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Abstract: As the COVID-19 pandemic has caused enormous damage to society, economy and public health 
security, it is crucial to combat the epidemic and allocate social and health resources effectively. Global 
optimization algorithms are extensively used in many domains to find optimal solutions to complex problems. 
Thus, a survey of three typical global optimizations applied on the COVID-19 pandemic is timely. This article 
is structured into three typical global optimization algorithms - Genetic Algorithm, Particle Swarm 
Optimization, and Cat Swarm Optimization - and summarizes the framework models and practical 
applications, as well as other optimization methods that may be applied to COVID-19. Finally, current 
unresolved challenges and future research opportunities to be explored are summarized. 
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Introduction of COVID-19 

COVID-19, short for "Coronavirus Disease 2019," is a highly contagious viral illness caused by 
the severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) [1]. It was first identified in 
December 2019 in the city of Wuhan, Hubei province, China, and has since evolved into a global 
pandemic [2]. COVID-19 primarily spreads through respiratory droplets when an infected person 
coughs, sneezes, or talks, making it easily transmissible from person to person. The symptoms of 
COVID-19 can vary widely but commonly include fever, cough, shortness of breath, fatigue, and loss 
of taste or smell. However, there are some individuals which carry the virus remain asymptomatic 
[3]. However, others can develop severe respiratory problems, leading to pneumonia and potentially 
life-threatening complications, particularly in older adults and individuals with underlying health 
conditions [4]. 

To combat the spread of COVID-19, public health measures such as mask-wearing, social 
distancing, and frequent handwashing have been recommended. Widespread lockdowns and travel 
restrictions were also implemented in many countries to reduce transmission rates [5]. Vaccines have 
played a crucial role in the fight against the virus, with multiple vaccines developed and distributed 
globally to protect against severe illness and reduce transmission [6]. The COVID-19 pandemic has 
had profound societal, economic, and public health impacts. It has overwhelmed healthcare systems, 
caused significant loss of life, and disrupted daily life worldwide [7]. Efforts to control the pandemic 
have also highlighted the importance of global collaboration and the need for preparedness in the 
face of future infectious disease threats [8]. As the situation continues to evolve, ongoing research, 
vaccination campaigns, and public health interventions remain critical in managing and ultimately 
ending the pandemic. 

The remaining paper is organized as follow: Section 2 presents an overview of the methodology 
of Global Optimization. Sections 3, 4, and 5 detail the application of Genetic Algorithms, Particle 
Swarm Optimization and Cat Swarm Optimization to the COVID-19 epidemic. In Section 6, we also 
show others global optimization algorithms. Finally, we summarised the current challenges 
encountered by global optimization in addressing the COVID-19 pandemic in Section 7. Section 8 
concludes and looks to the future of global optimization applied in the COVID-19. 
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Introduction of Global Optimization 

Global optimization is a mathematical and computational approach aimed at finding the best 
possible solution or outcome in a given problem across the entire feasible solution space. The global 
optimization method is particularly useful when dealing with complex problems with multiple 
variables and constraints, where the goal is to identify the global optimum, which represents the 
absolute best solution, rather than merely a local or suboptimal solution [9]. 

 

Figure 1. Flowchart of Genetic Algorithm. 

In global optimization, the objective is to minimize or maximize an objective function while 
satisfying all specified constraints [10]. Figure 1 illustrates how global optimization seeks an optimal 
solution by iteratively updating the target population on the entire feasible solution space. Global 
optimization can apply to a wide range of fields and industries, including engineering, finance, 
machine learning, and scientific research, where finding the best solution can have significant real-
world implications [11]. Examples of global optimization problems include finding the most efficient 
design of a complex structure, optimizing investment portfolios, or discovering the best set of 
parameters for a machine learning model [12]. 

One of the main challenges in global optimization is that the objective function may be non-
convex, meaning it contains multiple local minima and maxima [13]. Traditional optimization 
methods, like gradient descent, can get stuck in these local optima and fail to reach the global 
optimum [14]. To address the issue, global optimization algorithms are designed to explore the entire 
solution space systematically, often using probabilistic or heuristic techniques to escape local optima 
and converge towards the global solution [15]. 

Several global optimization techniques exist, such as genetic algorithms, simulated annealing, 
particle swarm optimization, and Bayesian optimization [16]. These methods employ various 
strategies to balance exploration (searching different regions of the solution space) and exploitation 
(refining the current best solution) to efficiently find the global optimum. Global optimization is a 
crucial tool in various fields where finding the absolute best solution is essential for improving 
processes, making informed decisions, and solving complex problems efficiently [17]. 
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Genetic Algorithm for COVID-19 

Genetic algorithms (GAs) have been used in various ways to aid in the fight against COVID-19 
[18]. While GAs are not a direct treatment or cure for the virus, they are a powerful computational 
tool that can assist in several aspects of pandemic management and research. 

We define the operation of crossover, mutation, and selection on all individuals in a population 
as SGA. The following equation is a formal representation of the genetic algorithm: 

𝑆𝑆𝑆𝑆𝑆𝑆 = (𝐶𝐶,𝐸𝐸,𝑃𝑃0,𝑀𝑀,∅, Γ,𝜓𝜓,𝑇𝑇)  (1) 

where 
𝐶𝐶: individual’s coding mode 
𝐸𝐸: individual’s fitness function 
𝑃𝑃0: initial population 
𝑀𝑀: the size of the population 
𝜙𝜙: selection operator 
Γ: crossover operator  
𝜓𝜓: mutation operator 
𝑇𝑇: genetic algorithm termination conditions 

 

Figure 2. Flowchart of genetic algorithm applied to develop COVID-19 vaccine. 

Genetic algorithms can be applied to vaccine development by optimizing the selection of 
antigens or epitopes for vaccine candidates [19][20]. Figure 2 depicts the application of the genetic 
algorithms to screening epitopes for COVID-19 vaccine. GAs can explore a vast space of possible 
combinations to identify the most immunogenic and effective components for a COVID-19 vaccine. 
GAs accelerates the vaccine development process by narrowing down potential candidates and 
optimizing their effectiveness. 
GAs can assist in drug discovery by optimizing the molecular structures of potential antiviral 
compounds [21]. Researchers use GAs to explore and evolve chemical structures that have a higher 
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probability of inhibiting the virus's replication or reducing its virulence. The approach can lead to the 
discovery of novel therapeutic agents to treat COVID-19. 

Genetic algorithms can be employed in epidemiological models to optimize parameters and 
predict disease spread more accurately [22]. By fine-tuning model parameters through GA-based 
optimization, researchers can develop more reliable models to guide public health interventions, such 
as social distancing measures or vaccination strategies. 

During the pandemic, optimizing the allocation of healthcare resources, such as ventilators, 
hospital beds, and medical personnel, has been crucial. Genetic algorithms can help in optimizing 
resource allocation by considering factors such as demand, capacity constraints, and geographical 
distribution, ensuring that resources are allocated efficiently and effectively [23]. 

GAs can assist in optimizing contact tracing efforts by identifying high-risk individuals or 
locations in disease transmission networks [24]. By analysing contact data and evolving network 
structures through genetic algorithms, public health authorities can prioritize contact tracing efforts 
where they are most likely to be effective in controlling the virus's spread. 

Particle Swarm Optimization for COVID-19 

Particle Swarm Optimization (PSO) is a computational optimization technique inspired by the 
social behavior of birds and fish [25]. While PSO itself is not a direct solution for addressing COVID-
19, it can be applied in several ways to assist in managing the pandemic more effectively [26]: 
At each iteration 𝑡𝑡 , the 𝑖𝑖 th particle is represented by a vector 𝑥𝑥𝑖𝑖𝑡𝑡 in multidimensional space to 
characterize its position. The vector 𝑣𝑣𝑖𝑖𝑡𝑡is used to characterize its velocity. Suppose that each particle 
has two attributes, we define the velocity attribute as 𝑉𝑉𝑖𝑖𝑡𝑡 = (𝑣𝑣𝑖𝑖,1𝑡𝑡 , 𝑣𝑣𝑖𝑖,2𝑡𝑡 , … , 𝑣𝑣𝑖𝑖,𝐷𝐷𝑡𝑡 ),the position attribute as 
𝑋𝑋𝑖𝑖𝑡𝑡 = (𝑥𝑥𝑖𝑖,1𝑡𝑡 , 𝑥𝑥𝑖𝑖,2𝑡𝑡 , … , 𝑥𝑥𝑖𝑖,𝐷𝐷𝑡𝑡 ).The following equation represents the update of particle velocity in the particle 
swarm algorithm: 

 𝑉𝑉𝑖𝑖,𝑑𝑑𝑡𝑡+1 = 𝑊𝑊𝑣𝑣𝑖𝑖,𝑑𝑑𝑡𝑡 + 𝑟𝑟1𝐶𝐶1�𝑃𝑃𝑖𝑖,𝑑𝑑𝑡𝑡 − 𝑋𝑋𝑖𝑖,𝑑𝑑𝑡𝑡 � + 𝑟𝑟2𝐶𝐶2�𝐺𝐺𝑖𝑖,𝑑𝑑𝑡𝑡 − 𝑋𝑋𝑖𝑖,𝑑𝑑𝑡𝑡 �, (2) 

where 
𝐶𝐶1: the cognitive parameter 
𝐶𝐶2: the social parameter 
𝑊𝑊: inertia factor 
D: spatial dimensions of problem 
𝑟𝑟1, 𝑟𝑟2: uniformly distributed random numbers in [0, 1] 
There is a threshold for every velocity vector, and we define the maximum of velocity as MaxV. 

The following equation represents the update of particle position in the particle swarm algorithm: 

 𝑋𝑋𝑖𝑖,𝑑𝑑𝑡𝑡+1 = 𝑥𝑥𝑖𝑖,𝑑𝑑𝑡𝑡 + 𝑣𝑣𝑖𝑖,𝑑𝑑𝑡𝑡+1. (3) 

PSO can be used to optimize the molecular structures of potential antiviral compounds [27]. By 
simulating particles representing chemical structures and evolving them through iterations, PSO 
helps identify promising drug candidates for COVID-19 treatment. The approach accelerates the 
drug discovery process by systematically exploring the chemical space to find compounds with 
higher efficacy and lower toxicity. 

Similar to drug discovery, PSO can assist in the selection of antigen sequences for COVID-19 
vaccines [28]. Figure 3 depicts the application of particle swarm optimization to selecting antigens 
or epitopes for the COVID-19 vaccine. It can optimize the choice of epitopes or antigens to create a 
vaccine with a strong immune response. PSO-based algorithms can search through the vast space of 
possible antigen combinations to design vaccines that are more effective in inducing immunity 
against the virus. 
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Figure 3. Flowchart of particle swarm algorithm applied to develop COVID-19 vaccine. 

PSO can enhance epidemiological models used to predict disease spread and inform public 
health interventions [29]. By fine-tuning model parameters, such as transmission rates or population 
mobility patterns, through PSO optimization, researchers can create more accurate and reliable 
models. PSO helps authorities make informed decisions about interventions like social distancing, 
mask mandates, and vaccination campaigns. 

PSO can assist in optimizing the allocation of healthcare resources during the pandemic [30]. It 
can be used to determine the most efficient distribution of resources, such as ventilators, hospital 
beds, and medical staff, to areas with the highest demand. PSO ensures that limited resources are 
utilized optimally, especially in regions facing surges in COVID-19 cases. 

PSO can aid in optimizing contact tracing efforts and predicting the spread of the virus [31]. By 
evolving contact network structures through PSO, public health agencies can identify key individuals 
or locations that contribute significantly to transmission. This information helps prioritize contact 
tracing and control measures in areas where they can have the greatest impact. 

Cat Swarm Optimization for COVID-19 

Cat Swarm Optimization (CSO) is a nature-inspired optimization algorithm based on the social 
behaviors of cats [32], which can be applied to assist in addressing various aspects of the COVID-19 
pandemic[33]. 

The CSO algorithm consists of two modes, the tracking mode and the finding mode. Each "cat" 
represents a solution set with its own location, fitness value, and flag. Seeking mode contains four 
fundamental parameters: seeking memory pool (SMP), seeking range of the selected dimension 
(SRD), counts of dimension to change (CDC), and self-position considering (SPC). The SMP specifies 
the size of the cat's search memory, equal to the number of candidate locations. The cat will choose 
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to go to one of locations. CDC defines the number of dimensions ranged in [0, 1]. SRD defines the 
amount of mutation and modifications for those dimensions that were selected by the CDC. SPC is a 
boolean value that specifies whether to use the current position of the cat as a candidate position for 
the next iteration. Tracing Mode replicates the tracking behavior of the cat. In the first iteration, all 
dimensions of the cat's position are random velocity values. However, in later steps, the velocity 
values need to be updated. Figure 4 describes the process of cat swarm optimization in detail. 

 

Figure 4. Flowchart of cat swarm algorithm. 

CSO can play a role in optimizing the molecular structures of potential antiviral drugs [34]. By 
simulating a swarm of "cat" agents exploring the chemical space, CSO can identify promising 
compounds for COVID-19 treatment. It helps researchers find drug candidates that are more likely 
to inhibit the virus's replication or reduce its virulence, thus expediting the drug discovery process. 

Similar to drug discovery, CSO can aid in the selection of antigen sequences for COVID-19 
vaccines. It optimizes the choice of epitopes or antigens to create a vaccine that triggers a robust 
immune response [35]. CSO-based algorithms systematically search through antigen combinations 
to design vaccines that are more effective at inducing immunity against the virus. CSO can enhance 
epidemiological models used to predict disease spread and inform public health interventions [36]. 
By optimizing model parameters (e.g., transmission rates, contact patterns) through CSO, researchers 
can create more accurate and reliable models. Meanwhile, CSO can help authorities make data-driven 
decisions about interventions like social distancing, mask mandates, and vaccination strategies. 

CSO can assist in optimizing the allocation of healthcare resources during the pandemic [37]. It 
can determine the most efficient distribution of resources, such as ventilators, hospital beds, and 
medical personnel, to areas with the highest need. CSO ensures that limited resources are utilized 
optimally, especially in regions facing surges in COVID-19 cases. 

CSO can aid in optimizing contact tracing efforts and predicting the spread of the virus [38]. By 
evolving contact network structures through CSO, public health agencies can identify key 
individuals or locations that significantly contribute to transmission. The information helps prioritize 
contact tracing and control measures in areas where they can have the greatest impact. 
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Other Optimizations Tools 

From Table 1, we list and describe briefly some optimization tools that can be applied in the 
COVID-19 epidemic. 

Differential Evolution (DE): Differential Evolution is a population-based optimization algorithm 
that employs a strategy of evolving potential solutions through mutation, recombination, and 
selection. It is particularly effective in solving continuous optimization problems [39]. 

Tabu Search (TS): Tabu Search is a metaheuristic optimization method that utilizes a memory 
structure to keep track of previously visited solutions [40]. It prevents revisiting the same solutions 
and employs diverse search strategies to explore the solution space efficiently. 

Harmony Search (HS): Harmony Search is inspired by the process of musicians improvising to 
find pleasing melodies. It generates candidate solutions through a process of improvisation, harmony 
memory, and pitch adjustment, making it suitable for various optimization problems [41]. 

Ant Colony Optimization (ACO): ACO is inspired by the foraging behavior of ants. It uses a 
population of artificial ants to explore solution spaces, with pheromone trails guiding their search. 
ACO is commonly used for combinatorial optimization problems [42]. 

Genetic Programming (GP): Genetic Programming is an extension of Genetic Algorithms that 
evolves computer programs or mathematical expressions to optimize a specific objective function 
[43]. It is useful for symbolic regression, automated code generation, and evolving control strategies. 

Firefly Algorithm (FA): The Firefly Algorithm is based on the flashing behavior of fireflies. 
Fireflies adjust their flashing patterns to find mates, which is mimicked in the optimization algorithm 
to find optimal solutions in multi-objective optimization problems [44]. 

Memory-based Genetic Algorithms (MGA): MGA is an optimization technique that makes use 
of a memory to improve the intensification capability of GA. MGA tries to improve the search 
capability of GA by enhancing the reinforcement and expanding the local and global search [45]. 

Table 1. Summary of other optimization tools. 

Optimizations Tool Abbreviation Time Description 

Genetic algorithms GAs 1975 A search algorithm based on natural selection and 
genetics conjectures. 

Particle Swarm Optimization PSO 1995 
An algorithm based on the social behavior of 
birds. 

Cat Swarm Optimization CSO 2006 
A nature-inspired optimization algorithm based 
on the social behaviors of cats. 

Differential Evolution DE 1995 
It uses the difference between randomly sampled 
pairs of object vectors to guide the mutation 
process. 

Tabu Search TS 1986 
An optimization algorithm that simulates human 
intelligence 

Harmony Search HS 2001 
Music-based meta-heuristic optimization 
algorithms 

Ant Colony Optimization ACO 1991 Swarm intelligence algorithms inspired by the 
behavior of ants foraging in nature 

Genetic Programming GP 1992 A type of evolutionary algorithm inheriting the 
idea of genetic algorithms 

Firefly Algorithm FA 2009 
An algorithm primarily simulates the behavior of 
fireflies that are attracted to each other based on 
the brightness of individuals 

Memory-based Genetic 
Algorithms 

MGA 2017 An optimization algorithm optimally shares the 
power generation task among a number of DERs. 
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Challenges 

 

Figure 5. The challenge of global optimization for addressing the COVID-19 pandemic. 

Global optimization for addressing the COVID-19 pandemic presents several challenges due to 
the complexity and urgency of the situation [46]. Figure 5 includes some of the key challenges: 

High-Dimensional Solution Spaces: Many COVID-19-related optimization problems involve a 
high number of variables and parameters, such as in drug discovery or vaccine design [47]. The sheer 
dimensionality of these solution spaces can make optimization computationally demanding and 
time-consuming. 

Non-Convexity: The objective functions in COVID-19 optimization problems are often non-
convex, meaning they have multiple local optima [48]. Traditional optimization methods can struggle 
to find the global optimum in such cases, leading to the risk of settling for suboptimal solutions. 

Limited Data and Uncertainty: In the early stages of the pandemic, data on the virus and its 
effects were limited and continuously evolving. The uncertainty introduced by the limited data can 
make it challenging to build accurate models and formulate optimization problems with precise 
parameters [49]. 

Rapidly Changing Conditions: The COVID-19 situation has been highly dynamic, with changing 
infection rates, new variants, and evolving public health guidelines. Optimization solutions need to 
be adaptable to these changing conditions. 

Ethical Considerations: In vaccine distribution and resource allocation, ethical considerations 
play a significant role [50]. Decisions must balance optimization objectives with principles like 
fairness, equity, and social justice. 

Discussion and Conclusion 

Global optimization techniques have played a crucial role in addressing various aspects of the 
COVID-19 pandemic, ranging from drug discovery and vaccine design to epidemiological modeling 
and resource allocation. As researchers continue to explore the application of optimization in the 
context of COVID-19, several conclusions and avenues for future studies have emerged: 

Effective Tools for Complex Problems: Global optimization algorithms like Genetic Algorithms, 
Particle Swarm Optimization, and others have demonstrated their effectiveness in tackling complex, 
high-dimensional problems related to COVID-19. These methods can expedite the development of 
treatments and vaccines, optimize resource allocation, and enhance epidemiological modelling [51]. 
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Interdisciplinary Collaboration: The success of global optimization in pandemic management 
underscores the importance of interdisciplinary collaboration. Future studies should encourage 
collaboration between optimization experts, epidemiologists, biologists, medical professionals, and 
policymakers to ensure that optimization techniques are effectively integrated into real-world 
decision-making processes [52]. 

Data-Driven Approaches: The availability of data is crucial for effective global optimization. 
Future research should focus on improving data collection, sharing, and analysis to support 
optimization efforts [53]. The process of Data-Driven Approaches includes the development of real-
time data sources, data privacy solutions, and data-driven models. 

Adaptability and Resilience: COVID-19 has demonstrated the need for optimization solutions 
that are adaptable and resilient to rapidly changing conditions. Future studies should explore how 
optimization algorithms can be designed to accommodate evolving parameters, emerging variants, 
and dynamic public health guidelines. 

Ethical Considerations: As optimization techniques are applied to critical decision-making 
processes, future research should address the ethical considerations surrounding resource allocation, 
vaccine distribution, and public health interventions [54]. Studies should explore approaches that 
balance optimization objectives with fairness, equity, and social justice. 

In conclusion, global optimization techniques have proven to be valuable tools in the fight 
against COVID-19. Future studies should continue to advance these methods, address challenges, 
and explore innovative ways to integrate optimization into pandemic response strategies. By doing 
so, researchers can contribute to more effective decision-making processes and improved public 
health outcomes during pandemics. 

Data availability statement: Data sharing is not applicable to this article as no datasets were 
generated or analyzed during the current study. 
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