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ABSTRACT 

The metaheuristic optimization technique attained more awareness for handling complex optimization problems. 
Over the last few years, numerous optimization techniques have been developed that are inspired by natural 
phenomena. Recently, the propagation of the new COVID-19 implied a burden on the public health system to 
suffer several deaths. Vaccination, masks, and social distancing are the major steps taken to minimize the spread 
of the deadly COVID-19 virus. Considering the social distance to combat the coronavirus epidemic, a novel bio-
inspired metaheuristic optimization model is proposed in this work, and it is termed as Social Distancing Induced 
Coronavirus Optimization Algorithm (COVO). The pace of propagation of the coronavirus can indeed be slowed 
by maintaining social distance. Thirteen benchmark functions are used to evaluate the COVO performance for 
discrete, continuous, and complex problems, and the COVO model performance is compared with other well-
known optimization algorithms. The main motive of COVO optimization is to obtain a global solution to various 
applications by solving complex problems with faster convergence. The error in the fitness function for the COVO 
model is 1.23×10−18, which is significantly lower than the error values achieved by other existing models: EHO at 
4.38×10−8, SSA at 10.12, SSO at 4.05×10−10, SFO at 26.5, BOA at 4.20×10−9, BWO at 3.58×10−5, SMO at 1.04, 
CVOA 2.95×10−8, SRO 2.40×10−8, and GBRUN 13.27. At last, the validated results depict that the proposed 
COVO optimization has a reasonable and acceptable performance. 
 
KEYWORDS: COVID-19; Social Distancing Induced Coronavirus Optimization Algorithm, Metaheuristic 
Algorithms, Optimization Algorithm, Coronavirus Optimization Algorithm, Standard Benchmark Functions 
 

NOMENCLATURE 
 

Abbreviation Description 

ABC Artificial Bee Colony 

ACO Ant Colony Optimization 

BA Bat Algorithm 

BOA Butterfly Optimization Algorithm 

BWO Black Widow Optimization 

BXOA Botox Optimization Algorithm 
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C-19BOA COVID-19 Based Optimization Algorithm 

COVO Social Distancing Induced Coronavirus Optimization Algorithm 

CS Cuckoo Search 

CVA COVID-19 Optimizer Algorithm 

CVO Coronavirus Optimization 

CVOA Coronavirus Optimization Algorithm 

CVSO Corona Virus Search Optimizer 

EA Evolutionary Algorithms 

CHIO Coronavirus Herd Immunity Optimizer 

EHO Elephant Herding Optimization 

FA Firefly Algorithm 

GA Genetic Algorithm 

GBRUN Gradient Search-Based Binary Runge Kutta Optimizer 

HC Hill Climbing 

HSA Harmony Search Algorithm 

ICA Independent Component Analysis 

MCHIAO Modified Coronavirus Herd Immunity Aquila Optimization 

MOCOVIDOA Multi-Objective Coronavirus Disease Optimization Algorithm 

MPA Marine Predator Algorithm 

NFL No Free Lunch 

POA Pufferfish Optimization Algorithm 

PSO Particle Swarm Optimization 

SA Simulated Annealing 

SFO Sailfish Optimizer 

SMO Spider Monkey Optimization 

SSA Sparrow Search Algorithm 

SSO Salp Swarm Optimization 

SRO Ship Rescue Optimization 

VBA Virtual Bee Algorithm 

VOA Virus Optimization Algorithm 

WHO World  Health Organization 
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I. INTRODUCTION  

Engineering design optimization is complex due to non-linearity and strict design rules, where conventional 
algorithms often miss global optimality. Metaheuristic algorithms are increasingly popular for efficient design, 
simulating physical processes while adapting to unknown factors and resource limitations [1].  

The optimization algorithm is an integral part of any optimization process [2]. An optimization algorithm 
simulates physical processes and is key to efficient, durable solutions, requiring multiple evaluations. Image 
processing operations in computer vision aim to reduce complexity or improve image quality [3]. 
Optimizers are essential for finding optimal solutions, as there are various optimization methods. Gradient-based 
and gradient-free algorithms are used [4], with gradient-based techniques like steepest descent and Gauss-Newton 
using derivative information, and the Nelder-Mead downhill simplex method using goal values [5]. 

A deterministic algorithm operates in a mechanically deterministic manner without any randomness. If we 
start with the same beginning position, such an algorithm will arrive at the same end position. Deterministic 
algorithms like hill climbing (HC) and downhill simplex are notable examples [6]. Stochastic algorithms introduce 
randomness, leading to different outcomes even with the same starting point.  
Randomization in algorithms, such as genetic algorithms, introduces unpredictability through methods like 
crossover and mutation rates. Heuristics use trial and error for problem-solving, while metaheuristics operate at a 
higher level, guiding these search strategies [6], [7].  

The metaheuristic approach provides a flexible optimization model that enhances solutions through 
adaptive, probabilistic processes guided by variable adjustments until an optimal result is achieved [8]. 
Sophisticated metaheuristic algorithms explore and exploit the search space, leveraging accumulated knowledge 
to solve problems. They adapt to various optimization tasks, require no derivative knowledge, and can avoid local 
optima [9], [10].  

Remarkably, most metaheuristic-based techniques are primarily derived from natural events and may be 
divided into four categories: evolutionary, swarm, physical, and human-based algorithms [11], [12]. Evolutionary 
algorithms (EA) simulate natural selection, selecting the fittest individuals for reproduction over generations. John 
Henry Holland introduced genetic algorithms (GA) in 1960, inspired by Darwin's concept of gradual evolution 
[13] [14]. The collaborative behaviors of animal swarms inspire swarm-based algorithms. Particle swarm 
optimization (PSO), mimicking bird swarming, is this type's most popular and widely used algorithm. [15]. 
Particles (solutions) navigate the search space to find the global best, noting the local best along the way. This 
approach includes various swarm-based optimizers, such as ACO and ABC [16]. Physical-based algorithms, such 
as simulated annealing (SA), are grounded in cosmic principles and mimic the thermodynamic cooling process of 
metal annealing [17]. Finally, human-based algorithms inspire humans' habits, livelihood, or perspectives. The 
harmony search algorithm (HSA) [18] is indeed a fundamental technique of this class, wherein a collection of 
JAZZ players rehearse their devices' tones unless they achieve a pleasant harmony (optimal solution). Firefly 
algorithm (FA) [19] and many others constitute additional, prominent human-based algorithms. Numerous nature-
inspired algorithms seem to have been used to successfully address a range of optimization problems. However, 
an optimization technique cannot achieve good performance for all optimization problems, as per the “No Free 
Lunch (NFL)” hypothesis [20].  
Many deterministic and heuristic optimization techniques struggle with non-linearity and multimodality, 
highlighting the need for new nature-inspired algorithms to address complex objective functions effectively. 
Recently, a human-based nature-inspired phenomenon has arisen since techniques like HSA [18] and  -hill 

climbing (  HC) [21] produce positive findings, contrasting to specific other nature-inspired algorithms. 

The COVID-19 epidemic has inspired the development of various metaheuristic algorithms, reflecting our 
dynamic modern environment. The CVA [22] draws inspiration from strategies aimed at containing epidemics and 
reducing infection rates. The CVA fails to address the spread of infection between countries, resulting in low 
algorithm convergence accuracy and premature convergence. CHIO has several drawbacks, such as complex 
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mathematical formulations, inadequate real-time optimization, numerous control parameters, and a high 
convergence tolerance. Inspired by the way the coronavirus spreads throughout several communities, CVSO 
[23]focusses on the virus's mobility, prevalence, and mortality rate. Its limitation lies in the scope and size of these 
communities, which can significantly affect the virus's transmission and intensity.  

Researchers are developing metaheuristics that mimic the spread patterns of the coronavirus. COVID-19, 
caused by the SARS-CoV-2 virus, spreads much faster than typical respiratory illnesses like the cold. Social 
distancing aims to reduce transmission and delay, decrease the epidemic peak, and relieve pressure on healthcare 
systems. Traditional optimization algorithms, such as genetic and particle swarm optimization, often struggle with 
complex, high-dimensional, and dynamic problems, facing issues like premature convergence and poor exploration 
of solution spaces. To address these challenges, there is an increasing demand for innovative metaheuristic 
algorithms that offer improved efficiency, adaptability, and convergence. This study introduces the Social 
Distancing Induced Coronavirus Optimization Algorithm (COVO), inspired by the concept of social distancing to 
reduce COVID-19 transmission. The significant contributions of this research work are as follows. 
 Proposing a novel Social Distancing Induced Coronavirus Optimization Algorithm (COVO) 
 The proposed COVO algorithm considers the social distancing parameter, which has been suggested as a 
significant solution for reducing the spreading rate of COVID-19.  
 The proposed COVO algorithm is validated using 13 standard benchmark functions (F1-F13). 
 Demonstrates COVO’s effectiveness by comparing its performance with several well-known optimization 
algorithms, showing competitive results regarding convergence speed and solution accuracy. 
 The COVO method is applied to a real-world signal noise removal problem, demonstrating its practical utility 
and effectiveness in enhancing signal quality through optimized noise reduction. 
 
The rest of this paper is organized as follows: Section II addresses recent literature on metaheuristic algorithms. 
Section III details the proposed COVO algorithm. The results acquired with the proposed work are 
comprehensively discussed in Section IV. The paper is concluded in Section V.    

 
II. LITERATURE REVIEW 

A. Related works 
 

 Simulated Annealing (SA) [17] is one of the first metaheuristic algorithms, and it was essentially a 
modified version of the Metropolis-Hastings algorithm that was used in a different situation [24]. Genetic 
algorithms' three essential components are crossover, mutation, and fittest selection. Each solution is 
represented by a chromosome, a string of characters. A crossover of two-parent strings generates offspring by 
swapping parts or genes of the chromosomes.  
Ant Colony Optimization (ACO), replicate ant foraging behavior, using pheromone concentrations as chemical 
message [25]. These algorithms excel in discrete optimization problems, but research is ongoing, and few 
approaches currently address the associated challenges. 
 Particle swarm optimization (PSO) is based on natural swarm behaviour like fish and bird schooling. In 
a quasi-stochastic way, this method explores the space fitness function by changing the particle (search agents) 
trajectories as piecewise routes generated by positional vectors. The Harmony Search Algorithm (HSA) [18] is 
a music-inspired algorithm developed with the help of a musician's description of the improvisation process.  
Cuckoo Search (CS) [26] is used to find optimal solutions to complex problems by mimicking the process of 
cuckoos laying eggs and the host birds' efforts to identify and remove foreign eggs from their nests. According 
to recent research, CS has the potential to be considerably more efficient than PSO and GA. Tabu search [27], 
and artificial immune system [28] are other metaheuristic algorithms that are as popular and efficient. 
 Bee algorithms mimic different aspects of bee behavior, with forager bees optimizing nectar collection 
by exploring various food sources [8]. Pheromone concentrations can be more directly connected to goal 
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functions in the virtual bee algorithm (VBA) invented by Xin-She Yang in 2005 [29]. D. Karaboga, on the other 
hand, invented the ABC optimization method in 2005 [30].  
 The bat algorithm (BA) [31] is a recent metaheuristic model inspired by the echolocation behaviour of 
microbats. Most bats use brief, frequency-modulated sounds spanning about an octave, while some rely on 
constant-frequency signals. 
J C Bansal et al. [32] have developed Spider Monkey Optimization (SMO), which leverages the fission-fusion 
social structures of spider monkeys to balance exploration and exploitation while effectively navigating local 
and global optimal solutions. Avinash Sharma et al. have proposed an Ageist SMO (ASMO) based on a spider 
monkey population's age difference [33], [34]. 
 Wang et al. [35] have proposed the Elephant Herding Optimization (EHO) algorithm, inspired by 
elephant herding behavior, featuring a clan updating operator and a clan separating operator for updating the 
positions of elephants and matriarchs within clans. 
The Virus Optimization Algorithm (VOA) simulates virus attacks [36]. It will be further improved in 2020 by 
reducing the number of parameters that need to be set and hence making it self-adaptive [37].  
 Salehan and Deldari created Coronavirus optimization (CVO), miming COVID-19 behaviour [38]. SIR 
mathematical models are used to analyze COVID-19 epidemic behaviour. CVO is a feasible and effective 
approach for resolving application issues. The limitation of CVO includes a lack of implementation to optimize 
real-time problems and several different control parameters.  In [39], the PID controller was designed for 
brushless DC (BLDC) motors with several disturbances by optimizing CVOA. 
 Mirjalili et al.[40] have developed the Salp Swarm Optimization (SSO) method, which organizes a 
randomly generated population into leaders and followers to optimize through exploration and exploitation 
phases, inspired by deep-sea salp behavior.  
  Arora and Singh [41] have developed the butterfly optimization algorithm (BOA), based on butterflies' 
natural behavior in foraging and mating. Despite global and local search capabilities, BOA may experience 
slow convergence. 
 Shadravan et al. [42] have developed the Sailfish Optimizer (SFO), inspired by hunting sailfish, using 
sailfish for intensification and sardines for search space diversification. SFO balances these strategies to prevent 
early convergence.  
Hayyolalam and Kazem [43] have proposed the black widow optimization (BWO) algorithm in 2020, inspired 
by black widow spider mating behaviour. BWO offers good results, is fast-converging, and avoids local optima. 
 The Sparrow search algorithm (SSA), developed by Xue and Shen in 2020 [44], optimizes sparrows' 
foraging, predatory, and anti-predatory behavior, but struggles with insufficient stimulation and stagnant 
exploitation due to poor trade-offs. Hubálovská et al.[45] have proposed the Botox Optimization Algorithm 
(BXOA), a novel human-based metaheuristic algorithm that simulates the effects of Botox injections on the 
human body. The limitations of BXOA include limited applicability, parameter tuning is complex, and there is 
a risk of premature convergence. 
 Al-Baik et al. [46] developed the Pufferfish Optimization Algorithm (POA), a bio-inspired metaheuristic 
mimicking pufferfish behavior, with exploration and exploitation phases for efficient high-dimensional 
optimization. However, POA has limitations, such as no guarantee of finding a global optimum and no 
assumptions about implementation success.  
 In [47], the authors proposed the Coronavirus Optimization Algorithm (CVOA) to model virus spread 
and infection, avoiding arbitrary initialization and iteration termination. However, it faces challenges like 
exponential growth of infected populations and the absence of a candidate reduction mechanism, affecting 
performance and convergence. 
The Novel COVID-19 Based Optimization Algorithm (C-19BOA) [48], uses bio-inspired methods to improve 
power system performance. Inspired by the virus's spread and adaptation, it incorporates social distancing, mask 
use, and antibody rate, revolutionizing problem-solving by leveraging nature's strategies. 
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 Khalid et al. [49] have proposed MOCOVIDOA, a novel algorithm for multi-objective optimization 
inspired by the dynamics of the coronavirus, enabling simultaneous resolution of multiple objectives. This 
promising approach efficiently addresses complex optimization challenges across various domains, using the 
Pareto optimal dominance operator for solution assessment.  
 Saxena et al. [50] introduced the MPCA algorithm, a novel method based on the MPA and the 𝛽 chaotic 
map. The position update method, utilizing a fusion of chaotic functions, improves MPA performance and is 
evaluated using a COVID-19 dataset.  
 Selim et al. [51] have proposed the MCHIAO algorithm, a hybrid optimization technique that improves 
feature selection tasks by classifying cases, refining gene values using coronavirus-inspired chaotic systems, 
and alternating between expanded and narrowed exploitation. 
 A Coronavirus Mask Protection Algorithm is proposed in [52],simulates human protective measures 
against the virus, consisting of three stages: infection, diffusion, and immune phases. A parallel version is 
suggested to handle multiple virus strains, achieving better results in fewer iterations. 
 In 2024, Chu et al. [53] proposed the SRO algorithm, inspired by ship maneuvering and rescue dynamics. 
SRO models have two search strategies—delayed (large-scale) and immediate (focused) to efficiently solve 
optimization problems using ship motion equations for position updates. 
 In 2024, Dou et al. [54]  proposed the Binary Runge Kutta Optimizer (GBRUN) with Gradient Search to 
address high-dimensional feature selection problems. By incorporating S-, V-, and U-shaped transfer functions, 
GBRUN transforms the continuous RUN into a binary version, enhancing exploration and outperforming other 
advanced algorithms in feature selection and classification accuracy.     
 

III. SOCIAL DISTANCING INDUCED CORONAVIRUS OPTIMIZATION 
ALGORITHM (COVO) 

A. Inspiration  
 
One of the most critical challenges of the 21st century is to prevent SARS-CoV-2 and COVID-19 diseases 

[55]. The virus migrated to multiple nations, forcing the World Health Organization (WHO) to designate it as a 
new contagious disease. Coronavirus cases are increasing rapidly as shown in Figure 1. Figure 1 shows the total 
number of COVID-19 cases surpassing 704 million by May 2024, as reported by WHO [56]. The data indicates 
steady growth, with significant increases until mid-2022, followed by a plateau.  Though vaccinations and 
medications are available for COVID-19, identifying the infected patients earlier is essential to treat them 
immediately and prevent the spreading of the virus to others. COVID-19 has a mortality rate that varies from 
country to country between 0.25 and 3.0 per cent [57]. Figure 2 shows a sharp rise in COVID-19 deaths from late 
2020 to 2021, with a slower increase from early 2022. By May 2024, total deaths approach 7.5 million. When 
many members of a community are immune to disease (either by vaccination or spontaneous infection), the 
pathogen cannot spread. This is known as natural immunity. Given that over 60% of the population had recovered 
from the disease (herd immunity threshold), it happened. Natural immunity may influence the course of a 
pandemic by decelerating the transmission of the disease. Herd immunity is among the strategies proposed to 
mitigate the outbreak of COVID-19. This approach aligns with Darwin's concept of "survival of the fittest." 
According to the social distancing theory, COVID-19 cannot be transmitted from person to person if an individual 
has not been in close contact with an infected person (within 1.8 meters). As a result of social distancing, direct 
contact between people is avoided, and the probability of spreading virus-carrying droplets is reduced [58]. The 
government used two strategies to prevent the spread of COVID-19, lockdown in the country and social 
distancing. Susceptible refers to a person who isn't immune to the virus. When a person is infected with COVID-
19, he can be disseminating a case. Consequently, depending on the strength of the person's immune system, he 
could recover (i.e., immune). Generally, the immune system of aged people is weaker than those of young people 
as they are more likely to have various illnesses such as diabetes, cardiovascular disease, or cancer. Hence, a 
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person's age has a significant impact on whether or not they can recover from this disease. The key steps for 
developing the COVO algorithm are as follows. 

 A large population of infected individuals transmits the disease to another substantial group. 
 Most of those infected recover, with only a small number succumbing to the illness. 
 Over time, the majority of the population develops immunity to the disease. 

 
Fig. 1 Total Coronavirus Cases from January 2020 to May 2024 [59] 
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Fig. 2 Total Coronavirus Deaths from January 2020 to May 2024 [59] 
 

The SARS-CoV-2 virus causes COVID-19, which may affect persons of all ages, particularly those with a history 
of medical problems. COVID-19 has a reproductive number (R0) of around 2.5, as per a WHO study [60]. It 
shows that at least every sick individual infects 1 to 3 individuals. COVID-19 is disseminated in two ways: by 
inhaling and through close association. COVID-19 cannot be transmitted by maintaining a physical distance 
between two persons of at least 1.8 meters (6ft).  
Figure 3 shows the impact of social distancing on COVID-19 infection in scenario 1, with social exposure reduced 
by 50%, and in scenario 2, where social exposure was reduced by 75%. 
 
 

 

 
 

Fig. 3 Impact of Social Distancing on COVID-19 Infection; In Scenario 1, Social Exposure Was Reduced 
by 50%, and In Scenario 2, Social Exposure Was Reduced by 75% [1]. 
 
Alternative techniques, like face masks, may reduce viral transmission and the outbreak. According to 

previous studies, social distance is among the most effective methods for reducing COVID-19 
transmission. Social distancing significantly impacts COVID-19 transmission, with a 50% reduction leading to 
meaningful decreases in infection rates and easing healthcare burdens. A more challenging 75% reduction can 
further lower infection rates and help control outbreaks more quickly, underscoring the importance of social 
distancing in managing pandemics. The goal of this technique appears to be to keep everyone in society healthy 
while also rehabilitating and promoting the health and well-being of those infected. After the epidemic, it is 
indeed expected that everyone will be healthy.  
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B. Methodology 
 

A novel Social Distancing Induced Coronavirus Optimization (COVO) algorithm is proposed in this 
research work. It is introduced to reduce the spreading rate of the virus around the globe. The social distancing 
parameter is integrated with the COVO model to reduce or interrupt the transmission of COVID-19 amongst 
the population. 
The COVO algorithm's pseudo-code is shown in Algorithm 1. COVO replicates WHO-recommended methods 
for reducing COVID-19 disease transmission and improving public health. The WHO and various countries 
have implemented a few mitigating strategies in response to COVID-19. These procedures include limiting 
people's movement, avoiding public gatherings with big crowds, wearing plastic screens and face masks in 
public, maintaining personal hygiene, quarantine, and isolation protocols. By keeping a safe distance between 
individuals, the social distancing technique lowers the risk of infection. The COVO attempts to tackle 
optimization constraints by simulating social distance, a one-stop mitigation technique. COVO’s demonstrated 
strengths in both multimodal function optimization and noise removal suggest that it can be a valuable tool for 
a range of optimization problems. Its performance improvements over other algorithms make it a preferable 
choice for applications requiring reliable and efficient optimization solutions. The goal is to find the population's 
fittest and healthiest individual, which correlates to a near-optimal solution for an optimization problem.  

   
Step 1: Initialization of population and parameters  

 
The population pop  is initialized as follows.  

pop=  Nppp ....,, 21  

Here, each solution poppi   in the population is a person and N represents the size of the population. In 

addition, the parameters are initialized as specified in TABLE I. dieP  and rateD  are generated using the random 

chaotic map [61] using Eq. (1) and Eq. (2), respectively.  
 

  )*2sin(.*)2( diediedie PnppabsbPabsP      (1) 

 
  )*2sin(.*)2( rateraterate DnppabsbDabsD       (2) 

 
There is just one person in this group pop who is known as a zero-infected patient (PZ). The first person 
affected is identified by this person. In the event that no prior local minima have been found, PZ should be 
initialized randomly. 

TABLE I COVO PARAMETERS [47] 

Symbol Description Initial Value 
 

rateS  Spreading Rate a random value between 0 to 0.5 
 

rateSS  Super Spreading Rate a random value between 0.5 to 1 
 

travelP  Probability of travel random binary value 0 or 1 
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dieP  Probability of Death 0.43597 
 

rateD  Death Rate 0.13955 
 

distH  
Social distancing 
parameter 

13.77323 
 

T Threshold value 0.5 
 

L Lower bound value -10 
 
 

U Upper bound value 10 
 

  Constant parameter 0.97248 
 
 

t
ijdist  Distance between two 

persons i and j at time 
instant t 

13.77323 

Fit  Fitness Function 21.43888 
 

 

Step 2:  The search vectors ijX
are initialized randomly.   Here njmi ,..2,1;,...,2,1  . Here, m  denotes the 

number of search agents and n  indicates the dimension length.  
 
Step 3: The opposite solutions are generated using the Opposition learning behaviour [62].   
Step 4: Disease propagation 
The valuation of the diverse cases takes place based on the individual.  
(a) Based on the death rate for COVID-19, each infected individual is said to have a dying probability dieP . 

With this dieP , the infected population expires, and the case fatality ratio varies in terms of age, health condition, 

and locality. From these individuals, COVID-19 couldn’t spread to others. 
(b) The live infected persons spread the virus to new individuals (intensification). As per the given probability 

sP (spreader), two sorts of spreading categories are considered: ordinary spreaders and super-spreaders.  

 (i) Ordinary spreaders: New individuals are affected by the infected population based on the regular spreading 
rate rateS . 

 (ii) Super-spreaders: Based on the super-spreading rate rateSS , the new individuals are affected by the infected 

individuals. Once the infected individual becomes a super-spreader, he can share the virus with 15 healthy 
persons.   
(c) To ensure diversification, the super-spreader and ordinary individuals could travel in the search space to 
explore new solutions. The travelling probability travelP  is available among these infected individuals, and using 

this travelP , they transmit the illness and extent it to travellers through different travelling rates rateT . 

 For zero-infected patients (PZ), If travelP =0, the solutions are updated by verifying two criteria. 
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(i) If the social distancing parameter distH
 is lower than the threshold value T (i.e., distH <T ), then update the 

solution using Eq. (3).  
 LULX                         (3) 

Here L  and U are the upper and lower bounds of the solutions. 
(ii) If the social distancing parameter distH

 is greater than the threshold valueT  (i.e., distH >T ), then update the 

solution using Eq. (4). 

  rateSLULX .                  (4) 

Here, distH  the social distancing parameter shows the minimum safe distance between two individuals iX  and

jX .  

The social distancing policy is simulated by this operator. Social distancing is obviously not practiced by 
everyone at all times, but only a percentage of individuals adhere to this rule. As the illness spreads, individuals 
are compelled to become more perceptive and realize how important social distancing is. 










 t
ij

t
ij

t
ij

t
ij

dist distifdist

distifdist
H

ij

                

(5) 

Here, the current distance between two persons at instance t is computed as t
ijdist = t

j
t
i XX   

 For zero infected patients (PZ), if travelP =1, then update the solution using Eq. (6). 

       rateSSLULX .                (6) 

 
Step 5: Fitness Computation 
Calculate each person's fitness Fitusing Eq. (7). The fitness function Fit  is fixed as a minimization of error 
E  and this E includes the 13 benchmark functions 131 ff  . 

 Fit )min(E                                                          (7) 

Step 6: Population updating Based on this dieP , the solution is updated is carried out. 

 If Fit > dieP , then a newly infected patient is identified and updated using Eq. (8). Then, move to Step 7.

  ].[ dieoldoldnew PFitXXX                              (8) 

 If Fit dieP  this patient is said to be dead, newly infected patients are generated by proceeding to Step 2. 

Three different populations (Deaths, Recovered population, and Newly infected population) are considered for 
each generation. 
(a) Deaths- If an infected person expires, they are added to this population but are not considered again.  
(b) Recovered population- The infected individuals who recover are transmitted to the recovered population. 
These recovered individuals may get re-infected with a probability ectedreP inf . The people within this population 

might get affected over any iteration, provided that the re-infection criterion is satisfied. On the other hand, 
the isolated individuals maintaining social distance remain in recovered population if the isolation probability

isolationP  is satisfied.  isolationP  is uncertain as it varies from country to country. After each iteration, the count 

of the infected population rapidly lessens by following various social isolation measures.  
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(c) New infected population- At every iteration, all the individuals affected by the virus are considered. The        
number of repeated new individuals increases with each iteration, so it is recommended to eliminate such 
repeated individuals before proceeding to the next iteration. 
 
Step 7: If newX = oldX ; then the newly infected population cannot infect the new individuals. So, move to the 

termination stage. Otherwise, repeat step 2.  
Termination- The ability of the proposed technique to end without any parameters is one of its most interesting 
features. As the newly affected community has been unable to infect new people, the healed and diseased 
populations have continued to grow over time, creating this situation. For a certain number of repeats, it is 
anticipated that the number of infected individuals would increase. Despite this, since the healthcare 
infrastructure is too large, and the diseased population deteriorates with time, the number of infected people 
will indeed be lower than the current total population at a certain point in time. In addition, the stop criterion 
can be adjusted to provide a specified number of iterations. The social distance idea assists in meeting the 
stopping requirement as well. Social distancing is used to update the population until terminating requirements 
are satisfied. Ultimately, the person with the best fitness will be introduced as the best solution to the situation. 
Figure 4 shows the flowchart for the Social Distancing Induced Coronavirus Optimization (COVO) Algorithm.  
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Algorithm 1: Social Distancing Induced Coronavirus Optimization (COVO) Algorithm 
 
1. Initialize the size of population, population, probability of death, death rate, spreading rate, super spreading 

rate, social distance parameter, probability of travel and maximum iterations. 
2. Initialize the search agents randomly, ....2,1;,...2,1 nimj   
3. Opposite solutions are generated using the opposition learning behavior. 
4. If  travelP =0 

5.        If   distH <T  

6.       Zero infected patient is computed as   

               LULX                    
7.           Else 
8.               Zero infected patient is calculated as 
                        rateSLULX .  

9.           End if 
10.   Else 
11.              Zero infected patient is computed as   
                       rateSSLULX .  

12   End if 
13.  Fitness is computed for all the individuals 
                  Fit )min( E   

14.  If   Fit > dieP  

15.        New infected patient will be   
                  ].[ dieoldoldnew PFitXXX    

16.  Else    
17.  The patient is dead and generate a new infected patient.  
                Proceed to step 2. 
18.  End if  
19.  If  ))max(||)(( iteriterXoldXnew    
20.         The newly infected population cannot infect the new individual. Move to termination stage. 
21.  Else 
            Go to step 2  
22.  End if 

 



Frontiers in Health Informatics 
ISSN-Online: 2676-7104 

2024; Vol 13: Issue 3 

www.healthinformaticsjournal.com 

Open Access 

 

9805  

 

 
Fig. 4 Flowchart of Social Distancing Induced Coronavirus Optimization Algorithm (COVO). 
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TABLE II  COVO INITIAL PARAMETERS VALUES [47] 

Symbol Description COVO Initial Values 

N Population Size 10 

rateS  Spreading Rate 0.3575 

rateSS  Super Spreading Rate 0.80138 

travelP  Probability of travel 0 

dieP  Probability of Death 1 

rateD  Death Rate 0.888557 

distH  
Social distancing parameter 0.87306 

T Threshold value 0.5 

L Lower bound value -100 

U Upper bound value 100 

  Constant parameter 0.41466 

t
ijdist  Distance between two persons at a time 

instant ‘t’ 
0.87306 

Fit  Fitness Function 0.19370 

  
IV. RESULTS AND DISCUSSIONS 

The suggested COVO algorithm is implemented in Python, and 13 typical benchmark functions  131 FF   have 
been used during the experimental investigation to evaluate the algorithm's performance. These benchmark 

functions  131 FF   and their corresponding range are shown in TABLE III. Here  51 FF   are functions 

having unimodal properties. The function 6F  is a step function with one minimum and a discontinuous function. 

7F  is a quartic noise function with uniformly distributed random variables between 0 to 1.  138 FF   are 
multimodal functions, wherein the local minima expand exponentially concerning the dimension of the problem. 

In most of the functions  41 FF   (unimodal)   76 FF   and  119 FF   (multimodal), the COVO Algorithm 
has achieved higher convergence. The proposed model's effectiveness is evaluated by comparing it with several 
existing models using the best, median, worst, standard deviation, and mean square error.  
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TABLE  III STANDARD NUMERICAL BENCHMARK FUNCTIONS AND THEIR RANGE 
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(e)  (f)  

 
 

(g)  (h)  
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(i)  (j)  

  

(k)  (l)  
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(m) 

 
Fig. 5 Convergence Analysis for (a) F1 (b) F2 (c) F3 (d) F4 (e) F5 (f) F6 (g) F7(h) F8 (i) F9 (j) F10 (k) F11 (l) F12 

(m) F13 
 

A. Convergence Analysis  

The convergence analysis has been done for the 13 standard benchmark fitness functions  41 FF  (unimodal) 

 76 FF   and  119 FF   (multimodal). The convergence of the COVO algorithm is compared with EHO [35], 

SSO [40], SSA [44], SFO [42], BOA [41], BWO [43], SMO [32], CVOA [47], SRO [53], and GBRUN [54]  
respectively. The error in fitness value acquired for the 13 standard benchmark functions is shown in Figure 5. It 
has been found that the COVO has performed better than the traditional models in all 13 cases; hence, the COVO 
algorithm is highly convergent. For function 1F , the cost function of COVO is lower than the existing models at 

the higher count of iterations, and this clearly says that the proposed model can be applied for acquiring global 
solutions even for complex optimization problems. The fitness function 2F is lower with COVO, even under 

higher variation in the count of the fitness evaluations. The error in fitness function 13F  is lower than the existing 

models like EHO [35], SSO [40], SSA [44], SFO [42], BOA [41], BWO [43], SMO [32], CVOA [47], SRO [53], 
and GBRUN [54] respectively. The convergence performance of various optimization methods compared to the 
proposed COVO algorithm shows varying levels of effectiveness. EHO achieves a fitness value of 2.99×10−2, 
indicating moderate   convergence, while SSA struggles with a much higher value of 1.80×102. SSO shows a 
fitness value of 4.69×10−4, reflecting reasonable convergence, but still trails behind COVO. SFO demonstrates 
weak convergence with a value of 3.72×101, and BOA achieves a fitness value of 3.83×10−3, which, although 
better, remains less effective than COVO. BWO's fitness value of 1.99 indicates moderate convergence, whereas 
SMO performs poorly with a value 4.36. As the number of fitness evaluations increases, algorithms typically 
refine their search and improve solution quality. COVO’s ability to maintain lower error rates throughout this 
process suggests that it effectively utilizes each evaluation to enhance solution accuracy and avoid degradation in 
performance. Thus, the COVO algorithm is proven to provide a higher convergence speed to the solutions and 
can be applied to different applications.  
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B. Statistical Analysis 

The statistical evaluation has been conducted based on 5 significant aspects: mean, median, best, standard 
deviation, and worst. All these evaluations have been carried out for 13 standard benchmark fitness functions 
 41 FF   (unimodal)  76 FF   and  119 FF   (multimodal). COVO’s mean values for functions like F1 and 

F2 are very low, showing that the algorithm consistently performs well on these benchmarks. However, mean 
values for functions like F5 and F7 are higher,  
which might suggest less effectiveness compared to other functions. The outcomes observed are manifested in 
Table IV. With a fitness function error of 1.23×10−18, COVO demonstrates exceptional precision in its 
optimization capability. In contrast, SMO encounters greater difficulty in optimization tasks, with an error of 
1.04. SSA, with an error of 10.12, also struggles, highlighting its limitations in achieving the same level of 
accuracy as COVO in this scenario. The performance in multimodal function optimization and noise removal 
applications is demonstrated through its low best and median fitness values, consistent mean values, and relatively 
low standard deviation. COVO’s capability to efficiently explore and exploit the search space leads to faster 
convergence on high-quality solutions. This is evident from the algorithm’s superior mean and median fitness 
values, which indicate that COVO consistently finds better solutions more quickly than its competitors. 

TABLE IV STATISTICAL ANALYSIS FOR 13 STANDARD BENCHMARK FUNCTIONS  1F   TO 13F  
 

Fitness F1 F2 F3 F4 F5 F6 F7 F8 F9 F10 F11 F12 F13 

Best 
1.23E-
18 

9.26E-
15 

2.14E-
19 

1.08E-
11 

7.34E-
11 

3.39E-
25 

0.0156
26 

3.83E-
05 

0 
9.89E-
12 

4.93E-
10 

2.50E-
11 

1.35E-
32 

Median 
1.23E-
18 

1.97E-
12 

2.14E-
19 

1.08E-
11 

7.34E-
11 

3.39E-
25 

0.0217
4 

3.83E-
05 

0 
9.89E-
12 

4.93E-
10 

2.50E-
11 

1.35E-
32 

Worst 
3.76031
1 

6.88E-
05 

1.07E-
12 

1.6467
39 

0.1050
48 

0.9667
21 

0.1659
5 

8.05E-
05 

0.0002
39 

3.0956
63 

0.0501
44 

1.22E-
10 

34.016
54 

Mean 
0.00105
1 

1.42E-
07 

1.08E-
16 

0.0005
17 

8.06E-
05 

0.0004
26 

0.0221
97 

3.83E-
05 

7.12E-
08 

0.0023
03 

2.48E-
05 

2.50E-
11 

0.0062
69 

Standard 
deviation  

0.05147
4 

3.00E-
06 

1.07E-
14 

0.0228
34 

0.0024
01 

0.0166
67 

0.0133
64 

4.23E-
07 

3.09E-
06 

0.0724
81 

0.0009
48 

9.76E-
13 

0.3912
16 

C.  Application of Social Distancing Induced COVO for Noise Removal 
 
To portray that the proposed work applies to solving a complex optimization problem, we have validated it with 
a signal noise removal application. Initially, we collected the ECG signals )(tS  and contaminated them with 

Gaussian noise )(tN as )(tY = )(tS * )(tN . The primary assumption behind the Independent Component Analysis 

(ICA) problem is that the source signals are independent during the recording period. The contaminated signal 
)(tY is subjected to ICA for noise removal. In order to reconstruct the original ECG signals )(tS precisely, the 

unmixing matrixW of ICA is optimized using the COVO model. In fact, ICA has been applied to diverse 
applications; the notable one among them is blind source separation. The ECG, which has been infected by 
Gaussian noise with mean=0, standard deviation=1, and variance=1, is presented for de-noising using COVO and 
the fitness function. Back projecting the signal from the demixed version to eliminate noise is made using the 
inverse of the optimized matrix W. The discrepancy between the original and reconstructed ECG is measured 
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using Mean Square Error (MSE). COVO’s robust performance in noise removal tasks is attributed to its ability to 
handle noisy environments effectively. By maintaining a controlled interaction between solutions, COVO reduces 
the impact of noise on the optimization process and achieves cleaner results. 
The residual noise and ECG distortion after the filtering procedure are the primary causes of MSE. The findings 
are shown in Table V, which shows the MSE between the original signal and the reconstructed signal, which was 
accomplished using COVO to remove noise. The MSE has also been used to compare the original and 
contaminated signals. MSEo-r is the MSE between the original and reconstructed ECG signal; MSEo-c is the 
MSE between the original and Gaussian noise-contaminated signal. Results for MSE between the original and 
reconstructed ECG demonstrate that COVO improves the demixing matrix for noise reduction. For a given 
interval, the original ECG, contaminated ECG, and reconstructed ECG are presented in Figure 6. 

 

 

(a)  

 

(b) 
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(c) 

Fig. 6 (a) ECG Original Signal (b) Contaminated ECG Signal 
(Gaussian Noise Implied), (c) Reconstructed Signal 

 

TABLE V MSE ACHIEVED BY SOCIAL DISTANCING INDUCED CORONAVIRUS OPTIMIZATION ALGORITHM 

(COVO) 

 
Sample 
Size MSEo-r MSEo-c 
100 1.584837 0.997821 
101 1.532555 0.99999 
102 0.18787 0.99889 
103 0.18787 0.998061 

D. Computational Time Analysis 

The time metrics indicate the computational time required by each algorithm to solve a set of benchmark 
problems. Lower time values suggest better performance in terms of computational efficiency. TABLE VI 
displays the time analysis of the proposed method. 

TABLE VI  COMPUTATIONAL ANALYSIS 

Methods Time 

EHO 138.7298 

SSA 172.8703 

SSO 135.7377 

SFO 178.9812 

BOA 118.7022 
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BWO 189.507 

SMO 132.1517 

CVOA 152.2195 

SRO 149.6909 

GBRUN 179.3319 

COVO 100.5363 

E. Statistical Test Analysis 

The p-value from the Friedman test indicates the probability of observing the test results under the null hypothesis, 
which states that there are no significant differences between the algorithms. The p-value is above 0.05, suggesting 
that differences in performance between EHO and other algorithms are not statistically significant. Common 
significance levels are 0.05 or 0.01. If a p-value is less than the chosen significance level, it indicates a statistically 
significant difference between algorithms. Table VII and VIII Friedmann and Wilcoxon Test Analysis. 

TABLE VII FRIEDMANN TEST 

Methods P-Value Static Value 

EHO 0.541139 0.181307 

SSA 0.719659 0.218151 

SSO 0.885113 0.219914 

SFO 0.531468 0.461309 

BOA 0.868234 0.297717 

BWO 0.473543 0.186363 

SMO 0.876983 0.193595 

CVOA 0.848633 0.415392 

SRO 0.517019 0.129773 

GBRUN 0.505988 0.546247 

COVO 0.925938 0.104721 
 

The Wilcoxon test results indicate that there are no statistically significant differences in the performance metrics 
of the algorithms tested, as evidenced by the high p-values. This is the lowest p-value among the provided data, 
but it is still above the common significance level of 0.05. While it is closer to being significant, it does not reach 
the threshold to be considered statistically significant 

TABLE VIII WILCOXON TEST 

Methods P-Value 

EHO 0.533832 

SSA 0.820619 

SSO 0.555022 

SFO 0.727104 

BOA 0.7113 
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BWO 0.914671 

SMO 0.309957 

CVOA 0.40239 

SRO 0.27543 

GBRUN 0.241993 

COVO 0.127665 

F. P-Test and T-Test 

Table IX provides the analysis of P-Test and T-Test. Most algorithms have relatively high p-values in the P-Test 
results. For instance, COVO has the highest p-value (0.936619), suggesting that differences in performance 
metrics between COVO and other algorithms are not significant. Higher T-Test values indicate a larger difference 
between the means, while lower values suggest smaller differences. 

TABLE IX ANALYSIS OF P-TEST AND T-TEST 

Methods P-Test T-Test 

EHO 0.865013 1.099513 

SSA 0.707142 0.218535 

SSO 0.758872 1.77396 

SFO 0.676652 0.595475 

BOA 0.466157 1.118362 

BWO 0.873233 0.334699 

SMO 0.667658 1.116085 

CVOA 0.738324 1.371728 

SRO 0.776605 0.357432 

GBRUN 0.530314 1.476108 

COVO 0.936619 0.104813 
 

V. CONCLUSION 
In this paper, a unique nature-inspired metaheuristic optimization technique for global optimization problems, 
called the Social Distancing Induced Coronavirus Optimization Algorithm (COVO), is described. The COVO 
algorithm uses a social distance strategy to try to stop the COVID-19 pandemic from spreading. This study uses 
13 benchmark functions to evaluate the proposed COVO with eight cutting-edge metaheuristic approaches. 
Additionally, the three real-world engineering challenges from IEEE-CEC 2011 are used to validate the obtained 
optimization. In fact, the outcomes demonstrate that the COVO model works well and will be widely used in the 
ensuing decades to address a wide range of real-world issues. In addition, with the parameter-free COVO model, 
parameters self-improve in the future. Moreover, versions that are binary, discrete, and multi-objective are taken 
into consideration for further investigation. 
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