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Abstract. With the rapid advancement of technology, the proliferation of portable sm-
art devices, such as smartphones and smart bracelets, has led to increasingly demand-
ing task-processing requirements from users. Mobile Edge Computing (MEC) addresses
the latency issues inherent in traditional cloud computing by offloading tasks to proxi-
mate edge servers for execution. However, the dynamic nature of user locations and the
stochasticity of task generation introduce task distribution imbalances, with some edge
servers becoming overloaded while others still need to be utilized. Therefore, load balanc-
ing among edge servers has emerged as a critical challenge in MEC. To address this
challenge, we propose an Edge Server Load Balancing method based on Particle Swarm
Optimization called ESLB-PSO, which achieves load balancing of each edge server by
minimizing the maximum response time of tasks. This method models the MEC environ-
ment as a topology, abstracting the corresponding problem according to the operational
principles of real-world edge servers. Each particle represents a solution, and the task
offloading plan is optimized by adjusting the particle’s speed, direction, and approach to-
ward the global optimum. Experimental results demonstrate that ESLB-PSO outperforms
baseline methods, effectively achieving load balancing across edge servers, and obtains a
better maximum response time of the tasks.
Keywords: Mobile edge computing, Load balancing, Particle swarm optimization, Task
offloading

1. Introduction. With the advent of the 5G and the widespread adoption of mobile
devices, many mobile applications generate vast amounts of real-time data that require
immediate processing. Applications such as augmented reality and image recognition de-
mand substantial computational and storage resources, which mobile devices are inher-
ently incapable of handling locally. To address this challenge, Mobile Cloud Computing
(MCC) [1] has emerged, utilizing the extensive computational and storage capabilities of
cloud data centers to offload complex tasks from mobile devices, thereby meeting the high-
resource demands of mobile applications [2]. However, transmitting task data to remote
data centers for processing and returning the results introduces significant latency, which
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severely impacts user experience and fails to meet the stringent low-latency requirements
of the 5G [3].
In response to these challenges, Mobile Edge Computing (MEC) [4] has emerged as a

promising solution, significantly reducing network latency and meeting the real-time ser-
vice requirements of mobile applications. By deploying edge servers at the network edge,
MEC brings computing and storage resources closer to the data source, creating an open
platform that integrates network, computing, storage, and application core capabilities.
Compared to traditional MCC, MEC offers several notable advantages [5]. By positioning
servers at the network edge, MEC minimizes the distance between end devices and servers,
reducing task transmission latency. Additionally, the substantial computational power of
edge servers enhances task processing speed. MEC allows mobile devices to offload compu-
tational tasks to the edge servers, alleviating the computational burden on mobile devices
and reducing their energy consumption, ultimately improving energy efficiency.
5G networks carry a variety of service types, covering services such as smart home, and

intelligent transportation, which have a high demand for global information and a long
cycle [6] but low sensitivity to latency, as well as augmented reality, online games, etc.,
which have a very high demand for latency but a small amount of data processing. To
ensure efficient processing, different types of tasks require reasonable allocation of comput-
ing resources [7]. However, because edge servers are deployed at the edge of the network,
their computation and storage capacities are limited, and the hardware configurations
of different servers are different, resulting in an imbalance of the overall computation
resources. In addition, the dynamic arrival pattern of tasks further aggravates the un-
even load distribution, causing some servers to be overloaded for a long time while other
servers are idle, resulting in wasted computing resources and decreased storage utilization.
Therefore, the impact of load imbalance on the MEC system is particularly significant.
First, the task queuing time of overloaded servers increases, leading to an increase in the
overall task processing latency and affecting the system real-time performance. Second,
the unbalanced utilization of computing resources reduces the overall throughput of the
MEC network and limits the system service capability. In addition, in high latency sen-
sitive application scenarios (e.g., autonomous driving), overloading of the edge servers
may lead to the delay or even loss of critical computing tasks, which seriously affects
driving safety. Therefore, implementing an efficient load balancing strategy is crucial to
optimizing the allocation of computing resources and improving the overall performance
of the MEC system. Load balancing not only determines the task processing capability
of MEC network, but also directly affects the energy efficiency and user experience of the
system, which is one of the core issues in MEC research [8].
Recently, many studies have focused on solving the MEC load balancing problem using

different decision-making methods. Some studies [9,10] used static offloading methods.
However, they lacked adaptivity to adjust to the dynamic load changes of edge servers,
which can easily lead to local overload or resource waste. Some studies [11,12] used tradi-
tional heuristic optimization methods. However, their search efficiency is low, easy to fall
into local optimums, and the computational overhead is large in large-scale MEC networks,
which makes it difficult to meet the real-time scheduling requirements of low-latency tasks.
Some studies [13,14] used reinforcement learning-based methods. However, since MEC
task offloading involves high-dimensional state spaces, traditional reinforcement learning
methods have slow convergence speeds, and it is difficult to efficiently explore complex
policies during the training process.
To solve the above problem, we propose an Edge Server Load Balancing method based

on Particle Swarm Optimization called ESLB-PSO. ESLB-PSO utilizes the global opti-
mization capability of PSO to model MEC task offloading as an optimization problem
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and optimize the task offloading plan through iterative particle swarm search. Specifical-
ly, ESLB-PSO adopts a matrixed representation of the task offloading plan, where each
particle corresponds to one task offloading plan, and dynamically adjusts the movement
operation of the solution and the parameters of the particle swarm during the searching
process, so as to continuously optimize the task offloading. Meanwhile, ESLB-PSO dy-
namically adjusts the inertia weights to enhance the global exploration capability at the
initial stage to avoid falling into the local optimum, and accelerates the convergence at
the later stage to improve the computational efficiency and task response performance.
The main contributions are summarized as follows.

• A load balancing scenario with multi-edges server collaboration in MEC is consid-
ered. Each edge server receives independent tasks offloaded from mobile devices.
The edge servers can offload tasks to neighboring edge servers for processing over a
wireless connection to reduce their load rate. The optimization goal is to find the
target edge server load balancing plan to minimize the task maximum response time
in the edge servers.

• A Particle Swarm Optimization (PSO)-based task offloading strategy is proposed.
By representing the task offloading plan in a matrix format, the algorithm generates
valid solutions randomly while adhering to specific constraints. Moreover, the glob-
al search capability of the PSO is enhanced through dynamic adjustments to the
particle movement and swarm parameters. This refinement enables the algorithm
to optimize the task allocation process in a multi-edge server environment, thereby
achieving efficient load balancing within the MEC framework.

• Simulation experiments verify the effectiveness of the proposed ESLB-PSO. The
results show that ESLB-PSO can effectively balance load in different scenarios. In
addition, the task maximum response time of ESLB-PSO outperforms the baselines
in different scenarios.

2. Related Work. Due to the limited computational power of mobile devices, they
cannot perform computationally intensive tasks locally. The rapid development of 5G,
characterized by its low latency and high bandwidth, has opened up the possibility of
task migration, prompting extensive research into offloading tasks from mobile devices
to the cloud. This approach, known as MCC, aims to overcome the inherent limitations
of mobile devices. However, MCC still faces significant challenges. The considerable dis-
tance between mobile devices and cloud data centers results in non-negligible transmission
times for task data. Additionally, network latency, influenced by varying network quality,
further impacts the overall performance of this approach.

Kemp et al. [9] proposed a runtime system based on the Cuckoo framework that dy-
namically decides whether application tasks should be executed locally or offloaded to the
cloud. Cuervo et al. [10] introduced the MAUI system, which supports partitioning mobile
application tasks and determining which tasks should be offloaded to the cloud. Kosta
et al. [15] proposed the ThinkAir system, which leverages mobile virtualization to mi-
grate applications to the cloud, reducing execution time and power consumption through
parallel processing with multiple virtual machines. Somula and Sasikala [16] developed
an algorithm based on edge node load and distance, which selects the optimal edge node
for task offloading cyclically to reduce user request wait times in server queues. Zhang et
al. [17] presented a service utility-based scheduling algorithm that prioritizes task schedul-
ing for users with the highest service utility. The above studies mainly focus on optimizing
task allocation and offloading from the user side to reduce latency. Although these studies
improve efficiency to some extent, in real-world scenarios, the continuous movement of
mobile users often prevents real-time optimal decision-making based on the state of the
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edge network. Typically, tasks are offloaded to the nearest edge server, leading to load
imbalances among edge servers. Therefore, task redistribution at the edge network level
to achieve load balancing is critical for reducing user task response times.
Jia et al. [11] studied the problem of edge placement and mobile user task assignment

and proposed an algorithm that positions edge servers in user-dense areas, subsequently
assigning mobile user tasks to these edges. This approach balances the load of edge servers
and reduces the distance between most users and the edge servers through strategic edge
location selection. Ma et al. [12] utilized a PSO algorithm to select optimal edge loca-
tions, addressing the latency issue. Xu et al. [18] employed heuristic algorithms to place
multiple edge servers with varying computational capabilities at critical locations within
an infinite local area network, aiming to reduce the average access latency for mobile
users at different wireless access points. Yang et al. [19] proposed a Differential Evolution
(DE)-based multi-drone deployment mechanism to address the computational offloading
problem for ground-based IoT nodes, achieving load balancing among unmanned aeri-
al vehicles. Merah et al. [20] proposed a Genetic Algorithm (GA)-based load balancing
method for Internet of Things (IoT), which intelligently distributes loads among servers
through genetic algorithms to achieve load balancing. The above studies adopt a heuris-
tic algorithm; however, the computational overhead is large in large-scale MEC networks,
the search efficiency is low, and it is easy to fall into the local optimum. In addition,
although these studies consider user mobility, they overlook the queuing time required for
subsequent tasks when multiple tasks are at an edge server. This limitation hinders their
ability to meet the demands of real-world scenarios fully. Du et al. [13] proposed a load
balancing method for cloud-edge environments based on Q-learning, which searches for
the optimal Q-value of the movement to reduce the processing time of the tasks. Li et
al. [14] proposed a Deep Q-Network (DQN) based load balancing method for IoT, which
manages and offloads local tasks from each edge server through the network probabilities
output by DQN to minimize the mean square deviation of loads among different edge
servers. The above studies use a reinforcement learning based method; however, due to
the high dimensional state space involved in task offloading, traditional reinforcement
learning methods converge slowly and it is difficult to efficiently explore complex policies
during the training process.
Unlike the above studies, we study a load balancing scenario in an MEC environment

with multiple tasks and consider the queuing of subsequent tasks. We design a PSO
algorithm for the scenario to derive the optimal load balancing policy through continuous
loop iteration.

3. Problem Definition.

3.1. System model. As shown in Figure 1, we consider an MEC environment where
edge servers are widely distributed, forming a topological structure. The set of N edge
servers in this environment is defined as E = {e1, e2, e3, . . . , eN}. Each edge server can
receive tasks uploaded by mobile devices within its coverage area via a wireless network
and connect to nearby edge servers for mutual task offloading. This paper assumes that
tasks are independent, meaning they can be dynamically partitioned and scheduled on
edge servers [11]. For instance, 50% of the task load on a particular edge server can be
executed locally, while the remaining 50% can be offloaded to several neighboring edge
servers. Due to the mobility of mobile devices and the uncertainty of task offloading to
edge servers, the load rates of edge servers can fluctuate significantly. High load rates on
edge servers lead to excessive task execution delays, while low load rates result in severe
resource wastage. Therefore, a rapid and efficient task offloading plan is urgently needed
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Figure 1. Load balancing for an MEC environment

Table 1. Definition of symbols

Symbol Definition

E Set of edge servers

ei The i-th edge server

N Number of edge servers

µi Computing power of ei

λi Arrival task of ei

Li Set of neighboring edge servers of ei

Move(i, j) Number of tasks offloaded from ei to ej

Solution Task offloading plan

Ttotal i Task response time of ei

Tnet i Transmission time for ei to receive the task

Texe i Execution time for ei to receive the task

Distance Transmission time matrix for MEC environments

dij Transmission time from ei to ej

λi Load on ei

to enable effective collaboration between edge servers, achieve load balancing, reduce
overall task response time, and improve system resource utilization. The main symbols
used in this paper are defined in Table 1.

We define the computing power of N edge servers as µ = {µ1, µ2, µ3, . . . , µN}, where
µi indicates the number of tasks that the i-th edge server ei can handle per unit of time.
Tasks transmitted from mobile devices to edge servers are called arrival tasks. We define
the task arrival rates for the N edge servers as λ = {λ1, λ2, λ3, . . . , λN}, where λi indicates
the number of arrival tasks received by the ei per unit of time. To ensure that the arrival
tasks do not exceed the computing power of the edge servers, we impose the constraint
λ < µ.
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Based on the above definitions, we define an edge server as a quadruple:

ei = {Numberi, µi, λi, Li} (1)

where Numberi indicates the identifier of the i-th edge server, and Li indicates the set of
neighboring edge servers connected to the i-th edge server. Each edge server is allowed
to connect to at most K neighboring servers.
We assume that each edge server can offload a portion of its arrival tasks to its neigh-

boring edge servers for processing. We define Move(i, j) as the number of tasks offloaded
from ei to ej. Considering practical scenarios, the task offloading process must satisfy the
following constraints:

• The number of tasks offloaded by ei to its neighboring edge servers must be less than
or equal to its task arrival rate:

N∑
j=1

Move(i, j) < λi (2)

• After all edge servers complete task offloading, the number of tasks remaining on ei
must not exceed its computing power. Otherwise, it would impact task processing
in the next time step:

λi +
N∑
j=1

Move(j, i)−
N∑
j=1

Move(i, j) < µi (3)

• For the MEC environment, the total number of offloaded tasks must equal the total
number of received tasks, ensuring a balanced task transfer:

N∑
i=1

∑
j∈Li

Move(i, j) =
N∑
i=1

∑
j∈Li

Move(j, i) (4)

We use the matrix Solution ∈ RN∗N to store the task offloading between the edge
servers in the MEC environment. The matrix Solution is initialized as a zero matrix,
and then the values of Move(i, j) are sequentially placed into the positions Solution[i][j],
indicating the task offloading plan.
We define the task response time Ttotali for ei to complete all of its current tasks as

the sum of the task transmission time Tneti and the task execution time Texe i :

Ttotali = Tneti + Texe i (5)

The task transmission time Tneti depends on the distance between edge servers, which
is the network latency. We denote the transmission time for offloading a task from ei
to ej as dij, and then the transmission time for the environment is denoted as a matrix
Distance ∈ RN∗N :

Distance =

 d11 · · · d1N
...

. . .
...

dN1 · · · dNN

 (6)

Based on the above definitions, when the number of tasks offloaded from ei to ej, the
transmission time required for ej to receive these tasks is Move(i, j)× dij. Therefore, the
total transmission time for ei to receive tasks offloaded from neighboring servers is

Tnet i =
∑
j∈Li

Move(i, j)× dij (7)
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The task execution time Texe i consists of the queuing time and the processing time
[14]:

Texe i(λ) =
C
(
ni,

λ
µi

)
niµi − λ

+
1

µi

(8)

where µi indicates the computing power of ei. Using the Erlang-C formula [21], we can
calculate the probability that a task must wait before processing. This formula is based
on the traffic intensity and the number of edge servers. The Erlang-C formula is expressed
as

C(n, ρ) =

(
(nρ)n

n!

)(
1

1−ρ

)
∑n−1

k=0
(nρ)k

k!
+
(

(nρ)n

n!

)(
1

1−ρ

) (9)

Each edge server has n = 1. By combining Equations (8) and (9), we can obtain the
task execution time as

Texe i(λ) =
λi

µi (µi − λi)
+

1

µi

(10)

where λi indicates the actual load of ei at the current time. As tasks are continuously
offloaded between edge servers, the actual load of each edge server changes dynamically.
Therefore, before calculating the task execution time, it is necessary to update the value
of λi based on the task offloading matrix. The updated λi can be expressed as

λi = λi −
∑
j∈Li

Move (i, j) +
∑
j∈Li

Move (j, i) (11)

3.2. Optimization goal. In this paper, we consider a multi-edge server environment.
The optimization goal is to minimize the maximum response time of tasks among all
edge servers while maintaining a reasonable and balanced load among the edge servers.
Therefore, we define the optimization goal as

minimizemax
{
Ttotal1, T total2, T total3, . . . , T totalN

}
C1 :

N∑
j=1

Move(i, j) < λi

C2 : λi +
N∑
j=1

Move(j, i)−
N∑
j=1

Move(i, j) < µi

C3 :
N∑
i=1

∑
j∈Li

Move(i, j) =
N∑
i=1

∑
j∈Li

Move(j, i) (12)

where constraint C1 indicates that the number of tasks offloaded out of each server cannot
exceed its task arrival rate, constraint C2 indicates that the task load of each server cannot
exceed its computing power, and constraint C3 indicates that the total number of offloaded
tasks in the MEC environment needs to be equal to the total number of received tasks.
This objective function embodies our optimization goal of finding a global task offloading
plan Move(i, j) to optimize the quality of service of the entire MEC environment. We use
the global task offloading plan Move(i, j) as a task allocation decision, whose decision
result is crucial for the efficiency of task response in a multi-edge server environment. By
achieving the minimization goal, we aim to improve the overall performance and achieve
load balancing while minimizing the maximum response time.
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4. The Proposed ESLB-PSO.

4.1. Algorithmic solution.

4.1.1. Solution representation. We denote the task offloading plan by the matrix Solution
∈ RN∗N . The matrix Solution ∈ RN∗N consists of a series of offloaded tasks, representing
a feasible task offloading plan. We consider Solution as a solution of the algorithm. The
global optimal solution at the i-th iteration of the PSO is defined as

Solution i =

 si11 · · · si1N
...

. . .
...

siN1 · · · siNN

 (13)

where siab indicates the number of tasks offloaded from the a-th edge server to the b-th
edge server during the i-th iteration. Specifically, when a = b, siab = 0, indicating that
a server cannot offload tasks to itself. Additionally, this solution satisfies the constraints
defined by Equations (2)-(4), which ensure the validity of the task offloading plan and its
adherence to the operational constraints of the MEC environment.

4.1.2. Solution generation operation. We first generate a base matrix based on the initial
parameters and conditions to generate a solution randomly distributed in the solution
space while also satisfying the constraints. After that, we verify if the generated solution
satisfies all the constraints. If it does, the solution is accepted. If it does not meet the
constraints, the solution is discarded, and a new one is generated. This process of solution
generation is outlined in Algorithm 1.
Algorithm 1’s input is the set of edge servers E and the number of edge servers N . If a

valid solution is generated, it is returned. Otherwise, False is returned, and based on the
result, it is determined whether to regenerate.
Step 1: The algorithm initializes a zero matrix Solution (Line 3) and generates the

random ratio value ratio for the current solution (Line 4).
Step 2: Each edge server is processed in turn corresponding to its row in the solution

matrix Solution. For the i-th edge server, the average computing power Ei ·µi is obtained,
and the range of tasks to be offloaded is calculated as arr = ratio × Ei · µi (Lines 6-
7). Then, the set of neighboring edge servers for the i-th edge server is obtained. For
each neighboring j-th edge server, a random value from [0, arr] is chosen and filled into
Solution[i][j], representing the number of tasks transferred from the i-th edge server to
the j-th edge server (Lines 8-10).
Step 3: For each edge server, the i-th row and j-th column of the solution matrix

Solution are traversed to obtain the output task number JobOutput and input task number
JobInput (Lines 14-19). Based on JobOutput and JobInput , whether the solution satisfies
the constraints of Equations (2)-(4) is determined.
Step 4: The current solution is returned if the Solution meets all constraints. Oth-

erwise, False is returned, and based on the algorithm’s return value, it is determined
whether to regenerate.

4.1.3. Solution movement operation. During the PSO iteration process, the particle rep-
resenting a solution must continuously move based on its direction and the global trend.
Given the matrix form of the solution, we define the solution movement operation as a
matrix V ∈ RN∗N . We consider each row as a whole in the movement operation matrix
V . For instance, we represent the i-th row as vi = {vi1, vi2, vi3, . . . , viN}, where non-zero
values indicate the task offloading status of the i-th edge server.
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Algorithm 1: Solution generation algorithm

1: Input: E and N

2: Output: S or False

3: Initialize: Zero matrix S ∈ RN∗N

4: Generate random numbers ratio ∈ [0, 1]

5: for i = 0 to i = N − 1 do

6: Obtain the average computing power Ei · µi

7: Obtain the ratio of Ei · µi as the range of offloaded tasks for ei, denoted as

arr = ratio× Ei · µi

8: for j in Ei · Li do

9: S[i][j] = uniform(0, arr)

10: end for

11: end for

12: judge = True

13: for i = 0 to i = N − 1 do

14: JobInput = 0

15: JobOutput = 0

16: for j = 0 to j = N − 1 do

17: JobOutput+ = S[i][j]

18: JobInput+ = S[j][i]

19: end for

20: if JobOutput > Ei · µi do

21: judge = False

22: end if

23: if Ei · λi + JobInput − JobOutput > Ei · µi do

24: judge = False

25: end if

26: end for

27: if judge = True do

28: return S

29: else do

30: return False

1) When vi > 0, the i-th edge server currently has an excessive number of tasks, resulting
in a longer task processing time, thus requiring an increase in the number of tasks
offloaded to neighboring edge servers.

2) When vi < 0, the i-th edge server currently has fewer tasks relative to its processing
capability, thus requiring a decrease in the number of tasks offloaded to neighboring
edge servers.

When the movement operation is applied to the solution, the following constraints need
to be enforced.

1) When the particle’s corresponding solution changes, the values of the movement op-
eration matrix for the row corresponding to the i-th edge server are effective only for
the indices of neighboring edge servers.

2) When the values in the Solution need to be increased, i.e., vi > 0, it is necessary to
calculate whether the sum of the i-th row in the Solution exceeds the task arrival rate
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of the corresponding edge server after the increase. If it does, the values in the i-th row
of the Solution are randomly decreased until the requirements are met. Conversely,
when the values in the Solution need to be decreased, i.e., vi < 0, they are set to zero
if the decreased values fall below zero.

4.2. PSO-based task offloading strategy. PSO [23] is a swarm intelligence optimiza-
tion algorithm inspired by the cooperation and information sharing observed in animal
groups such as flocks of birds, herds of animals, and schools of fish. In the PSO, individuals
collaborate and share information to find the optimal solution. This algorithm is straight-
forward to implement and requires minimal parameter tuning. It is widely applicable in
various fields such as function optimization, neural network training, cloud computing
load balancing, fuzzy system control, and other applications where genetic algorithms are
utilized. Consequently, PSO is a heuristic global optimization algorithm [24].

4.2.1. Definition of particle swarm. We define each particle in the swarm as a feasible
solution in the MEC environment:

Group =

 gt11 · · · gt1N
...

. . .
...

gtN1 · · · gtNN

 (14)

where gti indicates the result of the i-th particle in the population at the t-th iteration. The
entire population set is denoted as Group. Additionally, each particle in the population
has a corresponding velocity v, which is defined as

vti =

 v′t11 · · · v′t1N
...

. . .
...

v′tN1 · · · v′tNN

 (15)

4.2.2. Movement operations of particle swarm. In each iteration of the PSO process, every
particle needs to move to update its position continuously. Each particle moves towards
the current global best solution while maintaining its travel direction. Therefore, the
velocity and direction of the particle are constantly being updated:

V t+1
i = ωV t

i + c1r1
(
pbesti − St

i

)
+ c2r2

(
gbesti − St

i

)
(16)

where ωV t
i indicates the influence of the particle’s previous iteration speed on the current

iteration’s speed and direction. c1 and c2 indicate the cognitive and social learning factors,
respectively. r1 and r2 indicate random numbers in the range [0, 1], respectively. pbesti
indicates the best solution found by the i-th particle so far. gbesti indicates the global
best solution found by the entire swarm up to the current iteration. pbesti − St

i indicates
the vector from the particle’s current position to its personal best position, reflecting
the influence of the particle’s own experience. gbesti − St

i indicates the vector from the
particle’s current position to the global best position, indicating the collaborative influence
among particles in the swarm.
During the PSO iteration process, the primary objective in the early stages is to expand

the search range within the solution space, exploring as many possibilities as possible to
reduce the likelihood of getting trapped in local optima. In the later stages, the goal shifts
to quickly converging towards the global optimal solution to obtain the best final result.
Therefore, we have incorporated an adjustment operation for the value into the algorithm
design to enhance its performance:

ω = ωmax − t · (ωmax − ωmin)

Gen
, ω ∈ [ωmin, ωmax] (17)
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Using the above equation, as the number of iterations t increases, the ratio of t to the
total number of iterations Gen also increases. This causes the ω value to decrease, grad-
ually reducing the influence of the particle’s inertia on its velocity V . Consequently, the
tendency for particles to converge towards the global optimal solution becomes stronger
with each iteration.

4.2.3. Iterative updating of particle swarm. After each update of the particle’s position
and velocity, the global best solution gbest and the particle’s local best solution pbest
need to be updated. In one iteration, for particle i, the evaluation of the current solution
Ttotali is calculated and compared with the previous local best solution Ttotalbesti. If
Ttotali < Ttotalbesti, then Ttotalbesti = Ttotali, updating the local best solution of
particle i.

Based on the above definition, we propose a process for generating a task offloading
plan based on PSO, as shown in Algorithm 2.

Algorithm 2: A process for generating task offloading plan based on PSO

1: Input: E, Distance, Pnum and Generation
2: Output: gbest and gT totalbest
3: Initialize: ωmax = 0.8, ωmin = 0.3, c1 = c2 = 2
4: Initialize: Generate the initial population set Group according to the input

particle number Pnum
5: Initialize: Calculate the individual best value set pTtotalbest and the corre-

sponding solutions set pbest, and calculate the global best value gTtotalbest and
the corresponding solutions set gbest.

6: Initialize: velocity set of each particle V
7: for gen = 0 to gen = Generation do

8: Update the inertia weight ω by ω = ωmax − gen · (ωmax−ωmin)
Generation

9: for each g in Group do
10: Generate random numbers r1, r2 ∈ [0, 1]
11: Update the velocity of the particle by V t+1

i = ωV t
i + c1r1 (pbesti − St

i )+
c2r2 (gbesti − St

i )
12: Update the velocity of particle i
13: Check if the updated particle velocity satisfies conditions Equations (2)-

(4)
14: If not satisfied, adjust the velocity by reducing the corresponding term

or taking the minimal value until satisfied
15: Calculate the evaluation Ttotali of the particle
16: if Ttotali < Ttotalbesti do
17: Ttotalbesti = Ttotali
18: pbesti = Groupi
19: end if
20: if Ttotali < gTtotalbest do
21: gT totalbest = Ttotali
22: gbest = Groupi
23: end if
24: end for
25: end for
26: return gTtotalbest
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Algorithm 2’s input is the set of edge servers E, the transmission time matrix Distance,
the number of particles Pnum, the number of iterations Generation, the upper and lower
limits of the inertia weight ωmax and ωmin defined in the algorithm, and the learning
factors c1 and c2. The output of Algorithm 2 is the evaluation value of the global optimal
solution and the optimal offloading plan corresponding to the global optimal solution.
Step 1: Generate Pnum feasible solutions through Algorithm 1 to form the particle

swarm set Group, initialize the individual best value set pT totalbest and the individual
best solution set pbest, initialize the global best value gT totalbest and the global best
solution gbest, and initialize the initial velocity set V of each particle in the particle
swarm set Group (Lines 3-6).
Step 2: Perform iterative updates on the particle swarm, updating the value of the

inertia weight ω. For each particle in the particle swarm, perform the following operations.

1) Generate random numbers r1 and r2 in the range [0, 1]. Update the velocity of particle
i according to ω, r1, r2, the current velocity, the global best solution gbest, and the
local best solution pbesti using Equation (16) (Lines 10-11).

2) Update particle i according to its velocity Vi. Note that if any value in the matrix
is less than 0 after the update, it is set to 0. After the update, check whether the
particle’s operation in the MEC environment meets the constraints of Equations (2)-
(4). If constraints are not satisfied, randomly reduce the values in the matrix to a
minimum of 0 until they are met, completing the update of particle i (Lines 12-14).

3) Calculate the evaluation of particle i in the current iteration, i.e., its corresponding
maximum response time Ttotali, and compare it with the local best solution of particle
i. If the current particle i evaluation is better than the local best solution time, up-
date the local best solution. Additionally, compare Ttotali with the global best value
gT totalbest. If Ttotali < gTtotalbest, then set it to update the global best solution
(Lines 15-23).

4.3. Random migration-based task offloading strategy. The Random Migration
Algorithm (RMA) [25] is one of the comparison algorithms we selected. This algorithm
generates many solutions that meet the constraints through random generation, forms a
set, and then sequentially tests and calculates the maximum response time of each solu-
tion in the set. The optimal solution is then extracted and returned. In this paper, we
use Algorithm 1 to generate many random matrices to implement the Random Migration
Algorithm. The generated solution set is then validated, and the optimal solution is re-
turned. The task scheduling strategy based on the Random Migration Algorithm is shown
in Algorithm 3.
Algorithm 3’s input is the set of edge servers E and the number of randomly generated

matrices RTnum, and outputs the smallest maximum response time corresponding to the
randomly generated set of solutions.
Step 1: Based on the value of RTnum, randomly generate the corresponding number

of valid solutions that satisfy the constraints in Equations (2)-(4), and add these solutions
to the solution set RTSolutions (Lines 4-12).
Step 2: Sequentially apply the solutions in the RTSolutions set to the edge server set

E, calculate the maximum response time for each solution, and record the smallest value
in the variable RTMin. Finally, return the value of the optimal solution RTMin (Lines
13-17).

4.4. Greedy-based task offloading strategy. The Greedy Algorithm [26] is one of the
comparison algorithms we selected. In this algorithm, the optimal solution is chosen at
each iteration step. In this study, during each iteration, the edge server with the longest
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Algorithm 3: A process for generating task offloading plan based on RMA
1: Input: E and RTnum
2: Output: RTMin
3: Initialize: RTSolutions = [ ]
4: while i < RTnum do
5: Generate the random migration matrix S by Algorithm 1
6: if S · type = bool do
7: continue
8: end if
9: Add S to the solution set RTSolutions
10: i+ = 1
11: end while
12: RTMin = 999999
13: for each Solution in RTSolutions do
14: Calculate Ttotal corresponding to Solution
15: if Ttotal < RTMin do
16: RTMin = Ttotal
17: end if
18: end for
19: return RTMin

response time is selected as the task migration source, and the adjacent edge server with
the shortest response time is selected as the task migration destination. Then, a certain
proportion of tasks is offloaded from the migration source to the destination. Continuous
iterations return the obtained solution once the maximum response time reaches the
predetermined threshold. A maximum number of iterations is set to prevent the algorithm
from entering an infinite loop due to an overly small threshold, resulting in continuous
task migration without reaching the threshold. If the number of iterations exceeds this
maximum, the current solution is returned directly. The task scheduling strategy based
on the Greedy Algorithm is shown in Algorithm 4.

Algorithm 4’s input is the set of edge servers E, the range of determination thresh-
olds rtMin and rtMax , the network transmission time Distance, and the output is the
maximum response time corresponding to the optimal solution.

Step 1: Generate the zero matrix as the basis of the solution, calculate the set of
response times rt set and and the remaining accommodating tasks lefts for each edge
server. Compare the value in the set rt set with the threshold value rt in this round; if
the response times of all edge servers are less than rt, add the current solution to the
solution set and complete the generation of the solution for this threshold value (Lines
3-17).

Step 2: If the first step is not finished, take the edge server with the longest response
time from rt set as the output end, record its number in OutputEdge, then take the edge
server with the smallest response time from the set of neighboring edges of the edge
OutputEdge as the task relocation end, record its number in OutputEdge and record its
number in delta as the relocation out then judge the edge server InputEdge. Take the
remaining migration capacity of the edge server InputEdge by a certain ratio to whether
it is enough to receive rtdelta tasks; if it is enough, then carry out the reception and
update the lefts set and rt set set, otherwise add the current solution to the solution set
Solutions, and end the cycle of this round of thresholding at the same time (Lines 18-24).
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Algorithm 4: A process for generating task offloading plan based on Greedy
Algorithm

1: Input: E, rtMin, rtMax and Distance
2: Output: GAMin
3: Initialize: Solutions = [ ], generate the zero matrix Solution ∈ RN×N

4: Calculate the response time of each edge server to form the response time set
rt set

5: Calculate each edge server’s maximum task migration capacity to form set lefts .
6: rt = rtMin
7: while rt < rtMax do
8: for i = 0 to i = 20000 do
9: Judge = True
10: for rt set num in rt set do
11: if rt set num > rt do
12: Judge = False
13: end if
14: end for
15: if Judge = True do
16: Save Solution to Solutions
17: break
18: end if
19: Get the index of the maximum value in rt set and mark it as OutputEdge
20: Obtain the edge server with the shortest response time from the adjacent

edge server set L of the edge numbered OutputEdge, and label its index
as InputEdge

21: Calculate the task processing rate µOutputEdge ∗ 0.03 for the edge corres-
ponding to OutputEdge, which represents the amount of task migration
and stores it in delta

22: if lefts [InputEdge] < delta do
23: Save Solution to Solutions
24: break
25: else do
26: Solution[OutputEdge][InputEdge]+ = delta
27: end if
28: Update the task response times of the input and output edge servers.
29: lefts [OutputEdge]+ = delta
30: lefts [InputEdge]+ = delta
31: end for
32: rt+ = 0.1
33: reset the sets lefts and rt set
34: end while
35: Iteratively calculate the maximum response time corresponding to each solution

in Solutions , and store the minimum value in GAMin.
36: return GAMin

Step 3: The solutions in the Solutions are tested for maximum response time, and
the smallest of them and their corresponding solutions are saved to return the smallest
maximum response time (Lines 35-36).
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5. Performance Evaluation.

5.1. Simulation setup. We utilize the Shanghai Telecom base station dataset1 , which
provides detailed information about base stations and Internet access across Shanghai
[27-29]. For our simulation experiments, we randomly select several edge servers within
the latitude and longitude range of (31.1, 121.5) to (31.2, 121.5). We construct five load
balancing scenarios involving multiple edge servers, as shown in Figure 2. Specifically, we
consider three scenarios with varying numbers of edge servers: 5, 10, and 15. Each scenario
is as follows: edge servers numbered 0-4 for the 5-server scenario, edge servers numbered
0-10 for the 10-server scenario, and edge servers numbered 0-14 for the 15-server scenario.

(a) Scenario 1 (b) Scenario 2

(c) Scenario 3 (d) Scenario 4

(e) Scenario 5

Figure 2. Load balancing scenarios

1http://sguangwang.com/TelecomDataset.html
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The number of arrival tasks, the computing power of edge servers, and the transmission
time between edge servers follow normal distribution. Meanwhile, in order to prevent the
tasks on the edge servers from entering an infinite queue, we control the number of arrival
tasks to be lower than the computing power of edge servers and satisfy the following
constraints:

µi − λi ≥ 0.2 (18)

According to [11], we set the specific parameters of the MEC environment in Table 2.

Table 2. Parameter setting

Parameter Value

Number of edge servers N {5, 10, 15}
Computing power µi N(15, 6)

Number of arrival tasks λi N(10, 4)

Maximum number of edge server neighbor sets K 3

Transmission time dij [0.1, 0.2]

We conducted a sensitivity analysis of the key parameters of the ESLB-PSO algorithm,
as shown in Figure 3. Specifically, Figure 3(a) demonstrates the effect of particle number
on the maximum response time, where the particle number is set to 30, 50, 70, and 100,

(a) Particle number (b) Maximum velocity

(c) Learning factor

Figure 3. Sensitivity analysis of critical parameters of ESLB-PSO in dif-
ferent scenarios
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respectively. The result shows that the maximum response time of the system is lowest
when the particle number is set to 50. Figure 3(b) demonstrates the effect of maximum
velocity on maximum response time where maximum velocity is set to 10%, 20%, 30% and
40% of the range of decision variables, respectively. The result shows that the maximum
response time of the system is lowest when the maximum speed is set to 20% of the
decision variable range. Figure 3(c) demonstrates the effect of learning factor on maximum
response time, where learning factor is set to 0.5, 1, 1.5 and 2, respectively. The result
shows that the maximum response time of the system is lowest when the learning factor is
set to 1.5. Based on the above results, we finally selected the parameters of ESLB-PSO as
50 particles, 20% of the maximum velocity of the decision variable range, and the learning
factor of 1.5, which resulted in the optimal performance.

To ensure the fairness and reasonableness of the experiments, the proposed ESLB-PSO
and baselines are implemented in Python 3.10 environment, running on a system with
AMD Ryzen 7 5800H with Radeon Graphics CPU and 16GiB RAM. We compare the
proposed ESLB-PSO with the following baselines:

• Random Migration Algorithm (RMA) [22]: As described in Section 4.3, a Random
Migration Algorithm is employed for task offloading between edge servers.

• Greedy Algorithm (Greedy) [23]: As described in Section 4.4, a Greedy Algorithm
is employed for task offloading between edge servers.

• Differential Evolutionary Algorithm (DEA) [17]: The method utilizes variation, cross-
over, and selection mechanisms to optimize the task offloading plan by vectorial diff-
erence variation to improve the load balancing optimization efficiency while main-
taining the global search capability.

• Genetic Algorithm (GA) [20]: The method iteratively optimizes the task offloading
matrix through selection, crossover and mutation operations to minimize the maxi-
mum task response time of the edge servers and balances the global search with local
optimization during population evolution.

• Q-learning [13]: The method learns the state-action value (i.e., Q-value) of task
offloading decisions, and gradually optimizes task allocation based on the ε-greedy
policy to improve load balancing performance.

• DQN [14]: The method uses neural networks to approximate the Q-value function
and performs deep reinforcement learning in a high-dimensional task offloading state
space to maximize the long-term cumulative rewards in order to optimize the task
scheduling policy of edge servers.

5.2. Effectiveness of the proposed ESLB-PSO. To evaluate the effectiveness of the
proposed ESLB-PSO, we tested the effectiveness of adjusting the load rate in different
numbers of edge servers, as shown in Tables 3, 4, and 5. The ideal plan in the tables
results from constantly searching and approximating the optimal performance by trying
and evaluating many load balancing scenarios in different scenarios. As shown in Tables 3,
4, and 5, our proposed ESLB-PSO can load adjust in various initial states under different
numbers of edge servers and finally obtains a load balancing state close to the ideal plan.
In addition, although the ideal plan can obtain the optimal solution with a small number
of edge servers, it cannot arrive at a valid solution at N = 15. This is because the ideal
plan, which is an optimal solution derived by continuously trying all the scenarios, has
a great algorithmic complexity and thus is unrealistic when facing larger-scale scenarios.
In contrast, our proposed ESLB-PSO can effectively face MEC environments of different
scales with better adaptability and tuning efficiency.

In addition, we tested the maximum task response time difference between the proposed
ESLB-PSO and the ideal plan for different numbers of edge servers, and the results are
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Table 3. ESLB-PSO adjustment effect on load rate at N = 5 (%)

Scenario Edge server (ei) e0 e1 e2 e3 e4

1

Initial state 63 65 81 69 69

Ideal plan 71 68 72 70 69

ESLB-PSO 73 70 74 72 70

2

Initial state 70 86 75 81 62

Ideal plan 75 71 76 74 75

ESLB-PSO 80 75 78 78 79

3

Initial state 65 76 61 88 89

Ideal plan 76 73 70 75 76

ESLB-PSO 78 74 74 76 80

4

Initial state 71 62 71 86 88

Ideal plan 76 74 74 76 79

ESLB-PSO 78 76 76 78 82

5

Initial state 62 79 67 88 63

Ideal plan 73 67 72 72 71

ESLB-PSO 74 72 73 76 77

Table 4. ESLB-PSO adjustment effect on load rate at N = 10 (%)

Scenario Edge server (ei) e0 e1 e2 e3 e4 e5 e6 e7 e8 e9

1

Initial state 69 74 74 89 62 77 67 65 88 62

Ideal plan 73 75 78 75 76 76 71 66 71 73

ESLB-PSO 80 79 81 78 79 77 75 73 75 76

2

Initial state 80 77 62 83 71 73 71 87 81 79

Ideal plan 74 76 77 74 76 74 73 77 70 76

ESLB-PSO 77 80 81 78 82 76 75 81 80 73

3

Initial state 87 74 64 63 67 81 89 73 66 83

Ideal plan 74 70 73 83 70 75 75 72 73 70

ESLB-PSO 75 76 81 85 73 79 77 78 74 76

4

Initial state 83 80 76 87 84 63 82 67 76 76

Ideal plan 76 78 72 76 76 79 76 65 81 73

ESLB-PSO 77 79 75 81 77 81 81 68 84 75

5

Initial state 68 63 86 61 78 85 84 80 83 61

Ideal plan 76 77 70 74 75 76 74 76 75 76

ESLB-PSO 80 81 73 76 76 80 76 78 76 77

averaged over several scales, as shown in Figure 4. The difference in the maximum response
time of our proposed ESLB-PSO compared to the ideal plan always stays below 7%. This
indicates that compared to the ideal plan obtained by spending a lot of search time,
ESLB-PSO can make appropriate task offloading actions according to the current system
state, and take account of the task’s need to be sensitive to the completion delay based
on the final performance approaching the ideal plan.

5.3. Performance improvement of the proposed ESLB-PSO. To evaluate the pro-
posed ESLB-PSO’s performance improvement, we tested its maximum task response time
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Table 5. ESLB-PSO adjustment effect on load rate at N = 15 (%)

Scenario Edge server (ei) e0 e1 e2 e3 e4 e5 e6 e7 e8

1

Initial state 74 63 62 70 69 75 84 80 60

Ideal plan N/A N/A N/A N/A N/A N/A N/A N/A N/A

ESLB-PSO 71 73 78 77 70 79 79 78 70

2

Initial state 78 60 62 78 81 89 87 72 75

Ideal plan N/A N/A N/A N/A N/A N/A N/A N/A N/A

ESLB-PSO 78 79 74 74 75 73 72 80 75

3

Initial state 83 84 74 64 62 66 85 62 74

Ideal plan N/A N/A N/A N/A N/A N/A N/A N/A N/A

ESLB-PSO 73 77 74 79 74 76 75 73 80

4

Initial state 85 87 68 71 72 85 77 76 69

Ideal plan N/A N/A N/A N/A N/A N/A N/A N/A N/A

ESLB-PSO 72 71 78 79 80 74 71 76 74

5

Initial state 89 60 62 78 83 84 81 63 70

Ideal plan N/A N/A N/A N/A N/A N/A N/A N/A N/A

ESLB-PSO 73 63 62 74 80 82 73 65 70

Scenario Edge server (ei) e9 e10 e11 e12 e13 e14

1

Initial state 87 70 86 71 85 64

Ideal plan N/A N/A N/A N/A N/A N/A

ESLB-PSO 75 79 75 71 72 77

2

Initial state 69 89 88 69 70 75

Ideal plan N/A N/A N/A N/A N/A N/A

ESLB-PSO 75 77 74 79 76 76

3

Initial state 74 74 88 82 69 62

Ideal plan N/A N/A N/A N/A N/A N/A

ESLB-PSO 74 76 73 72 74 77

4

Initial state 70 86 67 70 72 63

Ideal plan N/A N/A N/A N/A N/A N/A

ESLB-PSO 72 72 79 72 72 70

5

Initial state 81 67 78 63 63 85

Ideal plan N/A N/A N/A N/A N/A N/A

ESLB-PSO 74 71 76 76 78 78

compared to the baselines for different numbers of edge servers, as shown in Figures 5, 6,
and 7.

Although RMA can optimize the maximum response time to some extent by generating
a large number of random results, its optimization capability still needs to be improved.
The main drawback of RMA is that its results could be more stable, and the results may
be very different after several runs. In some cases, there may even be no optimization
effect. This is because RMA relies on a completely random search strategy and needs
more systematic guidance, making it difficult to function stably in complex load balancing
problems. Therefore, RMA performs as the least effective of the three algorithms.

Compared with RMA, Greedy can select the optimal migration scheme at each step, so
its optimization effect and stability are significantly better than that of RMA. However,
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Figure 4. Maximum response time comparison between ESLB-PSO and
ideal plan in different scenarios

Figure 5. Maximum response time comparison between ESLB-PSO and
baselines at N = 5 in different scenarios

Figure 6. Maximum response time comparison between ESLB-PSO and
baselines at N = 10 in different scenarios
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Figure 7. Maximum response time comparison between ESLB-PSO and
baselines at N = 15 in different scenarios

Greedy has a very high dependence on the setting of the threshold, and whether the
threshold is set reasonably or not will greatly affect the efficiency and results of the
algorithm. In addition, when the threshold is not set reasonably, the search process of
Greedy may be limited, resulting in its inability to give full play to its optimization
capability. When an edge server is adjacent to only one edge server and the response
time of both servers is high, tasks may keep migrating back and forth between these two
servers, causing the algorithm to stagnate. Although this problem is mitigated in this
paper by limiting the maximum number of passes, it still cannot be avoided completely.
Therefore, although the results and optimization stability of Greedy are better than that
of RMA, it still has some limitations.

Q-learning is a reinforcement learning based method to learn task offloading decisions
by continuously exploring and updating Q-values. Although Q-learning is able to adap-
tively optimize the offloading decision, it faces the problem of excessive state space di-
mensionality in MEC environments. Q-learning usually requires offline training and a lot
of empirical playback, which results in its slower convergence in high-dimensional and
dynamic environments, and is unable to adapt to the system’s load changes in a timely
manner. In addition, the training process of Q-learning may require a lot of time and data
to learn an effective policy. Therefore, it is limited in task offload timeliness and global
optimization capability.

DQN is an extension of Q-learning, which utilizes deep neural networks to approximate
the Q-value function to deal with high-dimensional state space. DQN can capture complex
environmental information, which is suitable for high-dimensional state space problems in
task offloading, and can improve the efficiency of policy learning to a certain extent. How-
ever, DQN still has some problems in practical applications. First, the training process of
DQN requires a large number of samples and a long training time, and the convergence
may be unstable in some environments. In addition, due to the dynamic nature of MEC
networks, DQN may not be able to adapt to the changes in network load in time when
facing real-time task offloading, which affects their performance. Therefore, despite the
theoretical capability of DQN, there are still challenges in practical applications, resulting
in its performance being slightly inferior to that of heuristic-based algorithms.

DEA relies on random search and variance operations to have global search capa-
bility when solving load balancing problems. DEA can explore a wider solution space
through differential variation and crossover operations and improve the probability of
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finding a globally optimal solution. However, DEA has relatively low search efficiency in
high-dimensional spaces and under complex constraints and is prone to falling into local
optimality. This is because the complexity and computation of the solution space increase
significantly with the increase of dimension, and the variation and crossover operations
of DEA may only be able to cover some of the solution space effectively, leading to lo-
cal convergence problems during the search process. Nevertheless, DEA can still show
better optimization results and stability when dealing with low-dimensional and medium-
complexity problems.
GA can effectively find a better task offloading plan by performing global optimization

through selection, crossover and mutation operations. Similar to DEA, GA adopts a pop-
ulation evolution strategy to optimize the task offloading plan by simulating the process
of natural selection. The advantage of GA is that it can avoid falling into local optima
and can handle more complex task offloading problems. However, GA may encounter the
problem of slow convergence in the solution process, especially when the search space
is large, and more iterations may be needed to find the optimal solution. Despite its
relative slowness, GA is able to consistently give better task offloading plan in practical
applications, and thus it is ranked higher than DEA.
Compared to RMA, Greedy, and DEA, our proposed ESLB-PSO exhibits lower maxi-

mum response time and superior optimization-seeking performance. This advantage stems
from the dynamic adjustment strategy we implement for the inertia weights ω during the
PSO iterations. At the beginning of the iteration, the larger inertia weight encourages the
particles to rely more on their inertia direction for extensive exploration, which effectively
broadens the search range and thus enhances the potential of the algorithm to discover the
global optimal solution. As the number of iterations increases, the inertia weights grad-
ually decrease, accelerating the convergence of the particle swarm to the global optimal
solution and ensuring that the algorithm can lock the optimal solution more quickly.
In addition, we tested the iterative convergence of ESLB-PSO, GA, DEA, Greedy and

RMA, as shown in Figure 8. ESLB-PSO decreases rapidly at the beginning of the itera-
tion and has dropped to the more optimal performance at 400 iterations, and finally its
performance stabilizes at more than 800 iterations, which shows its excellent global search
capability and local fine-tuning mechanism. In contrast, although GA can also reduce the
better performance faster, the decline curve is relatively smooth, and the performance

Figure 8. Convergence performance of the ESLB-PSO with different methods
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stabilizes after 1000 iterations, which indicates that although GA can explore the better
solution in the process of selection, crossover and mutation, its stochastic nature makes
the local search not precise enough. The convergence trend of DEA is similar to that of
GA, with a fast decline at the initial stage, but stabilizes at about 500 iterations, which
reflects its higher sensitivity to the parameters in the global search. Greedy has a slow
convergence process because it only considers the local optimal decision at each step, indi-
cating that it is difficult to achieve the optimal solution of overall load balancing by solely
relying on local information. Overall, the fast convergence and low final objective value of
ESLB-PSO fully proves its advantages of efficient global exploration and fine optimization
through dynamic parameter tuning in solving the MEC task offloading problem, which
significantly outperforms the baselines such as GA, DEA and Greedy.

6. Conclusions. In this paper, we propose a method based on the PSO to address the
load balancing of edge servers in MEC environments. In this method, the particles of
PSO are conceptualized as the solution space matrix of the problem, and the iterative
search process through the population of particles aims to uncover a better task offload
solution. A comparison of experimental data shows that the proposed ESLB-PSO exhibits
significant advantages in reducing the maximum response time of tasks and improving the
efficiency of load balancing among edge servers compared to the baselines.
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