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Abstract. Mobile edge computing (MEC) as an emerging and prospective computing paradigm, can signifi-
cantly enhance computation capability and save energy of smart mobile devices (SMDs) by offloading com-
putation-intensive tasks from resource-constrained SMDs to the resource-rich cloud. Most edge computing 
offloading algorithms only consider latency and energy consumption, while neglecting the load balancing on 
edge servers. Therefore, in this paper a load balancing model is introduced. The load balance model is based 
on the utilization of edge servers. At the same time, in order to achieve load balancing goals, cloud-edge 
collaboration is needed. In addition, the traditional particle swarm optimization algorithm cannot be applied 
to discrete solution spaces, an improved multi-dimensional discrete particle swarm optimization (MDPSO) 
algorithm is proposed to solve multi-objective optimization problems based on our load balancing model. At 
the same time, the improved algorithm MDPSO can reduce the degree of manual intervention in the selection 
process of learning factors’, while accelerating the convergence speed of the algorithm. Finally, a simulation 
platform was built to verify the algorithm, and the simulation results demonstrate that the improved algorithm 
effectively reduces network latency and energy consumption, achieving global optimization while maintain-
ing load balance on edge servers.

Keywords: edge computing, cloud-edge collaborate, task offloading, load balancing, particle swarm optimi-
zation

1   Introduction

The intelligent Internet of Things (IoT) is bolstering billions of smart devices connected to heterogeneous net-
works. This expansive network supports a wide range of computation-intensive applications, ranging from aug-
mented reality (AR) to industrial robots and intelligent robotic cars [1, 2]. As these applications become increas-
ingly complex and demand real-time processing, the limitations of resource-constrained IoT devices become 
more pronounced. Typically, these devices rely on high-speed real-time signal processing and high-rate data 
exchange [3]. However, due to their limited resources, they are unable to support computation-intensive tasks in-
dependently and need assistance from other devices with richer resources. Therefore, there is an urgent need for 
effective solutions to enhance computational capabilities without overburdening the IoT devices themselves.

Traditional cloud-centric architectures have been one of the primary solutions for providing computing and 
storage support. IoT devices collect data and transmit it to a central cloud server, which performs the most im-
portant computing tasks and returns the results to the IoT devices for display to the user. However, as IoT devic-
es evolve into smart mobile devices (SMDs) and applications incorporate artificial intelligence, this traditional 
architecture is no longer suitable for latency-sensitive applications. The main constraints are the transmission 
latency of inter-cloud communication and the large overhead of I/O operations. Therefore, a new low-latency ar-
chitecture is needed to meet the requirements of intelligent IoT.

As an emerging technology, edge computing is envisioned as a promising architecture for offloading tasks 
from IoT devices [4]. Edge computing brings computation and data storage closer to where it is needed, improv-
ing response times and saving bandwidth. Recent studies have proposed various task offloading strategies in 
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edge computing environments. For instance, Yang et al. [5] formulate a long-term multi-objective problem that 
jointly optimizes the task execution latency and the sensing performance of multiple vehicles. Zhao [6] presented 
a green task offloading framework integrating energy harvesting technology. By applying Lyapunov optimization 
theory, he transformed the original system power consumption problem into a weighted sum problem of system 
power consumption and task queue stability. Although Yang and Zhao’s research have all proposed various task 
offloading strategies in edge computing environments, they primarily focus on optimizing latency and energy 
consumption, while overlooking the potential resource waste and bottlenecks caused by uneven load distribu-
tion among edge servers. Ma et al. [7] proposed a distributed approach that directly confronts the multi-variable 
non-convex challenge by decoupling variables and deriving constraint-based bounds to guide offloading and al-
location decisions. Ma’s approach reduces the time complexity of the algorithm and improves task computation 
latency in vehicular networks while balancing load distribution, but it overlooks energy consumption. In contrast 
to these methods, our proposed solution integrates load balancing directly into the offloading decision-making 
process. By incorporating storage utilization and computational resources into the offloading strategy, we aim 
to distribute tasks more evenly across edge servers from the outset. This proactive approach not only optimizes 
latency and energy consumption but also improves system performance by preventing server overloads and en-
suring efficient resource utilization.

In this work, we focus on the challenge of load balancing in edge computing environments to enhance the 
overall system performance. We develop a cloud-edge collaborative framework that optimizes task offloading de-
cisions using an enhanced Particle Swarm Optimization algorithm. The main contribution of this paper includes 
three aspects:

1.	 A network model for edge computing is proposed. By decomposing the edge computing process into var-
ious modules and modeling them sequentially, the mathematical model seeks to align with the practical 
edge computing networks.

2.	 In order to achieve load balancing between edge servers, we introduce storage utilization as an important 
factor for offloading decisions.

3.	 An enhanced particle swarm optimization algorithm is proposed, which can be used to solve the optimi-
zation problems with discrete solution spaces. Additionally, a method is proposed to automatically change 
algorithm parameters based on the number of iterations, boosting the convergence speed of the algorithm, 
and minimizing the level of human interaction.

The remainder of this paper is organized as follows: In Section 2, we review related work on task offloading 
and load balancing in edge computing. Section 3 presents the proposed network model and problem formulation. 
In Section 4, we describe the enhanced Particle Swarm Optimization algorithm in detail. Section 5 discusses sim-
ulation results and performance analysis. Finally, Section 6 concludes the paper and discusses future work.

2   Related Work

With the in-depth study of edge computing in recent years, different layered architectures have emerged. Based 
on previous studies, these designs may be roughly categorized into three types [8]: “user-edge” architecture, 
“user-edge-cloud” architecture, and “edge-cloud” architecture. Among these, the “edge-cloud” architecture, also 
known as cloud-edge collaboration, can be defined as the offloading of computational tasks between the central 
cloud server and edge servers. Extensive research has been conducted in the past few years on computation off-
loading in the edge computing environment. These approaches aim to meet the diverse needs of various services.

Offloading is considered one of the solutions to support mobile applications’ capabilities by moving computa-
tions from the mobile application to resource-rich servers. The design objective is to make efficient offloading de-
cisions to improve network performance. Existing task offloading schemes can be categorized into three groups 
based on their characteristics [8]. The task allocation diagram is presented in Fig. 1.
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Fig. 1. Schematic diagram of task offloading type

1.	 Full offloading: The whole computation is offloaded and processed by the MEC server.
2.	 Partial offloading: A part of the computation is processed locally while the rest is offloaded to the MEC 

server.
3.	 Local execution: The whole computation is done locally at the UE. The offloading to the MEC is not per-

formed, for example, due to unavailability of the MEC computation resource.
The existing research in this field can be broadly categorized into three primary optimization objectives [9]:
1.	 Low Latency: The primary aim is to minimize the overall completion time of computing tasks. When a 

computing task is executed locally, the latency is the execution time of the task. However, when offload-
ing tasks to edge or central cloud servers, the latency includes: i) upload latency, ii) computation time, iii) 
download latency, and iv) communication latency. To minimize the communication latency and balance 
the workload, Guo et al. [10] propose an approach that combines K-means clustering and mixed-integer 
quadratic programming for the placement problem of the edge and the cloud. Fan et al. [11] seek to op-
timize the latency by modeling the latency minimization problem as a Markov decision process (MDP), 
and propose a Q-learning algorithm to solve this optimization problem.

2.	 Energy Efficiency: The total energy consumption consists of the energy consumption of computation and 
data transmission. In fog networks, Hazra et al. [12] present an Energy-Efficient Task Offloading (EETO) 
mechanism that uses Lyapunov optimization techniques to address the energy-performance trade-off 
in handling real-time IoT applications, thus reducing queueing time and overall energy consumption. 
Optimizing only latency or only energy consumption may potentially result in suboptimal performance. 
Therefore, many studies try to optimize the energy consumption and latency at the same time. Chen et al. 
[13] propose a robust computation offloading strategy with failure recovery (RoFFR) in an intermittently 
connected cloudlet system aiming to reduce energy consumption and the task completion time. In paper 
[14], Li et al. focus on maximizing the energy efficiency of the system through joint optimization of com-
putation time allocation, energy consumption, local computing capacity and task offloading by proposing 
a tabu search based algorithm.

3.	 Load balancing: Load balancing for edge servers is also a critical concern. Various load balancing tech-
niques are presented [15-17], with a specific focus on situations where the number of servers is limited. 
Hui et al. [15] address load balancing through a workload migration scheme. This scheme involves mak-
ing offloading decisions based on the current workload of the server and the available resources of the tar-
get server. It facilitates the transfer of workloads from overloaded servers to lightly loaded servers, there-
by improving the load balance and enhancing network resource utilization. Zhang et al. [16] propose a 
decentralized learning scheme for load balancing in mobile edge computing systems. This scheme lever-
ages a non-cooperative random congestion game with limited information, allowing users to independent-
ly select their offloading strategies to enhance their effectiveness and system performance. Gao et al. [17] 
introduce a load balancing-aware task offloading approach in the mobile edge computing environment. 
It employs a Markov Decision Process and deep reinforcement learning to generate offloading strategies, 
and then uses a Particle Swarm Optimization algorithm to optimally balance the load across edge servers.  
However, these studies primarily solve the load balancing problem after offloading decisions have been 
made. That is to say, only when one of the servers is highly loaded, the load balancing algorithms will be 
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invoked. This reactive approach may not effectively prevent overload situations and can lead to increased 
latency and decreased performance.

Load imbalance among edge servers can lead to several issues, such as increased latency, reduced system 
throughput, and inefficient resource utilization. Overloaded servers may become bottlenecks, causing delays and 
negatively impacting user experience, while underutilized servers represent wasted computational resources. 
Despite the advancements in task offloading and load balancing techniques, integrating load balancing directly 
into the offloading decision process remains a significant challenge. Most existing research does not adequately 
address load balancing during the offloading decision-making process, treating it as a separate or subsequent 
problem. The key research problem addressed in this paper is how to simultaneously make offloading decisions 
and achieve load balancing among edge servers in a proactive manner, ensuring optimal resource utilization and 
improved system performance.

Our proposed solution involves developing an integrated optimization scheme that considers load balancing as 
a crucial factor during the offloading decision-making process, rather than as a subsequent step. By incorporating 
storage utilization and computational resources into the offloading strategy, we aim to distribute tasks more even-
ly across edge servers from the outset. This approach not only improves system performance and reduces latency 
but also maximizes resource utilization and enhances the overall quality of service for users, highlighting the sig-
nificance of solving the load imbalance problem in edge computing environments.

3   Joint Optimization Modeling of Task Offload and Load Balancing Based on Cloud 
Servers’ Collaboration

3.1   System Model 

Fig. 2 shows the structure of our model, it includes three parts: the cloud data center layer, the edge server lay-
er, and the mobile device layer. The top layer is the central cloud layer, it contains a high-performance physical 
server. The intermediate layer is the edge layer, which consists of numerous edge servers represented by the set S 
= {s1, s2, …, sm}. The bottom layer is the mobile device layer, also known as the user layer, consisting of various 
types of IoT mobile terminals, sensors or smart devices represented by the set U = {u1, u2, …, un}.

In this model, tasks are offloaded using a 0/1 scheme, meaning that each task can only have two options: either 
fully offloaded or it should remain on the local device. However, in the case of full offloading, the task may be 
offloaded to an edge server or to offload to a central cloud server.

Fig. 2. Cloud-edge collaborative task offloading system model
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3.2   Task Model

In this model, it is assumed that each user device ui has a set of tasks Ti
local = {T1, T2, ..., Tki}, which represent the 

tasks that have not yet been computed on the mobile device ui, where ki indicates the number of remaining tasks 
for device ui. For any task Tj (1 ≤ j ≤ ki), the key properties of the task can be expressed by a triplet:

{ }max, , ,j j j jT m c d=                                                                         (1)

where mj represents the storage resources required by the task, the first task in each device’s task list is the first 
task for offloading. cj denotes the number of central processing unit (CPU) cycles necessary to execute this com-
putational activity. dj

max indicates the maximum latency of the task, also known as the deadline for the task.
As most tasks are generally executed sequentially, that means that the first task in each device’s task list is the 

first task for offloading. Let’s denote this task as Ti,1
local. We design a binary decision variable xi,j to denote whether 

the first sequential task Ti,1
local of user device ui should be offloaded to edge server sj. If xi,j = 1, it implies that task 

will be offloaded to the servers, whereas xi,j = 0 represents that task will not be offloaded.
For any mobile device ui, we introduce two binary variables xi,0 and xi,m+1. xi,0 denotes whether the task Ti,1

local 
should be directly computed on the local device, and xi,m+1 denotes whether the task should be offloaded to the 
central cloud server. Therefore, the constraints can be expressed as follows:
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3.3   Communication Model

In our edge computing model, it is assumed that fiber optical communication networks are used for communica-
tion between the edge servers and the central cloud server, while wireless communication employed orthogonal 
frequency division multiplexing (OFDM) for data transmission between mobile end devices and the edge servers 
[18]. However, the use of OFDM introduces some level of noise and interference, which can impair the receipt 
of signals, leading to a reduction in the quality of communication. This degradation can be represented by the 
signal-to-interference-plus-noise ratio (SINR). Let h represent the signal gain matrix from the users to the server 
inside the coverage region, and pi represent the output power matrix of the users. Therefore, the data transmission 
rate of the wireless channel can be calculated as:
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According to Shannon formula, the transmission rate of information can be obtained as follows:

( ), 2 ,log 1 ,k
i j i jk

r sω= +∑                                                                 (4)

where ω represents the channel bandwidth, σ2 is the noise power, and k denotes the number of subchannels in 
OFDM.

3.4   Computation Model

The computation offloading model includes modeling and simulating the latency for various offloading scenarios 
and making the offloading decisions. 

In this model, there are three choices for the local device when processing tasks: tasks are executed locally on 



178

Research on Computing Task Offloading Mechanism Based on Cloud-Edge Collaboration

the local device, offloading tasks to edge servers, or offloading tasks to central cloud servers for processing. The 
workflow of task offloading is showed in Fig. 3.

Fig. 3. Flowchart of task offloading

1) Computational tasks are processed locally
When the user device ui chooses to process the first sequential task Ti,1 on the local device, the decision vari-

able xi,0 is set to 1. Since the computation task is processed locally, there is no data communication latency. Thus, 
the overall latency is equal to task’s execution time:

,0  .local i
i local

i

ct
f

=                                                                            (5)

Where ci represents the size of the data that needs to be computed in one task and f i
local means the computing 

power of the CPU of the user equipment ui, that is, the frequency of the CPU.
2) Offloading tasks to edge servers 
When the user device ui decides to offload the first-order task Ti,1 to the edge server sj (1 ≤ j ≤ m) for process-

ing, the decision variable xi,j is set to 1. The offloading is done through four steps, as indicated in Fig. 3: i) The 
user device ui transfers the code and input data of task Ti,1 to the edge server sj through wireless network. ii) Task 
Ti,1 waits in the queue of edge server sj until all previous tasks are completed. iii) Edge server sj executes the task. 
iv) The server returns the computation results to the user device.

When the task is offloaded, the uplink data transmission latency can be expressed as:
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The queuing delay together with the processing time can be expressed as:
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where f j
edge represents the computing power of the CPU of the edge server sj, where 1 ,

n
k k j kx c=Σ  means the total 

number of processing cycles of all computing tasks offloaded to the edge server.
For the downlink transmission latency of the fourth portion of the process, this element of the latency is often 

ignored because the result data size of most jobs is very small. When the computation tasks are offloaded to the 
edge server, the total latency is as follows:

, , ,  .edge up comp
i j i j i jt t t= +                                                                        (8)

3) Offloading tasks to central cloud server 
When the user device ui decides to offload the first task Ti,1 to the centralized cloud server for processing, the 

decision variable xi,m+1 is set to 1. However, the communication between the user device and the centralized cloud 
server comprises not only wireless network transmission but also data transmission through optical fiber network. 
Therefore, the uplink data transmission latency is given as:
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where n represents the optical amplification times, c represents the optical fiber transmission rate, and τ is the up-
link transmission latency of the long-distance optical backbone network [16].

The processing time of the task in the central cloud server is expressed as follows:

, 1  ,comp i
i m center

ct
f+ =                                                                         (10)

where f center represents the computing power of the central cloud server. Consequently, the total latency is ex-
pressed as:

, 1 , 1 , 1  .center up comp
i m i m i mt t t+ + += +                                                                     (11)

3.5   Energy Model

In edge computing, most mobile devices have limited battery capacity. Therefore, in order to extend the lifetime 
of mobile devices, it is vital to improve the energy efficiency.

When the user device ui decides to process the computation task locally, local
iγ  indicates the power consump-

tion required by the user device’s CPU per cycle. Then the energy consumption of the local computation task can 
be expressed as:

 .local local
i i ie c γ= ⋅                                                                        (12)

When the user device ui decides to offload the computational task to a cloud server, the energy consumption 
during task offloading can be expressed as:

, ,  .up up
i j i i je p t= ⋅                                                                           (13)

where the pi denotes the transmission power of the user devise ui .
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3.6   Load Balancing

In edge computing, many factors, such as CPU utilization, storage space utilization, and network bandwidth will 
affect task offloading and resource allocation decisions. To prevent the task offloading algorithm from offloading 
most of computation tasks to some or even one of the servers, load balancing among edge servers is needed. 
Among the critical factors affecting load balance, available storage space stands out prominently. Because in gen-
eral, more complex computation tasks require more storage space. Therefore, the storage space utilization Ri

use of 
the edge cloud server is used as the metric defining the network load.

,1  .
n

i j iuse i
j storage

j

x m
R

R
=

⋅
= ∑                                                                     (14)

where storage
jR  represents the available storage space of edge cloud server sj. Obviously, the sum of the storage 

space occupied by all tasks allocated to cloud server sj should not exceed the server’s storage space. Therefore, 
there is the following constraint:
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 .n storage
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⋅ ≤∑                                                                   (15)

Formula (14) reflects the storage space utilization ratio of each cloud server. To describe the load balancing 
degree of all cloud servers in the edge computing network, we further introduce the balance index μ, which is 
represented as (16):
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where m is the total number of cloud servers in the network, and R  is the average storage space utilization of all 
cloud servers, defined as:
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Obviously, the closer the balance index μ is to zero, the more balanced the load is.

3.7   Optimization Problem Formulation

Based on the foregoing research, the mathematical model and constraint conditions for the combined optimiza-
tion of task offloading and load balancing with cloud-edge collaboration have been established. In this section, 
we formulate our problem as a multi-objective optimization problem.

The execution latency of each task is limited by the variable dmax. Therefore, together with the binary decision 
variable xi,i , the latency constraint of each task may be represented as:

,0 ,0 ,1 ,1 , , , 1 , 1  .local edge edge center max
i i i i i m i m i m i m ix t x t x t x t d+ +⋅ + ⋅ + + ⋅ + ⋅ ≤                                    (18)

According to the above analysis, our research objective is to minimize the total latency and the energy con-
sumption of the user’s device, and achieve the load balancing of the cloud servers. Therefore, in the scenario of 
multi-users, multiple edge servers, and a single central cloud server, the optimization problem is formulated as 
(19):
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where C1 represents that the task offloading latency for users should not exceed the specified time limit, which is 
the vectorized representation of formula (18); C2 represents that the storage requirements of all tasks offloaded 
to the cloud server should not exceed its designated storage capacity; C3 represents that each computational task 
can be scheduled to only one device for processing; C4 denotes the offloading decision constraint of the user de-
vice; and C5 ensures that all task resources and other parameters should be non-negative values.

4   Solution

From formula (19), we observe that the optimization problem involves both task offloading and load balancing. 
Due to the inclusion of both integer constraints and continuous variables, this optimization problem falls into the 
category of mixed-integer nonlinear programming. Furthermore, since the optimization problem in this study has 
three different optimization targets, making it is a multi-objective optimization problem. To address this problem, 
we propose an improved multi-dimensional discrete particle swarm optimization (MDPSO) algorithm to solve 
this problem. 

4.1   Analytic Hierarchy Process and Multi-objective Optimization

The linear weighting method is one of the multi-objective optimization methodologies based on aggregation 
or decomposition. It converts a multi-objective problem into a single-objective problem by assigning different 
weights to each objective. In the multi-objective optimization problem (19), we define three optimization objec-
tives: latency (targettime), energy consumption (targetenergy), and load balancing (targetload). The multi-objective 
problem can be converted into a single-objective problem as follows: 

1 2 3 .min time energy loadtarget target getZ tarα α α ⋅+ += ⋅ ⋅                                            (20)

In the formula, α1, α2 and α3 represent the weights assigned to the latency optimization targettime, energy con-
sumption optimization targetenergy and load balancing optimization targetload, respectively. These weights satisfy 
the relation α1+ α2 + α3 = 1 .

This study applies the Analytic Hierarchy Process (AHP) to determine the weights of the three indicators. 
AHP is multiple criteria decision-making approach. It systematically structures complex decision problems into 
hierarchical frameworks and determines the weights of each factor by generating a judgment matrix. This pro-
cess ultimately leads to optimal solutions.

First, we construct the judgment matrix, also known as a positive reciprocal matrix. The matrix entries mea-
sure the relative importance of the issues and are selected from the Saaty set [20] (Table 1). These entries are 
arranged such that aij = 1/aji and aii = 1. 
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Table 1. Saaty’s relative indices

Relative importance of issues i and j Value of aij

i and j of equal importance 1
i slightly more important than j 3
i more important than j 5
i a lot more important than j 7
i overwhelmingly more important than j 9

In this scenario, load balancing primarily impacts servers’ performance and has a slight effect on users’ ex-
perience. Therefore, when comparing latency or energy consumption with load balancing, we assign a relative 
importance value of 3. On the other hand, latency is the most directly perceived metric by users and significantly 
influences QoS. Therefore, when comparing latency to energy consumption, we assign a relative importance 
value between 1 and 3. We utilized the extended Saaty set for refinement, and consequently, latency is assigned 
a rating of 2 in comparison to energy consumption. The positive reciprocal matrix is represented in formula (21). 
The first, second, and third rows correspond to latency, energy usage, and load balancing, respectively.

1 2 3
1 1 3 ,
2
1 1 1
3 3

 
 
 
 =  
 
  
 

A                                                                        (21)

After generating the judgment matrix, a consistency check is necessary. The consistency index (CI) formula is 
as follows:

max 3.0536 3 0.0268,
1 3 1

n
CI

n
λ − −

= = =
− −

                                                         (22)

where λmax represents the principal eigenvalue and n is the order of the matrix. According to the average random 
consistency index (RI), the matching value is RI = 0.52. Next, we can calculate the consistency ratio (CR) as fol-
lows:

0.0268 0.0516.
0.52

CICR
RI

= = =                                                                (23)

Therefore, CR = 0.0516 < 0.1, it can be concluded that the consistency of the judgment matrix is acceptable.
Finally, the eigenvalue approach is used to calculate the weight. The eigenvector corresponding to the great-

est eigenvalue of the judgment matrix is [0.8257, 0.5201, 0.2184], which, after normalization, yields [0.5278, 
0.3325, 0.1396]. In this paper, the weights of the three are selected as α1 = 0.5278, α2 = 0.3325, α3 = 0.1396.

In this paper, the 0-1 transformation is applied to normalize the data. Since all three objective functions are 
cost-type indicators, suggesting that smaller values are preferable, the 0-1 transformation is as follows:

  .
max
i i

i max min
i i

target targettarget
target target

−
=

−
                                                         (24)

where max
itarget  and min

itarget  are the maximum and minimum value of targeti, and itarget  is the normalized 
value following the 0-1 transformation. After the normalization, the optimal value of targeti will change to 1, and 
the worst value of targeti will change to 0.

Therefore, the single-objective optimization problem with linearly weighted optimization objectives is as fol-
lows:
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
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4.2   Solution Based on Improved Particle Swarm Optimization

Particle swarm optimization (PSO) is widely employed in solving single optimization problems. Inspired by the 
foraging behavior of birds, the PSO method simulates how a flock gradually converges towards an optimal goal 
through individual and group experiences, thereby obtaining desirable outcomes. The conventional PSO ap-
proach employs the following formula to update the position and velocity of particles:

( ) ( )1 1 2 2 ,d d d d d d
i i i i iv v c r p x c r g xω= + − + −                                                     (26)

.d d d
i i ix x vα= +                                                                            (27)

Due to the discrete solution space inherent in the optimization problem addressed in this paper, the traditional 
PSO approach cannot be directly applied. Therefore, an improved binary discrete particle swarm approach is ad-
opted, where the position of a particle can only take values of 0 or 1, while the velocity vii remains continuous.

To achieve this, the sigmoid function is employed to map the values of each dimension of the velocity vij to a 
continuous space ranging from 0 to 1, denoted as s(vij). These mapped values represent the chance of the relevant 
position vij taking the value of 1. Finally, the position update algorithm is appropriately adjusted to ensure the 
mapping from continuous space to discrete space. The velocity compression formula and particle position update 
formula are expressed as follows:
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where r is a random number uniformly distributed between 0 and 1.
The discrete particle swarm approach handles the problem of location updates when particles have only two 

possible values in the state space. However, for the optimization problem (19), apart from satisfying the binary 
variable constraints, there exists an additional constraint C4 among the variables. Therefore, a more refined parti-
cle position update formula is used as shown in equation (30):
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In equation (30), r1, r2, …, rm represent random values in the range [0, 1] that are monotonically increasing 
relationship. By utilizing the position update formula (30), the solution space is reduced from n × (m + 2) dimen-
sions to n dimensions, while preserving the real range of the solution space.

In the conventional particle swarm optimization algorithms, the selection of the learning factors (c1 and c2) is 
often chosen manually, which increases the uncertainty in the algorithm’s solution finding process [18]. To ad-
dress this issue, this study introduces an intelligent technique for selecting the learning factors, allowing them to 
be automatically adjusted during the iteration process of the algorithm.
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The learning factor c1 determines the influence of one’s own experience on the next step of motion, while c2 
determines the influence of group social experience on motion. Therefore, throughout the full iterative process, c1 
gradually decreases from a higher value, while c2 gradually increases from a smaller value. This method enhanc-
es the algorithm boost the global search ability of particles in the early stage of the algorithm, while achieving a 
more refined local search in the later stage.

In order to increase convergence speed and obtain the ideal value, the expression of the improved learning 
factor is:
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where t indicates the current iteration number of the algorithm, and Tmax represents the maximum number of iter-
ations. The above two formulas are monotonic decreasing and increasing functions respectively, consistent with 
the changing trend outlined in the previous analysis.

In this paper, the improved particle swarm optimization algorithm is employed to solve the optimization prob-
lem. Therefore, the pseudo code of the improved particle swarm optimization algorithm as follow:

program improved_multi_dimensional_discrete_pso: 
  { Initialize the particle position of the particle swarm }; 
  { Calculate the optimal value Pbest_i and global optimal value Gbest of 
each particle in the initial case } 
  begin 
    while (number of iterations or stop conditions have not been reached) 
       for (each particle) 
          { Update the speed of particles according to the speed update 
formula (26) }; 
          { Determine the boundary according to the updated particle ve-
locity }; 
          { Update the position of particles according to formulas (28) 
and (30) }; 
          if (solution given by particles is feasible) 
             { Calculating objective function Formula (25) }; 
             { Update the optimal value Pbest_i & global optimal value 
Gbest of particle }; 
          else do 
             { Calculating penalty function }; 
          end. 
       end. 
    end. 
end.

5   Simulation and Analysis

5.1   Experimental Simulation Results

By setting specific parameters in the modified particle swarm optimization algorithm, the objective function evo-
lution diagram is illustrated in Fig. 4.
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                                (a) Objective function evolution curve                               (b) Learning factor curve

Fig. 4. MDPSO algorithm simulation experiment results

Fig. 4(a) shows that the modified particle swarm algorithm continuously explores multiple solutions while 
keeping track of the best answer. During the iterative process, the algorithm initially converged to a value of 
0.872. As iterations progressed, it finally reached the peak value of 0.9584 at the 111th iteration. This demon-
strates that the algorithm effectively balances exploration and exploitation, allowing it to escape local optima and 
find a better global solution over time. Fig. 4(b) shows the changing trend of the improved learning factors c1 
and c2. Unlike the traditional method, where these factors remain constant, they gradually change as the number 
of iterations increases. Specifically, the cognitive learning factor c1 decreases while the social learning factor c2 
increases, which enhances the algorithm’s ability to converge by relying more on the collective experience of the 
swarm in later iterations.

To evaluate the performance of our proposed MDPSO algorithm, we compare it with three different schemes 
with three key metrics: latency, energy consumption and load balancing. The three baseline methods are as fol-
lows:

1.	 ACCO [19]: Through an approximation collaboration algorithm, ACCO determines the device’s offload-
ing decision by a greedy strategy in three stages, aiming to minimize the energy consumption.

2.	 JORDDPG [6]: By applying Lyapunov optimization theory, JORDDPG transforms the original system 
power consumption problem into a weighted sum problem of system power consumption and task queue 
stability, effectively balancing resource management and energy efficiency optimization for edge comput-
ing.

3.	 RoFFR [13]: Chen et al. propose a robust computation offloading strategy with failure recovery (RoFFR) 
in an intermittently connected cloudlet system, aiming to reduce energy consumption and task completion 
time.

Table 3 provides the specific values of the three objectives of the enhanced particle swarm system and three 
different baselines.

Table 2. Comparison of different schemes

Scheme Latency (s) Energy consumption (J) Load balancing
ACCO 6.6467 131.4545 0.61

JORDDPG 9.5732 47.0638 0.58
RoFFR 6.2493 68.5062 0.33
MDPSO 7.1825 58.3908 0.23

From the findings in Table 2, it is evident that our proposed optimization algorithm MDPSO has the best 
performance according to these three metrics. Compared with the other three baseline methods, MDPSO algo-
rithm achieved the best load balancing performance, with an improvement of about 30% compared to RoFFR 
algorithm. In addition, although the MDPSO algorithm did not achieve the best latency and energy consumption 
indicators, the difference compared to the RoFFR algorithm with the best latency is 12%, and the difference 
compared to the JORDDPG algorithm with the best energy consumption is 19%. This trade-off is due to our al-
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gorithm incorporating load balancing metrics and increasing priority in the multi-objective optimization process. 
Therefore, these results demonstrate the effectiveness of MDPSO in achieving a balanced optimization across 
multiple objectives.

To further validate the performance of our algorithm, we conducted additional experiments comparing 
MDPSO with other existing methods in terms of scalability and robustness under varying network conditions.

5.2   Algorithm Comparison

This work establishes a simulation environment using MATLAB and compares the proposed method with four 
different schemes. From the comparative experiment in Table 3, the RoFFR algorithm has the best performance 
among the three baselines we selected. Therefore, we chose the RoFFR algorithm and two other basic scenarios 
for further comparison. The selected comparison algorithms are as follows:

Scheme 1: local computing scheme. All tasks are calculated locally by the user device. 
Scheme 2: offload-all scheme. All tasks are offloaded to the centralized cloud server for computation. 
Scheme 3: the RoFFR algorithm. 
Scheme 4: the improved particle swarm optimization technique MDPSO presented in this paper. We conduct-

ed extensive simulations to assess the performance of these schemes under different network sizes and resource 
configurations.

Without loss of generality, Table 3 shows the basic characteristics of each device (including mobile user de-
vices and cloud servers), as well as the parameter settings of the computing tasks of each user device. The sim-
ulation parameters are selected to reflect realistic settings in IoT environments, ensuring that the experimental 
results are representative of practical scenarios.

Table 3. Parameters settings

Parameter Description Value
 mi Task data size 300-800 KB
 ci Number of CPU cycles required for the task 100-1000 Megacycles
 d max Maximum tolerated task latency 10-100 seconds
 f i

local Local device CPU base frequency 740-860 MHz
 γi

local Local device CPU power consumption 0.3-1.3 J/Gigacycles
 pi Local device uploads transmit power 280-520 mW
 ri Local device data upload rate 9.5-10.5 MB/s
 f j

edge Edge server CPU’s frequency 3.8-4.2 GHz
 Rj

storage Edge server’s storage space 500-1500 KB [19]
 f center Central cloud server CPU’s frequency 6 GHz

Fig. 5 depicts the relationship between the number of network users and the total time latency of all computa-
tional tasks. From Fig. 5, it can be noticed that, among the four ways, the total time latency of all computational 
tasks increases as the number of network users grows. This is expected, as more users generate more computa-
tional tasks, leading to increased processing times and potential network congestion. Additionally, the modified 
particle swarm technique described in this paper achieves the minimum latency when the number of network 
users is less than 35. However, if the number of users exceeds 35, the latency caused by the modified particle 
swarm algorithm is slightly higher than the strategy of keeping all tasks local. This is because as the number of 
users increase, the quantity of computational activities also increases. If these jobs are offloaded to servers, there 
will not only be a delay during task transmission, but they will also have to wait in the server’s queue until pre-
vious tasks are all completed. In contrast, local computation avoids transmission delays but suffers from limited 
processing power. Therefore, keeping all tasks at the local place may be slightly faster than offloading them to 
servers. However, it’s important to note that the MDPSO algorithm still provides a better balance between laten-
cy and energy consumption, as will be discussed next.

Fig. 6 displays the relationship between the energy consumption of user devices and the number of network 
tasks. It is worth noting that keeping all computing operations local results in the highest energy consumption. 
This is due to the limited computational efficiency of mobile devices, leading to higher energy usage per task. 
However, the energy consumption required by the modified particle swarm method is slightly higher than the 
technique of offloading all work to a central cloud server. This is because when all tasks are offloaded to the 
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server, local user devices only need to contribute energy during the task transmission phase. They continuously 
demand energy until the tasks are completed while processing activities locally. Offloading reduces computation-
al energy but may increase communication energy consumption. Therefore, the modified particle swarm method 
sacrifices a portion of energy consumption to obtain lower latency, resulting in a superior total objective function 
value. Overall, the MDPSO algorithm achieves a good compromise between energy consumption and latency, 
making it suitable for applications where both factors are critical.

 

Fig. 5. Graph of the relationship between the total latency of network tasks and the number of users

 

Fig. 6. Diagram of the relationship between user device energy consumption and task count

To analyze the impact of network size on energy consumption, we observe that as the number of tasks increas-
es, the energy consumption for all schemes rises, but the rate of increase differs. The MDPSO algorithm demon-
strates a moderate growth rate, indicating its scalability and efficiency in larger networks.

Fig. 7 depicts the relationship between the load of the network and the number of edge servers, with 3, 5, and 
7 edge servers respectively. It can be noted that the load balancing metric of the edge servers shows a rising trend 
as the number of tasks in the network grows. This is because an imbalance in load distribution can occur when an 
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increasing number of tasks are scheduled to edge servers with superior performance, while the number of edge 
servers remains unchanged. Additionally, as the number of edge servers increases, the load measurements of edge 
servers tend to become more balanced. This is because with a growing number of edge servers, there are more 
opportunities to distribute computing tasks, leading to a tendency to schedule tasks to edge servers with lower 
loads. This helps to achieve overall load balancing among edge servers in the network. Our MDPSO algorithm 
effectively utilizes additional edge servers to distribute tasks more evenly, thereby improving load balancing and 
preventing potential bottlenecks in the network.

Similarly, Fig. 8 depicts the relationship between load balancing of the edge servers and the cache space. As 
the cache space rises, the load balancing exhibits a decreasing trend. This indicates that larger cache spaces allow 
for more tasks to be handled by individual edge servers, which can lead to imbalances if not properly managed. 
The MDPSO algorithm accounts for this by considering storage utilization in the offloading decisions, ensuring 
that tasks are allocated in a way that maintains load balance across the network.

 

Fig. 7. Load balancing and task count relationship diagram for edge servers

 

Fig. 8. Load balancing and cache space relationship diagram of edge servers
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6   Conclusion

This paper studies the computing task offloading mechanism based on cloud-edge collaboration. Firstly, we pres-
ent a mathematical model of an edge computing network. It is formulated as a multi-objective optimization prob-
lem with multi-constraint, which is then solved by an improved particle swarm optimization algorithm.

For edge computing networks, this paper offers a system model with multiple users, numerous edge servers, 
and a single centralized cloud server. Based on current research, we propose a new load balancing metric for 
edge servers that leverages server parameters. This metric is incorporated into an optimization problem as one of 
multiple objectives, aiming to achieve better offloading decisions alongside latency and energy consumption met-
rics. For the multi-objective optimization problem, we first transform it into a single-objective optimization prob-
lem by using standard 0-1 transformation and the linear weighting method. Then an enhanced particle swarm op-
timization approach is proposed to solve the problem. Traditional particle swarm optimization algorithms involve 
manual configuration of several parameters. This paper provides a method to automatically adjust the parameters 
based on the number of algorithm iterations, which results in faster convergence of the algorithm. To verify the 
proposed improved particle swarm optimization algorithm, simulation tests and analysis are conducted in Section 
5. In the scenario of several users and a single edge server, the modified particle swarm optimization method sug-
gested in this paper beats the RoFFR algorithm in terms of latency and energy usage. When the number of edge 
servers increases, the modified particle swarm optimization algorithm also displays good optimization outcomes 
in terms of latency and energy consumption compared to the other three approaches. At the same time, the edge 
servers maintain load balance.

However, there are some limitations to the proposed scheme. Firstly, the computational complexity of the 
algorithm increases with the number of users and tasks, which may limit its scalability in large-scale networks 
or real-time applications. Secondly, the model assumes stable network conditions and does not fully consider 
network dynamics such as varying bandwidth, latency fluctuations, or node failures, which can affect the perfor-
mance of the offloading decisions. Future work will focus on optimizing the algorithm for better scalability and 
robustness and extending the model to account for more dynamic network scenarios. Additionally, real-world 
experiments will be conducted to validate the practical applicability of the proposed method.
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