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Abstract—With the rapid increase in cloud services and the
increasing shift toward them, balancing the cloud load has
become a critical research issue. The increasing demand from
customers for technology services worldwide is largely due to
its direct impact on performance quality. Therefore, to provide
better service quality, it is essential to consider reducing response
time and cost in load balancing. This paper addresses the load-
balancing problem by optimizing response time and computing
cost in cloud computing systems. Specifically, we first formulated
the load balancing problem in cloud computing mathematically
by designing an objective function that optimizes response time
and cost, including constraints to ensure task assignment to a
single virtual machine (VM) and resource limits are not exceeded.
To solve this optimization problem, we proposed a hybrid
algorithm, ACOCSA, that combines Ant Colony Optimization
(ACO) and Crow Search Algorithm (CSA). We implemented
the ACOCSA algorithm, evaluated the response time, cost, and
load balancing metrics, and found that our algorithm performed
better in terms of response time and computational cost, and
showed good fairness among VMs.

Keywords Load balance, Ant Colony Optimization (ACO),
Crow Search Algorithm (CSA), Resource Management in the
Cloud, Quality of Service (QoS), Cloud computing.

I. INTRODUCTION

C Cloud computing is an evolving field focused on de-
livering services over the Internet. With the increasing

demand for tasks and workloads, there has been a rise in
load imbalance due to unequal distribution across nodes with
varying capacities. This leads to some nodes being overloaded
while others remain underutilized, affecting system perfor-
mance. Advanced optimization methods, such as swarm intel-
ligence and evolutionary algorithms, have shown promise in
addressing these challenges by improving resource allocation
and overall system performance [1], [2].

The Everything as a Service model in cloud computing has
had a profound impact on both academia and industry by
allowing organizations to move away from local data centers

to remotely managed data repositories [3], [4]. This shift helps
reduce operational overhead while enhancing data accessibility
and management [5]. Efficient resource utilization in cloud
systems is essential for maintaining high productivity and
performance.

Effective load balancing is critical to ensuring optimal
resource use and maintaining system stability. Load balancing
algorithms redistribute tasks from overloaded nodes to those
with lighter loads, improving system performance, and pre-
venting resource depletion, which can lead to overheating and
increased carbon emissions [3]. The success of these algo-
rithms is measured by metrics such as productivity, scalability,
and energy efficiency [6].

There are two main types of load-balancing algorithms:
static and dynamic. Static algorithms work well in stable
and homogeneous environments, while dynamic algorithms
are more suitable for cloud computing, where workloads and
network traffic are constantly changing [7], [8].

Dynamic load balancing requires algorithms that adapt to
real-time conditions, considering the capabilities of the nodes
and the nature of tasks [9], [10]. Without efficient load
balancing, users may experience delays or slow responses.
By distributing tasks across multiple resources such as CPUs,
memory, and network links, load balancing ensures optimal
system performance and resource utilization [11].

Studies comparing different load-balancing algorithms have
shown significant improvements in cloud efficiency, includ-
ing better resource utilization, faster response times, and
enhanced scalability [12]. This paper aims to address the
challenges of achieving effective load balance in dynamic
cloud environments, where load sizes and distributions change
continuously [13]. Traditional algorithms often struggle with
these dynamic shifts, leading to increased response times and
decreased performance [14], [15].

Metaheuristic algorithms such as ACO and CSA offer
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promising solutions to improve load distribution and reduce
energy consumption. These methods are effective in managing
dynamic workloads and enhancing the sustainability of cloud
systems. ACO and CSA, known for their ability to explore and
exploit the solution space, are well suited to the challenges
posed by cloud data centers [16].

This paper contributes to the field by formulating the load-
balancing problem in cloud computing through an objective
function that optimizes response time and cost while adher-
ing to resource constraints. We propose a hybrid algorithm,
ACOCSA, that combines ACO and CSA, which effectively
balances exploration and exploitation to achieve improved
optimization results. The implementation and evaluation of the
ACOCSA algorithm demonstrate its superior performance in
reducing response time and computational costs, along with
its scalability for large-scale cloud environments.

II. RELATED WORKS

Effective resource management in cloud computing is cru-
cial to optimizing system load, performance, and user satisfac-
tion. Various metaheuristic algorithms address load balancing
challenges, such as optimizing resource allocation and mini-
mizing response time and cost. For instance, Kishor et al. [17]
proposed the LEWIS algorithm, which reduces latency and
energy consumption. Sefati et al. [18] used Gray Wolf Opti-
mization (GWO) for task distribution in cloud environments,
showing its effectiveness in reducing costs and response times.
Janakiraman and Priya [19] combined GWO with particle
swarm optimization (PSO) for better resource allocation.

Thakur et al. [20] proposed RAFL, a hybrid algorithm that
combines Phasor PSO and the Dragonfly Algorithm (DA) for
optimized load balancing. Luo et al. [21] introduced a spatio-
temporal method for energy cost optimization in distributed
data centers. Recent advancements include hybrid approaches
like the ANN-BPSO algorithm for task scheduling and load
balancing [22]. However, many solutions still face issues with
local optima and balance between response time and cost.

Despite these advancements, many solutions suffer from
issues like getting stuck in local optima and a suboptimal
balance between response time and cost. The proposed hybrid
algorithm, ACOCSA, addresses these limitations by combin-
ing ACO and CSA, effectively balancing exploration and
exploitation. This hybrid approach avoids local optima and
leads to superior optimization results. Experimental results
show that ACOCSA significantly reduces response time and
computational cost compared to traditional methods, thus
enhancing overall system performance and user satisfaction.

III. SYSTEM MODEL AND PROBLEM FORMULATION

In this section, we will look at the cloud computing system
model, outline the task allocation problem, detail the con-
straints, and introduce the heuristic optimization algorithms
we used.

A. Cloud Computing System Model

The CC system shown in Figure 1 includes users, re-
quest generators, and data center controllers, providing a load

balancing architecture for unbalanced cloud environments to
achieve optimal load distribution. The model is based on a
modified design by Gupta et al. [23], simplifying the roles
of the VM manager and the monitor. The load balancing is
performed at the physical machines (PM) level, focusing on
distributing tasks within the same PM. The model includes
intra-PM task migration, where tasks are moved between VMs
within the same PM.

Users represent the end-clients who initiate requests for
computing resources; these can be individuals or applications
that need to process data or run applications on the cloud.
The request generator acts as an intermediary component
that formalizes these user requests, ensuring that they are
in the appropriate format for processing by the data center.
This separation helps to efficiently handle a large number of
requests, as the request generator can batch similar requests,
prioritize them, or perform initial processing to reduce the
load on the data center. The request generator creates user
requests that require computing resources. These tasks are
managed by the data center controller, who directs the requests
to the load balancer. The load balancer decides which VM
should handle each user task. The load balancer distributes
the workload among the VMs in that PM, ensuring optimal
load distribution across the entire cloud infrastructure. This
approach maximizes resource utilization and enhances the
overall performance of the system.

Imagine a data center that has 𝑚 resources and a user drops
𝑗 workloads divided into 𝑛 tasks. For the scheduling model,
we are assuming the following [24], [25]:

1) Each task is its own thing.
2) Only one resource can be assigned a specific task.
3) There are more tasks than resources, as per this rule.
4) Keeping tabs on resource use in real time and guessing

how long tasks will take are both doable.

Each user task is tagged with a unique flag called Cloud Letid,
the processor count is dubbed Number of CPU, the file size
sent to the data center is known as Input Size, the task’s
duration is called Length, and the output file size goes by
Output Size.

The main activities in load balancing include identifying
task requirements, checking the status of VM resources,
scheduling tasks, allocating resources, and migrating tasks.
Task requirements are identified and tasks are scheduled on
suitable VMs using specific scheduling algorithms. Resource
allocation means assigning the resources needed to the sched-
uled tasks using resource allocation policies. The success of
a load balancing algorithm depends on the efficiency of the
scheduling algorithm and the allocation policy [26]. Migration
is a key step in load balancing, involving two types: VM
migration and task migration. VM migration moves a VM
from one physical host to another to avoid overload, while task
migration moves tasks between VMs. Research shows that task
migration is more time and cost effective than VM migration,
leading to a shift from VM migration to task migration to
achieve better load balancing in cloud environments [27].
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Figure 1: Load balancing architecture

B. Problem Formulation
In this subsection, we provide an overview of the assump-

tions and notations, each symbol is clearly defined with its
corresponding meaning to maintain clarity and consistency
throughout the document.

We assume that the cloud environment consists of users
𝑈 = {𝑢1, 𝑢2, . . . , 𝑢𝑘}. Each user 𝑢𝑖 generates a set of tasks
𝑀𝑖 = {𝑡𝑖1, 𝑡𝑖2, . . . , 𝑡𝑖𝑗}, where 𝑡𝑖𝑗 represents the task 𝑗
created by the user 𝑢𝑖. The set of available VMs is denoted
by 𝑁 = {𝑣1, 𝑣2, . . . , 𝑣𝑛}. Each VM has certain capacities
(𝐶𝑐𝑝𝑢𝑘

), representing the maximum amount of computational
power (in CPU units) that 𝑣𝑘 can provide, determining how
many and how quickly tasks can be processed by this VM. The
cost refers to the computational expense involved in executing
tasks within a cloud computing environment. This primarily
includes factors such as CPU usage, memory consumption,
and the total time required to complete VM tasks. The aim
is to minimize these costs to improve resource allocation and
overall system performance.

The expected response time 𝑇𝑖𝑗𝑘 to execute task 𝑡𝑖𝑗 on
VM 𝑣𝑘 is formulated in (1), including the processing time,
transmission time, and propagation time.

𝑇𝑖𝑗𝑘 = 𝑇𝑝𝑟𝑜𝑐𝑒𝑠𝑠 + 𝑇𝑡𝑟𝑎𝑛𝑠 + 𝑇𝑝𝑟𝑜𝑝 (1)

The resources required to execute task 𝑡𝑖𝑗 on 𝑣𝑘 are indi-
cated by 𝑅𝑖𝑗𝑘, which includes the CPU resources needed by
task 𝑡𝑖𝑗 when executed on 𝑣𝑘. In this paper, we use the M/M/1
queuing theory to estimate the average waiting and processing
times 𝑇𝑝𝑟𝑜𝑐𝑒𝑠𝑠 of tasks in VMs, as formulated in (2), where 𝜆
is the expected arrival rate and 𝜇 is the expected service rate.
These values are estimated based on the observed patterns
of task arrival and processing during the simulation. In our
scenario, we suppose that both transmission and propagation
times are minimal. This simplification aligns with our research
focus on optimizing load balancing within VMs on the same
physical machine.

𝑇𝑝𝑟𝑜𝑐𝑒𝑠𝑠 = 1
𝜇 − 𝜆

(2)

The load on a VM 𝐿𝑘 represents the total resource require-
ments for all tasks assigned to it.

𝐿𝑘 =
||𝑈||∑︁
𝑖=1

||𝑀𝑖||∑︁
𝑗=1

𝑅𝑖𝑗𝑘 (3)

The load deviation 𝐷𝑘 and the auxiliary variable 𝑆𝑘 are
used to formulate the load balancing objective, ensuring that
the contribution of each VM to the objective function is always
positive, thus enhancing the load balancing.

𝐷𝑘 = 𝐿 − 𝐿𝑘, ∀𝑘 (4)

𝑆𝑘 = |𝐷𝑘| (5)

The 𝐿 in (4) is calculated according to (6). These equations
are used in the constraints to account for both negative and
positive load deviations, leading to a better balance in task
distribution.

𝐿 = 1
𝑁

||𝑁||∑︁
𝑘=1

𝐿𝑘 (6)

Each user generates a set of tasks that require computing
resources for execution. Our goal is to distribute these tasks
across the available VMs in a way that ensures load balancing,
improves resource utilization, and reduces response time.

Our objective function is linear and aims to minimize three
main aspects, response time, cost, and load balancing. It is
represented by the following equation:

min 𝑍 = 𝛼

||𝑈||∑︁
𝑖=1

||𝑀𝑖||∑︁
𝑗=1

||𝑁||∑︁
𝑘=1

T𝑖𝑗𝑘𝑥𝑖𝑗𝑘 + 𝛽

||𝑈||∑︁
𝑖=1

||𝑀𝑖||∑︁
𝑗=1

||𝑁||∑︁
𝑘=1

C𝑖𝑗𝑘𝑥𝑖𝑗𝑘

+ 𝛾

||𝑁||∑︁
𝑘=1

𝑆𝑘

(7)
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subject to
||𝑁||∑︁
𝑘=1

𝑥𝑖𝑗𝑘 = 1, ∀𝑗, ∀𝑖 (8)

||𝑈||∑︁
𝑖=1

||𝑀𝑖||∑︁
𝑗=1

𝑅𝑐𝑝𝑢𝑖𝑗𝑘 𝑥𝑖𝑗𝑘 ≤ 𝐶𝑐𝑝𝑢𝑘 , ∀𝑘 (9)

𝑥𝑖𝑗𝑘 ∈ {0, 1} (10)

𝐶𝑖𝑗𝑘 = 𝑅𝑖𝑗𝑘 × 𝐶𝑟𝑒𝑠 (11)

To determine the appropriate values for the coefficients 𝛼,
𝛽, and 𝛾, we consider the primary goals of minimizing the
response time and cost while achieving the load balance. Since
response time and cost are of higher priority, we assign higher
values to 𝛼 and 𝛽 because they directly impact user experience
and operational cost, and a relatively lower value to 𝛾 to ensure
fair task distribution, so that 𝛼+𝛽 +𝛾 = 1. These coefficients
can be adjusted on the basis of experimental results to optimize
the performance of the hybrid algorithm. By integrating these
constraints, we ensure that tasks are allocated in a way that
improves resource utilization while adhering to the capacity
limits of each VM.

The VM placement problem considered in this research is
subject to the following equality and inequality constraints:

1) Single Assignment Constraint: Each 𝑡𝑖𝑗 must be as-
signed to exactly one VM, Constraint (8). This constraint
ensures that each task is assigned and executed by one
single VM, preventing duplication in assignment.

2) Resource constraints: The total resources required by the
tasks assigned to any VM must not exceed its available
resources, constraint (9).

To solve this problem, we use heuristic optimization algo-
rithms such as ACO and CSA. These algorithms explore the
search space and iteratively improve solutions to find the
optimal one. The basic steps to use these algorithms include
the following:

∙ Initialization: Randomly initialize solutions to cover a
wide search space.

∙ Iterative improvement: Improve solutions through multi-
ple iterations using techniques such as evaporation and
cooperation to enhance the quality of the solution over
time.

∙ Solution Update: Update the solution values based on per-
formance to guide the search towards the most effective
solutions.

C. Algorithm Design

To keep things running smoothly in a real-world system and
achieve the perfect load balance, it is crucial to think about
how well the equipment (we are talking about node resources
here) is performing.

Figure 2 presents the ACO process flow. It outlines steps
from initializing the system with VM tasks to finding the best
solution through iterative pheromone updates, as shown in

Start

Initialize the CCS with VM tasks & resources

Set param eters:No. of ants, pherom one
evaporation rate, & iteration count

Create an initial pherom one m atrix

Start the iteration loop

Select task for each ant based on pherom one

Select random ly  the m ovem ent of ants based
on resources

Update the pherom one levels on the paths
for each ant

  T erm ination
condition m et

No

T he best solution founded

Yes

End

Figure 2: Architecture of the proposed method of ACO

Figure 3, which illustrates the CSA flow chart. This diagram
shows the sequence from initializing crows’ positions to
optimizing their paths for effective load balancing.

Through this process, the job scheduling model and the
ACO algorithm are integrated to achieve efficient job schedul-
ing in the cloud computing environment, with the aim of
achieving a better balance in resource loading and reducing
the total cost, thus enhancing efficiency and effectiveness in
cloud resource management.

So, what sets the algorithms proposed in this study apart
from others is that they factor in the expected finish time
for each task of each VM into the waiting task queue. Based
on this parameter, the algorithm picks the VM with the least
expected completion time and the lowest utilization rate for
the task distribution. In the proposed method, specific factors
such as the shortest route, the best cost, and the minimum
response time are also taken into account.

This approach aims at enhancing resource distribution and
task scheduling efficiency within the cloud computing envi-
ronment, enabling better performance and quicker responses
to user requests while making sure we use resources in the best
way possible. By integrating algorithms such as Ant Colony
and Crow Search while considering QoS criteria, this method
offers a comprehensive solution for load management and task
allocation in complex cloud systems.

D. Experiment

The proposed approach was developed and put to work in
a MATLAB R2019a environment. We used MATLAB to do
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Start

Initialized the CCS & set parameter: No. of
crows, max iteration, & exploration

Initialize the position & fitness based on
fitness function (load balance)

Start the iteration loop

Evaluate fitness function for each crow 

Select the crow fraction as explorative
crows based on the exploration rate

Generate a new position randomly within
a defined space

Select the best position & update the
global best position

  Termination
condition met

No

The best solution founded

Yes

End

Update the positions & fitness of the
rem aining crows through a local search

m achine

Figure 3: Architecture of the proposed method of CSA

the calculations. The algorithms were run on a computer with
an Intel Core i5 processor at 2.20 GHz, 8 GB of RAM, and
Windows 10. To see how well our suggested algorithm works,
we used the ACO and CSO algorithms to solve the problem.
We compare the ACOCSA with the original ACO and CSA,
as well as with MLVM, PAVM, IACO, GAA, and HGAACO.

The simulation used the following parameters: 100 tasks
(num tasks), 10 virtual machines (num VMs), task load
(task load) with random values between 0 and 100 million
instructions per second (MIPS), VM capacity (VM capacity)
with random values between 0 and 100 MIPS, and task
arrival rate (task arrival rate) with random values between
0 and 10 tasks per second. Also, the key parameters of the
CSA were set with an awareness probability of 0.1 and a
flight length of 2. In addition, the number of ants (20) and
crows (20) was chosen to effectively implement the ACOCSA
algorithm. These values were selected based on experimental
trials to enhance solution exploration and resource utilization.
The parameters were fine-tuned through extensive testing to
achieve optimal performance to reduce response time and
computational cost.

The ACOCSA algorithm, which combines the ACO and
CSA algorithms, was used to achieve an overall improvement
in task distribution and resource management in the cloud
environment.

The experimental steps included constructing solutions for
each ant in the ACO by assigning tasks to VMs based on
pheromone levels and VM capacity and then updating the

pheromone levels based on the quality of the solutions found
by the ants. In the CSA, new positions for the crows were
generated and their fitness evaluated, with the best positions
updated based on the probability of awareness and flight
length. The ACO and CSA results were combined to determine
the optimal overall task allocation.

Time Complexity Analysis: The time complexity mainly
depends on 𝐼𝑚𝑎𝑥, 𝑞, 𝑀 , and 𝑁 . The samples to be considered
during updates include calculations of response time and cost
for each task-VM pair, along with pheromone matrix updates.
Spatial complexity analysis focuses on the memory required
to store the pheromone matrix and the ants’ search tables, and
it depends on the number of 𝑀 and the number of 𝑁 . The
optimized loop structure in the second algorithm reduces the
overall time complexity, making it more efficient in handling
large workloads, thereby improving performance and resource
utilization more effectively.

E. Results and Analysis
In this section, we provide a comprehensive analysis of the

performance of the hybrid ACOCSA algorithm compared to
various commonly used algorithms in cloud resource man-
agement. Specific algorithms were selected in certain figures
and tables based on analytical objectives and scientific reasons
to offer clear and effective comparisons. These selections
cover various approaches in resource and task management,
highlighting ACOCSA’s efficiency across different scenarios.

It is important to note that a limited number of algorithms
were selected for each comparison to avoid unnecessary
complexity and ensure clarity of results, as explained in the
description of each figure and table below. This approach
ensures a focused analysis that improves the understanding of
the improvements offered by the hybrid ACOCSA algorithm.

Figure 4 compares the ACO and CSA algorithms. These
two algorithms were specifically chosen for several scientific
reasons related to the analytical objectives of this research. The
ACO algorithm represents the fundamental algorithm on which
the hybrid ACOCSA algorithm is based, allowing a direct
comparison to determine the improvements brought about by
integrating CSA. On the other hand, the CSA protocol is
one of the evolutionary algorithms that relies on different
methodologies for resource management optimization. This
figure shows variations in the performance of both ACO
and CSA as the number of tasks increases, highlighting the
key differences in their performance. These results suggest
that combining ACO and CSA into a hybrid algorithm can
provide significant performance improvements, demonstrating
the superiority of the proposed solution in this study over
individual algorithms. This confirms the cost-effectiveness and
adaptability of the proposed hybrid algorithm in resource
management.

Figure 5 illustrates the response times for the ACO and
ACOCSA algorithms. The decision to compare these two
algorithms comes from the need to highlight the improvements
achieved by the hybrid ACOCSA algorithm over its foun-
dational algorithm, ACO, so that we can effectively demon-
strate the performance enhancements, particularly in terms of
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Figure 4: Average cost by ACO and CSA

Figure 5: The average of response time

handling larger workloads more efficiently. This comparison
focuses on showcasing how the integration of ACO with CSA
in the hybrid algorithm leads to shorter response times as the
number of tasks increases.

Figure 6 presents a comparative analysis of the average
response time for eight algorithms (ACOCSA, GIJA, AOA,
RSA, DMOA, ACO, MLVM, PAVM) across various task sizes.
These algorithms were selected to represent a diverse set of
resource management strategies and optimization techniques,
providing a comprehensive view of each algorithm’s effective-
ness in reducing response time. ACOCSA is based on hybrid
techniques that combine traditional and modern strategies,
allowing it to outperform many of the other algorithms,
particularly in larger task scenarios. ACOCSA demonstrated
superior efficiency compared to the other algorithms, con-
sistently achieving shorter response times as the task size
increased. This highlights its high capacity to handle large
workloads effectively and significantly reduce response time.
For example, when managing 400 tasks, ACOCSA showed a

Figure 6: Comparative of average response time with the
previous algorithms

clear advantage over algorithms such as MLVM and PAVM,
which rely on different task management techniques (such as
machine learning and task prioritization strategies). ACOCSA
was able to reduce the response time to 8.20 seconds, while
MLVM and PAVM had significantly higher response times for
the same number of tasks.

Although GIJA demonstrated strong performance, it could
not consistently match ACOCSA in reducing response time.
For example, at 400 tasks, GIJA had a response time of
8.61 seconds, which is significantly higher than ACOCSA’s
8.20 seconds, which shows ACOCSA’s clear advantage in
handling larger task volumes more efficiently. As for the
RSA, AOA, and DMOA algorithms, they showed stable
performance but higher average response times across all
tasks compared to ACOCSA, reinforcing the hypothesis that
ACOCSA is the most efficient algorithm in this context. This
highlights ACOCSA’s superiority in managing large workloads
efficiently, reducing time costs, and improving response times
across different task sizes, making it a scalable and highly ef-
fective solution for complex optimization problems in dynamic
environments.

Figure 7 offers a comprehensive comparison of the Average
Completion Time for different algorithms, namely: ACOCSA,
GIJA, AOA, RSA, DMOA, ACO, MLVM, PAVM, and IACO,
in varying task sizes ranging from 20 to 100 tasks. ACOCSA
demonstrates a clear advantage in all task sizes compared to
the other algorithms. For example, when handling 100 tasks,
ACOCSA completes the tasks in approximately 46 seconds,
while GIJA and AOA take 51 and 53 seconds, respectively.
This difference highlights ACOCSA’s superior ability to opti-
mize task processing efficiency and reduce completion time.
Although GIJA performed well in reducing task completion
times, it couldn’t consistently match ACOCSA’s performance,
especially in larger task sizes. AOA showed a performance
level close to that of GIJA, but it also failed to achieve the
efficiency level achieved by ACOCSA. This emphasizes that
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ACOCSA’s hybrid approach, which combines traditional and
modern techniques, offers a significant advantage.

In general, ACOCSA proves to be the most efficient and
responsive algorithm among the group, making it an excellent
choice for applications that require effective task management,
particularly when dealing with larger task volumes. Further-
more, the results underscore ACOCSA’s capability to excel
in environments that demand high efficiency in processing
complex and large-scale tasks. This outstanding performance
establishes ACOCSA as a reliable algorithm for improving
resource management and minimizing task completion times,
positioning it as an ideal solution for applications requiring
scalability and high performance in dynamic and evolving
environments.

Figure 7: Average completion time

Table I provides a comprehensive comparison of task com-
pletion times (task time spans) across ten different algorithms:
ACOCSA, ACO, GAA, HGAACO, MLVM, PAVM, DMOA,
RSA, AOA and GIJA, for varying task sizes ranging from
10 to 100 tasks. This table highlights the differences in the
algorithms’ performance in reducing task completion times,
offering valuable insights into the efficiency of each algorithm
in optimizing resource usage and managing tasks effectively.

ACOCSA consistently demonstrates superior performance
across all task sizes compared to the other algorithms. For
example, when handling 100 tasks, ACOCSA completes them
in just 300 seconds, while other algorithms such as GAA
and PAVM require significantly more time, taking 410 and
330 seconds, respectively. This indicates the high efficiency
of ACOCSA in managing large task volumes and reducing
completion times, making it a highly suitable option for
applications that require fast processing and high efficiency.
As for the other algorithms, HGAACO and GIJA show average
results, with HGAACO performing better than ACO and
GAA, but ACOCSA still outperforms them in task completion
efficiency. DMOA and RSA also produce acceptable results,
but fall behind ACOCSA in terms of overall performance.

Overall, this table emphasizes the clear advantage of
ACOCSA in improving task completion times across various

task sizes. This strong performance underscores the impor-
tance of ACOCSA as a reliable and powerful algorithm for ad-
dressing complex optimization problems that demand efficient
task management while minimizing completion time, making
it an ideal solution for dynamic and fast-paced environments.

TABLE I: Comparative analysis of task time spans: ACOCSA
across different optimization algorithms

Algorithms Number of Tasks
10 20 40 60 80 100

ACO 80 190 240 350 400 450
GAA 90 170 230 340 390 410
HGAACO 70 180 220 290 320 340
MLVM 80 180 220 340 385 405
PAVM 60 185 210 290 320 340
DMOA 66 174 215 237 325 330
RSA 69 182 224 248 339 345
AOA 67 177 218 241 330 336
GIJA 65 171 211 232 318 324
ACOCSA 60 158 195 215 295 300

The ACOCSA algorithm achieved significant improvements
in response time and computational cost compared to tradi-
tional algorithms. By combining the efficiency of ACO with
the resource utilization capabilities of CSA, ACOCSA was
able to improve task distribution across available resources,
reducing the response time by 2-3%. Furthermore, the inte-
gration of ACOs exploration and CSAs resource exploitation
allows ACOCSA to significantly improve system performance
and reduce computational costs through optimal task allocation
and more efficient use of resources. This combination indi-
cates a reduction in resource consumption and overall system
improvement.

Finally, we calculate the fairness in load distribution among
virtual machines using the optimized ACOCSA algorithm.
Figure 8 shows a significant improvement in the fairness of the
load distribution among virtual machines using the optimized
ACOCSA algorithm over 100 iterations. The system starts with
a low fairness of approximately 86 and gradually increases
to approximately 89.5, indicating a substantial improvement
in load balance. This improvement means that the algorithms
used were effective in distributing loads more evenly among
the virtual machines, enhancing the efficiency and perfor-
mance of the distributed computing system. The final fairness
value reflects a more equitable distribution of the loads.

Figure 8: Fairness enhancement in load balancing among VMs
with optimized ACOCSA algorithm
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IV. CONCLUSION

This paper addresses optimization issues related to load
balancing that interfere with the overall performance of sys-
tems. The research suggests using a combined method of
the ACO algorithm and the CSA to control balancing the
workload in cloud computing environments to make the whole
load scheduling thing work better. The ACOCSA is able
to manage task scheduling based on the current state info
of the nodes. To check how well this proposed algorithm
works, the results were put side by side with some other
standard algorithms for comparison. It became clear that the
designed algorithm holds its ground according to various
performance criteria, which shows that the proposed method
does a better job of keeping things balanced in a changing
environment. This study focuses on response time and cost as
performance metrics, without considering other QoS factors
such as reliability and security. Furthermore, implementing the
hybrid algorithm requires significant computational resources,
which may limit its use in resource-constrained environments.
Also performance of the algorithm depends on carefully tuning
parameters such as awareness probability and flight length in
CSA, and the number of ants in ACO. Future research should
consider integrating other QoS metrics and exploring adaptive
mechanisms that allow the algorithm to dynamically adjust
to changing cloud environments, improving its efficiency and
practical application.
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