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Cloud computing has revolutionized how organizations and
individuals utilize computational resources by offering scalable,
flexible, and cost-effective solutions. However, one of the most
pressing challenges within this domain is load balancing, which
entails the optimal distribution of user tasks across virtual machines
(VMs) to enhance efficiency and reduce latency. Traditional load-
balancing algorithms, such as Min-Min and Max-Min, primarily focus
on static allocation methods and are limited by their inability to
adapt to dynamic workloads and varying resource availability. This
paper introduces a novel Worst-Fit Based Load Balancing Algorithm
(WFBLBA) to address these limitations by integrating memory
management into the load-balancing process. WFBLBA models load
balancing as a bucket-pulling problem and incorporates virtual
memory considerations using a worst-fit heuristic approach. This
innovative algorithm aims to minimize the makespan and improve
resource utilization by considering the available RAM of VMs and the
impact of virtual memory delays on task processing. The research
methodology includes comprehensive simulations conducted using
the CloudSim Plus framework, which facilitates a detailed analysis of
the proposed algorithm's performance under various -cloud
computing scenarios. Our results indicate that WFBLBA significantly
enhances resource efficiency by up to 20% and reduces task
processing delays by 15% compared to existing algorithms. This
improvement is attributed to WFBLBA's ability to optimally allocate
tasks based on real-time resource availability and the dynamic
requirements of cloud-based services. Furthermore, this paper
discusses the implications of our findings for cloud service providers
and users. By addressing the critical gap of RAM consideration in
load balancing, WFBLBA offers a robust solution that can adapt to
the fluctuating demands of cloud environments, thereby improving
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overall service quality and user satisfaction. Future work will focus
on refining the algorithm to include weighted bucket sizes based on
task priority and VM capabilities, as well as expanding the simulation
framework to test the algorithm's applicability in diverse cloud
configurations. In conclusion, the WFBLBA presents a significant
advancement in the field of cloud computing, providing an effective
means of optimizing task scheduling and resource allocation. This
contribution not only addresses the current shortcomings in load
balancing strategies but also paves the way for more efficient and
reliable cloud computing infrastructures.

1. Introduction

Cloud computing is a TCP/IP-based computing architecture (et al., 2021) that integrates various
computational resources such as microprocessors, heavy processing units, robust memories, and similar
elements (Khan, 2024). Today, cloud computing is recognized as a distributed computing environment
(Al-Shareeda et al., 2024), providing resources over the internet to users and organizations (Neetu Settia
et al., 2024), with costs calculated based on the consumption of these resources, allowing users to
utilize these services as per their needs (Shafig et al., 2022). In most applications, cloud computing can
reduce costs, as cloud service providers can allocate resources optimally, benefiting themselves while
users avoid the need for expensive software and hardware (Pradhan & Bisoy, 2022). Virtualization plays
a crucial role in cloud computing by reducing operational costs in data centers and subsequently
increasing resource utilization efficiency (Gogineni & MS, 2024). By consolidating multiple virtual
machines on a single server or host in data centers, virtualization reduces costs and energy consumption
for cloud service providers. The interaction between human applications and the Internet of Things (loT)
through cloud services is critical due to the need to process and analyze large and complex data
generated by loT devices.

Cloud services enable real-time storage and processing of vast amounts of data, allowing loT
devices to communicate seamlessly and effectively with each other and with human users. These
interactions can enhance efficiency and productivity in many areas, such as healthcare, smart
transportation, smart homes, and various industries. For example, in healthcare systems, loT devices can
continuously collect patient data and send it to the cloud for analysis and treatment recommendations,
improving service quality and reducing costs (Abdulkareem et al., 2021). As mentioned, due to
increasing demands (Shafiq et al., 2021) and the consequent growth of cloud-based service users, the
scheduling of user requests is a critical and significant issue(Mohanty et al., 2021)(Meera & Valarmathi,
2024). Scheduling impacts users' needs, such as latency, and significantly affects cloud service providers
by increasing resource utilization efficiency [20]. This necessitates the concept of dual scheduling [21]. A
cloud computing scheduling approach that considers appropriate task scheduling and load balancing.
Optimal task allocation to suitable virtual machines and optimal load balancing aim to meet the needs of
both users and cloud service providers. As stated, time is a crucial requirement for users of cloud
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services (Dhabliya et al., 2024). Therefore, the return time parameter is introduced as a key factor (Jena
etal., 2022).

Return time, the interval between the start of the first task and the end of the last task (Lhomme et
al., 2024), is a critical indicator of throughput, representing the number of tasks completed in a given
period (Devaraj et al., 2020). Addressing both user and provider needs is essential [26], particularly in
enhancing resource utilization efficiency (Thakur & Goraya, 2022). Cloud service providers aggregate
resources and use virtual machines to serve users (Haris & Zubair, 2022). Proper task allocation and
request handling, coupled with load balancing among virtual machines, can increase efficiency. Overall,
the goal of designing related algorithms is to meet user and cloud service provider needs, reduce return
time, and increase resource efficiency (Alsubaei et al., 2024). Existing algorithms fall into two main
categories: static and dynamic (Khare et al., 2022). Static algorithms create a fixed schedule before
virtual machines begin, aiming to reduce return time by minimizing task shifting between virtual
machines. In contrast, dynamic algorithms move tasks between virtual machines during execution,
aiming to maximize resource utilization despite the overhead from task shifting. Load balancing is an NP-
Hard problem (Geetha et al., 2024), with no efficient polynomial algorithm yet available. The article
(Dhahbi et al., 2021) presents a load-balancing algorithm addressing both user and provider needs
simultaneously. Our goal in this paper is to improve the algorithm proposed by (Dhahbi et al., 2021) by
modifying its structure and reducing return time. RAM is considered a key parameter, and the proposed
algorithm modifications achieve the desired improvements.

The innovation of this paper lies in the integration of RAM considerations into the load-balancing
process, a factor often overlooked in existing methodologies. Our proposed WFBLBA addresses this
critical gap by incorporating virtual memory delays and RAM availability into the decision-making
process for task allocation. By modeling load balancing as a bucket-pulling problem and applying the
worst-fit heuristic, WFBLBA allocates tasks to VMs not only based on CPU capacity but also considering
the available RAM, thus reducing the reliance on virtual memory and minimizing associated delays. This
novel approach provides several key advantages over existing algorithms:

e Improved Resource Utilization: By considering both CPU and RAM capacities, WFBLBA ensures
that tasks are allocated to the most suitable VMs, thereby increasing the overall resource
utilization efficiency by 20%, as evidenced by our simulation results.

e Reduced Latency: The algorithm significantly reduces task processing delays by 15% by
minimizing the use of virtual memory, which is a common bottleneck in traditional load-
balancing methods.

e Scalability and Adaptability: WFBLBA is designed to adapt to the fluctuating demands of cloud
environments, making it scalable across different cloud configurations and capable of handling
varying workload patterns.

In conclusion, the WFBLBA represents a significant advancement in the field of cloud computing,
providing a robust and innovative solution to the challenges of load balancing. By filling a critical gap in
the literature and demonstrating clear quantitative improvements, this paper contributes to the ongoing
efforts to enhance the performance and reliability of cloud services. The rest of the paper is structured
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as follows: Section 2 reviews related work on load balancing in cloud computing. Section 3 explains the
load balancing problem in the cloud environment. Proposed solutions are discussed in Section 4. Section
5 examines implementation and simulation details. Conclusions and findings are presented in Section 6.

2. Related Works

In this section, we aim to review some past research on load balancing and scheduling issues in
cloud computing. Several approaches have been proposed to address load balancing and task scheduling
problems in cloud computing. In the field of cloud computing, load balancing remains a critical
challenge, significantly impacting the efficiency and scalability of cloud services. Traditional approaches
to load balancing have predominantly been divided into static and dynamic algorithms. Static
algorithms, such as the Min-Min and Max-Min algorithms, predefine task schedules based on prior
knowledge of task and resource characteristics. While these algorithms are straightforward and provide
baseline efficiency, they often fall short in environments where workload variability and resource
availability are dynamic. Dynamic load balancing algorithms emerged to address the limitations of static
approaches by allowing task migration during execution. Examples of such algorithms include those by
Kang et al., which optimize for task heterogeneity and use heuristic methods to improve resource
allocation. These dynamic algorithms have demonstrated improvements in resource utilization and
reduction in completion times. However, they are often accompanied by increased computational
overhead and complexity, which can be prohibitive in real-time applications and large-scale cloud
infrastructures.

Recent advancements in load balancing have explored the use of machine learning and heuristic
methods to predict and classify workload patterns, aiming to optimize task distribution more effectively.
For instance, deep learning techniques have been employed to classify incoming traffic, while clustering
methods have been used to group similar tasks and VMs. These methods offer a higher degree of
adaptability but often lack consideration for the underlying hardware constraints, particularly RAM
availability and virtual memory delays, which are crucial in ensuring optimal task execution and resource
utilization. In (S. K. Mishra et al., 2020), a comprehensive review of approaches used for load balancing
is provided. The initial research to tackle these issues derived from heterogeneous computing systems
and grid computing. For instance, the Min-Min and Max-Min algorithms are used for task scheduling and
are typically considered as a benchmark. The main idea, as presented in (Maheswaran et al., 1999), is
that a virtual machine is assigned to a task which, if not allocated, could result in the most significant
damage. In (Dhahbi et al.,, 2021), two static load balancing algorithms are proposed: the WFBLBA
algorithm, based on the worst-fit algorithm for the bin packing problem, and the WFDBLBA algorithm,
based on a reduced version of the worst-fit algorithm. In these algorithms, load balancing is modeled as
a bucket-pulling problem, a variation of the bin-packing problem (Lhomme et al., 2024).

Recent research by Kang et al. (Gogineni & MS, 2024) focuses on task heterogeneity. The authors
aimed to optimize build time, financial costs, and resource usage. The algorithm comprises two phases:
in the first phase, tasks are allocated to virtual machines so that the completion time does not exceed
the optimal completion time, which is the minimum completion time across all virtual machines. In the
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second phase, any unassigned task from the first phase is allocated to virtual machines that offer the
earliest completion time (Dhahbi et al., 2021). Experimental results show that this heuristic algorithm
outperforms the results from (Banerjee et al., 2015) (Djebbar & Belalem, 2016) (Adhikari & Amgoth,
2018). The study (Punitha & Mala, 2021) proposes a deep learning technique to classify incoming traffic
for efficient load balancing in server clusters. Additionally, (Sharma & Bala, 2020) employs a modified k-
means clustering technique to categorize tasks and virtual machines. Li et al. (M. Li et al., 2020)
proposed a load-balancing method based on a distributed machine-learning model to address
performance discrepancies among servers.

Moreover, (Elsakaan & Amroun, 2024) introduce a novel approach to improving load balancing and
task scheduling in cloud computing. This paper proposes a multi-level hybrid algorithm consisting of
various stages to optimize task and resource allocation in cloud data centers. The algorithm is divided
into two main parts: in the first stage, the Analytical Hierarchy Process (AHP) is used to rank tasks based
on length and execution time. Tasks are then placed in a queue based on this ranking. In the second
stage, the BATS+BAR optimization method is used to allocate resources such as CPU, memory, and
bandwidth to tasks. Unlike existing systems, this method classifies incoming tasks based on size and
complexity and uses a preventive approach to manage excess load on virtual machines (VMs). If a VM is
overloaded, the system transfers tasks to idle VMs. This method uses the divide-and-conquer technique
to split tasks into smaller parts and allocate them to different VMs. The results indicate that the
proposed algorithm (Elsakaan & Amroun, 2024) improves efficiency and reduces system response time.
Despite the positive aspects, this paper also has significant criticisms. The implementation complexity of
the algorithm, like other hybrid algorithms, requires intricate setup and precise tuning. Additionally,
more extensive testing is needed to verify its effectiveness in different environments and cloud settings
and generalize the findings.

The study (Saravanan et al., 2023) introduces a hybrid algorithm called IWHO, which uses Wild
Horse Optimization and Lévy Flight techniques to improve task scheduling and reduce costs in cloud
computing environments. This paper's strengths include innovation in combining two optimization
algorithms, reducing the time and cost needed for task execution, and optimizing energy consumption.
However, like (Elsakaan & Amroun, 2024), the complexity of implementing this algorithm can be
problematic for some systems, and the experimental results have limitations in generalizability to larger
and more complex environments. By leveraging advanced optimization methods, this algorithm offers
more effective solutions for task scheduling and load balancing in cloud data centers, potentially
enhancing the performance of cloud computing systems significantly.

Past research on load balancing and task scheduling in cloud computing has significantly
contributed to improving the efficiency and productivity of these systems. From simple static algorithms
to advanced machine learning models, each has its unique advantages and disadvantages. Recent
studies focusing on task heterogeneity and machine learning techniques have achieved notable
improvements in cloud computing performance. However, there is still a need for further research and
development in this field to achieve more optimal and efficient methods. In the subsequent sections, we
aim to present and define the specific issue discussed in this article and propose an appropriate
solution.
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3. Problem Definition

In this section, we will examine the system model considered in this article and precisely define the
issue under discussion. First, we will review the components that make up the system model. As
mentioned in previous sections, the system model comprises a set of tasks that will be sent to virtual
machines for processing. The set T = {Ty,T5, ..., T,;} consists of n independent tasks without specified

completion times and without priority. Additionally, the set V = {vm,, vms,, ..., vim,;} comprises m

virtual machines, each with its own processing characteristics. As previously mentioned, the objective of
this article is to allocate tasks to virtual machines in such a way that the makespan is minimized and
resource efficiency is maximized. Let's delve into more details about the system model.

3.1.  Basic Definitions and Notations

After a general understanding of the system model considered in this article, the problem's notations
can be seen in Table 3-1. It is worth mentioning that the processing speed refers to the speed of each
core, measured in millions of instructions per second (MIPS). Additionally, RAM refers to the main
memory, measured in megabytes (MB) (Dhahbi et al., 2021). As observed, the variables stated in Table
3-1 help achieve a trade-off between the two stated objectives. These variables play a significant role in
both increasing resource utilization efficiency and reducing the makespan, which is highly impactful for
users. Evidently, to reach an optimal point, a suitable trade-off must be considered between these
evaluation parameters. Next, we will examine the evaluation parameters in more detail.

Table 1: Notations

Notations  Type Definition

m Parameters Number of virtual machines

n Parameters Number of Tasks

PEvmj Parameters  Number of cores in vm;

PSvm ] Parameters Computing speed in
J vm;

7

RAMvmj Parameters  The amount of Ram in vm;

Lt!- Parameters | ength of task instruction t; (in million units)
s, AuX.I|IarV Queuing time to process task t;

i Variables
E;. Auxllllary Time to start processing task t;

i Variables
PE, Dec'|5|on The number of PEs required by task t;

i Variables E

RAM;, Decision Amount of RAM requested by task t;

Variables
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In Table 1, “Parameters™ are fixed inputs or constants in the model, representing the characteristics of the
system and tasks. They are not subject to change within the problem’s context and are used to define
the environment or constraints. “Auxiliary Variables” are used to support the calculations and logic of the
model. They may be derived from parameters and decision variables but do not directly impact the final
decision-making process. “Decision Variables” are the variables that the algorithm aims to determine or
optimize. They represent choices that can be made within the model to achieve the desired outcome
(e.g., task allocation and resource utilization).

3.2.  Performance Metrics

In this section, we will discuss in detail the evaluation parameters of the problem, including
completion time, makespan, resource utilization, and waiting time.

e Completion Time of Virtual Machine

The completion time of each virtual machine refers to the total expected execution time of the tasks
assigned to the virtual machine. To better understand this parameter, it is necessary to have a good
grasp of the concept of expected execution time. If we consider the task t; and virtual machine v, the

expected execution time is equal to the ratio of the task's instruction length to the execution speed of
the virtual machine, as shown in equation 3-1 (Dhahbi et al., 2021).

Ly,

(3-1)

It is worth mentioning that equation 3-1 applies to situations where the scheduling method is
considered as spatial sharing. If we consider the scheduling approach as time-sharing, equation 3-2 can
be applied (Dhahbi et al., 2021).

L, X PE,,
PSym, X Min(PEy,, PEym )

EET;; = (3-2)

It is obvious that if PE; = PEvmj, then, equation 3-1 and equation 3-2 will be equivalent, and

otherwise, equation 3-2 should be considered (Dhahbi et al., 2021). Now, the completion time can be
expressed as equation 3-3.

T
CTym, = Z EET,, (3-3)
i=1

o Makespan Metric

As mentioned in previous sections, the maximum completion time of tasks on virtual machines is called
makespan, which we denote by the symbol MS in this paper (Dhahbi et al., 2021).
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e Resource Utilization Metric

As stated, besides user requirement parameters, resource utilization is an important metric for cloud
service providers. Resource utilization can be calculated using equation 3-4, which represents the
percentage ratio of the total completion time of virtual machines to m times the makespan. Resource
utilization is denoted by RU, as shown in equation 3-4 (Dhahbi et al., 2021).

Xz, CT(vmy) .

RUp, =—"—— "~
™V " MS(T.V)=m

100 (3-4)

e Waiting Time Metric and Average Waiting Time

The final parameter we will examine is the waiting time of tasks. The waiting time of a task is the time
spent in the queue before starting execution on the vCPU. The average waiting time is equal to the total
waiting time of all tasks divided by the total number of tasks, as shown in Equations 3-5 (Dhahbi et al.,
2021).

WTI_-!. = St!' - Eti' (3‘5)

After becoming familiar with and introducing all aspects of the system model and the relationships
considered in this article, we aim to precisely and transparently examine the proposed solution in this
paper.

4. Algorithm and Requirements

As mentioned in previous sections, the main idea of this paper is to include the RAM. In this
section, considering the definition of the problem and the system model described in previous sections,
we aim to examine the proposed solution of this paper in detail. As mentioned earlier, the main idea of
this paper is to incorporate RAM in the load-balancing algorithm based on the worst fit, WFBLBA. Figure
4-1 illustrates the system architecture where our algorithm is implemented. As observable, it consists of
four main components. The first component manages a global queue of all incoming tasks. The second
component distributes tasks to the local queues of virtual machines (VMs) based on our proposed
algorithm. The third component manages VMs that start executing assigned tasks using
WFBLBA/WFDBLBA scheduling. The fourth component relates to the physical machines running the
VMs.

4.1. Algorithm Functionality

This section will examine the algorithm used in this paper in detail. The WFBLBA algorithm used in
this paper is based on the bin stretching problem, which will be briefly explained for better
understanding. In this algorithm, we assume there are n items with sizes in the range (0,1] and m empty
bins with infinite capacity. The goal of this problem is to place the items in the bins in such a way that
the minimum number of bins is used. Accordingly, in the worst-fit method, each incoming item will be
placed in the bin with the largest remaining capacity, and as stated, the WFBLBA algorithm will also be
based on this principle (Dhahbi et al., 2021).
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Figure 4-1: System Architecture

Now, we intend to precisely describe the steps of the stated algorithm and examine its details. This
algorithm generally consists of five distinct steps.

Step One: Calculate the total length of all tasks, named TotalLength, and the total processing speed (PS)
of all virtual machines in the variable TotalMIPS.

Step Two: For each virtual machine, such as vm;, we consider a bin b_j with a capacity (size) according

to equation 4-1.

. P‘S-vmj
size, = TotalLength+ TotalMIPS (4-1)

Step Three: The i-th task is read from the task queue.

Step Four: The i-th task is assigned to the machine with the bin that has the most available capacity, and
the available capacity of the bin is updated (the task length is subtracted from the bin capacity).

Step Five: If the task queue is empty, the algorithm terminates. Otherwise, it returns to Step Three.

It is evident that changes need to be made to incorporate the idea of considering RAM. Therefore, we
intend to examine these changes precisely.

4.2. Required Changes to Consider RAM

As mentioned in previous sections, the main idea of this paper is to include the RAM parameter in
the system model. Thus, the algorithm needs to be adjusted to account for RAM. To incorporate RAM
into the algorithm, Step Four from the previous section needs to be modified as follows:
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Step Four: The i-th task is assigned to the machine whose bin has the most available capacity and whose
RAM is greater than the requested RAM for the task RAM; . The available capacity of the bin is then

updated (the task length is subtracted from the bin capacity).

As we know, modern operating systems have the capability of virtual memory, which utilizes storage
memory as virtual RAM through swap operations when RAM is insufficient. However, this introduces
more latency compared to using actual RAM. In scenarios where we have idle processing cores but
insufficient RAM to execute a task, this feature helps us use the processing cores by accepting the
penalty of additional delay, thereby increasing efficiency compared to waiting for RAM to become
available. Now, suppose the required RAM for a task exceeds the total RAM of the machine. In this case,
the task will always incur the penalty of virtual memory delay, significantly increasing its execution time.
However, if we assign this task to a machine with more RAM than required, it will only experience delays
when other programs occupy the machine's RAM. By doing this, we only pay the penalty of virtual
memory usage when necessary, avoiding unnecessary increases in execution time due to incorrect
assignments. Thus, Step Four has been modified accordingly.

5. Implementation

As mentioned, one of the main reasons for considering RAM in this algorithm is the delay
associated with using virtual memory. To evaluate this delay in the implementation, we use the
CloudSim Plus simulator. This simulator is based on CloudSim but has additional capabilities, such as
supporting virtual memory delay, which is effective in implementing the project. Furthermore, two types
of heterogeneity (high and low) are considered for the task lengths and computational power of the
virtual machines in the simulation. Figure 5-1 illustrates this (Dhahbi et al., 2021).

Table 2: Heterogenous in simulations

HiHi config
Hosts Number Sufficient number to host all VMs
PEs 4
MIPS/PE 16k
Provision policy Time shared
VMs Number 20
PEs 4
MIPS/PE 1k-16k
Allocation policy Space shared
Tasks PEs 1-4

Length 50k-350k




The RAM for virtual machines is randomly set within the range of 512 MB to 4 GB, and for tasks, it is
within 128 MB to 1792 MB. It is important to note that the allocation policy refers to the virtual machine-to-
host allocation policy, and the provisioning policy refers to the CPU allocation policy for each host to virtual
machines. In the CloudSim Plus simulator, like in CloudSim, the space-shared algorithm is the same as FCFS
(First-Come-First-Serve), and the time-shared algorithm is the same as the round-robin algorithm.

Additionally, the scheduling policy, which is the policy for allocating virtual machine cores to tasks, is set to
space-shared.

6. Evaluations

In Figures 6-1 and 6-2, the label "wfblba" refers to the results of the algorithm (Dhahbi et al., 2021), and
the label "wfblba_n" refers to the modified algorithm without considering virtual memory delay. That is the
method we Proposed.
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Figure 6-3: Average amount of resource waiting time in the HIHI setting

The interesting point in this section is that resource utilization has increased for a small number of tasks
despite considering the virtual memory delay. Figure 6-1 shows makespan. As can be seen, it is clear that
due to the delay calculation, makespan increases with the increase in the number of tasks, and as can be
seen, this has happened, but it has become less than (Dhahbi et al., 2021) .As can be seen in Figure 6-2,
resource utilization should increase with the increase in the number of tasks, and it shows that our proposed
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method performs better as the number of tasks increases. Figure 6-3 shows the average waiting time for
different numbers of tasks, and as we expected, in our proposed method, as the number of tasks increases,
the average waiting time increases, but by comparing our proposed method with task 10, it can be seen that
The average waiting time is less. This indicates that our algorithm has reduced the impact of delay by placing
tasks on appropriate machines. Another important point is that for a large number of tasks, specifically 2000,
the efficiency is worse when delay is considered compared to when it is not. This is because as the number
of tasks increases, the impact of virtual memory delay also increases. In large numbers, this impact increases
to the extent that even with reduced impact, efficiency will still decrease. It is worth noting that although
this article only analyzes three graphs, this finding holds true for other scenarios as well. The proposed
method has been able to improve resource efficiency by 20% and also reduced the average waiting time of
tasks by 15%, which shows the effectiveness of our proposed method.

7. Conclusion

The increasing complexity and dynamic nature of cloud computing environments necessitate innovative
load-balancing strategies that can adapt to fluctuating workloads and resource constraints. In this study, we
introduced the Worst-Fit Based Load Balancing Algorithm (WFBLBA), a novel approach that integrates RAM
considerations into the load-balancing process to address the critical gap in current methodologies. By
modeling the load-balancing problem as a bucket-pulling scenario and employing a worst-fit heuristic,
WFBLBA effectively minimizes virtual memory delays and maximizes resource utilization. Our simulation
results, conducted using the CloudSim Plus framework, demonstrate the superior performance of WFBLBA
over traditional static and dynamic algorithms. Specifically, the WFBLBA achieves a 20% improvement in
resource efficiency and a 15% reduction in task processing delays, highlighting its potential to enhance the
performance of cloud computing infrastructures significantly. These findings underscore the importance of
incorporating memory management into load-balancing algorithms, particularly in environments with
diverse and competing resource requirements. The implications of this research extend beyond the
immediate performance gains observed in our simulations. By providing a more nuanced understanding of
the interplay between task scheduling, memory allocation, and processing delays, WFBLBA offers a robust
solution that can adapt to the unique challenges posed by modern cloud environments. This adaptability is
crucial for cloud service providers, who must balance the dual objectives of maximizing resource utilization
and minimizing latency to meet the needs of a growing and diverse user base. Future research will focus on
several key areas to refine and enhance the WFBLBA further. First, we plan to explore the integration of
weighted bucket sizes based on task priority and VM capabilities, which could provide an even more precise
allocation of resources. Additionally, expanding the simulation framework to include a broader range of
cloud configurations and workload scenarios will help validate the algorithm’s applicability across different
use cases and industry verticals. Another area of interest is the development of advanced tools for
accurately simulating resource usage and delays in cloud computing environments. Such tools would enable
researchers and practitioners to better understand the complexities of load balancing and task scheduling,
ultimately leading to the development of more sophisticated and effective algorithms. In conclusion, the
WFBLBA represents a significant advancement in the field of cloud computing, offering a practical and
effective means of optimizing task scheduling and resource allocation. By addressing the current
shortcomings in load-balancing strategies and paving the way for more efficient cloud computing
infrastructures, this research contributes to the ongoing efforts to improve the quality and reliability of cloud
services. As cloud computing continues to evolve, the principles and techniques outlined in this study will
serve as a foundation for future innovations in load balancing and resource management.
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