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Abstract
This paper investigates the use of metaheuristics as computational tools for managing epidemic
logistics. Epidemics pose severe risks to world health, necessitating coordinated, effective, and
prompt response plans. Effective logistics management is a critical component of this, requiring,
among other things, timely distribution of vaccinations and the efficient deployment of workers and
resources. Such logistical difficulties are frequently dynamic and complex, demanding more
sophisticated computational techniques.
The complex logistic optimization problems are addressed by metaheuristics, which offer higher-
level problem-solving techniques. The Multi-Depot Vehicle Routing Problem (MD- VRP), a
common metaheuristic, and its solution in the context of epidemic logistics are the specific topic of
this paper. The objective of MDVRP, which is categorized as an NP-Hard issue, is to efficiently
distribute supplies from many depots to numerous demand nodes (hospitals, clinics). Due to this
problem’s complexity, time-sensitivity, scalability concerns, and dynamic and uncertain situations,
traditional methods frequently fail to solve it effectively.
However, the genetic algorithm can potentially improve the MDVRP inside epidemic logis- tics,
delivering effective and adaptable solutions in a fair amount of time. This work advances knowledge
of the function of metaheuristics in improving epidemic response logistics through a thorough
literature analysis, potential applications discussion, and case study illustration. We acknowledge the
necessity for additional study in customizing these algorithms considering the many uncertainties and
dynamic aspects in the real-world application as we come to a close.
Keywords: Metaheuristic Algorithms, Epidemic Response, Logistics Management, Resource Al-
location, Vaccine Distribution, Patient Transportation, Genetic Algorithms, Simulated Annealing.

1 Introduction
Epidemics significantly threaten global health, and managing their calls for compelling, quick, and
coordinated responses (1)(2). Effective logistics management is essential to reducing these crises by
ensuring resources are allocated, personnel are deployed, vaccines are distributed, and quarantine
measures are enforced effectively (3).
The logistics management of epidemic scenarios is essential but also complicated and dynamic(4)
The necessity for more sophisticated computational tools and methodologies is highlighted by
the fact that traditional methods frequently prove insufficient or ineffective in handling the varied
data created during such crises (5).
One such sophisticated computational tool uses metaheuristics, high-level problem-solving methods.
Metaheuristics, designed to uncover, develop, or select heuristics, offer a potent solution to
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challenging optimization issues (6). Numerous logistics and supply chain issues, such as vehicle
routing (7) , inventory management (8), and warehouse management (9), have been the subject of
their extensive use.
According to a recent study, Metaheuristics may have a specific place in the context of epidemic
response. For example, genetic algorithms have demonstrated the potential to improve resource
distribution during epidemics (10). Another area where metaheuristics, notably ant colony op-
timization, have shown superior efficiency than conventional approaches is vaccine distribution,
characterized by fluctuating demand, unknown delivery timings, and complex routing.
Metaheuristics’ use in the transfer of patients during epidemics is still a developing study field.
According to preliminary research, simulated annealing can effectively address patient
transportation issues by streamlining schedules and routes to guarantee timely patient transport. (11).
Despite these encouraging developments, the use of metaheuristics in epidemic response logis- tics is
still in its infancy, demanding additional research and analysis. To go deeper into this topic, this
study will examine the possible uses and contributions of several metaheuristic methodologies in
improving the logistical chain in epidemic reactions.

2 The Role ofMetaheuristic Algorithms in Epidemic Logistics
When traditional methods may not be appropriate or effective, metaheuristics are approximative
algorithms or heuristics used to find answers to complicated optimization issues. Among the well-
liked metaheuristic methods are simulated annealing, tabu search, genetic algorithms, and ant colony
optimization. These methods have been applied in various fields, from operations research to
machine learning, to discover ideal or nearly ideal answers to challenging situations.
2.1 Application in Epidemic Logistics
In the context of epidemic logistics, metaheuristic techniques can optimize various operational
components, such as resource allocation, vaccine distribution, and patient transportation. These
methods allow the modelling of complex and uncertain scenarios, offering an efficient mechanism
for optimizing decisions based on multiple objectives and constraints.
2.1.1 Resource Allocation
The distribution of resources is a crucial component in epidemic response. Here, using a variety of
constraints, including resource availability, demand, geographic dispersion, and urgency, meta-
heuristics can be used to optimize the allocation of available resources, such as medical equipment
and personnel.
2.1.2 Vaccine Distribution
To ensure the most effective administration of vaccines, metaheuristic techniques can be used to
optimize distribution schedules and routes. Additionally, these techniques can provide an ideal
distribution plan by considering the various transportation possibilities, population needs, and
vaccine storage specifications.
2.1.3 Patient Transportation
Another area where metaheuristics can be used is in the transportation of patients, whether it be
from their homes to hospitals or between different healthcare facilities. By considering the capacity of
vehicles, hospitals, and patient conditions, metaheuristic algorithms can help formulate optimal
routing plans that minimize travel time and maximize patient care.

3 Case Study: Solving Multi-Depot Vehicle Routing Problem (MD- VRP) with Genetic
Algorithm in Epidemic Logistics
The multi-depot vehicle routing problem (MDVRP) is a difficult logistical issue frequently arising
when responding to epidemics. It entails efficiently routing a fleet of vehicles operating out of
numerous depots to satisfy diverse demand nodes. The MDVRP distributes medical supplies to
several hospitals, clinics, and other healthcare facilities during an epidemic from various storage
facilities.
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3.1 ProblemFormulation
The problem can be defined as follows:
• A set of depots, each with its fleet of vehicles, is given.
• A set of demand nodes (e.g., hospitals) with known demand for medical supplies is also given.
• The travel time and distance between any two locations (depot or demand node) are known.
• The goal is to determine the routes for the vehicles in a way that all demand nodes are served, the
constraints of vehicle capacity and travel time are not violated, and the total travel time (or distance)
is minimized.
3.2 MathematicalModel forMDVRP
The mathematical model for the Multi-Depot Vehicle Routing Problem (MDVRP) is defined as
follows:
Let us assume we have m depots and n customers. The problem can be represented as a complete
directed graph G = (V, A), where V = {0, 1, ..., m + n} is the set of nodes and A = {(i, j) : i, j ∈
V, i ̸= j} is the set of arcs. The nodes 1, ..., m represent the depots and nodes m+ 1, ...,m + n represent
the customers. Node 0 is a dummy node representing the depot from
which all vehicles start and finish their routes.
Each arc (i, j)∈ A has an associated nonnegative cost cij, representing the transportation cost from
node i to node j. Each depot i has an associated vehicle capacity Qi, and each customer j has an
associated demand dj.
TheMDVRP can be defined by the following mathematical programming formulation:

Minimize:
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The objective function minimizes the total transportation cost. Constraint (1) ensures that each
customer is served by exactly one vehicle. Constraint (2) ensures that the demand of each customer
served by a vehicle does not exceed the capacity of the depot that the vehicle originates from.
Constraint (3) ensures that each vehicle that leaves a depot must return to that depot. Finally,
constraint (4) is the binary restriction on the decision variable xij, which equals 1 if arc (i, j) is used
by a vehicle and 0 otherwise.

4 The Solution Procedures
When used to address complicated routing issues like the Multi-Depot Vehicle Routing Problem
(MDVRP), traditional approaches like linear programming, integer programming, or dynamic pro-
gramming run into substantial challenges because of how unpredictable and dynamic epidemic
logistics are, exact solutions are computationally infeasible for large-scale epidemic logistics sce-
narios involving hundreds or thousands of demand nodes and several depots because the MDVRP,
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which is categorized as an NP-Hard issue, grows in computational complexity exponentially with
the problem size(12). The unstable demand swings, potential obstacles, and frequent vehicle
failures in epidemic settings are challenging to manage using traditional systems, which often pre-
sumptively presume steady and predictable conditions. Additionally, because these techniques are
typically sluggish to compute optimal solutions for big, complicated problems, they frequently fail in
time-sensitive circumstances that call for quick decision-making.
In contrast, metaheuristics like Genetic Algorithms (GAs) provide the necessary flexibility and
effectiveness to address these problems. Even for complicated and large-scale problems, GAs are
built to successfully explore a broad solution space and deliver solid solutions quickly. They are an
excellent option for maximizing logistical operations during epidemics since they are naturally
adaptable and can handle dynamic and variable settings. Thus, using metaheuristics like GA to
improve the logistics chain in epidemic responses offers a novel and effective computational tool.
4.1 AGenetic AlgorithmApproach for Epidemic Logistics Optimization
AGenetic Algorithm (GA) can be used to solve this problem as follows:
1. Start the Journey: Kick off by generating an initial population of P feasible solutions randomly.
Imagine each solution, or individual, as a chromosome, which could be a sequence of customer visits
for each vehicle.
2.Assess the Fitness: Next, calculate the fitness of each individual in the population. This is
typically the objective function value of the corresponding solution (in this case, the total travel
time or distance).
3.Choose the Fit: Now, select individuals to reproduce based on their fitness. The fitter
individuals have a higher chance of being picked.
4.Cross Over: Apply a crossover operator to the selected individuals to create offspring. This
operator combines parts of two solutions.
5.Make a Mutation: Then, apply a mutation operator to the offspring to introduce variability. This
operator randomly alters parts of a solution.
6.Replace: Replace some individuals in the population with the newly created offspring.
7.Check for Endgame: If a stopping criterion is met (like a maximum number of generations or a
satisfactory fitness level), then stop and return the best solution found. Otherwise, circle back to step
2.

5 Algorithm andAnalysis of result
In the case study, the Genetic Algorithm (GA) was used to tackle the complex problem of Multi-
Depot Vehicle Routing (MDVRP) in the setting of epidemic logistics. The algorithms code
incorporating above parameter was executed on MATLAB version R2022b and ran on a 12th Gen
Intel Core i7-12700H 2.30 GHz system, which is a powerful processor capable of efficiently
handling the MATLAB code.
Instance P01 is taken into consideration for the study. The P01 instance consists of 20 different
cities (represented numerically from 1 to 20) from around India serving as demand nodes, and five
randomly chosen towns in India serving as depots (identified by the letters A through E) are
studied. Within vehicle capacity and trip time limitations, these depots are responsible for
distributing vital medical resources to meet the demands of the epidemic in the respective demand
nodes. The main objective is to reduce the overall journey distance or time. Two distinct scenarios
have been contemplated:
Case 1: No Restrictions on Depot Assignment In the first case, we explore a situation where
there are no restrictions on how depots can be assigned to demand nodes. According to the genetic
algorithm’s determined best path, any depot can satisfy any demand node (GA). In this scenario,
any of the depots of the logistics company may flexibly supply the customer.
Case 2: Mandatory Assignment of Minimum Customers Per Depot In the second case, there is
a requirement that each depot serve a minimum of three clients. The GA must choose the best route
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and guarantee that each depot can serve at least three Demand nodes. This simulates the constraints
that logistics companies face in the real world, where they must service a set number of clients from
each depot, and it evaluates how well the algorithm handles route optimization and distribution
limits.
Two distinct scenarios—Case 1 (no constraints on depot assignments) and Case 2 (each depot must
service at least three customers)—are examined and compared in the table that is shown.
Case 1 gives the Genetic Algorithm (GA) complete freedom to assign demand nodes to the depots.
With this freedom, routes can be optimized for both time and distance, resulting in a total journey
distance of 8451 km and a time commitment of 169 hours. Here it should be noted Depot E is not
assigned to any of the demand nodes. The time is calculated by assuming average speed of vehicle
is 50 km/hr.
Case 2 introduces an extra requirement: each depot must service at least three Demand nodes. The
GA’s routing choices are altered by this limitation, forcing each depot to serve some nodes even
Table 1: Instance P01: 20 random cities of India is taken as demand nodes and 5 random cities of
India as depots

Instance Route Distance
(in km)

Time (in
Hours)

Case 1
A -20 - 8 - 12 - A

8451 169B - 13 - 2 - 17 - 14 - 11 - 6 - 16 - B
C - 15 - 1 - 7 - 4 - 3 - C
D - 18 - 19 - 5 - 10 - 9 - D

Case 2
A-20-8-12-A

10248 204B-13-2-17-14-11-6-16-B
C- 1-15-9-C
D-18-19-5-10-D
E-4 - 3- 7 -E

if they are not conveniently close by. Due to the required demand coverage from each depot, this
increases the total journey distance—now totaling 10248 km—and time—now taking 204 hours.
Its applicability and relevance in real-world settings must be considered despite the elevation of
distance and time in Case 2. Frequently, it’s crucial to guarantee that each depot or distribution
facility can serve a certain number of consumers. Several variables may be responsible for this
requirement, including legal requirements, equitable resource allocation, or the need to achieve
balance in the load handled by each depot.
The disparity between Cases 1 and 2 highlights the GA’s adaptability to various limits and its
expertise in developing workable solutions in different logistical situations. This highlights the
value and versatility of metaheuristic algorithms like GA in handling complex issues.
The illustration of the routing assignment in case 1 is shown in Figure 1.
The placement of the depots and demand nodes is shown in Figure 1(a), which provides a precise
spatial representation of the problem scenario. Recognizing the intricacy of the issue requires
understanding the physical geography of the depots and demand nodes, as their dispersed locations
suggest potential routing difficulties.
The path allocation is displayed in Figure 1(b). The path allocation shows how the routes are
created between depots and demand nodes visually. It is significant since it shows how well the
algorithm generates the best routes.
Distance is plotted in Figure 1(c) against iteration and in Figure 1(d) time against iteration. These
graphs illustrate the algorithm’s robustness and efficiency by showing how quickly and precisely
the algorithm arrives at an ideal solution.
Both graphs show a convergence trend, demonstrating how the algorithm steadily moves closer to the
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ideal outcome. This convergence indicates that the method is reliable, with a consistent rise in the
quality of the solutions with each iteration. Overall, these numbers offer a compelling visual
demonstration of the usefulness and efficiency of genetic algorithms in handling challenging
logistical issues in managing the epidemic response. In summarizing our case study, genetic
algorithms have proven successful and efficient at solving the Multi-Depot Vehicle Routing Problem
(MDVRP) in epidemic logistics. Given the urgency of the epidemic response, the logistical
challenges of managing many demand nodes and depots call for a strategy that carefully optimizes
speed and reach. The paper highlights how effective metaheuristic algorithms are at improving
these processes. Their adaptability makes them applicable in a wide range of situations by allowing
for adapting various operating restrictions.

Figure 1: Routing assignment

6 Conclusion
In conclusion, this research distinctly illustrates how intelligent tools, specifically metaheuristic
algorithms, can have a significant impact when grappling with severe health emergencies. These
tools assist in navigating complex logistics problems, which is vital when addressing epidemics.
The true strength of these metaheuristic algorithms lies in their adaptability and quick compu-
tational capabilities, even under challenging conditions. While these algorithms might not always
present the ’perfect’ solution, they provide solutions that are both fast and reasonably accurate, a
balance often critical during emergency responses.
The use of metaheuristic algorithms for resource allocation from multiple depots to areas of need
can streamline and expedite healthcare delivery. The potential impact this could have in managing
an epidemic is considerable, as it enables rapid relief delivery to those most affected.
Overall, the research advocates for the continued exploration and development of these advanced
computational tools. By further incorporating these tools into our public health responses, we can
improve our ability to manage future health crises, administer resources more effectively, and
ultimately, save more lives.
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