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Abstract—The development of edge computing has facilitated 

the development of numerous applications with diverse 

characteristics and stringent quality of service (QoS) 

requirements; these applications demand significant 

computational power and have strict time-sensitive constraints. 

While cloud computing offers seemingly unlimited computational 

resources, it often fails to meet the real-time demands of certain 

applications because of the latency introduced by the distance 

between edge devices and cloud data centers. Edge computing 

enables computational services closer to edge devices, better 

fulfilling these time-sensitive demands. Task scheduling that tries 

to share tasks among diverse virtual machines in an optimum 

manner concerning overall system performance metrics, such as 

minimal execution time or reduced energy consumption, is one of 

the key challenges of this heterogeneous computing environment. 

Task scheduling is an NP-complete problem. Therefore, 

metaheuristic algorithms are usually applied to obtain near-

optimal solutions. The study presents an enhanced grey wolf 

optimization hybridized by a dimension learning-based strategy, 

EGWODLB, for optimizing QoS objectives focusing on execution 

time and energy consumption. The experimental results reflect 

that EGWODLB outperforms the benchmark algorithms by 

achieving significant improvements in both execution time, 

energy consumption, and VM utilization. 
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I. INTRODUCTION 

With the penetration of intelligent edge devices, the 21st 
century turns computationally intensive with several broad 
applications ranging from online gaming, video conferencing, 
and 3D modeling. Such resource-intensive computing 
applications are normally restricted in edge devices due to the 
limited battery life and processing power, resulting in poor user 
experiences for resource-intensive operations [1][2]. The 
concept of Edge Computing, therefore, came to alleviate this, 
offloading expensive computation into local EC servers, hence 
making performance great and saving energy and execution 
time, the important role of EC in building the spaces where the 
demands of modern applications and the limited abilities of 
edge devices have equipped it to become a key technological 
component for time-critical applications. For instance, 
autonomous vehicles, smart cities, and healthcare [3]. Despite 
the considerable advantages of Edge Computing (EC), the task 
scheduling problem in these contexts is far from trivial. Huge 

search spaces can randomly generate satisfactory task 
assignments [4]. Scheduling algorithms take a considerable 
amount of time to converge, which can lead to the 
underutilization of virtual machines. This inefficiency 
circumscribes the maximum potential of edge computing 
systems and negatively affects the timely execution of tasks, 
especially in IoT and real-time data processing[5]. 

 To address these challenges, EC operates within an 
environment that aims to optimize resource allocation and 
performance by distributing tasks between edge devices and 
EC servers. This distribution is based on various factors such 
as task requirements, network conditions, and resource 
availability. However, inefficiencies in scheduling algorithms 
continue to limit this potential, as they may not fully exploit the 
capabilities of available resources [6]. Effective task 
scheduling is pivotal in ensuring that EC systems can operate 
efficiently. This involves the intelligent allocation of tasks to 
appropriate resources, considering multiple optimization goals, 
such as minimizing energy consumption, execution time, and 
completion delay, while ensuring that the Quality of Service 
(QoS) standards are met [7]. However, the EC environment 
needs to manage resources efficiently, which requires effective 
task scheduling. It involves the intelligent allocation of 
resource tasks, taking into account various optimization 
objectives such as energy consumption, execution time, and 
completion delay, all to maintain the Quality of Service (QoS) 
requirement [8]. 

Many current algorithms, such as traditional heuristic and 
metaheuristic approaches, struggle with the flexibility needed 
to effectively manage the dynamic and constantly evolving 
conditions of edge environments. These algorithms have 
gained popularity for task scheduling in EC, particularly for 
NP-complete problems. The general idea of such algorithms is 
that they can reasonably perform in limited amounts of time to 
obtain near-optimal solutions for complex problems.[9]. These 
include (PSO, GA, FOA, and ACO); all these algorithms have 
their goal of reaching as near an optimal solution as possible to 
the complex problem at hand within reasonable time 
limits[10], [11]. However, these methods are suffering from 
shortcomings such as a slow convergence rate, inherent 
randomness tied to global search capability, and trapping in 
local optima that usually result in suboptimal solutions[12]. o 
far, the biggest challenge in applying such metaheuristic 
approaches to real-time edge computing is how to find a good 
balance between global exploration and local exploitation 
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[13],[14]. Recently, many challenges have been overcome by 
using the algorithm called Grey Wolf Optimizer. GWO has 
some special advantages in comparison with other 
metaheuristic algorithms. For example, memory is lower than 
that of PSO since only one position vector is used, and GWO 
avoids convergence to local optima because of the use of the 
top three solutions, while the PSO algorithm focuses on one 
best solution[15]. Besides, GWO has less complexity and 
fewer parameters than GA, implying faster computation time 
and lower energy consumption. It also shows better adaptation 
to the dynamic resource availability inherent in EC 
environments [16]. 

The GWO takes inspiration from grey wolves, always 
living in a structured social hierarchy, and their natural 
behavior and hunting strategy. More recently, the grey wolf 
optimizer has gained considerable attention over other 
metaheuristic algorithms due to efficient convergence 
performance, low complexity, minimum utilization of energy, 
and easy implementation converter [17]. The GWO has been 
widely used in many fields to solve a set of problems, such as 
optimization problems, classification problems, economic and 
power dispatch, and Capacitated Vehicle Routing problems 
[18]. Recently, with its attractive characteristics, this algorithm 
has gained specific attention from researchers in multi-
objective problems of task scheduling, especially in edge 
computing, given the particular features of EC servers [19]. 
The major influencing factors include execution time and 
energy consumption, the most important among them all. 
Though scheduling tasks on EC servers reduces execution time 
through the exploitation of proximity to resources, it could lead 
to higher energy consumption. Overall, the rise in energy 
consumption can be attributed to several factors, including the 
added computational overhead required for efficient task 
management and mapping, frequent scheduling in dynamic 
environments, and the ongoing monitoring and adjustment of 
resource utilization to accommodate fluctuating demands.[20]. 
Moreover, most edge devices are limited in computation 
capability and power supply, and high energy consumption 
within an edge server increases not only operation costs but 
also shortens equipment life. Consequently, energy 
consumption reduction becomes critical to edge networks. 
Most of the work in improving energy efficiency in edge 
servers has focused either on developing energy-efficient 
hardware for edge computing or strategies of offloading jobs 
from the cloud to an edge server. Workload scheduling and task 
assignment to an appropriate virtual machine, though critical 
aspects that can significantly enhance EC server execution time 
and energy efficiency, have not yet been clearly addressed [21]. 

To address the identified limitations, this study proposes an 
enhanced version of the GWO, designed to improve its 
efficiency and effectiveness. The enhancement incorporates a 
novel search mechanism known as the dimension learning-
based Hunting (DLH) strategy, inspired by the individual 
hunting behaviour of wolves in nature. The DLH strategy 
expands the global search capability by leveraging multi-
neighbour learning, allowing the algorithm to explore the 
search space more thoroughly. In each iteration, the (EGWO) 
generates two potential solutions for each wolf: one based on 
the (DLH) strategy and another from the standard GWO 

approach. The algorithm then applies a selection and update 
process to determine the best candidate solution, ensuring that 
the wolves move to more optimal positions in subsequent 
iterations. Furthermore, a network performance model is 
integrated to assess critical performance metrics. This model 
minimizes delays by effectively assigning tasks to the most 
suitable virtual machines, resulting in improved system 
performance and efficiency. 

The main contributions of this study are as follows:  

• The existing research and challenges related to task 
scheduling, particularly those related to energy 
consumption and execution time, are examined as 
multi-objective optimization problems. 

• A mathematical framework optimizes energy 
consumption, execution time, and VM utilization by 
allocating tasks to virtual machines. 

• Introducing an enhanced EGWODLB strategy to 
improve task scheduling, aiming to reduce both 
execution time and energy consumption in edge 
computing environments 

• Through simulations, the proposed EGWODLB 
algorithm significantly outperforms other methods in 
minimizing energy consumption, execution time, VM 
utilization, and running time. 

This study is organized as follows: The relevant research is 
reviewed in Section II. The system model is examined in 
Section III. Section IV describes the suggested approach in 
depth. Section V provides an explanation of the experimental 
setting, and Section VI discusses the findings. The study is 
finally concluded in Section VII with a review of the results 
and recommendations for additional research. 

II. RELATED WORKS 

Edge computing has emerged as a promising approach to 
complement cloud computing by improving resource 
management and enhancing performance[22]. However, the 
inherently dynamic and varied nature of edge environments 
creates significant challenges, particularly in areas such as task 
offloading, network performance monitoring, and the handling 
of task dependencies [23]. Task offloading within edge 
computing has become a critical concern, attracting 
considerable research interest. A range of metaheuristic 
algorithms has been investigated to tackle this issue, with each 
method offering distinct advantages and drawbacks. These 
algorithms play an essential role in optimizing task 
management decisions, whether on edge devices or EC servers, 
across various computing settings, due to their capacity to find 
near-optimal solutions in complex and evolving environments 
[21]. 

The Particle Swarm Optimization (PSO) algorithm has 
become a popular choice for task scheduling in edge 
computing environments due to its ability to efficiently find 
optimal solutions for complex problems [24]. Over time, 
various modifications and enhancements have been introduced 
to enhance the Particle Swarm Optimization (PSO) algorithm's 
effectiveness in task scheduling. Drawing inspiration from the 
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social behaviours of animals such as birds and fish, these 
advancements have enabled the algorithm to adapt to the 
dynamic and flexible demands of edge computing. As a result, 
PSO has become a cost-effective and energy-efficient solution 
that meets strict Quality of Service (QoS) requirements. 
Recently, a two-level scheduling framework has been 
developed to tackle optimization challenges in edge computing 
environments. At the upper level, the Inertia Weight Particle 
Swarm Optimization (IW-PSO) method addresses edge users' 
complex, non-convex, and nonlinear power allocation problem, 
focusing on minimizing transmission energy consumption. A 
binary PSO algorithm is utilized at the lower level to handle 
the joint task offloading and resource allocation problem, 
modelled as a Mixed-Integer Nonlinear Programming (MINP) 
problem. This hierarchical framework achieves an optimal 
scheduling solution, reducing energy consumption while 
enhancing response times and overall system efficiency [25]. 
This study introduces a hybrid method integrating Genetic 
Algorithms (GA) and Particle Swarm Optimization (PSO) to 
optimize multi-objective job scheduling in fog computing 
environments. Combining both algorithms' strengths, the 
hybrid approach outperforms traditional single-algorithm 
techniques. It optimises between exploring and exploiting the 
search space, resulting in more effective solutions. 
Experimental findings reveal that the proposed hybrid 
algorithm significantly enhances execution time and reduces 
energy consumption, demonstrating its efficiency and 
practicality [26]. This study proposes a Particle Swarm 
Optimization (PSO)-based approach aimed at reducing energy 
costs and minimizing the time required to identify viable 
solutions. Experimental results indicate that the energy-
efficient PSO metaheuristic effectively leverages its 
capabilities to achieve significant performance improvements 
[27]. A centralized orchestrator layer is proposed to implement 
a two-tier cooperative scheduling mechanism. At the first level, 
tasks are scheduled locally on EC servers, ensuring efficient 
handling of resources at the edge. The second level operates 
within the orchestrator, where tasks are distributed to either the 
cloud or a nearby base station. Task prioritization is determined 
based on factors such as required throughput and acceptable 
delay, enabling the system to optimize resource allocation and 
performance [28]. This research presents a heuristic Particle 
Swarm Optimization (PSO) algorithm, termed LPSO, built 
upon the Lyapunov framework. The algorithm is designed to 
stabilize queues and complete tasks within defined timeframes 
while balancing computational energy usage at IoT nodes, 
transmission energy requirements, and energy consumption in 
the fog computing environment. By fine-tuning these 
parameters, the proposed LPSO algorithm effectively reduces 
total energy consumption and promotes efficient task 
execution. [29]. The main goal of scheduling is to minimize 
task completion time and lower energy consumption on edge 
devices. The study introduces two optimization techniques 
grounded in slow-motion particle swarm optimization to 
address this NP-hard challenge. Notably, a position-based 
mapping strategy is developed to convert particle positions into 
practical and efficient scheduling solutions [30]. The Particle 
Swarm Optimization (PSO) algorithm is highly effective for 
solving continuous optimization problems. It is renowned for 
its straightforward implementation and fast convergence speed. 

However, it is prone to premature convergence, which can 
result in suboptimal solutions as it becomes trapped in local 
optima. Consequently, additional enhancements are required to 
improve its overall performance. 

Genetic Algorithms (GAs) have demonstrated their 
effectiveness in addressing complex task scheduling problems 
across diverse computing environments, including cloud 
computing, Edge Computing (EC), and fog computing [31]. 
Their primary strength is their capacity to produce excellent 
results quickly, even for NP-complete problems like job 
scheduling, which makes them an invaluable tool in these 
situations [32]. In order to minimize the total energy 
consumption of fog nodes (FNs) while ensuring that the 
Quality of Service (QoS) requirements for Internet of Things 
tasks are met, the research presents a mathematical model for 
the task scheduling problem. [33]. This study introduces an 
enhanced task scheduling strategy, IGA-TSPA, based on an 
improved genetic algorithm. The approach refines the 
initialization and mutation processes of the genetic algorithm, 
effectively narrowing the initial solution space and accelerating 
convergence toward optimal solutions [34]. A scheduling 
system was created to break down applications into discrete 
jobs, which are then handled using a task queue. An auction-
based bidding approach was used to find the most appropriate 
server for each application [35]. The Genetic Algorithm (GA) 
employs a weighted probabilistic crossover method to optimize 
work scheduling, considering the fitness of Virtual Machines 
(VMs). 

The Fruit Fly Optimization Algorithm (FOA) has been 
widely used for job scheduling challenges in many fields, 
significantly improving efficiency and optimization. [36]. In 
recent research, an improved Fruit Fly Optimization (IFFO) 
algorithm was designed to optimize the scheduling of multiple 
workflows in a cloud computing environment by minimizing 
both makespan and associated costs [37]. A Fruit Fly-inspired 
Simulated Annealing Optimization System (FSAOS) was 
proposed as a potential solution. To address the issue of 
premature convergence in both global and local searches, the 
framework integrates simulated annealing into the optimization 
process. Additionally, a trade-off factor is introduced, allowing 
application owners to select the most suitable service quality 
that minimizes execution costs [38]. The Firefly Algorithm 
(FA) excels in solving multimodal optimization challenges and 
effectively avoids getting trapped in local optima. However, its 
effectiveness in dynamic environments largely relies on precise 
tuning of key parameters, such as the smell coefficient and 
attractiveness function, to ensure optimal performance. 

The Ant Colony Optimization (ACO) algorithm has proven 
to be highly effective in addressing task offloading challenges 
across various fields, including edge computing and 
construction project management. Drawing inspiration from 
the natural behavior of ants, the algorithm mimics their method 
of leaving pheromone trails to guide others [39]. These 
pheromone trails enable ants to navigate the solution space, 
marking their routes and assessing the quality of potential 
solutions, to converge on the optimal one. Recently, there has 
been research based on an ant colony. For resource and task 
selection criteria in clusters, the ACO technique was 
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proposed in [40]. To attain the required quality for scheduling 
workflows, users define QoS restrictions. [41] presents a 
workflow scheduling method based on the ant colony system 
(ACS) that has been improved with new features. The idea of a 
knowledge matrix combined with the ACO algorithm is 
covered in [42]. Researchers employed the ACO technique to 
assess the historical attractiveness of distributing jobs to the 
same physical machine. An energy-efficient scheduling system 
based on ant colonies was invented. Pheromone systems have 
been revised and proven in [43] and [44]. Due to the balance 
between exploration and exploitation, it has demonstrated 
encouraging outcomes in several optimization situations. To 
evaluate its performance in dynamic situations like edge 
computing. However, more research is necessary as its 
applicability in these settings is yet mostly unexplored. 

In the realm of task scheduling for edge computing, 
traditional optimization techniques and artificial ontologies 
have historically played a central role in research [45]. While 
these strategies have proven efficient in specific situations, 
their use is frequently limited by significant computational 
complexity, resulting in high resource usage and increased 
energy needs. These constraints represent important issues for 
EC systems, which operate under strict criteria for minimizing 
energy usage and execution time to support real-time 
applications. To address these constraints, researchers have 
increasingly adopted metaheuristic approaches such as Particle 
Swarm Optimization (PSO), Genetic Algorithms (GA), the 
Fruit Fly Optimization Algorithm (FOA), and Ant Colony 

Optimization (ACO). These techniques stand out for their 
ability to deliver high-quality solutions with lower complexity 
than classical methods, enabling more energy-efficient task 
scheduling. However, their dependency on multiple parameters 
to achieve optimal results can offset these advantages by 
increasing computational overhead and energy usage. 
Consequently, such approaches often fall short of meeting the 
rigorous performance demands of EC applications, especially 
in Internet of Things (IoT)-driven environments where rapid 
response times and power efficiency are paramount. This work 
proposes the Enhanced Grey Wolf Optimization algorithm 
integrated with a Dimension Learning-Based strategy 
(EGWODLB) to overcome these challenges. This novel 
mechanism addresses the dual objectives of reducing energy 
consumption and minimizing task execution time in EC 
systems. By effectively balancing key parameters with minimal 
input requirements, EGWODLB demonstrates its ability to 
manage large-scale IoT workloads with remarkable efficiency. 
Moreover, the algorithm ensures optimized task scheduling, 
faster response times, and improved system performance, 
aligning seamlessly with modern EC applications' energy and 
latency demands. Table I provides a consolidated overview of 
recent studies on task scheduling in edge computing 
environments, highlighting both key findings and existing 
limitations. This summary captures the current state of 
research, offering insights into the strengths and gaps of 
various approaches used to address task scheduling challenges 
in dynamic and resource-constrained edge computing 
environments. 

TABLE I.  SUMMARY OF LITERATURE ON TASK SCHEDULING 

Algorithm Strategy Enhancement Main Goals Benefits Limitation Ref 

PSO Standard PSO 
Efficient task scheduling in 

edge environments 

Fast convergence, simple 

implementation, energy-

efficient, but prone to 

premature convergence 

Prone to local optima, 

lacks robustness in 

dynamic environments 

[24] 

IW-PSO + Binary  

PSO 

Two-level scheduling: IW-

PSO for power allocation, 

Binary PSO for 

offloading/resource allocation 

Minimize transmission 

energy, improve system 

efficiency 

Jointly reduces energy and 

enhances response time 

Increased complexity 

due to dual-layer 

structure 

[25] 

GA-PSO Hybrid Genetic Algorithm + PSO 
Multi-objective job 

scheduling 

Improves execution time and 

reduces energy compared to 

single algorithms 

inherits the drawbacks 

of both GA and PSO 
[26] 

PSO-based Heuristic Cost-oriented PSO variant 
Reduce energy costs and 

decision time 

Achieves significant 

performance improvements 

limited handling of task 

dependencies or 

dynamics 

[27] 

Cooperative PSO + 

Orchestrator 

Local edge scheduling + 

orchestrated cloud/Base 

Station tasks 

Task prioritization by 

throughput and delay 

Optimizes resource use in two -

tier environments 

Lacks fine-grained 

control of edge tasks 
[28] 

LPSO 
PSO with Lyapunov 

framework 

Stabilize queues, balance 

energy in IoT/Fog 

Reduces energy while 

ensuring timely task 

completion 

Requires accurate 

modeling of system 

dynamics 

[29] 

Slow-Motion PSO 
Mapping particle positions to 

tasks 

Handle NP-hard scheduling, 

minimize makespan 

Converts abstract positions 

into feasible schedules 

not scale with 

heterogeneous 

environments 

[30] 

GA 
Classic GA with probabilistic 

crossover 

General task scheduling in 

MEC/Fog/Cloud 

Fast for NP-complete 

problems, highly adaptable 
limited exploitation [31] 

IGA-TSPA 
Improved GA with refined 

initialization and mutation 

Speed convergence, improve 

job matching 

Narrows the solution space, 

faster convergence 

Still risks local optima 

in large task sets 
[34] 

GA + Auction Model 
GA with task queue and 

bidding 
Efficient job-server pairing 

Dynamic and fair server 

assignment 

Bidding-based methods 

may introduce latency 
[35] 

FOA 
Standard Fruit Fly  

Optimization 

Improve workflow 

scheduling in the cloud 

Enhances efficiency and 

optimization 

less efficient in 

constrained edge 

environments 

[36] 
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IFFO 
Improved FOA minimizes the 

makespan and cost 
Multi-workflow scheduling 

Achieves cost and time 

efficiency 

Multiple objectives can 

reduce 
[37] 

FSAOS FOA + Simulated Annealing Avoid local optima 
Enables balanced QoS and 

cost 

Annealing can slow 

convergence 
[38] 

FA (Firefly  

Algorithm) 

Tuning the smell coefficient 

and attractiveness 
Solve multimodal problems 

Avoids local optima, needs 

careful tuning 
  

ACO Pheromone trail modeling 
Workflow scheduling, 

resource matching 

Balances exploration-

exploitation, energy efficient 

Scalability issues in 

large 
[40] 

 

A review of recent literature reveals substantial 
advancements in task scheduling strategies for edge computing, 
particularly through metaheuristic and hybrid optimization 
methods. Nevertheless, critical limitations persist. Many 
approaches, such as standard PSO and GA variants, exhibit 
premature convergence, limited scalability, and inadequate 
performance in handling dynamic and heterogeneous 
workloads, especially under real-time constraints. Others, 
including hybrid and cooperative algorithms, introduce high 
computational overheads and often lack effective mechanisms. 
Moreover, several studies fail to balance key objectives such as 
energy consumption, execution time, and VM utilization 
simultaneously, frequently sacrificing one to optimize another. 
The need for manual parameter tuning, inability to adapt to 
fluctuating edge environments, and poor convergence in multi-
objective contexts further hinder practical deployment. These 
issues underscore the necessity for a more adaptive multi-
objective scheduling solution. In response, this study proposes 
an Enhanced Grey Wolf Optimizer integrated with a Dimension 
Learning-Based strategy (EGWODLB) that is specifically 
designed to improve convergence speed, task scheduling 
accuracy, and optimization across diverse edge environments. 

 
Fig. 1. System model. 

Fig. 1 shows a model of the system for a multiuser, multi-
server context where computational tasks originate from 
various edge devices. These tasks are managed by a 
sophisticated scheduling system designed to allocate resources 
efficiently. The system calculates the estimated processing time 
(EPT) for every task running on each VM via the following 

equation 𝐸𝑇𝑃𝑖𝑗=
LT𝑖

𝑃𝑆𝑉(𝑚𝑎𝑐ℎ𝑖𝑛)𝑗
, where LT𝑖  is the task length in 

millions of instructions (𝑀𝐼) and 𝑃𝑆𝑉(𝑚𝑎𝑐ℎ𝑖𝑛𝑒)𝑗  indicates the 

processing power of the VM. It leverages a more enhanced 
strategy known as EGWODLB for task-VM assignments in 

pursuit of optimality to optimise task assignments. This 
intelligent strategy can explore the huge solution space for 
finding the optimal task-to-VM assignments since there can be 
thousands of ways to configure them. It does the runtime 
monitoring of QoS metrics like execution time and energy 
consumption once the optimal task assignments are done to 
VMs. The system dynamically readjusts the resources and 
allocations to maintain peak performance under intensive 
resource utilization. QoS monitoring will offer real-time 
feedback, which permits adjustment and adaptations to variant 
conditions in line with the highest level of service quality. It 
encompasses integrating tasks generated from edge devices, 
EPTs calculation, optimization by EGWODLB, and task 
allocation to VMs for efficient task allocation for resource 
management in a multiuser, multiple-server edge computing 
environment. 

III. PROBLEM DESCRIPTION 

 The section offers a thorough explanation of the 
mathematical model that was applied to solve the edge 
computing environment's task scheduling challenge. that 
includes multiple users and servers. The proposed model 
considers EC servers, each with unique specifications such as 
RAM, storage capacity, CPU cores, and network bandwidth. 
These servers are capable of scaling to meet different Quality 
of Service (QoS) requirements. Consider 

𝑉𝑚𝑎𝑐ℎ𝑖𝑛𝑒={𝑉𝑚𝑎𝑠ℎ𝑖𝑛𝑒1,… 𝑉𝑚𝑎𝑐ℎ𝑖𝑛𝑒2,… 𝑉𝑚𝑎𝑐ℎ𝑖𝑛𝑒𝑣} as a set of virtual 

machines within an EC server. Each virtual machine's 
processing capacity is expressed in milliseconds (M). Let 
𝑇=(𝑡1,… 𝑡2,… 𝑡𝑛) represent the set of tasks submitted by edge 

devices for execution on these virtual machines. Given the 
large number of tasks and virtual machines, the task scheduling 
problem becomes highly complex, involving a vast search 
space with numerous possible task-to-VM assignments. The 
task length LT𝑖  of each task 𝑡𝑖  is determined in millions of 
instructions. The Estimated Processing Time (𝐸𝑃𝑇) is utilized 
to track the time needed to execute a specific task across 
different virtual machines.[46] 𝐸𝑃𝑇𝑖𝑗 refers to the 𝐸𝑃𝑇 of 𝑡𝑖 on 

𝑉𝑚𝑎𝑐ℎ𝑖𝑛𝑒𝑗 computed as Eq. (1): 

𝐸𝑃𝑇(𝑖𝑗)= 
LT𝑖

𝑉𝑚𝑎𝑐ℎ𝑖𝑛𝑒𝑗
, 1 ≤ 𝑖 ≤ 𝑛, 1 ≤ 𝑗 ≤ 𝑣            (1) 

where, LT indicates the task's length 𝑖 and where 𝑉𝑚𝑎𝑐ℎ𝑖𝑛𝑒𝑗 

denotes the processing power of the virtual machine. We aim to 
reduce the execution time and energy consumption to increase 
the quality of service. To address the extensive search space, 
the method uses an enhanced GWO-integrated DLB strategy 
called the EGWODLB. This approach leverages dimension 
learning to explore the large combinatorial space efficiently, 
thus improving the effectiveness and efficiency of the 
scheduling process. Accurate task assignments are crucial for 
reducing execution time and energy consumption. The 
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execution time (ET) is defined as the maximum total duration 
required to complete all tasks as in Eq. (2). 

𝐸𝑇=𝑚𝑎𝑥𝑗∈ (1,2,…,𝑣) ∑ 𝑥𝑖𝑗 × 𝐸𝑇𝑖𝑗  𝑛
𝑖=1                 (2) 

Energy consumption is a key factor in the quality of service 
and includes both the active and idle states of virtual machines. 
Research indicates that a virtual machine typically consumes 
more of its total energy while idle. Therefore, the energy 
consumption 𝐸𝑉(𝑚𝑎𝑐ℎ𝑖𝑛𝑒)𝑗 for a specific 𝑉𝑚𝑎𝑐ℎ𝑖𝑛𝑒𝑗  can be 

calculated as Eq. (3): 

𝐸𝑣𝑚𝑗
𝑡𝑜𝑡𝑎𝑙=𝐸𝑗

𝑡𝑜𝑡𝑎𝑙 × 𝑎𝑗++(𝐸𝑇-𝐸𝑇𝑗
𝑡𝑜𝑡𝑎𝑙) × 𝐶𝑒𝑛𝑗𝑔𝑗          (3) 

where, 𝐸𝑣𝑚𝑗
𝑡𝑜𝑡𝑎𝑙  indicates the total time VM is actively 

executing the tasks of 𝐶𝑒𝑛𝑔𝑗energy consumption rate of VM 

during the idle state, and 𝑎𝑗 indicates the energy consumed in 

its active state. Consequently, the following equation can be 
used to determine an edge system's overall energy 
consumption: 

VM Utilization is a performance metric that quantifies the 
effective computational capacity of a virtual machine (VM) 
used over a given period. It is defined as the ratio of the time a 
VM is actively engaged in executing tasks to the total time it is 
available during a simulation. The overall VM Utilization 
across all VMs is formulated as Eq. (4): 

𝑈𝑗=
∑ 𝑥𝑖𝑗×𝐸𝑃𝑇𝑖𝑗

𝑛
𝑖=1

𝐸𝑇
                              (4) 

where, 𝑥𝑖𝑗is a binary decision variable indicating whether 

the task 𝑡𝑖 is assigned to a virtual machine 𝑗 , 𝐸𝑃𝑇𝑖𝑗 is the 
estimated processing time of the task 𝑡𝑖 on VM 𝑗 , and 
𝐸𝑇denotes the overall execution time (makespan) of the system 
as defined in Eq. (2). 

To evaluate the overall utilization of the edge computing 
system, the average VM utilization across all virtual machines 
is computed as Eq. (5): 

𝑈𝑎𝑣𝑔=
1

𝑚
∑ 𝑈𝑗

𝑚
𝑗=1 × 100  (5) 

where, 𝑚is the total number of virtual machines. Utilization 
is expressed as a percentage to reflect the efficiency of resource 
use across the system. 

A. Network Model 

The network connection model in edge computing is 
designed to optimize data flow and interaction between edge 
devices and edge servers [47]. This model plays a critical role 
in enhancing the performance of real-time applications by 
ensuring efficient data transmission while balancing local 
processing capabilities with the extensive resources available at 
the edge. In this model, edge devices such as smartphones and 
IoT sensors connect to edge computing through dedicated 
communication links. This setup enables low-latency data 
processing, which is essential for meeting the stringent Quality 
of Service (QoS) requirements of real-time applications. Tasks 
requiring higher computational power or additional storage are 
seamlessly transferred from edge devices to one or more edge 
servers, leveraging their superior processing capabilities. The 
hierarchical structure of the model ensures efficient task and 

data flow between these devices and servers, optimizing local 
resource usage while taking full advantage of Edge Computing 
(EC) infrastructure [48]. Moreover, interconnections between 
edge servers allow tasks to be offloaded from one edge server 
and results retrieved from another. This collaborative 
mechanism enhances resource utilization, minimizes latency, 
and upholds QoS standards for a wide range of applications. As 
a result, this network connection model significantly improves 
the overall performance, efficiency, and reliability of the edge 
computing environment. Let 𝑀=(𝑀𝐷1, 𝑀𝐷2,… , 𝑀𝐷𝑛) 
Consider the collection of edge devices and 
𝑆=(𝑀𝑆𝐼 ,𝑀𝑆2 , … , 𝑀𝑆𝑃) represent the set of edge servers in the 
environment, the following guidelines are used to calculate the 
network model. Every edge device needs to be linked to a 
single edge server [Eq. (6)]. 

∑ 𝑘𝑖𝑗=1 ∀𝑀𝐷𝑖 ∈ 𝑀𝐽∈𝑀                            (6) 

where, 𝑘𝑖𝑗  is a binary variable that indicates whether the 

edge server 𝑀𝑆𝑗 is linked to an edge device 𝑀𝐷𝑖 (1 if true, 0 

otherwise). Multiple edge servers can be linked to each edge 
device [Eq. (7)]. 

∑ ℎ𝑖𝑗=0 ∀𝑀𝑆𝑖 ∈ 𝑆𝐽∈𝑆                            (7) 

where, the binary variable ℎ𝑖𝑗 indicates if the edge server 

𝑀𝑆𝑖 and order the edge server 𝑀𝑆𝑗 are connected (1 if true, 0 

otherwise). From the source to the destination, the data flow 
needs to be preserved [Eq. (8)]. 

∑ 𝑓𝑧𝑖 - ∑ 𝑓𝑖𝑗 =𝑞𝑖0,∀𝑖∈ 𝑀 ∪ 𝑆𝑧:(𝑧,𝑖)∈𝐿𝑧:(𝑧,𝑖)∈𝐿             (8) 

where, 𝐿  is the set of network links, 𝑧  is an index for 
servers from which data is flowing into the server 𝑖, 𝑞𝑖 is the 

flow demand at the server 𝑖, and 𝑓𝑖𝑗  is the data flow from server 

𝑖 to server 𝑗. 

B. Fitness Function 

The Enhanced Grey Wolf Optimization (EGWO) is a 
metaheuristic algorithm that schedules tasks based on a fitness 
function to identify the most suitable computing resources. The 
fitness function plays a crucial role in evaluating solutions by 
aligning them with the objectives of minimizing energy 
consumption and execution time. In this study, the fitness 
function is specifically designed to prioritize solutions that 
achieve these goals effectively. The performance of the 
proposed algorithm is significantly influenced by the value of 
the fitness function. In the context of Multi-objective 
Optimization (MOP), it is essential to address various 
conflicting objectives simultaneously. However, the fitness 
function cannot directly compare the generated solutions 
against each other, highlighting the complexity of achieving a 
balanced optimization [Eq. (9)]. 

𝐹(𝑌)=(1-𝑎) × 𝐸𝑇+𝑎 × 𝐸𝑣𝑚𝑗
𝑡𝑜𝑡𝑎𝑙              (9) 

where, 𝐸𝑇represents the overall execution time (makespan), 

𝐸𝑣𝑚
𝑡𝑜𝑡𝑎𝑙 denotes the total energy consumption of all virtual 

machines, and 𝛼 ∈ [0,1]is a weighting parameter that controls 
the trade-off between the two objectives. 

The parameter 𝛼 plays a critical role in balancing the 
optimization priorities. When 𝛼 approaches 0, the model 
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prioritizes minimizing execution time, which is suitable for 
latency-sensitive applications. Conversely, when 𝛼approaches 
1, the model emphasizes energy efficiency, making it more 
appropriate for energy-constrained environments. Intermediate 
values of 𝛼provide a balanced trade-off between performance 
and energy consumption. 

To evaluate the robustness of the proposed model, a 
sensitivity analysis was conducted by varying 𝛼across different 
values within the interval [0, 1] . The results indicate that 
moderate values of 𝛼 (e.g., 𝛼 = 0.4 to 0.6 ) achieve a good 
balance between execution time and energy consumption, 
while extreme values tend to bias the optimization toward a 
single objective. Based on this observation, a balanced value of 
𝛼is selected in this study to ensure effective multi-objective 
optimization. 

IV. PROPOSED APPROACH 

 The enhanced grey wolf optimizer (EGWODLB) enhances 
the original GWO algorithm and integrates a dimension 
learning-based hunting (DLB) strategy to achieve numerous 
goals. This represents the first application of the EGWODLB 
method in the context of edge computing. GWO is inspired by 
the natural social hierarchy and hunting behavior of grey 
wolves. Starting locations for the remaining ω wolves are then 
nudged toward positions corresponding to the best three fitness 
values to locate the global optimum. The three top wolves are 
the best candidates in the GWO technique, known as α, β, and 
δ (Fig. 2). Wolf hunting consists of three major stages: circling, 
chasing, and attacking the prey. 

 
Fig. 2. Grey wolf hierarchy (dominance diminishes from the top down). 

Encircling: Provide a mathematical representation of the 
actions of grey wolves as they circle their prey via Eq. (10) and 
Eq. (11). 

𝐷()⃗=𝐶vec ∙ 𝑀𝑝(𝑡)-𝑀(𝑡)                      (10) 

𝑀(𝑡+1)= 𝑀𝑝(𝑡)-𝐷(vec) ∙  𝐴                  (11) 

where, 𝐷
()⃗

 represents the computed distance between the 

grey wolf and its prey, whereas 𝐶()⃗ is the coefficient vector. In 

this model, 𝑚(𝑡) denotes the position of the grey wolf at a 
specific time 𝑡 , and 𝑀𝑝  represents the prey's location at the 

same time. The coefficient vectors C and A are determined via 
Eq. (12) and Eq. (13): 

𝐴=2 ∙ 𝑎 ∙ 𝑟1-𝑎                                    (12) 

𝐶()⃗=2 ∙ (𝑟𝑎𝑛𝑑 0,1)  (13) 

Here, 𝑟1 and 𝑟2 are random vectors that appear in the range 
of [0, 1], and according to Eq. (14), the components of the 
vector decrease linearly from 2 to 0 during the repetitions. 

𝑎=2-(2 ∙
𝑡

𝑚𝑎𝑥𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛
)  (14) 

where, 𝑡  indicates the iteration that is currently in use, 
whereas 𝑡𝑚𝑎𝑥 represents the maximum number of iterations. 

Hunting: To describe wolves' hunting behavior 
quantitatively, α, β, and δ require greater knowledge of the 
prey's position. As a result, the other wolves (ω) are driven to 
follow the three best solutions (α, β, and δ). Eq. (15)-(16) 
characterize the hunting behavior as follows:  

𝐷𝛼=𝑎𝑐𝑠(𝐶1 ∙ 𝑌𝛼(𝑡) ∙ 𝑀(𝑡)) 

𝐷𝛽=𝑎𝑐𝑠(𝐶2 ∙ 𝑌𝛽 (𝑡) ∙ 𝑀(𝑡)) 

𝐷𝛿 =𝑎𝑐𝑠(𝐶3 ∙ 𝑌𝛿 (𝑡) ∙ 𝑀(𝑡))                      (15) 

𝑌1(𝑡)=𝑌𝛼(𝑡)-𝐴1 ∙ 𝐷𝛼(𝑡), 
𝑌2(𝑡)=𝑌𝛽(𝑡)-𝐴2 ∙ 𝐷𝛽(𝑡), 

𝑌3(𝑡)=𝑌𝛿(𝑡)-𝐴3 ∙ 𝐷𝛿 (𝑡)                         (16) 

where, 𝑌𝛼, 𝑌𝛽, ∧  𝑌𝛿  represents the top three solutions at 

iteration 𝑡 . The coefficients 𝐴1, 𝐴2,   𝐴3  are computed via 

Eq. (12), and 𝐷𝛼, 𝐷𝛽,  𝐷𝛿  are defined via Eq. (15). 

𝑌(𝑡+1)=
𝑌1(𝑡)+𝑌2(𝑡)+𝑌3(𝑡)

3
                      (17) 

Attacking: the hunting phase ends when the wolves stop 
moving, and the wolves attack the prey. The whole procedure is 
controlled through a parameter𝑎, which is linearly decreased 
from iteration to iteration to balance the exploration and 
exploitation. As can be seen from Eq. (14), a is updated in each 
iteration, decreasing from the value 2 to 0 according to [49]. As 
pointed out, during the first iterations the algorithm emphasizes 
exploration, while the latter ones belong to the exploitation. 
During this step, wolves move randomly to a position 
somewhere between their current position and the position of 
prey. 

A. Enhanced Grey Wolf Optimizer (EGWO) 

The leading wolves α, β, and δ in the grey wolf optimizer 
(GWO) algorithm direct the remaining wolves (ω) to 
investigate advantageous areas of the search space to identify 
the optimal solution. This strategy, however, may occasionally 
cause the algorithm to become trapped in local optima, 
reducing population diversity and ultimately causing premature 
convergence. We introduce an enhanced grey wolf optimizer 
(EGWO) to address these problems. This enhanced version 
incorporates a new search strategy, along with revised selection 
and updating processes. The EGWO algorithm progresses 
through three key stages: initialization, movement, selection, 
and updating, which are explained. 



(IJACSA) International Journal of Advanced Computer Science and Applications,  
Vol. 17, No. 3, 2026 

935 | P a g e  
www.ijacsa.thesai.org 

Initialization stage: N wolves are distributed at random over 
the search space in this phase, within the given range [li, uj], 
via Eq. (18). 

𝑌𝑖𝑗=𝐿𝑗+𝑟𝑎𝑛𝑑𝑗(0,1) ∙ (𝑈𝑗-𝐿𝑗),𝑖 ∈ (1, 𝑁), 𝑗 ∈ (1, 𝐷)   (18) 

The position of the i-th wolf in the t-th iteration is 
represented as a vector of real values, 𝑌𝑖 (𝑡)  = { 𝑌𝑖1 , 𝑌𝑖2 , 
… , 𝑌𝑖𝐷), where D is the problem's dimensionality. The entire 
wolf population is organized in a matrix, Population, with N 
rows and D columns. The fitness value of 𝑌𝑖 (𝑡) is determined 
via the fitness function𝑓(𝑌𝑖(𝑡)). 

Movement stage: In addition to individual and group 
hunting, another important habit observed in grey wolves has 
inspired further improvements to the GWO algorithm. The 
enhanced grey wolf optimizer (E-GWO) incorporates a novel 
movement technique called the dimension learning-based 
hunting (DLB) search strategy. This approach allows each wolf 
to learn from its peers to discover a new potential position 
Yi(t). Below is a comparison of how the traditional GWO and 
DLB search strategies generate different candidate positions. 

Canonical GWO Search Strategy: Using the standard grey 
wolf optimizer (GWO) algorithm, the top three wolves in the 
population are identified and given the roles of 𝛼, 𝛽, and𝛿 . 
Eq. (12)-(14) are used to compute the linearly decreasing 
coefficient a, as well as the coefficients 𝐴 and  𝐶vec . To 
determine how to encircle the prey, the positions 𝑌𝛼, 𝑌𝛽, and 𝑌𝛿  

are enumerated via Eq. (15) and (16). Finally, the initial 
candidate for the new position of wolf 𝑌𝑖 (𝑡) is computed via 
Eq. (17). 

Dimension Learning-Based (DLB) Search Strategy: In the 
traditional GWO algorithm, the three leader wolves guide each 
wolf's new position. However, this approach can result in slow 
convergence, reduced population diversity, and local optima 
entrapment. The DLB strategy aims to address these issues by 
incorporating additional learning mechanisms. To address these 
issues, the proposed DLB search strategy incorporates 
individual hunting, where wolves learn from their neighbors. In 
the DLB search strategy, each component of the new position 
for wolf 𝑌𝑖(𝑡) is calculated via Eq. (12). This strategy allows 
the wolf to learn from its various neighbors and a randomly 
selected wolf from the population. In addition to the candidate 
position 𝑌(𝑖-𝑔𝑤𝑜)(𝑡+1) , the DLB search strategy produces 

another potential candidate for the wolf’s new position, labeled 
𝑌(𝑖-𝑑𝑙𝑏)(𝑡+1) . The process begins by determining a radius 

𝑅𝑆𝑖(𝑡) , which is calculated on the basis of the Euclidean 
distance between the current position of 𝑌𝑖(𝑡) and the candidate 

position 𝑌(𝑖-𝑔𝑤𝑜)(𝑡+1), as specified in Eq. (19). 

𝑅𝑆𝑖(𝑡)=‖𝑌𝑖(𝑡)-𝑌(𝑖-𝑔𝑤𝑜)(𝑡+1)‖                (19) 

Next, the neighbors of 𝑌𝑖 (𝑡) , denoted as 𝑁𝑖(𝑡) , are 
determined via Eq. (20) on the basis of the radius 𝑅𝑆𝑖(𝑡) , 
where 𝐷𝑖  represents the Euclidean distance between 𝑌𝑖 (𝑡) ∧  

𝑌𝑗(𝑡). 

𝑁𝑖(𝑡)={𝑌𝑖(𝑡)|𝐷𝑖(𝑌𝑖(𝑡),𝑌𝑗(𝑡) ≤ 𝑅𝑆𝑖(𝑡), 𝑌𝑗(𝑡) ∈ 𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛} 

(20) 

After the neighborhood of 𝑌𝑖(𝑡)  is constructed, 
multineighbor learning is carried out via Eq. (20). In this 
process, the d-dimension of 𝑌(𝑖-𝑑𝑙𝑏)(𝑡+1) is computed via the d-

th dimension of a randomly chosen neighbor 𝑌𝑛,𝑘(𝑡)  from 

𝑁𝑖(𝑡) and a randomly selected wolf 𝑌𝑟,𝑘(𝑡) from the population 

[Eq. (21)]. 

𝑌(𝑖-𝑑𝑙𝑏),𝑘(𝑡+1)=𝑌(𝑖𝑘)(𝑡+1)+𝑟𝑎𝑛𝑑(0,1) ∙ (𝑌(𝑛,𝑘)(𝑡+1)-

𝑌(𝑟𝑘) (𝑡+1))      (21) 

Selection and updating stage: During this stage, the fitness 
values of the two candidates are compared to determine 
whether one has a higher value, 𝑌(𝑖-𝑔𝑤𝑜)(𝑡+1)  and 

𝑌(𝑖-𝑑𝑙𝑏)(𝑡+1), via Eq. (22). 

𝑌𝑖(𝑡+1)= {
𝑌(𝑖-𝑑𝑙𝑏)(𝑡+1),𝑖𝑓 𝑓(𝑌(𝑖-𝑔𝑤𝑜))<𝑓(𝑌𝑖-𝑑𝑙𝑏))

𝑜𝑟𝑡ℎ𝑒𝑟𝑤𝑖
𝑌(𝑖-𝑑𝑙𝑏)(𝑡+1)

     (22) 

Next, to update the position of 𝑌𝑖 (𝑡+1), if the fitness value 
of the chosen candidate is better than that of 𝑌𝑖(𝑡+1), it is 
updated with the selected candidate. If not, 𝑌𝑖 (𝑡)  remains 
unchanged in the population. Finally, after this process is 
completed, the search continues until the predetermined 
maximum number of iterations (Maxiter) is achieved, at which 
point the iteration counter (iter) is increased by one for 
everyone. The EGWODLB algorithm is shown in Algorithm 1 

Algorithm 1: EGWODLB 

 
Input: N, D, 𝑀𝑎𝑥𝑖𝑡𝑒𝑟 
Output: 𝑌𝑏𝑒𝑠𝑡 ∧  𝐹𝑏𝑒𝑠𝑡 
Begin 

1. 
Initializing population of 𝑁 solution 𝑖=(1,2, … , 𝑁) 
using Eq. (14) 

2. 
Calculate the fitness value 𝐹(𝑌) for each wolf using the 
objective function using Eq. (8) 

3. 
Identify the top three wolf 𝛼 , 𝛽, ∧  𝛿 on their fitness 
value 

4.  For 𝑖𝑡𝑒𝑟 = 2 to 𝑀𝑎𝑥𝑖𝑡𝑒𝑟 do 
5.   For each wolf in in the population do 
6. Grey wolf optimizer strategy 

7. 
Updated the position Y (𝑡+1) by following 𝛼, 𝛽 ∧  𝛿 
using Eq. (14), to (16) 

8.  Dimension learning Strategies 

9. 
Generate and alternative candidate position 

𝑌(𝑖-𝑑𝑙𝑏)(𝑡+1) using Eq. (20) 

10. Selection and updating 

11. Calculate the fitness 𝐹(𝑌(𝑡+1) and 𝐹(𝑌(𝑖-𝑑𝑙𝑏)(𝑡+1) 

12. If 𝐹(𝑌(𝑖-𝑑𝑙𝑏)(𝑡+1)<𝐹(𝑌(𝑡+1)) then 

13. Update 𝑌(𝑡+1)=𝑌(𝑖-𝑑𝑙𝑏)(𝑡+1) 
14.  End if 

15.  End for 

16.  Update 𝛼, 𝛽, ∧  𝛿 if new better solution is found 
17.  End for 

18.  Set 𝑌(𝑏𝑒𝑠𝑡)= the best solution found in the population  

19.  Set 𝐹(𝑏𝑒𝑠𝑡)= fitness value 

24.  Return 𝑌(𝑏𝑒𝑠𝑡) and 𝐹(𝑏𝑒𝑠𝑡) 

25. END 
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The computational complexity of the proposed algorithm is 
𝑂(𝑁 × 𝑀𝑎𝑥𝐼𝑡𝑒𝑟 × 𝑛), where 𝑛is the number of tasks. 

V. EXPERIMENTAL SETUP 

The experiments were performed using the same simulation 
settings as outlined in the baseline study. In the experiment 
scenario, several edge devices generate different applications. 
Every application consists of several tasks that are required to 
be executed by edge resources. The proposed method considers 
ten EC servers, each connected with several edge devices. In 
the simulated edge environment, the computing capability of 
the server VM is set to 100 and 1000MIPS. Every edge server 
can have one or more processors, and every task has a random 
length ranging from 10 to 510 MIPS. The simulations are based 
on four tasks with total workloads of 40, 80, 120, and 160, and 
the maximum iterations are 500, respectively. To make the 
length of each task have inherent unpredictability, the tasks are 
generated randomly. For the hardware setup, the experiments 
were conducted on a high-performance system equipped with 
an Intel Core i7 processor (2.80 GHz, 8 cores), 8 GB of RAM, 
and an NVIDIA GTX 1080 GPU, providing the necessary 
resources for parallel processing. Edge Computing (EC) servers 
and edge devices were emulated using virtual machines 
configured to reflect typical edge processor specifications. The 
software environment was based on Ubuntu 20.04 LTS, 
utilizing Python 3.12 and essential libraries for optimization 
and performance evaluation. Both synthetic and real-world 
datasets were employed to test the algorithm under various EC 
load conditions. The synthetic datasets generated task requests 
with diverse parameters, such as task size and computational 
requirements. Evaluation scenarios included varying network 
bandwidth, latency, and EC server loads to simulate various 
operational environments. The parameters used for the 
simulation are presented in Table II. 

TABLE II.  PARAMETERS AND THEIR DESCRIPTIONS 

Parameters Description 

𝑁 Number of wolves in the population during optimization. 

𝐷  Number of dimensions in the solution space. 

𝑉𝑀 Set of VMs available for task execution. 

𝑇𝐿𝑖 ,𝑗 Length of task i, measured in millions of instructions (MI). 

𝐸𝑇  Maximum duration required to complete all tasks 

𝐸𝑡𝑜𝑡𝑎𝑙  Total energy consumed by VM j during task execution. 

𝐸𝑃𝑇𝑖𝑗  Estimated processing time for task i on VM j. 

𝐹Y Fitness function. 

𝐿 Set of network links between edge devices and servers. 

𝑟1 ∧  𝑟2  
Random values used in GWO to ensure diversity in the 

population. 

𝑌𝑖 The current position of the i-th wolf in the solution space. 

𝑃𝑆𝑉𝑚𝑎𝑐ℎ𝑖𝑛𝑒  Processing capability of the j-th virtual machine (VM). 

Table III outlines the key simulation parameters employed 
to evaluate the performance of the proposed EGWODLB 
algorithm within a multi-user, multi-server edge computing 
environment. The experimental setup includes 10 
heterogeneous edge servers with processing capacities ranging 

from 1000 to 2800 MIPS, and tasks with lengths varying from 
2000 to 5600 million instructions (MI). Task data sizes span 
400 to 600 MB, and the total number of tasks ranges from 40 to 
160 to reflect dynamic workload scenarios. The system 
bandwidth is fixed at 1 Gbps to simulate realistic network 
constraints. Additionally, a population size of 50 is adopted for 
the optimization process, and a weight coefficient parameter 
a∈[0,1] is used to balance multiple objectives. These 
configurations are designed to simulate diverse edge conditions 
and workloads, enabling a comprehensive assessment of the 
EGWODLB algorithm execution efficiency and energy 
consumption performance under varying computational 
demands. 

TABLE III.  SIMULATION PARAMETERS 

Parameters Values 

No of Server 10 

CPU Power 1000-2800MS 

Bandwidth capacity 1Gbs 

Task length 2000-5600MI 

Data Size 400-600mb 

No of Task [40,80,120,160] 

𝑎 [0,1] 

Population size 50 

VI. RESULT AND DISCUSSION 

This section comprehensively analyses the findings 
obtained from the experimental evaluations, comparing the 
proposed EGWODLB algorithm against the benchmark 
algorithm using the evaluation metrics, which are presented in 
the following subsections 

A. Execution Time Result Analysis 

Execution time remains a critical performance indicator in 
task scheduling for edge computing environments, particularly 
in latency-sensitive applications. Fig. 3 and Table IV present a 
comparative evaluation of the proposed Enhanced Grey Wolf 
Optimization Integrated Dimension Learning-Based 
(EGWODLB) strategy against the benchmarks QPSO and 
EADFPSO algorithm across varying workloads of 40, 80, 120, 
and 160 tasks. The experimental findings demonstrate that the 
EGWODLB algorithm consistently outperforms EADFPSO by 
achieving significantly lower execution times across all task 
scenarios. For instance, under the highest workload of 160 
tasks, EGWODLB recorded an execution time of 39.40 
seconds, whereas QPSO and EADFPSO required 41.19 and 
40.29 seconds. Although this margin may appear modest in 
absolute terms, it represents the execution time by average 
4.71% reduction. More notably, the EGWODLB algorithm 
demonstrated robust stability in execution time as task load 
increased. While EADFPSO exhibited noticeable time 
degradation beyond 120 tasks, EGWODLB sustained relatively 
smoother performance. This is attributed to the integration of 
the Dimension Learning-Based (DLB) strategy, which 
enhances the search diversity of the population and mitigates 
the risk of premature convergence. By learning from 
neighboring solutions and generating diversified candidates, 
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the algorithm ensures that task-to-VM mappings are optimized even under high computational stress. 

TABLE IV.  EXECUTION TIME BASED ON INCREASING NUMBER OF TASKS 

Number of Tasks QPSO Execution time(S) EADFPSO Execution time(S) EGWODLB Execution time(S) Improvement (%) 

40 20.98 20.91 20.11 3.82 

80 29.66 28.81 27.20 5.58 

120 33.56 32.94 30.55 7.25 

160 41.19 40.29 39.40 2.20 

 
Fig. 3. Execution time based on increasing number of tasks. 

 As shown in Fig. 3 and Table IV, it proves that 
EGWODLB generally performs the lowest execution time 
throughout the various tasks evaluated. For example, at a 
workload of 160 tasks, the execution time recorded by 
EGWODLB was 39.40, while QPSO and EADPSO had 
execution times of 41.19 and 40.29, respectively. Therefore, 
this large execution time reduction logically means that the 
algorithm is better in terms of capability regarding the 
scheduling of tasks, even when it comes to increasing the 
workloads. 

B. Energy Consumption Result Analysis 

Energy consumption is a crucial metric in the evaluation of 
task scheduling algorithms for edge computing, as it directly 
affects the overall QoS and the environmental sustainability of 
edge computing systems. In resource-constrained edge 
environments where power availability is often limited, 
minimizing energy consumption while maintaining 

responsiveness is a complex yet essential objective. Table V 
and Fig. 4 illustrate the comparative energy consumption 
performance of the proposed EGWODLB algorithm and the 
benchmarks QPSO and EADFPSO across various task loads, 
40, 80, 120, and 160 tasks. The experimental results clearly 
show that EGWODLB achieves consistently lower energy 
consumption than benchmarks under all evaluated scenarios. 
This is enabled by its integration of the Dimension Learning-
Based (DLB) strategy, which enhances the task scheduling 
process by promoting more energy-efficient task-to-VM 
assignments. The strategy reduces redundant computations, 
thereby limiting energy waste due to underutilized and 
overburdened virtual machines. Most importantly, the total 
cumulative energy consumption achieved by EGWODLB 
across all workloads is 12.09%, which represents a significant 
reduction in overall energy consumption compared to the 
benchmark method. 

TABLE V.  ENERGY CONSUMPTION WITH DIFFERENT NUMBER OF TASKS 

Number of Tasks QPSO Energy (J) EADFPSO Energy(J) EGWODLB Energy(J) Improvement (%) 

40 3.44 3.26 2.80 14.11 

80 4.60 4.58 3.99 12.88 

120 4.97 4.89 4.20 14.11 

160 5.77 5.50 5.10 7.27 
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Fig. 4. Energy consumption with different tasks. 

As shown in Fig. 4 and Table IV, the energy consumption 
performance of the algorithms under varying workloads. It is 
obvious that the EGWODLB algorithm always has the lowest 
energy consumption in all scenarios. When faced with a 
maximum workload of 160 tasks, EGWODLB consumes 5.10 
energy consumption (J), significantly less than QPSO and 

EADFPSO, which consume 5.77 and 5.50 energy consumption 
(J), respectively. The result indicates a significant decrease in 
energy consumption, demonstrating the efficiency of the 
proposed EGWODLB in reducing energy consumption in the 
edge computing environment. 

 
Fig. 5. VMs against execution time. 

Fig. 5 illustrates the performance of the proposed 
EGWODLB scheduling algorithm. The evaluation involved 
executing a fixed set of 40 tasks across a varying number of 
Virtual Machines (VMs), which were incrementally increased 
from 10 to 30. The execution time was measured for each 
scenario. As depicted in Fig. 5, the execution time decreased 
significantly as the number of VMs increased, regardless of the 
algorithm used. This improvement is attributed to the enhanced 

parallel processing capabilities provided by additional VM 
resources in the edge environment, which directly reduces task 
completion times. The results highlight that the proposed 
EGWODLB algorithm consistently achieved the shortest 
execution times, outperforming traditional methods. For 
instance, with 30 VMs, the EGWODLB algorithm completed 
all 40 tasks in just 4.22 seconds, while the benchmark 
algorithms required 12.35 seconds, more than double the time. 
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This superior performance is attributed to the iterative 
optimization of scheduling solutions using the EGWODLB 
method. 

 
Fig. 6. Energy saving for EGWODLB with EADFPSO. 

As shown in Fig. 6, the analysis evaluates task groups 
ranging from 40 to 160 tasks. The results reveal that 
the EGWODLB algorithm achieves substantial energy savings 
compared to the EADFPSO algorithm: 23.5% for 40 tasks, 
5.4% for 80 tasks, 16.2% for 120 tasks, and 10.7% for 160 
tasks. These findings highlight the superior energy efficiency 
of the EGWODLB algorithm across varying task loads. 

C. Virtual Machine (VM) Utilization Results 

Virtual Machine (VM) Utilization quantifies the efficiency 
of task allocation by measuring the percentage of 
computational resources actively engaged in task execution. It 
serves as a critical metric for evaluating how well an algorithm 
distributes workload. Higher VM utilization reflects better 
exploitation of system resources, reduced idle time, and more 
effective parallel processing. VM utilization is analyzed for 
both the EADFPSO and the proposed EGWODLB algorithms 
across varying task sizes. As shown in Table VI and Fig. 7, the 
EGWODLB algorithm consistently demonstrates superior VM 
utilization, indicating a more balanced and optimized task 
allocation strategy. The improvement in utilization, although 
modest, indicates that EGWODLB executes tasks with better 
efficiency, reflecting enhanced workload. 

TABLE VI.  SUMMARY OF VM UTILIZATION FOR BOTH EADFPSO AND 

EGWODLB 

Number 

of Tasks 

EADFPSO 

Execution 

Time (s) 

EGWODLB 

Execution 

Time (s) 

EADFPSO 

VM 

Utilization 

(%) 

EGWODLB 

Utilization 

VM (%) 

40 20.34 17.11 39.33 46.76 

80 29.42 25.01 54.38 63.97 

120 30.15 27.58 79.60 87.02 

160 40.58 34.98 78.86 91.48 

The results in Fig. 7 provide a clear comparative analysis of 
VM utilization achieved by the EADFPSO and EGWODLB 
algorithms across increasing workload sizes (40 to 160 tasks). 
The EGWODLB algorithm demonstrates significantly higher 

VM utilization than the baseline EADFPSO in all scenarios. 
For instance, with a task load of 40, EGWODLB achieves a 
VM utilization of 46.76%, compared to 39.33% for 
EADFPSO. The efficiency gap widens as the task load 
increases. At 160 tasks, EGWODLB reaches a utilization level 
of 91.48%, while EADFPSO achieves only 78.86%. This 
performance difference is attributed to EGWODLB's superior 
task distribution strategy, which minimizes task queuing delays 
and ensures that more VMs remain actively engaged 
throughout the simulation period. By reducing idle time across 
the VM. Underutilized VMs not only waste energy but also 
lead to suboptimal task execution times. Therefore, the ability 
of EGWODLB to maintain utilization rates of 91.48% under 
peak loads makes it particularly suitable for real-time and 
large-scale edge-based applications. 

 
Fig. 7. VM utilization for EADFPSO and EGWODLB. 

VII. CONCLUSION 

This work proposed an advanced EGWODLB approach to 
scheduling tasks in EC. The algorithm, in this work, 
outperforms the benchmark algorithms in execution time and 
energy consumption under various kinds of workloads. By 
incorporating the dimension learning-based hunting strategy, 
the algorithm will enormously improve its exploration and 
exploitation capability in the search space, leading to a more 
efficient scheduling of tasks. These results emphasize that, 
because of its notable features in execution time, energy 
consumption, VM utilization, and running time, EGWODLB 
can function as a highly effective mechanism for performance 
optimization concerning the edge computing model. To better 
reflect realistic edge computing scenarios, the experimental 
setup is extended to include larger and more diverse workloads. 
with a proportional increase in virtual machines to simulate 
heterogeneous environments. This allows evaluation of 
scalability in terms of execution time, energy consumption, and 
resource utilization. The results show that the proposed 
EGWODLB approach maintains stable performance and scales 
effectively with increasing workload size, demonstrating its 
suitability for dynamic real-world edge computing 
applications. 

Feature work studies may be presented on how the 
EGWODLB algorithm may be utilized in dynamic and 
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heterogeneous edge computing scenarios, and/or the need to 
incorporate with machine learning to improve its adaptability 
and scalability. 
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