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Abstract

In a cloud computing environment, virtual machines must be allocated wisely
among queued resources waiting for a specific service. In this case, the optimal load
balancing on those virtual machines must be done using optimization methods.
Because the distribution of processes on the VMs is considered one of the NP-Hard
optimization problems, it is necessary to use optimization methods. This paper
proposes a hybridized Gray Wolf Optimizer (GWO) and Levy Flight (LF) search
approach. The proposed method is called Levy Flight-GWO-Virtual Machine Load
Balancing (LF-GWO-VM-LB). Despite the success of the standard GWO alone as a
load-balancing method, it needs to improve its explorative capability and premature
convergence. Levy flight is an ideal way to increase the exploration capability of the
GWO as it introduces randomness and unpredictability, enhancing the diversity of
the search process. This increased diversity can prevent the algorithm from getting
stuck in suboptimal solutions. The algorithm's performance was measured using the
makespan and throughput. However, the last is only used as one of the objectives
used in the optimization process. Both makespan and throughput results showed the
outperformance of the LF-GWO-VM-LB compared to the other state-of-the-art
methods, i.e., QMPSO, MPSO, and the Q-learning methods.

Keywords: Cloud Computing, Load Balancing, Levy Flight, Makespan,
Optimization, Virtual Machines,
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1. Introduction

When customers' access to diverse administrations and assets can be transformed using
cloud computing, clients can rapidly extend their capabilities using the cloud without investing
in licensing or foundational hardware resources [1]. Over time, cloud computing has become
popular among clients seeking administration. Several task management strategies have been
proposed to enhance system performance by optimizing resource utilization. However,
symmetry-based strategies have yet to receive much consideration. Given the widespread
adoption of cloud computing technology, it is anticipated that symmetry will be employed to
enhance cloud computing performance. Cloud computing has the advantages of flexibility,
constant quality, and lower maintenance because the outside organization maintains the
administration and products. These are the hypotheses that explain why the cloud is so
prominent. Simplified terms for these cloud administrations include IaaS (Infrastructure as a
Service), PaaS (Platform as a Service), and SaaS (Software as a Service) [2—4].

Cloud computing is a virtual environment that provides users with services that exceed the
physically available resources by virtualizing such assets using specific algorithms. Thus, the
clients can utilize the cloud environment to get rapid processing without investing in
foundations or licensing [1]. The cloud environment allows for the simultaneous execution of
multiple tasks in the background. Besides board costs, server farms might be retained to check
during the innovative utilization of board automation and virtualization. Making an asset
reservation in a cloud environment goes against the cloud's virtualization concept, resulting in
an environment that appears limited. Ad-lobbing the resource usage rates has the purpose of
arriving at a complete reservation calculation. The problem of diversified resource allocation
can be considered a combinatorial optimization problem, which can also be represented as an
NP-Hard complete issue. Many grid-and-cloud techniques have been designed to resolve this
problem [2].

Meta-heuristics and optimization have long been successful in solving such types of NP-hard
problems. Many possible solutions make it easier for the traditional search methods to find the
best solution among all other solutions. Looking for the optimality in matching. It will likely
accomplish better results by utilizing metaheuristics and optimization methods that can extend
the search space area [5-7]. As for the single-solution-based optimizations, these methods can
intensify the optimization of a single solution to reach optimality. However, using population-
based metaheuristic methods for identifying the optimal solution requires less effort than
single-based methods. Thus, such methods are more time-saving due to their parallel nature,
which optimizes many solutions simultaneously. The metaheuristics capability of discovering
the optimal regions within the search space made it more desirable with NP-Hard optimization
problems such as the load balancing problem. In this area, many researchers have investigated
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the utilization of iterative algorithms that aim to optimize tasks on virtual machines. Gray Wolf
Optimization and Levy Flight Optimization are two examples of these methods.

Swarm intelligence (SI) is an extensive set of optimization algorithms that prioritize the
social links and interactions among swarm members as they seek and pursue food sources [8].
Multiple SI algorithms have been developed and proposed in recent years. Gray Wolf
Optimization (GWO) is a popular and commonly used approach. The GWO algorithm was
inspired by the gray wolf's instinctive hunting behavior, which focuses on finding the most
efficient method to chase prey. This resulted in a favorable equilibrium between exploration
and exploitation. One drawback is its low performance in global search [9]. An enhanced
version of gray wolf optimization, improved gray wolf optimization (IGWO), was introduced
by including the Dimensional Learning-based Hunting (DLH) search technique to overcome
this restriction. GWO excels at multidimensional functions, but it could be more effective at
unidimensional functions. Therefore, an approach called Levy flight-based enhanced gray wolf
optimization (LF-IGWO) is proposed in [4] to address this one-dimensional problem.

This current research aims to contribute to optimal task load balancing using an LF-GWO-
VM-LB method. The focal point of this method is the amalgamation of the Levy Flight
Optimizer (LFO) with the Gray Wolf Optimizer (GWO), which presents a synergistic strategy
to improve task allocation on virtual machines in a computing environment. The primary
motivation for this hybridization stems from recognizing the complementary strengths of the
Levy Flight Optimizer and the Gray Wolf Optimizer. The Levy Flight Optimizer is renowned
for its capacity to facilitate long-range exploration in solution spaces, leveraging Levy flights
that exhibit scale-free characteristics. On the other hand, the Gray Wolf Optimizer excels at
exploiting promising areas, drawing inspiration from the social hierarchy observed in gray wolf
packs.

The rest of this paper will be arranged as follows: In Section two, the literature review is
explained, while in Section three, the methodology will be highlighted in terms of spotting the
light on the main algorithmic components of the proposed task distribution methods. Section
four explains the test results of the proposed method, while Section five provides conclusions
and recommendations for future enhancements.

2. Related Work

The literature presents the most recent academic work in this area. In [8], the authors
proposed a Whale Optimization Algorithm (WOA) for optimizing the load balancing on the
virtual machines. The whale optimization technique could prevent unexpected traffic and the
regular operations of Internet websites by providing a suitable plan for load balancing of the
user requests bouncing between the server machines and minimizing the total feedback time.
Thus, the authors could prevent DDoS attacks by applying this optimization technique. It is
necessary to be advised that the utilization of HA-Proxy for preventing DDoS is insufficient,
and depending on the attack type, many layers of hardware and software security measures are
prerequisites to be considered.
[9] presented a task scheduling method for the cloud computing environment motivated by the
ACO-based load balancing (LBACO) algorithm. This method reduces the makespan of tasks
by balancing the load of the whole system. The main contribution of our work is to balance the
entire system load while minimizing the makespan of a given task set. The new scheduling
strategy was simulated using the CloudSim toolkit package. The experiment results showed
that the suggested LBACO algorithm exceeded FCFS (First Come, First Serve) and the primary
ACO (Ant Colony Optimization). The authors presented a job scheduler for scheduling the

4431



Ahmed et al. Iraqi Journal of Science, 2025, Vol. 66, No. 10, pp: 4429— 4444

tasks in the cloud environment. This method was based on the Ant Colony Optimization
(ACO), which is named a Loads Balancing ACO (LB-ACO). The technique minimizes the
makespan by looking for the best task distribution on the entire system. The authors aimed to
achieve system balance with a minimal makespan. The CloudSim toolkit was used for the
simulation of this method. The experimental results showed the superiority of the LB-ACO
method when compared to the traditional ACO and the first-come, first-served FCFS methods.

In [10], the authors suggested a task distribution method that fairly spread the tasks among
the virtual machines. The fuzzy logic has been used to reduce energy and costs in Geo-
Distribute Multiple Data Centers. The utilization of fuzzy reasoning made this process to be
more efficient. The suggested system revealed good results when compared to the other
methods. The authors noticed that this fuzzy-based method had minimized the costs
dramatically with no previous knowledge about the existence of renewable upcoming power
prices and loads burdens.

In [11], this paper encompasses two pivotal components: firstly, the establishment and
integration of an innovative healthcare system based on the Internet of Things (IoT), and
secondly, the adaptation resolution of load balancing in cloud computing via the application of
the Sparrow Search Algorithm (SSA). The SSA, an intelligent algorithm, plays a central role
in the dynamic selection of virtual machines (VMs) by assessing their fitness values. This
process guarantees the optimal allocation of diversity of tasks, where priority ranks are
determined by Instruction Millions (IM) associated with each task. High IM processes are
strategically mapped with high-valued fitness VMs, improving the system's efficiency. The
results show the method's capability to minimize latency and packet losses while maximizing
throughput within healthcare systems.

Moreover, the robustness, efficiency, and success of the SSA appear when compared to
other methods. The method reduces both makespan time and total processing time while
ensuring a well-balanced distribution of workloads among VMs. This dual-faceted approach
addresses the intricacies of healthcare system optimization and showcases the adaptability and
efficacy of the SSA in the broader context of cloud computing load balancing.

The authors of [12] have suggested a novel edition of Genetic Algorithm (GA) in which
individualized chromosomes have a set of labels referring to each VM.
Hybridized optimization methods have the potential to combine the advantages of two methods
to gain a double benefit in cloud computing. For instance, in [13], the improved Wild Horse
Optimization, also known as IWHO, is utilized to address high-cost consumption, task
scheduling time management, and high virtual machine loads in cloud environment tasks. In
this context, the primary factors influencing cloud computing task scheduling and the
distribution model include virtual machines, time, and cost. Second, feasible planning for each
member maps to cloud computing task scheduling is to discover the best member that the best
possible plan; the authors used the inertial weighting technique for the IWHO optimization
method for improving the local search ability and efficiently preventing the algorithm from
stagnation and converge pre-maturely and to find better the best member for more improvement
of the effectiveness of jobs scheduling in the cloud environment. The Improved Wild Horse
Optimization was combined with the Levy Flight Algorithm for Task Scheduling in Cloud
Computing (IWHOLF-TSC) approach. As a result, the levy flight improved the traditional
WHO algorithm's performance.
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Thus, the levy search is one of the best optimization methods that can enhance the
performance of another optimization algorithm. In [14], the authors proposed a hybrid meta-
heuristic technique based on particle swarm optimization (PSO) for promptly solving the
problem of polynomials. The suggested method, known as LMPSO, successfully solved the
service cache problem. This proposed method added 1évy flight movements for particle update
to improve the diversification of particles and avoid the PSO being stuck in the local optima.
In [15], the authors use multi-tenant and load-balancing technologies in cloud-based digital
resource sharing, specifically for academic and digital libraries. A suggestion is presented to
enhance the current user service model by implementing private cloud storage in many sectors,
such as the medical and financial fields, as a novel approach to digital resource sharing. This
paper provides an overview of cloud computing, its potential uses, and optimizing digital data
for web-based services.

The authors of [16] proposed a fog-based spider web algorithm (FSWA), a metaheuristic
technique that aims to reduce the delay time (DT). It also enhances the response time (RT)
during the workflow of tasks that are distributed across various edges within the cloud.

In [17], the authors studied the concepts of the environment and the architecture of fog
computing, besides the evaluation measures that impact the asset assignments in the
environment.

In [18], the authors summarized cloud computing and the aspects that this technology is
used in. Thus, this research gives the latest advancement in the area of cloud technology, where
the most recent inventions are reviewed and compared.

3. Standard GWO

The basic GWO consists of three main motions: encircle, chase, and attack. The GWO has a
number of wolves whose best represent the leaders of the group, as can be represented in Figure
1, where the best three wolves are represented according to their hierarchical levels [19]. Those
three movements can be represented as follows:

3.1 Encircle

During the hunting process, gray wolves will encircle their target. The encircling can be
modeled by updating the locations of the wolves that are circling the goal, which is the prey.
This shows the ideal solution that is discovered through this process. When seen from a
mathematical perspective, the model can be expressed as illustrated in the equations that follow:

D =|C.Xp(t) — X(t)| (1)
X(t+1)=Xp(t)—A.D 2)

Here, Xbp is the position of the prey, X is the position of the gray wolf, A and C are coefficient
vectors, and D is the distance between the wolf and the prey.

Both vectors C , A are timely charged as shown in the following equations [18-20]:

C=2xn 3)
A=2d.r —d (4)

C, which is a coefficient that lies within the range [0,2], while 2 is the randomized number in
the interval of 0 and 1. In GWO, C is a coefficient vector that is used to control the influence of
the prey's position on the movement of the wolves. This range is essential for maintaining the
balance between exploration (searching new areas) and exploitation (focusing on promising
areas).
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t
a=2-2x (5)

Where a is a constant that balances the convergence, which exists between 2 and 0, which
iteratively decreases overtime. The random number 7; can be produced in between [0,1],
similarly to r2. As for t it represents the current iteration, while T is the maximum number of
iterations. Here, a is a coefficient that decreases linearly from 2 to 0 over the course of the
iterations. This decrease controls the balance between exploration and exploitation. At the
beginning of the optimization, a is large, allowing for more exploration (searching a wide area).
As a decrease, the focus shifts towards exploitation, allowing the wolves to fine-tune their
positions around the best solutions found.

3.2 Chase

The act of the wolf running after its prey is referred to as "chasing." The wolf's location will
be changed according to the whereabouts of the three best wolves, which are the alpha, beta,
and delta. It is, therefore, the responsibility of the three most capable wolves in the group to
provide direction to the other wolves. The chasing mechanism allows for the possibility of
approaching optimality, which is the point at which convergence occurs.

3.3 Attack

The attack ensues when the gray wolves approach the prey within a certain proximity. The
distance between the wolf and the prey will determine the convergence. During the search, the
magnitude of vector A decreases, resulting in fewer oscillations and a more precise convergence
towards the prey, which represents the optimal solution. The optimal solution can achieve the
best fitness value. This stage signifies the process of exploitation, during which the algorithm
concentrates on enhancing and perfecting the solutions.
During the iterations, the value of a declines in a linear manner from 2 to 0, while r represents a
random vector within the range of 0 to 1. When the absolute value of A is greater than 1, the
wolves go in the opposite direction from their prey. This behavior imitates exploration, enabling
the algorithm to explore novel solutions in various parts of the search space. This aids in
circumventing local minima and efficiently exploring the global search space.

ALeader wolves: decision-making

Subordinate wolves

Third-level wolves

Lowest level wolves

Figure 1: Hierarchical levels of gray wolves [19]
The algorithm of the standard GWO is explained in algorithm 1.

Algorithm 1. Pseudo code of Standard Gray Wolf Optimization

Input: population of gray wolves Xi(i=1, 2, ... ,n), a, A, and C
Begin
Step 1: Initialize the population of gray wolves Xi (i=1, 2, ..., n)
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Step 2: Initialize a, A, and C //three best wolves in the group

Step 3: Calculate the fitness values of search agents and grade them. (Xo= the best solution
in the search agent, Xp= the second-best solution in the search agent, and Xo6= the third best
solution in the search agent)

Step 4: t=0

Step 5: While (t < Max number of iterations)

For each search agent

Update the position of the current search agent by Equation (4)

End for

Update a, A, and C
Calculate the fitness values of all search agents and grade them
Update the positions of Xa, X, and X3

t=t+1

End while

End

4. Proposed Method

The method begins by initializing the Gary Wolf individuals in terms, followed by modeling
the attack, encircle, and chase motions using equations from 1 to 5. Table 1 summarizes all of
the symbols used in the proposed method's equations.

Table 1: description of symbols and notations mentioned in the equations of the proposed
method.
Notation Description
The Levy flight distribution is utilized to calculate the step size, which is crucial in determining
step . . .
the magnitude of the move in the solution space.
u A normal distribution is a random variable used in the Levy flight calculation.
The Levy flight calculation utilizes a random variable drawn from a normal distribution.
The Levy distribution parameter, typically in the range of 0-2, influences the step size
b (beta) AR . L2
distribution, with a smaller f resulting in larger steps.
step-size The calculated step is scaled to adjust the solution's movement.
s The current position of the solution in the search space.
rand(size(s)) A random number generator generates values within the current position's size.
Flagub A binary flag indicates if the current position surpasses the upper bound (ub) of the search space.
Flaglb A binary flag indicates if the current position is below the lower bound (/b) of the search space.
ub The upper bound of the search space.
b The lower bound of the search space.
position The solution's final updated position in the search space, considering boundary conditions.
u Represents the location parameter, which is the distribution's average
o Represents the scaling parameter, which is the distribution's standard deviation.
g The tail index parameter that controls the distribution shape.
C, D represent the distance vectors between the i wolf and the j* wolf.
Xi(t) The current location of the i member (wolf) at time t.
xi(t+1) The updated location of the i/ member (wolf) at the next time unit t+1.

Presume o, 5, and § are the best solutions in the algorithm because of the knowledge of the
optimal location because of the strength in the pack of them. Thus, other wolves in the group
attempt to modify their locations as follows:

x(t+1) ==X +5X; +X;

(6)

Where x1, X2 and x3 can be calculated as in the following linear system:
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X1 E ) A1. Dy
<x2> = xlg(t) — Az. Dﬁ (7)
X3 X5(t) A3. D(g

In the GWO algorithm:

* o is the leader of the pack, representing the best solution found so far.
* B is the second-best solution and assists a in leading the group.

* 0 is the third-best solution and also supports a and f.

Where, D, Dg, and Dg are computed as shown in the following:

|x1. x, — x| (8)
|x2. x, — x| 9)
|x3.x, — x| (10)

After setting up the wolves' population, it becomes necessary to enhance the algorithm's
performance using levy optimization, characterized by its predictability and randomness. As a
kind of unplanned walk, LF is a step-size-based method; it is considered a probability
proportional to the heavy tail. Thus, the distribution has a higher probability of generating broad
jumps. The broad jumps appear more frequently than they are in a normal distribution [16].
Figure 2 represents the levy movement. The Levy distribution power law tail and its probability
density function can be written as follows:

1
f) ==exp (— ol — 1D -y (11)

The tail index coefficient g controls the shape of the distributions. The distribution has
infinite variance when g is between 0 and 2 [17]. This leads to the fact that distribution variance
is undefined. When g is greater than 2, the distribution has a finite variance; when g is less than
or equal to 1, the distribution has an infinite mean. The random positions are selected and
updated to enhance the exploration aspect. The equation used to find the wolf's location is
expressed as below:

step = Ll (12)
abs(v)B

step — size =1 X 1073 X step X s (13)

S = 5 + stepize X rand(size(s)) (14)

position = s X (~(Flagub + Flaglb)) + ub X (Flagub + Ib) x Flaglb (15)
Using equations from 12-15, the updated wolf's position is computed and assigned to the wolf

individuals. The update of the alpha wolf locations can be calculated as seen in equation (16)
[21-25].
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- Scarching an arca with
’ \ smaller steps

e
- Y

Shifted to another
arca by long jump

Figure 2: levy flight search [26]

By utilizing the varying distance vector (D) of the w, §, and B for the following position. In
this context, x;(t)is the present location of the ith member at the time unit (t), while x;(t + 1)
is the modified location at the time unit (t+1). Regarding, A4;D;, the first represents the scaling
coefficient for the jth member, while the second is the distance vector running from the ith and

jth wolves. A; Can be modified as in equation (17).
Aj _ Zx(l—z)xa—u (16)
Where u is a uniformly distributed random number ranging within the interval [0, 1], a is the
iteration counter, and j refers to the w, §, and [ wolves
D; Can be calculated as can be seen in equation (17).
Dj: |Cj><x]—xl| (17)
Every iteration generates a random vector where Cj represents each wolf within the [0, 1]
range. The algorithm concludes when a stopping condition is satisfied, which could be reaching
a maximum iteration count or attaining a minimal improvement level in the objective function
[19].
Notably, the proposed method is explained in the flowchart in Figure. 3.

Algorithm 2. Pseudo code of LF-GWO-VM-LB proposed method

Input: population of gray wolves Xi (i=1, 2, ...,n),a, A, and C

Begin

Step 1: Initialize the population of gray wolves Xi (i=1, 2, ..., n)

Step 2: Initialize a, A, and C //three best wolves in the group

Step 3: Calculate the fitness values of search agents and grade them. (Xa= the best solution in the
search agent, Xp= the second-best solution in the search agent, and X6= the third best solution in the
search agent)

Step 4: t=0

Step 5: While (t < Max number of iterations)

For each search agent

New_position = Current_Position* Levy (Xi)'

for each search agent do

Update the position of the current search individual

by Eq. (9)

Update the position of the current search agent by Eq. (15)

End for

Update a, A, and C

Calculate the fitness values of all search agents and grade them

Update the positions of Xa, X, and Xd

t=t+1

End while

End
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5. Test Results
In this section, we present the test results of the proposed LF-GWO-VM-LB with the

modified particle swarm optimization (MPSO), improved Q-learning algorithm named
QMPSO, and Q-learning methods available in [27].

5.1 Simulation Environment

The cloud configuration has been carefully constructed using the Python platform, using its
flexibility and scalability to produce a customized cloud environment specifically designed for
running the intended scripts. This cloud environment is a flexible and adaptable workspace that
offers researchers and practitioners the essential computing resources and tools to conduct
experiments efficiently and effectively.
Table 1 provides a detailed summary of the simulation environment used in the research. This
environment has been meticulously set up to fulfill the precise demands of the research
objectives, incorporating a range of vital software components, libraries, and frameworks
necessary for carrying out the experimental protocols. Table 1 provides openness and insight
into the computational infrastructure supporting the research by presenting essential details such
as device specifications, software configurations, and network settings.

The simulation environment includes a variety of resources, including virtual computers,
storage solutions, and networking capabilities. These resources are seamlessly integrated to
execute complicated simulations and analyses. By utilizing the scalability and flexibility of
cloud computing, researchers may easily adjust the amount of resources to match the changing
computational needs. This guarantees that the experimental workflow maintains optimal
performance and efficiency.

In addition, based on Python, the cloud setup's architecture provides researchers with
exceptional flexibility and adaptability. This enables the smooth integration of customized
scripts, libraries, and modules specifically designed to meet their research requirements. This
flexible and adjustable methodology allows researchers to quickly repeat, investigate new
methods, and be creative in their quest for scientific exploration.

The cloud setup based on the Python platform is an advanced infrastructure specifically
designed to facilitate cutting-edge research and experimentation. The cloud architecture offers
a flexible, interactive, and comprehensive simulation environment. This allows researchers to
explore new frontiers of knowledge and make significant progress in their respective domains.
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Initialize the LF-GWO-VM-LB populations xi
besides the controlling parameters a,A, C.

Eq.(1)-Eq.(5)

v

Generate random population of wolves Eq. (6)
calculate the fitness of each individual Eq. (11)

yes

v

New position = Current_Position* Levy (Xi)'
Eq.(12) to Eq.(15)

v

Update A, aand C

v

Update the positions of X, X, and X0

v

t=t+1

Return the best solution Xa

Figure 3: The proposed system flowchart

5.2 Dataset

The supplementary data for the GoCJ [28] dataset (Table 2) is accessible in text and Excel
file formats, associated with two dedicated dataset generator items. The generator(s) include an
Excel worksheet generator and a Java tool package. Each row provides information about the
size of a particular job, quantified in Millions of Instructions (MI) within each text file. The
Monte Carlo simulation method [29-30] is applied in crafting the dataset, enabling the
generation of any desired number of jobs. This comprehensive approach, encompassing diverse
file formats and dataset generation tools, enhances the accessibility and flexibility of the GoCJ

dataset for research and analytical purposes.
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Table 2: Dataset Description

criteria description
Subject area cloud computing
More specific subject area load balancing
10 text files of job size (in MI) are in the dataset, and one text file contains a
Type of data
standard dataset.
Dataset generation The GoClJ dataset is created using Monte Carlo simulation.

In this test, we run the modified particle swarm optimization (MPSO) and improved Q-
learning algorithms, known as QMPSO and Q-Learning, repeatedly with varying task numbers
of 20, 30, 40, 60, and 80, while maintaining a virtual machine count of 16. Figure 4 shows the
number of tasks on the x-axis besides the algorithm names, while the y-axis shows the
performance value achieved by the algorithms in terms of the makespan and throughput
measures.

14.000
12.000
10.000

8.000

6.000

4.000
0.000 |||||II|||
GWO

LF-GWO-VM-LB QMPSO MPSO Q-Learning

20 30 40 60 8020 30 40 60 80 20 30 40 60 80 2030 40 60 80 20 30 40 60 80

B Makespan (in Sec.) Throughput (reg/ms)

Figure 4: Comparison of the proposed method with other state-of-the-art methods.

The figure shows that the proposed LF-GWO-VM-LB method has achieved a throughput
comparable to the QMPSO method. Even though the proposed methods have lower throughput
in some cases when compared to the MPSO or the Q-learning technique, they are considered to
perform better than those methods. The LF-GWO-VM-LB has consistently outperformed the
makespan, achieving a higher throughput in every case. This demonstrates a good balance
between execution and task waiting time. Conversely, the performance of the MPSO and Q-
learning techniques significantly influences the makespan. In other words, the makespan with
all task numbers has a higher percentage than the throughput, indicating a problem with the
performance of those methods. Table 3 presents a thorough analysis of the test data, providing
in-depth information about the outcomes of the studies. Every row in the table represents a
particular test scenario or experimental condition, while the columns separate different metrics,
performance indicators, and the associated values collected from the tests. Table 3 provides a
detailed explanation of the test results.
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Table 3: Test results of (modified Particle swarm optimization (MPSO), improved Q-learning
algorithm named QMPSO and Q-Learning

TASK Algorithm Makespan (in Sec.) Throughput (req/ms)
20 LF-GWO-VM-LB 0.686 2.971
30 0.686 2.761
40 0.687 2.761
60 0.684 1.538
80 0.687 2.716
20 QMPSO 2.3 1.53
30 2.58 2.77
40 2.83 3.71
60 3.12 4.98
80 3.61 5.82
20 MPSO 2.57 2.22
30 3.7 3.32
40 4.84 4.65
60 7.22 5.71
80 11.9 7.8
20 Q-Learning 4.05 2.06
30 5.29 3.23
40 6.16 4.72
60 7.8 6.01
80 11.81 8.13

5.3 Makespan vs. Throughput Relationship

The relationship between makespan and throughput is inverse. Any interaction between them
degrades the system's performance. Figure 5 illustrates the execution of the LF-GWO-VM-LB
method using varying task counts and a minimal makespan percentage, consistently resulting in
a gap between the makespan and the throughput. In contrast, the QMPSO method intersects the
makespan bar and the throughput line.

5.4 Test of Different VM Numbers

This analysis investigates the impact of increasing the quantity of virtual machines on the
test results in terms of makespan and throughput. Upon closer inspection of the table, a trend
becomes apparent: the makespan increases according to the number of virtual machines while
the throughput decreases simultaneously. Specifically, the table demonstrates a noticeable rise
in makespan as the number of virtual machines increases, and a drop in throughput when the
task count drops to 200. A deeper look at the table reveals that this tendency continues as the
task count is raised to 400 and 800. Both cases show a consistent relationship between the
increase in virtual machines and the lengthening of makespan. Table 4 lists the test results of
both the makespan and the throughput using different numbers of virtual machines.
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Figure 5: Throughput and makespan relationship.

Table 4: The effect of using different virtual machine numbers on the performance

task VM makespan throughput
200 10 6.748 75.078
20 7.081 18.848
30 7.381 9.266
40 7.552 5.742
50 7.552 5.742
AVG 7.263 22.935
400 10 6.772 65.809
20 7.079 20.394
30 7.456 8.077
40 7.612 5.235
50 7.811 5.076
AVG 7.346 20.918
800 10 7.079 20.394
20 7.097 16.632
30 7.142 13.954
40 7.322 10.886
50 7.609 7.641
AVG 7.25 13.901

6. Conclusion

The paper presented a new metaheuristic algorithm designed to improve job allocation across
virtual machines by progressively reducing the search area to get the best results. This strategic
approach significantly enhanced the load-balancing process compared to conventional
methodologies. The results showed that the suggested algorithm effectively navigated and used
the search area, enhancing performance in throughput and makespan. Furthermore, the method
efficiently reduced task wait times, improving overall system efficiency.

The technique's main goal was to distribute workloads evenly by assigning jobs to
appropriate virtual machines based on their fitness levels. The approach demonstrated its
superiority and effectiveness in tackling load-balancing issues compared to state-of-the-art
algorithms: QMPSO, Q-learning, and MPSO. The LF-GWO-VM-LB approach showed
excellent performance across various workload distributions on virtual computers, highlighting
its effectiveness and dependability.
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Future research will concentrate on dynamic load balancing to enhance real-time task allocation,
especially for interdependent jobs. Integrating the Levy flight strategy into the enhanced gray
wolf optimization (IGWO) technique and the current DLH strategy proved challenging for
inexperienced researchers due to the algorithm's intricacy. The algorithm's ability to circumvent
local optima and alignment with research objectives underscored its significance for advancing
load-balancing algorithms. Enhancing and clarifying the algorithm's complexities would make
it easier for academics to comprehend and use, thereby aiding in the discussion on improving
distributed computing systems.
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