) [32]. As of 27-March-2020, the number of cases reaches 532,279170

in 199 countries and territories around the world 1.171

1 https://www.worldometers.info/coronavirus/
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The incubation period of the COVID-19 vary between 2.1 to 11.1 days [32].172

As to yet, no powerful remedy for COVID-19 is found [32]. The fatality rate173

of COVID-19 can range between 0.25 to 3.0% [31].174

Herd immunity means that the population has a large number of people175

that are protected from being infected (either by vaccination or natural in-176

fection) and as a result, the disease will stop from spreading. This happened177

because more than 60% (i.e., herd immunity threshold) of the population is178

recovered from the infection. Herd immunity can affect the epidemic trans-179

mission as it can downsize the spread of the infection [50]. Herd immunity is180

proposed as one of the techniques to control the COVID-19 epidemic outbreak181

[31]. Note that this approach applies the Darwinian theory about survival of182

the fittest principle.183

According to the social distancing, the COVID-19 can be transmitted from184

human-to-human if the person is in close contact to another person (within 1.8185

meters), by the droplets originated when the infected person sneezes or coughs,186

or when the person touches his/her mouth, nose or eyes after contacting a187

surface or object that has the virus on it 2. The governments followed two188

approaches to control the spread of COVID-19 as still there is no vaccination189

available the country lock-down or herd immunity 3.190

A normal person that is not immuned against the virus is called suscep-191

tible. Once infected with the COVID-19 the person becomes a transmitting192

case. Now, based on the strength of the person’s immune system s/he can be193

either recovered (i.e., immuned) or unfortunately dead. Generally speaking,194

the elderly immune system is usually weaker than young people because they195

would have other diseases such as diabetes, cardiovascular diseases, or cancer.196

As a result, the person’s age plays an important role in being recovered or not.197

The average age of the people who are died in Italy is 81 years [49].198

According to many researchers [15,50,31] the main phases of achieving199

herd immunity are as follows:200

– A Large number of infected people infect another large group of people.201

– Most of the infected people are recovered and a small number are dead.202

– After a while, most of the population will have immunity against the dis-203

ease.204

2.2 Herd immunity205

Herd immunity refers to a situation where enough people in a population206

have immunity to the infection to be able to effectively stop that disease from207

spreading. For herd immunity, it does not matter whether the immunity comes208

from vaccination, or from the people who had the disease. The crucial thing209

is that they are immune.210

2 https://www.cdc.gov/coronavirus/2019-ncov/prepare/transmission.html
3 https://economictimes.indiatimes.com/news/economy/policy/india-

needs-to-achieve-herd-immunity-to-effectively-counter-covid-19-swaminathan-
aiyar/articleshow/74860557.cms
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As more people become infected with COVID-19, the disease caused by211

the virus, there will be more people who recover and who are then immune to212

future infection.213

Fig. 1: Herd immunity

Herd immunity is affected by the basic reproduction rate, which represents214

how many people will be probably infected from the transmitting cases. This215

can indicate how quickly the disease will spread in the population. Generally216

speaking, when the number of immune cases reaches to be a large percentage217

of the population (i.e., larger than 60%) the population will be shielded from218

having more infected cases, such percentage is called herd immunity threshold.219

The transmitting cases pass the infection and the immune system of the220

infected person will preserve an immunological memory of the disease. This221

will enable the infected person to become immune against that virus in the222

future and thus it will stop the disease from circulation.223

The coronavirus herd immunity concept is mathematically modeled to de-224

velop the proposed optimization algorithm. The algorithm relies on the con-225

cept of how to best protect the community against the disease by converting226

the majority of the susceptible population which is not infected to become227

immuned. As a result, even the remaining susceptible cases will not be in-228

fected because the immuned population will not be transmitting the disease229

any more.230
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2.3 Population hierarchy231

The herd immunity population individuals can be classified into three types [2]:232

susceptible, infected (or confirmed), and immuned (or recovered) individuals233

[33]. Figure 2 shows how the three types of individuals are distributed. The234

figure is represented as a tree where the root is the infected individual and235

the edges point to the contacted people. The right part of the figure shows236

that if the root individual is immuned, the virus will not be spread to its237

contacted individual. Therefore, it is functionally utilized as a firewall against238

virus pandemics. These types of individuals can be defined as follows:239

Fig. 2: Population Hierarchy

– susceptible individuals: These individuals are not infected by the virus but240

it can be infected when they contact other infected individuals (i.e., did241

not follow the recommended social distancing).242

– infected individuals: The individuals of this type have a confirmed case243

where they can transmit the virus to other susceptible individuals who are244

in direct contact with according to the social distancing factor.245

– immuned individuals: The individuals who are categorized as immuned are246

protected against the virus, and they are not affected by infected individ-247

uals. This type of individual can help the population to stop spreading the248

pandemic as can be shown in Fig. 1.249

In order to represent the hierarchy of population when the CHIO is de-250

signed in terms of optimization context, the susceptible individuals take a251

large portion from the population. The second portion of the population is252

marked as infected individuals which are initiated by a small number which253

represent the first infected individuals appeared in the population and this254
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portion of the population grow up if they did not follow the recommendation255

of social distancing until all the infected individuals are either immuned (i.e.,256

recovered) or dead. The last portion of the population is the immuned individ-257

uals which are initiated by null and grow up according to how many are the258

recovered cases in the population. In the last course of the run, the majority259

of individuals are immuned, therefore the pandemic is stopped. In CHIO, the260

improvement process is derived by susceptible, infected, and immuned indi-261

viduals as shown in CHIO procedure section below.262

2.4 Social distancing263

The concept of social distancing is used in the case of virus pandemics as a264

strategy to reduce the spreading of infections [34]. Normally the governments265

and health care institutions suggest such action to advise individuals to keep a266

space of 2 meters (6.5 feet) between each other when going to crowded places267

[25]. Some other precautionary actions can avoid crowded places such as malls,268

schools, and universities.269

The effect of social distancing is shown in Figure 3. The spread of the270

disease would decline which can ultimately result in the outbreak of the pan-271

demic. The transmission chains of the virus will be broken and would result in272

slowing down the spread of the disease and reaching the pandemic peak with273

a smaller number of infected cases [19]. Therefore, the country’s health care274

system would be able to continue to serve a smaller number of infected cases.275

Fig. 3: The effect of social distancing on the spreading of virus pandemics in
the population.
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The two normal distribution charts presented in Figure 3 show the effect of276

social distancing in controlling the spread of the pandemic. Apparently, The277

social distancing would distribute the infected cases on a longer period of time278

which reduces the unmet need region (i.e., the health care services are not279

satisfactory).280

In CHIO the social distancing concept is achieved through taking the dif-281

ference between the current individual and a selected individual from the pop-282

ulation which might be susceptible, infected, or immuned.283

2.5 CHIO procedure284

Herd immunity strategy is modeled in the proposed optimization algorithm.285

CHIO is represented as a set of steps which thoroughly discussed bellow. The286

flowchart of CHIO algorithm is illustrated in Fig. 4 while CHIO is pseudo-287

coded in Algorithm 1. The algorithm has six main steps discussed as follows:288

Fig. 4: The flowchart of CHIO algorithm.
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Step 1: initialize parameters of CHIO and optimization problem In this step,289

the optimization problem is formulated in the context of objective function290

as follows:291

min
x

f(x ) x ∈ [lb,ub] (1)

where f(x ) is the objective function (or immunity rate) calculated for the292

case (or the individual) x = (x1, x2, . . . , xn) where xi is the gene (or the293

decision variable) indexed by i, and n is the total number of genes in each294

individual. Note that the value range of each gene xi ∈ [lbi, ubi] where lbi295

and ubi represent the lower and upper bounds of gene xi.296

CHIO has four algorithmic parameters and two control parameters. The297

four algorithmic parameters are298

– C0: which represents the number of initial infected cases where it is299

here initiated by one.300

– Max Itr: which is the maximum number of iterations.301

– HIS: which is the population size.302

– n: which is the problem dimensionality.303

The CHIO has two main control parameters to be initialized in this step:304

– Basic reproduction Rate (BRr) which controls the CHIO operators305

through spreading the virus pandemic between individuals.306

– Maximum infected cases age (MaxAge): It determines the status of the307

infected cases where cases that reach MaxAge is either recovered or308

died.309

Step 2: Generate herd immunity population Initially, CHIO randomly (or heuris-310

tically) generates a set of cases (individuals) as many as HIS. The gener-311

ated cases are stored as two dimensional matrix of size n × HIS in herd312

immunity population (HIP) as follows:313

HIP =











x1
1 x1

2 · · · x1
n

x2
1 x2

2 · · · x2
n

...
... · · ·

...
xHIS
1 xHIS

2 · · · xHIS
n











. (2)

Where each row j represents a case x
j , which is basically generated as314

follows:xj
i = lbi + (ubi − lbi) × U(0, 1), ∀i = 1, 2, . . . , n. The objective315

function (or immunity rate) for each case is calculated using equation (1).316

Furthermore, the status vector (S) of length HIS for all cases in HIP is317

also initiated by either zero (susceptible case) or one (infected case). Note318

that the number of ones in (S) is randomly initiated as many as C0.319

Step 3: Coronavirus herd immunity evolution This is the main improvement320

loop of CHIO. The gene (xj
i ) of case x

j is either remain the same or affected321

by social distancing using three rules according to the percentage of the322

BRr as follows:323
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x
j
i (t+ 1)←



















x
j
i (t) r ≥ BRr

C(xj
i (t)) r < 1

3 ×BRr. //infected case

N(xj
i (t)) r < 2

3 ×BRr. //susceptible case

R(xj
i (t)) r < BRr. //immuned case

(3)

where r generates a random number between 0 and 1. The three rules can324

be discussed as follows:325

Infected case : Within the range of r ∈ [0, 1
3BRr), the new gene value of326

x
j
i (t + 1) affected by some social distancing which is achieved the by327

difference between current gene and a gene taken from an infected case328

x
m such as:329

x
j
i (t+ 1) = C(xj

i (t)) (4)

where330

C(xj
i (t)) = x

j
i (t) + r × (xj

i (t)− xc
i (t)) (5)

Note that the value xc
i (t) is randomly chosen from any infected case x c

331

based on the status vector (S) such that c = {i|Si = 1}332

Susceptible case : Within the range of r ∈ [ 13BRr,
2
3BRr), the new gene333

value of xj
i (t+1) is affected by some social distancing which is achieved334

the by difference between the current gene and a gene taken from a335

susceptible case x
m such as:336

x
j
i (t+ 1) = N(xj

i (t)) (6)

where337

N(xj
i (t)) = x

j
i (t) + r × (xj

i (t)− xm
i (t)) (7)

Note that the value xm
i (t) is randomly spread from any susceptible case338

x
m based on the status vector (S) such that m = {i|Si = 0}.339

Immuned case :Within the range of r ∈ [ 23BRr, BRr), the new gene value340

of xj
i (t+1) is affected by some social distancing which is achieved the by341

difference between the current gene and a gene taken from an immuned342

case x
v such as343

x
j
i (t+ 1) = R(xj

i (t)) (8)

where344

R(xj
i (t)) = x

j
i (t) + r × (xj

i (t)− xm
i (t)) (9)

Note that the value xv
i (t) is spread from the best immuned case x

v
345

based on the status vector (S) such that346

f(xv) = arg min
j{k|Sk=2}

f(xj)

.347
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Step 4: Update herd immunity population The immunity rate f(x j(t+1)) of348

each generated case x
j(t + 1) is calculated and the current case x

j(t) is349

replaced by the generated case x
j(t+ 1), if better, such as f(x j(t+ 1)) <350

f(x j(t)). The age vector Aj is also increased by one if Sj = 1.351

The status vector (Sj) is updated for each case x
j based on the herd352

immune threshold which utilizes the following equation:353

Sj ←















1 f(xj(t+ 1)) < f(x)j(t+1)
△f(x) ∧ Sj = 0 ∧ is Corona(xj(t+ 1))

2 f(xj(t+ 1)) > f(x)j(t+1)
△f(x) ∧ Sj = 1

(10)
where iscorona(x

j(t + 1)) is a binary value equal to one when the new354

case x
j(t + 1) inherited a value from any infected case. The △f(x) is the355

mean value of the population immune rates such as
∑HIS

i=1 f(xi)

HIS
. Note that356

the individuals’ immunity rate in the population will be changed based on357

the social distancing calculated before. If the newly generated individual358

immunity rate is better than the average immunity rate of the population.359

This means that we are starting to have a better-immuned population. If360

the newly generated population is strong enough to be immuned against361

the pandemic, then we reach the herd immunity threshold.362

Step 5: Fatality cases In case the immunity rate (f(xj(t + 1)) of the current363

infected case (Sj == 1) could not improve for a certain number of iterations364

as specified by the parameter Max Age (i.e., Aj ≥ Max Age) then this365

case is considered died. After that, it is regenerated from scratch using366

x
j
i (t+ 1) = lbi + (ubi − lbi)× U(0, 1), ∀i = 1, 2, . . . , n. Furthermore, Aj367

and Sj are set to zero. This can be useful to diversify the current population368

and thus escaping local optima.369

Step 6: Stop criterion CHIO repeats Step 3 to step 6 until the termination370

criterion which normally depends if the maximum number of iteration is371

reached. In this case, the total number of susceptible and immuned cases372

dominate the population. The infected cases are also disappeared.373

3 Experiments and results374

In this section, the proposed CHIO algorithm is evaluated from various as-375

pects by using a set of experiments conducted on 23 test functions. These test376

functions are circulated widely to evaluate newly established methods. The377

characteristics of these test functions are provided in Sect. 3.1. The experi-378

mental scenarios that are designed to study the behaviour of CHIO algorithm379

are summarized in Sect 3.2. The sensitivity of CHIO to its control parame-380

ters: spreading rate (Sr), and Maximum age of confirmed cases (MaxAge) are381

illustrated in Sect 3.3 and Sect. 3.4, respectively. Thereafter, the effect of the382

social distancing strategies on the convergence behaviour of the herd immunity383
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Algorithm 1 CHIO pseudo-code

1: {———- Step 1: Initialize the CHIO parameters ———-}
2: Initialize the parameters (HIS, Sr, and MaxAge).
3: {———- Step 2: Generate herd immunity population ———-}

4: x
j
i = lbi + (ubi − lbi) × U(0, 1), ∀i = 1, 2, . . . , n, and ∀j = 1, 2, . . . , HIS.

5: Calculate the fitness of each search agent
6: Set Sj = 0 ∀j = 1, 2, . . . , HIS.
7: Set Aj = 0 ∀j = 1, 2, . . . , HIS.
8: {———- Step 3: Herd immunity evolution ———-}
9: while (t ≤ Max itr) do

10: for j = 1 to HIS do

11: is Corona(xj(t + 1) = false
12: for i = 1 to N do

13: if (r < 1
3 × BRr) then

14: x
j
i (t + 1) = C(xj

i (t)) {See Eq. (5)}

15: is Corona(xj(t + 1) = true
16: else if (r < 2

3 × BRr) then

17: x
j
i (t + 1) = N(xj

i (t)) {See Eq. (7)}
18: else if (r < BRr) then

19: x
j
i (t + 1) = R(xj

i (t)) {See Eq. (9)}
20: else

21: x
j
i (t + 1) = x

j
i (t)

22: end if

23: end for

24: {———- Step 4: Update herd immunity population ———-}

25: if (f(xj(t + 1)) ≤ f(xj(t))) then

26: x
j(t) = x

′j(t + 1)
27: else

28: Aj = Aj + 1
29: end if

30: if f(xj(t + 1)) <
f(x)j(t+1)

△f(x)
∧ Sj = 0 ∧ is Corona(xj(t + 1)) then

31: Sj = 1
32: Aj = 1
33: end if

34: if f(xj(t + 1)) >
f(x)j(t+1)

△f(x)
∧ Sj = 1 then

35: Sj = 2
36: Aj = 0
37: end if

38: {———- Step 5: Fatality condition ———-}
39: if ((Aj ≥ MaxAge) ∧ (Sj == 1)) then

40: x
j
i = lbi + (ubi − lbi) × U(0, 1), ∀i = 1, 2, . . . , N .

41: Sj = 0
42: Aj = 0
43: end if

44: end for

45: t = t + 1
46: end while

evolution is analyzed in Sect 3.5. Finally, the comparative evaluation against384

the state of the art algorithms has been discussed in Sect.3.6.385

3.1 Test functions386

In order to evaluate the performance of the proposed CHIO, 23 common test387

functions are considered. All of these test functions are minimization prob-388

lems, which are different in size and complexity. Table 2 provides the main389

characteristics of test functions used which includes the functions names, the390

test function key, the mathematical formulation of each test function, the rang391
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which determines the boundary of the search space, the function dimensions392

(n), and the optimum solution f(x∗). The category of each test function is393

also provided: unimodal (U) and multimodal (M). It should be noted that394

the unimodal test functions have a single optimum, while the multimodal test395

functions have more than one optimum. The unimodal test functions are used396

to evaluate the exploitation ability of the optimization algorithms, while the397

multimodal test functions are used to evaluate the exploration ability of the398

optimization algorithms [22]. As shown in Table 2, F1 – F7 are categorized as399

unimodal test functions, while F8 – F23 are categorized as multimodal test400

functions. Furthermore, The dimensions of the test functions F14 – F23 are401

fixed.402
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Table 2: The characteristics of 23 test functions. (n: dimension, U: unimodal, M: multimodal)

Key Name Test Functions Range n C f(x∗)

F1 Sphere
∑n

i=1 x2
i [−100,100] 30 U 0

F2 Schwefel’s problem
2.22

∑n
i=1 |xi|+

∏n
i=1 |xi| [−10,10] 30 U 0

F3 Schwefel’s problem
1.2

∑n
i=1

(

∑i
j−1 xj

)2
[−100,100] 30 U 0

F4 Schwefel’s problem
2.21

maxi
{

|xi|, 1 ≤ i ≤ n
}

[−100,100] 30 U 0

F5 Rosenbrock
∑n−1

i=1

[

100
(

xi+1 − x2
i

)2
+

(

xi − 1
)2

]

[−30,30] 30 U 0

F6 Step
∑n

i=1

([

xi + 0.5
])2 [−100,100] 30 U 0

F7 Noise
∑n

i=1 ix4
i + random[0, 1) [−128,128] 30 U 0

F8 Generalized
Schwefel’s problem

∑n
i=1 −xi sin

(

√

|xi|
)

[−500,500] 30 M -12569.5

F9 Rastrigin
∑n

i=1

[

x2
i − 10 cos

(

2πxi
)

+ 10
]

[−5.12,5.12] 30 M 0

F10 Ackley −20 exp(−0.2
√

1
n

∑n
i=1

x2
i
) − exp

(

1
n

∑n
i=1 cos

(

2πxi
)

)

+ 20 + e [−32,32] 30 M 0

F11 Griewank 1
4000

∑n
i=1 x2

i − ∏n
i=1 cos

(

xi√
i

)

+ 1 [−600,600] 30 M 0

F12 Generalized Penal-
ized Function 1

π
n

{

10 sin (πy1) +
∑n−1

i=1
(yi − 1)2

[

1 + 10 sin2(πyi+1)
]

+ (yn − 1)2
}

+
∑n

i=1 u(xi, 10, 100, 4)

yi = 1 +
xi+1

4
u(xi, a, k,m) =











k(xi − a)m xi > a

0 − a < xi < a

k(−xi − a)m xi < −a

[−50,50] 30 M 0

F13 Generalized Penal-
ized Function 2

0.1
{

sin2(3πx1) +
∑n

i=1

(

xi − 1
)2

[

1 + sin2(3πxi + 1)
]

+ (xn − 1)2
[

1 + sin2(2πxn)
]}

+
∑n

i=1 u(xi, 5, 100, 4)

[−50,50] 30 M 0

F14 Shekel’s Foxholes
Function







1
500

+
∑25

j=1
1

j+
∑2

i=1

(

xi−aij

)6







−1

[−65, 65] 2 M 1

F15 Kowalik’s Function
∑11

i=1



ai −
x1

(

b2i+bix2

)

b2
i
+bix3+x4





2

[−5, 5] 4 M 0.00030

F16 Six-hump camel
back

4x2
1 − 2.1x4

1 + 1
3
x6
1 + x1x2 − 4x2

2 + 4x4
2 [−5, 5] 2 M −1.0316

F17 Branin

(

x2 − 5.1
4π2 x2

1 + 5
π

x1 − 6

)2
+ 10

(

1 − 1
8π

)

cos x1 + 10 [−5, 5] 2 M 0.398

F18 Goldstein-Price
Function

[

1 + (x1 + x2 + 1)2
(

19 − 14x1 + 3x2
1 − 14x2 + 6x1x2 + 3x2

2

)]

[−2, 2] 2 M 3

×
[

30 + (2x1 − 3x2)2 ×
(

18 − 32x1 + 12x2
1 + 48x2 − 36x1x2 + 27x2

2

)]

F19 Hartman 1 −∑4
i=1 ci exp

(

−∑3
j=1 aij

(

xj − pij

)2
)

[1, 3] 3 M −3.86

F20 Hartman 2 −∑4
i=1 ci exp

(

−∑6
j=1 aij

(

xj − pij

)2
)

[0, 1] 6 M −3.32

F21 Shekel 1 −∑5
i=1

[

(X − ai)
(

X − ai
)T + ci

]−1
[0, 10] 4 M −10.1532

F22 Shekel 2 −∑7
i=1

[

(X − ai)
(

X − ai
)T + ci

]−1
[0, 10] 4 M −10.4028

F23 Shekel 3 −∑10
i=1

[

(X − ai)
(

X − ai
)T + ci

]−1
[0.10] 4 M −10.5363
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Figure 5 shows the 2D search space for each benchmark function and the403

convergence behavior of CHIO of the first solution in the first dimension for404

each benchmark function.405

Fig. 5: Functions and convergence plots
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Fig. 5: (Cont. . .) Functions and convergence plots

3.2 Experimental Settings406

The evaluations of the CHIO performance are tested and analyzed using differ-407

ent convergence scenarios. The sensitivity of CHIO to its two control parame-408

ters (i.e., BRr and MaxAge) is studied as shown in Table 3: Sen1 – Sen8. The409

convergence scenarios are conducted based on ad hoc strategy where the first410

set of scenarios study one operator and the remaining operators are remaining411

constant.412
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Table 3: Twelve experimental scenarios designed to evaluate the sensitivity of
the proposed CHIO to its parameters

Scenario BRr MaxAge infected susceptible immuned Notes

Sen1 0.005 100 Random Random Best
Sen2 0.05
Sen3 0.1
Sen4 0.5
Sen5 50 Random Random Best
Sen6 100 Sen6 = Sen 2
Sen7 300
Sen8 500
Sen9 Random Random Random
Sen10 Random Random Best Sen10 = Sen 6
Sen11 Random Best Random
Sen12 Random Best Best

The effect of basic reproduction rate (BRr) on the convergence of CHIO413

is studied using four values (BRr = 0.005, BRr = 0.05, BRr = 0.01, and414

BRr = 0.5) from Sen1 to Sen4. Note that BRr determines the percentage of415

the population affected by the coronavirus pandemic. The smaller the value416

is, the slower the coronavirus spreading will be.417

The effect of the maximum infected age (MaxAge) on the convergence418

of CHIO is studied using four numbers (MaxAge = 50, MaxAge = 100,419

MaxAge = 300, and MaxAge = 500) from Sen5 to Sen8. As remembering,420

the MaxAge is the maximum number of iterations where the infected solution421

remains unimproved. Therefore, a new solution is constructed from scratch to422

replace the discarded solution.423

The last four convergence scenarios (i.e., Sen9 – Sen12) are designed to424

study the social distancing strategy. Recall, the social distancing in herd im-425

munity evolution step has three main rules for infection: susceptible, infected,426

and immuned. The first two rules update the generated solution based on427

the difference between the current solution and a randomly selected solution.428

The last rule updates the generated solution based on the difference between429

the current solution and the best solution. Sen9 – Sen12 study four possible430

combinations of social distancing strategies: random-random-random, random-431

random-best, random-best-random, and random-best-best.432

Note that CHIO replicates 30 runs for each experimental scenario, the herd433

immunity size (HIS) used is 30 and the maximum number of iteration (i.e.,434

Maxitr) is equal to 100,000. The results are statistically recorded in terms of435

best, mean, worst, and standard deviation for all designed scenarios.436

3.3 Effect of the basic reproduction rate (BRr)437

The effect of the basic reproduction rate (BRr) on the performance of CHIO438

using various values of BRr (i.e., BRr = 0.005, BRr = 0.05, BRr = 0.1, and439

BRr = 0.5) has been studied here. The value of the parameter BRr determines440

the speed of spreading the coronavirus pandemic across the population. A441
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higher value of BRr leads to a higher rate of spreading the disease and thus442

the exploration becomes large. The results recorded in Table 4 summarize the443

best, worst, mean, and standard deviation (Stdev.) of the 23 test functions444

over 30 replicated runs.445

Table 4: The performance of CHIO algorithm using different settings of BRr

Function Sen1 Sen2 Sen3 Sen4
F1 Best 1.1915E-73 0.0000E+00 0.0000E+00 0.0000E+00

Worst 9.3388E-02 2.1364E-16 2.0496E-04 5.3245E+03
Mean 1.7232E-02 7.1578E-18 6.9120E-06 1.7251E+03
Stdev. 1.7232E-02 3.8999E-17 3.7407E-05 1.4528E+03

F2 Best 1.6108E-35 3.6009E-179 5.9705E-27 7.2303E-14
Worst 7.1296E+02 2.2255E-09 3.2453E-03 1.5847E+01
Mean 2.8919E+01 1.0336E-10 1.1464E-04 6.6956E+00
Stdev. 1.3216E+02 4.1628E-10 5.9190E-04 5.2267E+00

F3 Best 1.5125E+03 6.8219E-01 2.7157E-04 6.8886E-12

Worst 6.5132E+03 1.4758E+02 1.1900E+02 4.1768E+03
Mean 3.3855E+03 5.3496E+01 3.8246E+01 5.3926E+02
Stdev. 1.1490E+03 4.1604E+01 3.6283E+01 1.1309E+03

F4 Best 2.0556E-01 1.4323E-14 1.7012E-20 4.1184E-29

Worst 6.5107E+01 8.6072E-02 1.7094E-01 2.6488E+01
Mean 5.7485E+00 1.2869E-02 3.6961E-02 5.0840E+00
Stdev. 1.5723E+01 2.0007E-02 5.3978E-02 7.1575E+00

F5 Best 6.5458E-04 2.0602E-04 5.4126E-03 2.3175E+01
Worst 9.6098E+01 1.2583E+00 1.8537E+01 1.1408E+06
Mean 1.5704E+01 3.0925E-01 3.5249E+00 1.4873E+05
Stdev. 2.4355E+01 4.4332E-01 4.5043E+00 2.7048E+05

F6 Best 0.0000E+00 0.0000E+00 0.0000E+00 1.2089E-03
Worst 5.3341E-02 2.1121E-03 4.3919E-05 5.8506E+03
Mean 1.7786E-03 7.0403E-05 1.4664E-06 1.2989E+03
Stdev. 9.7386E-03 3.8561E-04 8.0180E-06 1.3499E+03

F7 Best 1.8090E-02 2.2048E-03 2.4062E-03 8.4391E-04

Worst 5.7765E-02 7.5511E-03 8.9773E-03 1.5651E+00
Mean 3.2510E-02 4.5852E-03 5.4953E-03 3.1551E-01
Stdev. 9.9587E-03 1.3483E-03 1.6943E-03 4.0446E-01

F8 Best -1.2569E+04 -1.2569E+04 -1.2569E+04 -1.2569E+04

Worst -1.2451E+04 -1.2569E+04 -1.1401E+04 -8.5119E+03
Mean -1.2565E+04 -1.2569E+04 -1.2357E+04 -1.1176E+04
Stdev. 2.1538E+01 0.0000E+00 3.4241E+02 9.5714E+02

F9 Best 0.0000E+00 0.0000E+00 0.0000E+00 2.1068E-06
Worst 1.3049E-04 2.1364E-16 2.9849E+00 1.0683E+02
Mean 4.3838E-06 7.1578E-18 4.6432E-01 2.8554E+01
Stdev. 2.3818E-05 3.8999E-17 8.5604E-01 2.7109E+01

F10 Best 2.2204E-14 1.5099E-14 1.5099E-14 6.6650E-05
Worst 3.6980E-02 2.9142E-04 9.3130E-01 1.4479E+01
Mean 1.2502E-03 1.0244E-05 3.1072E-02 5.3867E+00
Stdev. 6.7487E-03 5.3185E-05 1.7003E-01 3.4723E+00

F11 Best 0.0000E+00 0.0000E+00 0.0000E+00 5.3118E-01
Worst 5.9121E-02 1.1316E-05 3.6524E-02 4.9415E+01
Mean 3.2896E-03 4.4131E-07 1.8787E-03 1.5387E+01
Stdev. 1.1039E-02 2.0830E-06 7.4673E-03 1.1417E+01

F12 Best 1.5705E-32 1.5705E-32 1.5705E-32 1.5786E-32
Worst 3.6124E-05 1.0144E-15 2.0264E-12 2.7489E+03
Mean 2.5452E-06 3.3819E-17 6.9156E-14 2.1803E+02
Stdev. 7.4542E-06 1.8520E-16 3.6972E-13 6.5459E+02

F13 Best 1.3498E-32 1.3498E-32 1.3498E-32 1.7920E-30
Worst 3.1017E-02 8.9261E-29 9.0058E-03 1.5117E+06
Mean 1.3740E-03 2.9886E-30 3.0019E-04 9.5468E+04
Stdev. 5.7660E-03 1.6294E-29 1.6442E-03 2.9145E+05

F14 Best 9.9800E-01 9.9800E-01 9.9800E-01 9.9800E-01

Worst 9.9800E-01 9.9800E-01 9.9800E-01 9.9800E-01
Mean 9.9800E-01 9.9800E-01 9.9800E-01 9.9800E-01

Stdev. 0.0000E+00 0.0000E+00 0.0000E+00 0.0000E+00
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Table 4: (Cont. . .) The performance of CHIO algorithm using different settings
of BRr

Function Sen1 Sen2 Sen3 Sen4
F15 Best 5.5859E-04 3.1027E-04 3.1755E-04 3.0749E-04

Worst 1.0558E-03 7.4299E-04 6.1261E-04 7.2917E-04
Mean 7.4781E-04 4.8287E-04 4.2580E-04 3.6978E-04

Stdev. 1.0901E-04 1.1762E-04 8.8041E-05 1.0701E-04
F16 Best -1.0316E+00 -1.0316E+00 -1.0316E+00 -1.0316E+00

Worst -1.0316E+00 -1.0316E+00 -1.0316E+00 -1.0316E+00
Mean -1.0316E+00 -1.0316E+00 -1.0316E+00 -1.0316E+00
Stdev. 0.0000E+00 0.0000E+00 0.0000E+00 0.0000E+00

F17 Best 3.9789E-01 3.9789E-01 3.9789E-01 3.9789E-01

Worst 3.9789E-01 3.9789E-01 3.9789E-01 3.9789E-01
Mean 3.9789E-01 3.9789E-01 3.9789E-01 3.9789E-01

Stdev. 0.0000E+00 0.0000E+00 0.0000E+00 0.0000E+00
F18 Best 3.0000E+00 3.0000E+00 3.0000E+00 3.0000E+00

Worst 3.0031E+00 3.0000E+00 3.0000E+00 3.0000E+00
Mean 3.0006E+00 3.0000E+00 3.0000E+00 3.0000E+00

Stdev. 7.3438E-04 0.0000E+00 0.0000E+00 0.0000E+00
F19 Best -3.8628E+00 -3.8628E+00 -3.8628E+00 -3.8628E+00

Worst -3.8628E+00 -3.8628E+00 -3.8628E+00 -3.8628E+00
Mean -3.8628E+00 -3.8628E+00 -3.8628E+00 -3.8628E+00

Stdev. 0.0000E+00 0.0000E+00 0.0000E+00 0.0000E+00
F20 Best -3.3220E+00 -3.3220E+00 -3.3220E+00 -3.3220E+00

Worst -3.2584E+00 -3.3220E+00 -3.3220E+00 -3.3220E+00
Mean -3.3150E+00 -3.3220E+00 -3.3220E+00 -3.3220E+00

Stdev. 1.8824E-02 0.0000E+00 0.0000E+00 0.0000E+00
F21 Best -1.0153E+01 -1.0153E+01 -1.0153E+01 -1.0153E+01

Worst -7.8455E+00 -1.0153E+01 -1.0153E+01 -1.0153E+01
Mean -9.6105E+00 -1.0153E+01 -1.0153E+01 -1.0153E+01

Stdev. 8.4268E-01 0.0000E+00 0.0000E+00 0.0000E+00
F22 Best -1.0403E+01 -1.0403E+01 -1.0403E+01 -1.0403E+01

Worst -6.3599E+00 -1.0403E+01 -1.0403E+01 -1.0403E+01
Mean -9.4503E+00 -1.0403E+01 -1.0403E+01 -1.0403E+01

Stdev. 1.2046E+00 0.0000E+00 0.0000E+00 0.0000E+00

F23 Best -1.0536E+01 -1.0536E+01 -1.0536E+01 -1.0536E+01
Worst -7.3257E+00 -1.0536E+01 -1.0536E+01 -1.0536E+01
Mean -9.6771E+00 -1.0536E+01 -1.0536E+01 -1.0536E+01

Stdev. 9.9204E-01 0.0000E+00 0.0000E+00 0.0000E+00

As can be noticed, CHIO in Sen2 can achieve the most best mean results.446

This is because larger value of BRr increase the exploration and thus the447

search will require longer time to converge. On the other hand, when the value448

of BRr = 0.001, the exploration source of the generated individuals is not that449

much, and thus fast convergence will be occurred.450

As remembering, the first seven benchmark functions are unimodal and451

they have higher complexity to be solved due to their ruggedness in the search452

space. Sen2 can outperform other three scenarios in five out of seven bench-453

mark functions. The next six benchmark functions (F8 – F13) are multi-modal454

and their dimensions are flexible. The search space of this type of benchmark455

functions is not that complex in comparison with uni-modal benchmark func-456

tions. Interestingly, Sen2 can excel all other designed scenarios for all multi-457

modal flexible dimensions benchmark functions. The search space of the last458

ten benchmark functions of type multi-modal and fixed dimensions is the sim-459

plest where Sen2 can outperform the other three scenarios in eight of ten460

benchmark functions. Apparently, using BRr = 0.01 represented in Sen2 em-461
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power the convergence behaviour of CHIO to achieve the right balance between462

the exploration and exploitation of the search space and thus the best perfor-463

mance. Therefor, the value of BRr = 0.01 will be used in the experiments of464

the upcoming designed scenarios.465

3.4 Effect of MaxAge466

The effect of the maximum age of the infected cases (MaxAge) on the per-467

formance of CHIO using various values of (MaxAge = 50, MaxAge = 100,468

MaxAge = 300, and MaxAge = 500) is investigated in this subsection. The469

value of the parameter MaxAge determines the fatality condition of the in-470

fected cases. The infected cases that are reached the MaxAge threshold with-471

out improvement will be destroyed and a new solution will be rebuilt from472

scratch. The results recorded in Table 5 summarize the best, worst, mean, and473

standard deviation (Stdev.) of the 23 test functions over 30 replicated runs.474

The best solution, as well as the best mean obtained, are highlighted in bold475

font. Note that in the results, the lowest is the best.476

The results in Table 5 show that when the value of MaxAge equal to 100,477

the best mean results are obtained. Note that the best results are highlighted478

in bold. The MaxAge refers to the number of iterations for which the infected479

cases remain unimproved. This operation can be considered as a source of480

exploration. The smaller the value of MaxAge, the higher the exploration.481

The value of MaxAge = 100 seems reasonable to diversify the search. However,482

there is no significant effect on the value of MaxAge on the results produced.483

3.5 Study of social distancing strategies in herd immunity evolution484

The effect of social distancing strategies on the herd immunity evolution step485

is studied using the last four convergence scenarios (i.e., Sen9 – Sen12). The486

social distancing in herd immunity evolution step has three main rules for487

infection: infected, susceptible, and immuned.488

Sen9 changes the functionality of the social distancing strategy where the489

three rules update the generated solution based on the difference between the490

current solution and a randomly selected solution which is called a random-491

random-random social distancing strategy. Sen10 changes the functionality of492

the social distancing strategy and is called a random-random-best where the493

infected case and the the susceptible case use a randomly selected solution494

while the immuned cases use the difference between the current solution and495

the best solution to update the values of the newly generated solution.496

Sen11 assumed that the functionality of the social distancing strategy up-497

dates the newly generated solutions based on the random-best-random strat-498

egy where the infected case uses a randomly selected solution while the suscep-499

tible case uses the difference between the current solution and the best solution500

to update the values of the newly generated solution while the immuned cases501
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Table 5: The performance of CHIO algorithm using different settings of
MaxAge

Function Sen5 Sen6 Sen7 Sen8
F1 Best 0.0000E+00 0.0000E+00 0.0000E+00 0.0000E+00

Worst 7.2289E-18 2.1364E-16 3.2278E-05 5.1485E+00
Mean 2.4096E-19 7.1578E-18 1.4947E-06 1.7162E-01
Stdev. 1.3198E-18 3.8999E-17 6.1433E-06 9.3998E-01

F2 Best 7.1594E-272 3.6009E-179 9.5408E-111 2.0725E-273

Worst 1.0062E-03 2.2255E-09 2.6313E-02 2.3157E-02
Mean 5.2922E-05 1.0336E-10 9.3354E-04 2.1896E-03
Stdev. 2.0701E-04 4.1628E-10 4.7953E-03 6.3889E-03

F3 Best 2.5397E+00 6.8219E-01 4.6399E-01 2.3176E-01

Worst 1.8566E+02 1.4758E+02 1.6224E+02 1.2954E+02
Mean 6.8452E+01 5.3496E+01 5.4905E+01 4.4860E+01

Stdev. 5.1942E+01 4.1604E+01 4.7754E+01 3.9250E+01
F4 Best 1.5053E-14 1.4323E-14 9.3573E-15 8.5950E-15

Worst 1.3080E-01 8.6072E-02 1.2431E-01 7.4766E-02
Mean 2.2018E-02 1.2869E-02 1.8668E-02 1.0511E-02

Stdev. 3.6482E-02 2.0007E-02 3.0738E-02 1.9717E-02
F5 Best 6.7196E-04 2.0602E-04 3.1663E-03 1.1587E-03

Worst 1.0773E+01 1.2583E+00 1.2215E+04 5.7580E+00
Mean 7.3006E-01 3.0925E-01 4.0829E+02 1.3770E+00
Stdev. 1.9983E+00 4.4332E-01 2.2299E+03 1.6805E+00

F6 Best 0.0000E+00 0.0000E+00 0.0000E+00 0.0000E+00

Worst 2.1015E-16 2.1121E-03 9.2760E+01 3.9408E-03
Mean 7.0050E-18 7.0403E-05 3.0920E+00 1.5185E-04
Stdev. 3.8368E-17 3.8561E-04 1.6936E+01 7.2334E-04

F7 Best 2.4045E-03 2.2048E-03 2.9042E-03 2.2303E-03
Worst 8.9010E-03 7.5511E-03 1.1137E-02 2.3980E-02
Mean 5.1565E-03 4.5852E-03 5.3464E-03 6.7864E-03
Stdev. 1.5305E-03 1.3483E-03 1.6764E-03 5.1579E-03

F8 Best -1.2569E+04 -1.2569E+04 -1.2569E+04 -1.2569E+04

Worst -1.2451E+04 -1.2569E+04 -1.1148E+04 -1.1912E+04
Mean -1.2565E+04 -1.2569E+04 -1.2487E+04 -1.2520E+04
Stdev. 2.1544E+01 0.0000E+00 2.6373E+02 1.3638E+02

F9 Best 0.0000E+00 0.0000E+00 0.0000E+00 0.0000E+00

Worst 3.4106E-13 2.1364E-16 9.9502E-01 9.0767E+00
Mean 3.4106E-14 7.1578E-18 3.3179E-02 8.3617E-01
Stdev. 6.4380E-14 3.8999E-17 1.8166E-01 2.2866E+00

F10 Best 1.5099E-14 1.5099E-14 1.1546E-14 1.5099E-14
Worst 3.9968E-14 2.9142E-04 2.6673E-03 5.0244E-04
Mean 2.7534E-14 1.0244E-05 1.5374E-04 3.2880E-05
Stdev. 7.1514E-15 5.3185E-05 5.3564E-04 1.0915E-04

F11 Best 0.0000E+00 0.0000E+00 0.0000E+00 0.0000E+00

Worst 7.4057E-03 1.1316E-05 1.3499E-04 1.1164E+00
Mean 2.4690E-04 4.4131E-07 1.2273E-05 3.9179E-02
Stdev. 1.3521E-03 2.0830E-06 3.1948E-05 2.0360E-01

F12 Best 1.5705E-32 1.5705E-32 1.5705E-32 1.5705E-32

Worst 7.5517E-16 1.0144E-15 5.1535E-06 6.2437E-06
Mean 2.5172E-17 3.3819E-17 1.7178E-07 2.2798E-07
Stdev. 1.3787E-16 1.8520E-16 9.4090E-07 1.1387E-06

F13 Best 1.3498E-32 1.3498E-32 1.3498E-32 1.3498E-32

Worst 4.5096E-20 8.9261E-29 2.1435E-08 9.4083E-07
Mean 1.5038E-21 2.9886E-30 7.4931E-10 5.0727E-08
Stdev. 8.2333E-21 1.6294E-29 3.9111E-09 1.9867E-07

F14 Best 9.9800E-01 9.9800E-01 9.9800E-01 9.9800E-01

Worst 9.9800E-01 9.9800E-01 9.9800E-01 9.9800E-01
Mean 9.9800E-01 9.9800E-01 9.9800E-01 9.9800E-01

Stdev. 0.0000E+00 0.0000E+00 0.0000E+00 0.0000E+00
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Table 5: (Cont. . .) The performance of CHIO algorithm using different settings
of MaxAge

Function Sen5 Sen6 Sen7 Sen8
F15 Best 3.5295E-04 3.1027E-04 3.1141E-04 3.1057E-04

Worst 8.0620E-04 7.4299E-04 6.3479E-04 6.8806E-04
Mean 5.2965E-04 4.8287E-04 4.3896E-04 4.3822E-04

Stdev. 1.1758E-04 1.1762E-04 9.8883E-05 9.3258E-05
F16 Best -1.0316E+00 -1.0316E+00 -1.0316E+00 -1.0316E+00

Worst -1.0316E+00 -1.0316E+00 -1.0316E+00 -1.0316E+00
Mean -1.0316E+00 -1.0316E+00 -1.0316E+00 -1.0316E+00

Stdev. 0.0000E+00 0.0000E+00 0.0000E+00 0.0000E+00
F17 Best 3.9789E-01 3.9789E-01 3.9789E-01 3.9789E-01

Worst 3.9789E-01 3.9789E-01 3.9789E-01 3.9789E-01
Mean 3.9789E-01 3.9789E-01 3.9789E-01 3.9789E-01

Stdev. 0.0000E+00 0.0000E+00 0.0000E+00 0.0000E+00
F18 Best 3.0000E+00 3.0000E+00 3.0000E+00 3.0000E+00

Worst 3.0000E+00 3.0000E+00 3.0000E+00 3.0000E+00
Mean 3.0000E+00 3.0000E+00 3.0000E+00 3.0000E+00

Stdev. 0.0000E+00 0.0000E+00 0.0000E+00 0.0000E+00
F19 Best -3.8628E+00 -3.8628E+00 -3.8628E+00 -3.8628E+00

Worst -3.8628E+00 -3.8628E+00 -3.8628E+00 -3.8628E+00
Mean -3.8628E+00 -3.8628E+00 -3.8628E+00 -3.8628E+00

Stdev. 0.0000E+00 0.0000E+00 0.0000E+00 0.0000E+00
F20 Best -3.3220E+00 -3.3220E+00 -3.3220E+00 -3.3220E+00

Worst -3.3220E+00 -3.3220E+00 -3.3220E+00 -3.3220E+00
Mean -3.3220E+00 -3.3220E+00 -3.3220E+00 -3.3220E+00

Stdev. 0.0000E+00 0.0000E+00 0.0000E+00 0.0000E+00
F21 Best -1.0153E+01 -1.0153E+01 -1.0153E+01 -1.0153E+01

Worst -1.0153E+01 -1.0153E+01 -1.0153E+01 -1.0153E+01
Mean -1.0153E+01 -1.0153E+01 -1.0153E+01 -1.0153E+01

Stdev. 0.0000E+00 0.0000E+00 0.0000E+00 0.0000E+00
F22 Best -1.0403E+01 -1.0403E+01 -1.0403E+01 -1.0403E+01

Worst -1.0403E+01 -1.0403E+01 -1.0403E+01 -1.0403E+01
Mean -1.0403E+01 -1.0403E+01 -1.0403E+01 -1.0403E+01

Stdev. 0.0000E+00 0.0000E+00 0.0000E+00 0.0000E+00
F23 Best -1.0536E+01 -1.0536E+01 -1.0536E+01 -1.0536E+01

Worst -1.0536E+01 -1.0536E+01 -1.0536E+01 -1.0536E+01
Mean -1.0536E+01 -1.0536E+01 -1.0536E+01 -1.0536E+01

Stdev. 0.0000E+00 0.0000E+00 0.0000E+00 0.0000E+00

use the difference between the current solution and the randomly selected so-502

lution to update the values of the newly generated solution. The last scenario,503

(Sen12) adopts random-best-best social distancing strategy where the infected504

rule uses the difference between the current solution and the randomly selected505

solution to update the values of the newly generated solution while the rules506

of the susceptible and immuned cases use the difference between the current507

solution and the best solution to update the values of the newly generated508

solution.509

The results recorded in Table 4 summarize the best, worst, mean, and510

standard deviation (Stdev.) of the 23 test functions over 30 replicated runs.511

The best solution, as well as the best mean obtained, are highlighted in bold512

font. Note that in the results, the lowest is the best. The results summarized513

in Table 6 show that Sen9 can achieve the best mean results for 22 out of 23514

benchmark functions. Recall, Sen9 uses a random-random-random social dis-515

tancing strategy. This means that the stochastic strategy in social distancing516

is very efficient and empower the convergence strength of the proposed CHIO.517
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Table 6: The performance of CHIO algorithm using different social distancing
strategies

Function Sen 9 Sen 10 Sen 11 Sen 12
F1 Best 0.0000E+00 0.0000E+00 0.0000E+00 5.6986E-238

Worst 6.9210E-192 2.1364E-16 6.5822E+02 2.6445E+03
Mean 2.5633E-193 7.1578E-18 2.4379E+01 2.2585E+02
Stdev. 0.0000E+00 3.8999E-17 1.2667E+02 6.9561E+02

F2 Best 3.1404E-284 3.6009E-179 6.9821E-251 1.5648E-43
Worst 5.9875E-36 2.2255E-09 5.6621E-24 5.5872E-06
Mean 1.9958E-37 1.0336E-10 1.8874E-25 1.8624E-07
Stdev. 1.0932E-36 4.1628E-10 1.0338E-24 1.0201E-06

F3 Best 7.8863E-01 6.8219E-01 4.1503E-01 8.2422E+00
Worst 8.3445E+01 1.4758E+02 5.5907E+01 1.4537E+02
Mean 1.4510E+01 5.3496E+01 1.2282E+01 6.3900E+01
Stdev. 1.9350E+01 4.1604E+01 1.4082E+01 3.5922E+01

F4 Best 1.0365E-13 1.4323E-14 4.1831E-12 7.4064E-08
Worst 1.1238E-03 8.6072E-02 3.3300E+01 5.0596E+01
Mean 1.1663E-04 1.2869E-02 1.9450E+00 2.2038E+00
Stdev. 2.7763E-04 2.0007E-02 7.4795E+00 9.5325E+00

F5 Best 6.6029E-04 2.0602E-04 6.2803E-04 1.0870E-02
Worst 1.0315E+00 1.2583E+00 3.2189E+06 6.0425E+06
Mean 1.6330E-01 3.0925E-01 2.2734E+05 3.0083E+05
Stdev. 2.5698E-01 4.4332E-01 7.0727E+05 1.1549E+06

F6 Best 0.0000E+00 0.0000E+00 0.0000E+00 0.0000E+00

Worst 0.0000E+00 2.1121E-03 3.9047E+03 5.5317E+03
Mean 0.0000E+00 7.0403E-05 2.8332E+02 4.0554E+02
Stdev. 0.0000E+00 3.8561E-04 8.5671E+02 1.2405E+03

F7 Best 1.8820E-03 2.2048E-03 1.7919E-03 3.4210E-03
Worst 6.0311E-03 7.5511E-03 5.4759E-01 2.1158E+00
Mean 2.9852E-03 4.5852E-03 3.0172E-02 7.5764E-02
Stdev. 8.5775E-04 1.3483E-03 1.0903E-01 3.8530E-01

F8 Best -1.2569E+04 -1.2569E+04 -1.2569E+04 -1.2569E+04

Worst -1.2569E+04 -1.2569E+04 -9.7458E+03 -1.0143E+04
Mean -1.2569E+04 -1.2569E+04 -1.2389E+04 -1.2457E+04
Stdev. 0.0000E+00 0.0000E+00 6.8472E+02 4.6989E+02

F9 Best 0.0000E+00 0.0000E+00 0.0000E+00 0.0000E+00

Worst 0.0000E+00 2.1364E-16 4.6785E+01 4.8754E+01
Mean 0.0000E+00 7.1578E-18 5.2139E+00 1.6251E+00
Stdev. 0.0000E+00 3.8999E-17 1.3842E+01 8.9012E+00

F10 Best 1.5099E-14 1.5099E-14 1.5099E-14 1.8652E-14
Worst 2.9310E-14 2.9142E-04 1.2547E+01 1.2153E+01
Mean 2.0191E-14 1.0244E-05 8.2750E-01 1.4744E+00
Stdev. 4.4435E-15 5.3185E-05 3.1494E+00 3.8314E+00

F11 Best 0.0000E+00 0.0000E+00 0.0000E+00 0.0000E+00

Worst 0.0000E+00 1.1316E-05 3.4024E+01 4.5916E+01
Mean 0.0000E+00 4.4131E-07 2.0627E+00 3.6401E+00
Stdev. 0.0000E+00 2.0830E-06 7.1892E+00 1.1629E+01

F12 Best 1.5705E-32 1.5705E-32 1.5705E-32 1.5705E-32

Worst 1.5705E-32 1.0144E-15 3.4909E+05 9.9692E+06
Mean 1.5705E-32 3.3819E-17 1.1636E+04 3.3236E+05
Stdev. 0.0000E+00 1.8520E-16 6.3735E+04 1.8201E+06

F13 Best 1.3498E-32 1.3498E-32 1.3498E-32 1.3498E-32

Worst 1.3498E-32 8.9261E-29 6.3660E+06 4.4663E+05
Mean 1.3498E-32 2.9886E-30 3.7489E+05 1.4888E+04
Stdev. 0.0000E+00 1.6294E-29 1.4400E+06 8.1543E+04

F14 Best 9.9800E-01 9.9800E-01 9.9800E-01 9.9800E-01

Worst 9.9800E-01 9.9800E-01 9.9800E-01 9.9800E-01
Mean 9.9800E-01 9.9800E-01 9.9800E-01 9.9800E-01

Stdev. 0.0000E+00 0.0000E+00 0.0000E+00 0.0000E+00
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Table 6: (Cont. . .) The performance of CHIO algorithm using different social
distancing strategies

Function Sen 9 Sen 10 Sen 11 Sen 12
F15 Best 3.0836E-04 3.1027E-04 3.1304E-04 3.2137E-04

Worst 7.8177E-04 7.4299E-04 9.2408E-04 8.5773E-04
Mean 4.5139E-04 4.8287E-04 5.3261E-04 5.6904E-04
Stdev. 1.1921E-04 1.1762E-04 1.5902E-04 1.5870E-04

F16 Best -1.0316E+00 -1.0316E+00 -1.0316E+00 -1.0316E+00

Worst -1.0316E+00 -1.0316E+00 -1.0316E+00 -1.0316E+00
Mean -1.0316E+00 -1.0316E+00 -1.0316E+00 -1.0316E+00

Stdev. 0.0000E+00 0.0000E+00 1.1709E-07 6.7752E-16
F17 Best 3.9789E-01 3.9789E-01 3.9789E-01 3.9789E-01

Worst 3.9789E-01 3.9789E-01 3.9789E-01 3.9790E-01
Mean 3.9789E-01 3.9789E-01 3.9789E-01 3.9789E-01

Stdev. 0.0000E+00 0.0000E+00 1.6938E-16 1.8257E-06
F18 Best 3.0000E+00 3.0000E+00 3.0000E+00 3.0000E+00

Worst 3.0000E+00 3.0000E+00 3.0001E+00 3.0000E+00
Mean 3.0000E+00 3.0000E+00 3.0000E+00 3.0000E+00

Stdev. 0.0000E+00 0.0000E+00 2.6272E-05 6.2293E-06
F19 Best -3.8628E+00 -3.8628E+00 -3.8628E+00 -3.8628E+00

Worst -3.8628E+00 -3.8628E+00 -3.8628E+00 -3.8626E+00
Mean -3.8628E+00 -3.8628E+00 -3.8628E+00 -3.8628E+00

Stdev. 0.0000E+00 0.0000E+00 4.6999E-08 2.7174E-05
F20 Best -3.3220E+00 -3.3220E+00 -3.3220E+00 -3.3220E+00

Worst -3.3220E+00 -3.3220E+00 -3.3220E+00 -3.3086E+00
Mean -3.3220E+00 -3.3220E+00 -3.3220E+00 -3.3215E+00
Stdev. 0.0000E+00 0.0000E+00 7.0028E-07 2.4435E-03

F21 Best -1.0153E+01 -1.0153E+01 -1.0153E+01 -1.0153E+01

Worst -1.0153E+01 -1.0153E+01 -7.3062E+00 -1.0153E+01
Mean -1.0153E+01 -1.0153E+01 -1.0003E+01 -1.0153E+01

Stdev. 0.0000E+00 0.0000E+00 5.9311E-01 6.7700E-06
F22 Best -1.0403E+01 -1.0403E+01 -1.0403E+01 -1.0403E+01

Worst -1.0403E+01 -1.0403E+01 -4.5713E+00 -1.0403E+01
Mean -1.0403E+01 -1.0403E+01 -1.0072E+01 -1.0403E+01

Stdev. 0.0000E+00 0.0000E+00 1.2791E+00 3.0275E-05
F23 Best -1.0536E+01 -1.0536E+01 -1.0536E+01 -1.0536E+01

Worst -1.0536E+01 -1.0536E+01 -5.8221E+00 -1.0536E+01
Mean -1.0536E+01 -1.0536E+01 -1.0379E+01 -1.0536E+01

Stdev. 0.0000E+00 0.0000E+00 8.6070E-01 1.5540E-05

The convergence behaviour of CHIO using different social distancing strate-518

gies are illustrated in Fig.5. As can be noticed, Sen9 adopted random-random-519

random social distance strategy shows the best convergence behaviour in com-520

parison with other three social distancing strategies.521

3.6 Comparison with the swarm-based optimization algorithms522

In this section, the performance of the proposed CHIO algorithm is compared523

to seven swarm-based algorithms. The Flower pollination algorithm (FPA)524

[61], Bat algorithm (BA) [64], Artificial bee colony (ABC) [26], Sine cosine525

algorithm (SCA) [38], Harris hawks optimization (HHO) [24], Salp Swarm526

Algorithm (SSA), and JAYA algorithm [47] are utilized to deeply investigate527

the efficiency of the proposed CHIO algorithm when compared against these528

algorithms.529

It should be noted that all these algorithms are experimented using the530

same conditions in order to ensure fairness. These conditions include the max-531
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Fig. 6: The convergence plots of CHIO algorithm using different social dis-
tancing strategies

imum number of iterations is 100,000, the size of the population is 30, and the532

number of runs is 30 times. The algorithmic parameters of the other compara-533

tive algorithms are p=0.8 in FPA; fmin=0, fmax=1, Aj=0.95, r0j=0.1, α=0.95,534

γ=0.95, and ǫ=0.001 in BA; a = 2 in SCA; limit = Number of onlooker bees535

× n in ABC; and v0=0 in SSA.536

Table 7 exposes the experimental results of the proposed CHIO algorithm537

as well as the other comparative methods in terms of the best results, worst538

results, mean of the results, and the standard derivation when running theses539

algorithms 30 independent runs. In Table 7 the best results are highlighted in540

bold font.541

In terms of the best of the results, it can be observed from the results542

provided in Table 7 that all the algorithms obtained the same optimal results543

on four test functions (i.e., F14, F16, F17, and F18). This is because the di-544

mensions of the solutions in these test functions is small, and the algorithms545

did not need big effort to reach the optimal results. On other hand, the HHO546

algorithm obtained the best results in 19 test functions, and this the highest547

number of best results reached by one of the comparative algorithms. While548

the JAYA and FPA algorithms achieved the best results in 16 test functions.549

Interestingly, The CHIO algorithm obtained the best results in 15 test func-550

tions, while ABC, SSA, SCA, and BA get the best results in 12, 10, 8 and 7 test551

functions respectively. In comparison between the proposed CHIO algorithm552
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and each of the comparative methods it can be seen that the performance553

of the CHIO algorithm is similar or better than the BA, SSA, HHO, JAYA,554

FPA, SCA, and ABC algorithms in 20, 17, 16, 16, 19, 17, and 21 test functions555

respectively.556

Similarly, in terms of the results mean, it can be seen from Table 7 that557

the performance of all of the comparative algorithms are similar in four test558

function (i.e., F14, F16, F17, and F18) as they reach the optimal results.559

The HHO obtained the best results in 18 test functions, and the proposed560

CHIO algorithm achieve the best results in 15 test functions. While the ABC561

and FPA get the best results in 12 and 10 test functions respectively. The562

JAYA and SCA obtain the best results in 8 test functions, while the BA and563

SSA get the best results in 7 datasets. In comparison between the proposed564

CHIO algorithm and each of the comparative methods, it can be seen that the565

performance of the CHIO algorithm is similar or better than the BA, SSA,566

HHO, JAYA, FPA, SCA, and ABC algorithms in 20, 20, 15, 15, 20, 17, and567

20 datasets respectively.568

Figure 7 illustrates the convergence behavior of the proposed CHIO al-569

gorithm against the other comparative algorithms. The x-axis represents the570

number of iterations, while the y-axis represents the values of the fitness func-571

tion. It should be noted that 8 out of the 23 test functions are considered in572

this figure to show the differences between algorithms visually. Figure 7 elabo-573

rates that the proposed CHIO algorithm did not have fast convergence like the574

other comparative methods, where the convergence of the CHIO algorithm is575

gradually improved during the search. This is allows CHIO can to avoid the576

problem of getting stuck in local optima.577

Figure 8 plots the hamming distance between the solutions in the pop-578

ulation for the proposed CHIO algorithm as well as the other comparative579

methods. It can be observed from Figure 8 that the proposed CHIO algo-580

rithm can maintain a good distance between the population. This is because581

the infected case is killed when it is not improved after a certain number of582

iterations. Then these cases are regenerated form scratch, and thus solve the583

problem of fast convergence.584
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Table 7: The performance of CHIO algorithm against other swarm-based algorithms

Function CHIO BAT SSA HHO JAYA FPA SCA ABC

F1 Best 0.0000E+00 5.8244E-06 3.6017E-10 0.0000E+00 0.0000E+00 1.2927E-68 0.0000E+00 2.3345E-16
Worst 6.9210E-192 1.1328E-03 1.2276E-09 0.0000E+00 0.0000E+00 3.3459E-60 0.0000E+00 4.5276E-16
Mean 2.5633E-193 9.0628E-04 7.0399E-10 0.0000E+00 0.0000E+00 1.2329E-61 0.0000E+00 3.1546E-16
Stdev. 0.0000E+00 1.9593E-04 1.7096E-10 0.0000E+00 0.0000E+00 6.0969E-61 0.0000E+00 4.9325E-17

F2 Best 3.1404E-284 6.0440E-02 1.0175E-06 0.0000E+00 0.0000E+00 5.0467E-49 0.0000E+00 7.3926E-16
Worst 5.9875E-36 1.4209E-01 2.4602E-06 0.0000E+00 0.0000E+00 2.0949E-46 0.0000E+00 1.0917E-15
Mean 1.9958E-37 1.0386E-01 1.4181E-06 0.0000E+00 0.0000E+00 3.2563E-47 0.0000E+00 9.5129E-16
Stdev. 1.0932E-36 2.4849E-02 3.0302E-07 0.0000E+00 0.0000E+00 4.6488E-47 0.0000E+00 6.8723E-17

F3 Best 7.8863E-01 1.5437E-03 1.6382E-11 0.0000E+00 3.2448E-06 6.4264E-36 3.7209E-79 4.2495E-01
Worst 8.3445E+01 2.7895E-03 5.4407E-11 0.0000E+00 1.8357E+02 1.8345E-29 5.8476E-28 4.7319E+00
Mean 1.4510E+01 1.9530E-03 3.1907E-11 0.0000E+00 6.1675E+00 7.0321E-31 1.9593E-29 1.3009E+00
Stdev. 1.9350E+01 3.2526E-04 1.1184E-11 0.0000E+00 3.3506E+01 3.3398E-30 1.0674E-28 8.5311E-01

F4 Best 1.0365E-13 2.6070E-03 2.0848E-06 0.0000E+00 4.6804E-83 2.2292E+00 9.1151E-81 5.9336E-04
Worst 1.1238E-03 4.2459E-02 4.2903E-06 0.0000E+00 1.6300E-73 1.0699E+01 4.1305E-45 3.0871E-02
Mean 1.1663E-04 1.3337E-02 2.9055E-06 0.0000E+00 8.5571E-75 6.1325E+00 1.3768E-46 1.4670E-02
Stdev. 2.7763E-04 6.1972E-03 5.9361E-07 0.0000E+00 3.0628E-74 1.8150E+00 7.5412E-46 9.0922E-03

F5 Best 6.6029E-04 1.3309E-03 2.9004E-05 2.6646E-19 0.0000E+00 0.0000E+00 2.5738E+01 1.7761E-04
Worst 1.0315E+00 5.4626E-01 1.3386E+02 2.7537E-06 4.6121E-27 3.9866E+00 2.8843E+01 2.4223E-02
Mean 1.6330E-01 3.0927E-01 9.1381E+00 2.6568E-07 7.1058E-28 1.0631E+00 2.6756E+01 8.2796E-03
Stdev. 2.5698E-01 1.4211E-01 2.9857E+01 5.6154E-07 1.0409E-27 1.7931E+00 7.9304E-01 7.3267E-03

F6 Best 0.0000E+00 7.3260E-04 1.7724E-11 1.1350E-12 1.2663E+00 0.0000E+00 2.3330E+00 2.7110E-16
Worst 0.0000E+00 1.2020E-03 4.6742E-11 1.6681E-08 2.3662E+00 9.2445E-33 3.6950E+00 4.5992E-16
Mean 0.0000E+00 9.6083E-04 2.8460E-11 2.5973E-09 1.7168E+00 1.0272E-33 2.7519E+00 3.3343E-16
Stdev. 0.0000E+00 1.1017E-04 7.9376E-12 3.5328E-09 2.4362E-01 2.1914E-33 2.7166E-01 5.6644E-17

F7 Best 1.8820E-03 2.0116E-05 1.6440E-05 4.3464E-08 3.1598E-04 1.9271E-03 1.2680E-05 1.4464E-02
Worst 6.0311E-03 9.7654E-04 1.3617E-04 2.4894E-06 1.8851E-03 1.6701E-02 1.0451E-03 3.6492E-02
Mean 2.9852E-03 2.8460E-04 6.0942E-05 6.1503E-07 8.0063E-04 7.0015E-03 1.9792E-04 2.7368E-02
Stdev. 8.5775E-04 2.1320E-04 2.4372E-05 5.6438E-07 3.7976E-04 3.8622E-03 1.9364E-04 4.9410E-03

F8 Best -1.2569E+04 -1.2569E+04 -3.7358E+03 -1.2569E+04 -1.2569E+04 -1.2569E+04 -5.2221E+03 -1.2569E+04
Worst -1.2569E+04 -1.2569E+04 -2.7838E+03 -1.2569E+04 -9.6524E+03 -1.2037E+04 -4.3557E+03 -1.2569E+04
Mean -1.2569E+04 -1.2569E+04 -3.2996E+03 -1.2569E+04 -1.2414E+04 -1.2533E+04 -4.8295E+03 -1.2569E+04
Stdev. 0.0000E+00 0.0000E+00 2.9626E+02 3.8584E-06 5.3669E+02 1.2421E+02 2.2396E+02 0.0000E+00

F9 Best 0.0000E+00 1.3971E-03 3.9798E+00 0.0000E+00 2.0894E+01 3.9798E+00 0.0000E+00 0.0000E+00
Worst 0.0000E+00 2.1810E-01 1.8904E+01 0.0000E+00 6.9959E+01 3.4824E+01 0.0000E+00 0.0000E+00
Mean 0.0000E+00 3.4020E-02 1.1409E+01 0.0000E+00 4.1036E+01 1.7345E+01 0.0000E+00 0.0000E+00
Stdev. 0.0000E+00 4.1965E-02 4.2913E+00 0.0000E+00 1.2778E+01 6.4939E+00 0.0000E+00 0.0000E+00

F10 Best 1.5099E-14 1.2917E-02 1.1456E-06 8.8818E-16 4.4409E-15 4.4409E-15 4.4409E-15 2.2204E-14
Worst 2.9310E-14 2.6318E-02 2.7045E-06 8.8818E-16 1.5099E-14 2.9570E+00 2.0091E+01 3.2863E-14
Mean 2.0191E-14 2.2488E-02 2.1420E-06 8.8818E-16 1.0481E-14 2.0943E+00 4.7443E+00 2.8481E-14
Stdev. 4.4435E-15 3.4878E-03 3.3870E-07 0.0000E+00 3.6315E-15 5.7074E-01 8.5925E+00 3.1893E-15

F11 Best 0.0000E+00 3.7136E-05 4.4278E-02 0.0000E+00 0.0000E+00 0.0000E+00 0.0000E+00 0.0000E+00
Worst 0.0000E+00 2.2172E-02 5.7588E-01 0.0000E+00 3.9202E-02 9.9984E-02 0.0000E+00 0.0000E+00
Mean 0.0000E+00 3.8227E-03 2.4429E-01 0.0000E+00 9.6025E-03 2.2508E-02 0.0000E+00 0.0000E+00
Stdev. 0.0000E+00 6.4556E-03 1.1441E-01 0.0000E+00 9.8796E-03 2.0960E-02 0.0000E+00 0.0000E+00

F12 Best 1.5705E-32 6.1362E-06 6.7105E-14 1.9368E-16 1.0735E-01 1.5705E-32 1.7042E-01 2.0090E-16
Worst 1.5705E-32 9.9548E-06 3.7092E-13 1.3567E-09 1.9790E+00 4.1467E-01 7.2099E-01 3.3297E-16
Mean 1.5705E-32 8.0379E-06 2.0441E-13 2.1282E-10 7.9997E-01 3.1099E-02 2.3448E-01 3.0073E-16
Stdev. 0.0000E+00 8.1735E-07 8.0966E-14 3.5150E-10 6.2292E-01 9.4892E-02 9.7074E-02 3.1383E-17
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Table 7: (Cont. . .) The performance of CHIO algorithm against other swarm-based algorithms

Function CHIO BAT SSA HHO JAYA FPA SCA ABC

F13 Best 1.3498E-32 7.7966E-05 4.4766E-13 1.3841E-13 1.3498E-32 1.3498E-32 1.4198E+00 2.2467E-16
Worst 1.3498E-32 1.1151E-02 2.2000E-12 8.0172E-09 1.0987E-02 2.1024E-02 1.9365E+00 3.2831E-16
Mean 1.3498E-32 1.2242E-03 1.1170E-12 1.2539E-09 1.0987E-03 2.1658E-03 1.7143E+00 2.9817E-16
Stdev. 0.0000E+00 3.3624E-03 4.4169E-13 1.8761E-09 3.3526E-03 5.2000E-03 1.3176E-01 2.1200E-17

F14 Best 9.9800E-01 9.9800E-01 9.9800E-01 9.9800E-01 9.9800E-01 9.9800E-01 9.9800E-01 9.9800E-01
Worst 9.9800E-01 9.9800E-01 9.9800E-01 9.9800E-01 9.9800E-01 9.9800E-01 9.9800E-01 9.9800E-01
Mean 9.9800E-01 9.9800E-01 9.9800E-01 9.9800E-01 9.9800E-01 9.9800E-01 9.9800E-01 9.9800E-01
Stdev. 0.0000E+00 0.0000E+00 7.1417E-17 5.3044E-16 8.0766E-10 0.0000E+00 6.0527E-10 0.0000E+00

F15 Best 3.0836E-04 3.0750E-04 3.0749E-04 3.0749E-04 3.0749E-04 3.0749E-04 3.0795E-04 3.1349E-04
Worst 7.8177E-04 3.0757E-04 1.2232E-03 3.0751E-04 1.2239E-03 3.0749E-04 3.1255E-04 3.8879E-04
Mean 4.5139E-04 3.0753E-04 5.5167E-04 3.0749E-04 3.3803E-04 3.0749E-04 3.0992E-04 3.4468E-04
Stdev. 1.1921E-04 1.8020E-08 4.1185E-04 5.7109E-09 1.6731E-04 1.0795E-19 1.3604E-06 2.1330E-05

F16 Best -1.0316E+00 -1.0316E+00 -1.0316E+00 -1.0316E+00 -1.0316E+00 -1.0316E+00 -1.0316E+00 -1.0316E+00
Worst -1.0316E+00 -1.0316E+00 -1.0316E+00 -1.0316E+00 -1.0316E+00 -1.0316E+00 -1.0316E+00 -1.0316E+00
Mean -1.0316E+00 -1.0316E+00 -1.0316E+00 -1.0316E+00 -1.0316E+00 -1.0316E+00 -1.0316E+00 -1.0316E+00
Stdev. 0.0000E+00 3.5650E-09 0.0000E+00 5.6082E-16 0.0000E+00 6.7752E-16 1.4940E-07 6.7752E-16

F17 Best 3.9789E-01 3.9789E-01 3.9789E-01 3.9789E-01 3.9789E-01 3.9789E-01 3.9789E-01 3.9789E-01
Worst 3.9789E-01 3.9789E-01 3.9789E-01 3.9789E-01 3.9797E-01 3.9789E-01 3.9791E-01 3.9789E-01
Mean 3.9789E-01 3.9789E-01 3.9789E-01 3.9789E-01 3.9789E-01 3.9789E-01 3.9789E-01 3.9789E-01
Stdev. 0.0000E+00 1.6204E-09 0.0000E+00 2.2414E-15 1.5462E-05 0.0000E+00 5.7809E-06 0.0000E+00

F18 Best 3.0000E+00 3.0000E+00 3.0000E+00 3.0000E+00 3.0000E+00 3.0000E+00 3.0000E+00 3.0000E+00
Worst 3.0000E+00 3.0000E+00 3.0000E+00 3.0000E+00 3.0000E+00 3.0000E+00 3.0000E+00 3.0000E+00
Mean 3.0000E+00 3.0000E+00 3.0000E+00 3.0000E+00 3.0000E+00 3.0000E+00 3.0000E+00 3.0000E+00
Stdev. 0.0000E+00 1.2646E-07 0.0000E+00 3.8803E-15 0.0000E+00 4.8085E-16 9.0569E-10 1.8195E-13

F19 Best -3.8628E+00 -3.8628E+00 -3.8628E+00 -3.8628E+00 -3.8628E+00 -3.8628E+00 -3.8627E+00 -3.8628E+00
Worst -3.8628E+00 -3.8628E+00 -3.8628E+00 -3.8628E+00 -3.8628E+00 -3.8628E+00 -3.8549E+00 -3.8628E+00
Mean -3.8628E+00 -3.8628E+00 -3.8628E+00 -3.8628E+00 -3.8628E+00 -3.8628E+00 -3.8559E+00 -3.8628E+00
Stdev. 0.0000E+00 4.0695E-07 2.0451E-15 2.1362E-15 2.7101E-15 2.7101E-15 2.6900E-03 2.7101E-15

F20 Best -3.3220E+00 -3.3220E+00 -3.3220E+00 -3.3220E+00 -3.3220E+00 -3.3220E+00 -3.1322E+00 -3.3220E+00
Worst -3.3220E+00 -3.2030E+00 -3.2031E+00 -3.1896E+00 -3.2031E+00 -3.3220E+00 -1.5784E+00 -3.3220E+00
Mean -3.3220E+00 -3.2823E+00 -3.2150E+00 -3.3095E+00 -3.2665E+00 -3.3220E+00 -2.9247E+00 -3.3220E+00
Stdev. 0.0000E+00 5.6979E-02 3.6278E-02 3.8128E-02 6.0328E-02 0.0000E+00 3.5932E-01 1.3550E-15

F21 Best -1.0153E+01 -1.0153E+01 -1.0153E+01 -1.0153E+01 -1.0153E+01 -1.0153E+01 -1.0120E+01 -1.0153E+01
Worst -1.0153E+01 -1.0153E+01 -1.0153E+01 -1.0153E+01 -2.6305E+00 -1.0153E+01 -4.9653E-01 -1.0153E+01
Mean -1.0153E+01 -1.0153E+01 -1.0153E+01 -1.0153E+01 -8.1432E+00 -1.0153E+01 -3.3205E+00 -1.0153E+01
Stdev. 0.0000E+00 2.6309E-07 3.4777E-13 2.6750E-10 2.9755E+00 0.0000E+00 3.2896E+00 2.6309E-07

F22 Best -1.0403E+01 -1.0153E+01 -1.0403E+01 -1.0403E+01 -1.0403E+01 -1.0403E+01 -1.0173E+01 -1.0403E+01
Worst -1.0403E+01 -1.0153E+01 -1.0403E+01 -1.0403E+01 -1.8376E+00 -1.0403E+01 -5.2404E-01 -1.0403E+01
Mean -1.0403E+01 -1.0153E+01 -1.0403E+01 -1.0403E+01 -8.5511E+00 -1.0403E+01 -5.3905E+00 -1.0403E+01
Stdev. 0.0000E+00 2.6309E-07 2.8255E-13 5.0350E-10 2.8232E+00 0.0000E+00 3.5424E+00 1.8506E-05

F23 Best -1.0536E+01 -1.0153E+01 -1.0536E+01 -1.0536E+01 -1.0536E+01 -1.0536E+01 -1.0414E+01 -1.0536E+01
Worst -1.0536E+01 -1.0153E+01 -5.1756E+00 -1.0536E+01 -2.4205E+00 -1.0536E+01 -9.4700E-01 -1.0536E+01
Mean -1.0536E+01 -1.0153E+01 -1.0000E+01 -1.0536E+01 -9.9954E+00 -1.0536E+01 -6.2118E+00 -1.0536E+01
Stdev. 0.0000E+00 2.6309E-07 1.6357E+00 4.0765E-10 2.0589E+00 0.0000E+00 2.7930E+00 2.2016E-05
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Table 8: Average rankings of the algorithms calculated using Friedman test
(based on the best results)

Order Algorithm Ranking
1 HHO 3.37
2 FPA 3.54
3 CHIO 3.83
4 JAYA 3.85
5 ABC 4.43
6 SSA 4.61
7 SCA 5.89
8 BA 6.48

Table 9: Holm’s results between the HHO algorithm and other comparative
methods (Based on the best results)

Order Algorithm Adjusted ρ-value (α/Rank)
7 BA 1.68E-05 0.0071
6 SCA 4.81E-04 0.0083
5 SSA 0.0863 0.0100
4 ABC 0.1403 0.0125
3 JAYA 0.5079 0.0167
2 CHIO 0.5274 0.0250
1 FPA 0.8097 0.0500

Friedman’s statistical test is used to illustrate the average rankings of the585

proposed CHIO algorithm when compared against other comparative methods.586

Table 8 shows the rankings where these rankings are calculated based on the587

best results recorded in Table 7. It is worthy to mention that the lower rank-588

ings indicate better performance, while the significant level α = 0.05. Table 8589

shows that HHO algorithm is ranked first, while the proposed CHIO algorithm590

is ranked third. The ρ-value computed by Friedman’s test is 1.54E-5, which591

is below the significant level. This value indicates that there are significant592

differences between the performance of the comparative methods.593

Thereafter, the Holm’s procedure as a post-hoc technique is used to con-594

firm that there are significant differences among the controlled methods (the595

method with the first rankings) and the remaining comparative methods. It596

can be seen from the results recorded in Table 9 that the hypothesis is ac-597

cepted. This means that there is a significant difference between the HHO598

algorithm and two of the other methods (BA, and SCA). On the other hand,599

there no significant difference between HHO and the remaining comparative600

methods.601

Table 10 illustrates the average rankings of the comparative methods,602

where these rankings are calculated based on the mean results recorded in Ta-603

ble 7. Table 8 point out that HHO algorithm is ranked first, while the proposed604

CHIO algorithm is placed second. The ρ-value is computed by Friedman’s test605

is 3.97E-5, which is below the significant level. This value indicates that there is606

a significant difference between the performance of the comparative methods.607

Thereafter, the Holm’s procedure as a post-hoc technique is used to confirm608

that there is a significant difference between HHO and the other comparative609
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Fig. 7: The convergence plots of CHIO algorithm against the other swarm-
based algorithms

Table 10: Average rankings of the algorithms calculated using Friedman test
(based on the mean results)

Order Algorithm Ranking
1 HHO 3.07
2 CHIO 3.26
3 ABC 3.74
4 FPA 4.24
5 SSA 4.87
6 JAYA 5.30
7 BA 5.48
8 SCA 6.04

methods. It can be seen from the results recorded in Table 9 that the hypoth-610

esis is accepted. It is clear that there is a significant difference between the611

HHO algorithm and four of the comparative methods (BA, JAYA, SSA, and612

SCA). On the other hand, there no significant difference between HHO and613

the remaining comparative methods including the proposed CHIO algorithm.614

The performance of the CHIO algorithm has been evaluated using the615

Wilcoxon signed-rank statistical test [58] to verify whether there is a significant616



Coronavirus herd immunity optimizer (CHIO) 33

0 100 200 300 400 500
0

1

2

3

4

5

6

7
x 10

4

Number of iterations

D
is

ta
n
c
e

 

 

CHIO

BA

SSA

HHO

JAYA

FPA

SCA

ABC

0 100 200 300 400 500
0

2

4

6

8
x 10

4

Number of iterations

D
is

ta
n
c
e

 

 

CHIO

BA

SSA

HHO

JAYA

FPA

SCA

ABC

0 100 200 300 400 500
0

2

4

6

8
x 10

4

Number of iterations

D
is

ta
n

c
e

 

 

CHIO

BA

SSA

HHO

JAYA

FPA

SCA

ABC

F1 F4 F6

0 100 200 300 400 500
0

0.5

1

1.5

2

2.5
x 10

4

Number of iterations

D
is

ta
n
c
e

 

 

CHIO

BA

SSA

HHO

JAYA

FPA

SCA

ABC

0 100 200 300 400 500
0

1

2

3

4
x 10

4

Number of iterations

D
is

ta
n

c
e

 

 

CHIO

BA

SSA

HHO

JAYA

FPA

SCA

ABC

0 100 200 300 400 500
0

1000

2000

3000

4000

Number of iterations

D
is

ta
n
c
e

 

 

CHIO

BA

SSA

HHO

JAYA

FPA

SCA

ABC

F10 F12 F14

0 100 200 300 400 500
0

50

100

150

200

250

Number of iterations

D
is

ta
n
c
e

 

 

CHIO

BA

SSA

HHO

JAYA

FPA

SCA

ABC

0 100 200 300 400 500
0

50

100

150

200

Number of iterations

D
is

ta
n
c
e

 

 

CHIO

BA

SSA

HHO

JAYA

FPA

SCA

ABC

F16 F18

Fig. 8: The Hamming distance of CHIO algorithm against the other swarm-
based algorithms

Table 11: Holm’s results between the HHO algorithm and other comparative
methods (Based on the mean results)

Order Algorithm Adjusted ρ-value (α/Rank)
7 SCA 3.74E-05 0.0071
6 BA 8.36E-04 0.0083
5 JAYA 0.0019 0.0100
4 SSA 0.0125 0.0125
3 FPA 0.1041 0.0167
2 ABC 0.3508 0.0250
1 CHIO 0.7865 0.0500

difference between CHIO and the other comparative algorithms. The Wilcoxon617

signed-rank is applied using the best results of 30 runs for each algorithm618

with P value equal 0.05. Table 12 shows a pair-wise comparison against all619

algorithms and CHIO, showing whether two algorithms are considered similar620

(‘–’) or not (‘++’) to each other. The most algorithm that has been considered621

similar to CHIO is ABC with 11 functions. The results show that CHIO and622
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Table 12: Wilcoxon signed-rank test evaluation between the propose CHIO
algorithm and other methods

Function BA SSA HHO JAYA
P Value Results P Value Results P Value Results P Value Results

F1 < 1.0E − 05 ++ < 1.0E − 05 ++ < 1.0E − 05 ++ < 1.0E − 05 ++
F2 < 1.0E − 05 ++ < 1.0E − 05 ++ < 1.0E − 05 ++ < 1.0E − 05 ++
F3 < 1.0E − 05 ++ < 1.0E − 05 ++ < 1.0E − 05 ++ < 1.0E − 05 ++
F4 < 1.0E − 05 ++ 0.025 ++ < 1.0E − 05 ++ < 1.0E − 05 ++
F5 0.00695 ++ 0.23885 – < 1.0E − 05 ++ < 1.0E − 05 ++
F6 < 1.0E − 05 ++ < 1.0E − 05 ++ < 1.0E − 05 ++ < 1.0E − 05 ++
F7 < 1.0E − 05 ++ < 1.0E − 05 ++ < 1.0E − 05 ++ < 1.0E − 05 ++
F8 0.5 – < 1.0E − 05 ++ 0.5 – 0.1867 –
F9 < 1.0E − 05 ++ < 1.0E − 05 ++ 0.5 – < 1.0E − 05 ++
F10 < 1.0E − 05 ++ < 1.0E − 05 ++ < 1.0E − 05 ++ < 1.0E − 05 ++
F11 < 1.0E − 05 ++ < 1.0E − 05 ++ 0.5 – < 1.0E − 05 ++
F12 < 1.0E − 05 ++ < 1.0E − 05 ++ < 1.0E − 05 ++ < 1.0E − 05 ++
F13 < 1.0E − 05 ++ < 1.0E − 05 ++ < 1.0E − 05 ++ < 1.0E − 05 ++
F14 0.5 – < 1.0E − 05 ++ < 1.0E − 05 ++ < 1.0E − 05 ++
F15 < 1.0E − 05 ++ 0.33724 – < 1.0E − 05 ++ < 1.0E − 05 ++
F16 0.5 – 0.5 – 0.5 – 0.5 –
F17 0.5 – 0.5 – 0.5 – 0.5 –
F18 < 1.0E − 05 ++ 0.5 – 0.5 – 0.5 –
F19 < 1.0E − 05 ++ 0.5 – 0.5 – 0.5 –
F20 < 1.0E − 05 ++ < 1.0E − 05 ++ 0.039 ++ 0.00048 ++
F21 < 1.0E − 05 ++ 0.5 – 0.5 – 0.00256 ++
F22 < 1.0E − 05 ++ 0.5 – 0.5 – 0.00144 ++
F23 < 1.0E − 05 ++ 0.038928 ++ 0.5 – 0.0777 –

Function FPA SCA ABC
P Value Results P Value Results P Value Results

F1 < 1.0E − 05 ++ < 1.0E − 05 ++ < 1.0E − 05 ++
F2 < 1.0E − 05 ++ < 1.0E − 05 ++ < 1.0E − 05 ++
F3 < 1.0E − 05 ++ < 1.0E − 05 ++ < 1.0E − 05 ++
F4 < 1.0E − 05 ++ < 1.0E − 05 ++ < 1.0E − 05 ++
F5 < 1.0E − 05 ++ < 1.0E − 05 ++ 0.00014 ++
F6 0.5 – < 1.0E − 05 ++ < 1.0E − 05 ++
F7 < 1.0E − 05 ++ < 1.0E − 05 ++ < 1.0E − 05 ++
F8 0.00139 ++ < 1.0E − 05 ++ 0.5 –
F9 < 1.0E − 05 ++ 0.5 – 0.5 –
F10 < 1.0E − 05 ++ < 1.0E − 05 ++ < 1.0E − 05 ++
F11 < 1.0E − 05 ++ 0.5 – 0.5 –
F12 < 1.0E − 05 ++ < 1.0E − 05 ++ < 1.0E − 05 ++
F13 < 1.0E − 05 ++ < 1.0E − 05 ++ < 1.0E − 05 ++
F14 < 1.0E − 05 ++ < 1.0E − 05 ++ < 1.0E − 05 ++
F15 < 1.0E − 05 ++ < 1.0E − 05 ++ < 1.0E − 05 ++
F16 0.5 – < 1.0E − 05 ++ 0.5 –
F17 0.5 – < 1.0E − 05 ++ 0.5 –
F18 0.5 – 0.00074 ++ 0.5 –
F19 0.5 – < 1.0E − 05 ++ 0.5 –
F20 0.5 – < 1.0E − 05 ++ 0.5 –
F21 0.5 – < 1.0E − 05 ++ 0.5 –
F22 0.5 – < 1.0E − 05 ++ 0.5 –
F23 0.5 – < 1.0E − 05 ++ 0.5 –

++ means results is significant, and – means results is not significant

HHO are similar with 10 functions. Finally, FPA is similar to CHIO in 9623

functions.624
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4 Conclusion and Future Work625

In this paper, a new natural-inspired human-based metaheuristic optimization626

algorithm is proposed which called Coronavirus Herd Immunity Optimizer627

(CHIO) for global optimization problems. CHIO is inspired by the herd im-628

munity strategy as a way to tackle the spreading of coronavirus pandemics629

(COVID-19). The population is initiated by several susceptible cases and very630

few (might be one) infected cases. During the herd immunity evolution, the631

population is evolved according to the basic reproduction rate (BRr) affected632

by social distancing realized in the way of updating the newly generated indi-633

viduals using three intervention with three possible cases: susceptible, infected,634

and immuned until the herd immunity is achieved in the population. During635

the search process, some fatality cases are occurred according to the maxi-636

mum number of iterations (MaxAge) when it remains unimproved with the637

infected state. The state of cases are updated during the search from suscepti-638

ble to infected and from infected to immuned according to the herd immunity639

threshold, and it depends on the immunity rate of the generated cases.640

The viability of the proposed CHIO is tested using 23 well-known bench-641

mark functions with different size and complexity: seven uni-modal, six multi-642

modal with flexible dimensions, and ten multi-modal with fixed dimensions.643

These functions are well-circulated in the literature to evaluate newly proposed644

optimization algorithms.645

Initially, the effect of the control parameters (BRr and MaxAge) on the646

convergence behavior of CHIO is studied. In conclusion, using a small value of647

BRr is desired to strike the right balance between exploration and exploitation648

of the search space. Furthermore, the value of MaxAge does not have a high649

impact on the performance of CHIO. However, using a small value of this pa-650

rameter is necessary to diversify the search. The social distancing strategies in651

the herd immunity evolution are also investigated which are random-random-652

random, random-best-random, random-random-best, and random-best-best.653

In conclusion, The random-random-random social distancing strategies in the654

herd immunity evolution revealed the best performance of CHIO. For compara-655

tive evaluation, the proposed CHIO is compared against seven well-established656

comparative methods using the same benchmark functions. The comparative657

results show that CHIO is very competitive which is able to obtain 16 out of658

23 new results for the test-bed functions.659

As the proposed CHIO reveals very successful outcomes, CHIO can be660

widely used in the future for several kinds of real-world optimization problems.661

Furthermore, the optimization structure of CHIO can be improved by adapting662

its parameters to result in a parameter-less CHIO. Also for the future, the663

binary, discrete, multi-objective versions of CHIO can be proposed. Another664

future direction can by using the herd immunity threshold as a stop condition665

for the algorithm.666
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The effect of social distancing on the spreading of virus pandemics in the population.
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The convergence plots of CHIO algorithm using different social distancing strategies
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The convergence plots of CHIO algorithm against the other swarmbased algorithms
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