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ABSTRACT  

As the number of tasks and virtual machines increases for task scheduling in cloud computing 
environments, predicting an efficient load balancing model for multi-server, multi-task scheduling becomes 
challenging. Many conventional models rely on static multi-task scheduling algorithms for decision-
making. Additionally, these models utilize traditional classification algorithms for generating multi-task 
patterns, often working with limited data sizes. This work presents a hybrid load balancing framework 
designed to enhance decision pattern mining in the multi-server, multi-task scheduling process. The 
framework integrates Particle Swarm Optimization (PSO) and Ant Colony Optimization (ACO) into the 
ensemble load balancing approach within a real-time cloud computing environment. Furthermore, a hybrid 
decision tree classifier is proposed to facilitate decision-making in the multi-task scheduling process. 
Experimental results demonstrate that the proposed model outperforms conventional models in terms of 
multi-task, multi-server scheduling in real-time cloud computing environments.  

Keywords: Multi-task, Multi-server, Load balancing, Cloud computing, Classification Algorithm.  

1. INTRODUCTION 
 
As organizations progressively migrate into the 

cloud environment, data and resource monitoring 
and data management framework generated have 
increased exponentially. The cloud service provider 
is responsible for resolving and overcoming issues 
that arise dynamically within the public cloud 
model. [1] defines the Public Cloud as an 
infrastructure that can be used by or owned by any 
organization or institution by the public. It has a 
cloud service provider and is managed by it. Public 
cloud is popular with very large customers for easy 
access and simplicity. Load balancing requires 

efficient resource management and data 
management for dedicated purposes. The load 
balance can be defined as a processor's ability to 
schedule processors to ensure that all processors 
and resources are engaged during or until the 
command stream is active. The customer requests 
are calculated for the specific resources through 
load balancing and the demands are performed. In 
the static balanced method, the available resources 
and parameters (metrics, network and CPU 
bandwidth, server capacity, etc) are first considered 
and later the programming of the operating 
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workload will be completed. Figure 1 shows the 
performance of the load balancer in public cloud 
model. Some of the most popular algorithms for 
static scheduling include a ring-robin algorithm, 
central manager algorithm, threshold algorithm [2], 
etc., whereas the load balancing device chooses the 
appropriate and optimum resources to perform the 
tasks, based on client requests and the size of the 
jobs.  Because of its powerful architecture for 
performing large-scale and complex computing, 
cloud computing has become an inspiring 
technology. It makes it easier to get on to network 
access to an infinite number of computing resources 
like CPUs, memory, and storage [3]. With the least 
amount of management effort, these tools are 
provisioned and published easily. Cloud 
computing's most important services are reliability, 
scalability, elasticity, and high availability, making 
it a highly dynamic and wide distributed system. 
Cloud computing services are classified as 
infrastructure, platform, and software as a service to 
provide these facilities for processing massive 
amounts of data.  Customers can access these 
services on a pay-per-use basis [4]. Task scheduling 
methods are critical in cloud computing 
environments because a large number of users post 
their computing tasks on the cloud system. 
     The problem of execution, finishing time, and 
precedence order in a parallel processing system 
were solved in the conventional method by using 
the principle of top-level or bottom-level[5]. The 
question of handling a large number of activities 
must be discussed. The problem of dynamic 
workload assignment plagues search-based 
approaches, resulting in a very wide search space. 
The event-based scheduler (EBS) and ACO 
methods do not deal with ambiguity, which can 
arise at any time during the task planning process. 
The task guided acyclic graph (DAG)[6] can be 
used to run a parallel system in any static 
scheduling process. A node in a DAG represents a 
task, which is a set of interconnected tasks that 
must run in order without pre-empting their 
dependent tasks. Without violating the RCMPSP 
limitations, [7] combined a scientific genetic 
algorithm with a local searching technique, with the 
ideal feature being total task delay and/or resource 
output time. [8] proposed a simple genetic 
algorithm for multi-task scheduling. This algorithm 
could simultaneously reduce any delay, quickness, 
and time violation. [9] defined a hierarchical two-
level system that included programming and 
scheduling procedures. The aim of the knapsack 
problem is to find a combination of tasks that 
contributes the most to shortening the planned task 

period while scheduling them at the same time does 
not breach resource constraints. The solution to the 
problem can be solved using heuristic methods, and 
the solution decides the task(s) to be scheduled in 
time [10]. 

        A multi-objective problem like software task 
scheduling does not have a single optimal solution 
in the single objective optimization function. That 
is, it is not possible to minimize the task's total 
expense without optimizing its resources using a 
single solution to the SPS. The need for a reliable, 
scalable and flexible environment has led to a new 
era of cloud computing. NIST[11] defines cloud 
computing as a model to allow a shared pool of 
configurable dedicated resources to be conveniently 
used on demand and that can be delivered quickly 
with minimal management or provider interaction. 
It is an agile, innovative and efficient system that 
uses mainstream virtualization technology. 
Available algorithms include a round robin 
improvised by the CLBDM, the Low Balancing 
Min Max techniques (LBMM), and the 
optimization algorithm for Ant colony. It offers 
mainly load balancing algorithms and cloud 
techniques for the efficient use of resources. [12] 
Describes several proposed algorithms to resolve 
problems related to cloud load balance and task 
scheduling. The comparison shows that static load 
balance algorithms are more constant than dynamic 
algorithms, but that dynamic load balancing is 
chosen over static charge balance algorithms due to 
the ability to perform correctly in distributed 
systems. This analysis can also contribute to the 
development of new algorithms for load balance. 
[13] Discuss computer, system and message-
oriented model load balancing. [14] A scenario of 
the hospitals management system examines the 
availability features of cloud services and the data 
recruitment system and also manages the use of 
resources is presented with an overview of 
transaction metrics and activities. [15] Provide 
problems and limitations of traditional cloud load 
balancing technology, and also provide a 
generalized framework to create the cloud 
environment for a scalable architecture for the 
cloud. In order to support the sizeable load balance 
architectures, an overview of the best practices of 
the Amazon web service is available. Examination 
of issues relating to the development of the 
distributed system dynamic load balancing 
algorithm. The Guide provides a guide to critical 
issues that must be tackled when it is a question of 
developing and studying the dynamic load balance 
algorithm. In public cloud computing, load balance 
is the main problem. The public cloud computing 
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infrastructure includes hardware, software and 
platform for public demand. The process uses job 
planning and task scheduling for handling multiple 
requests of the user cloud computing process[16]. 
The full load here is assumed to be arbitrarily 
partitionable in a way that could be divided into 
load fractions to be assigned to all the cloud master 
and slave computers. In this case, each master 
computer assigns to each corresponding N slave 
computer a load share that is to be measured, and 
then gets measuring data from each slave. After the 
measuring instructions from the respective master 
are received by each slave each slave begins to 
measure its load part. We also take for granted that 
time compared to communication and measurement 
is negligible[17]. Cloud computing provides much 
more centralized memory, processing, bandwidth 
and storage computing. It must ensure that tasks are 
not heavily loaded on a single VM and that certain 
VMs do not remain idle and/or under loaded. Data 
and apps are kept via the Internet and central 
remote servers in cloud computing technology. The 
first type is Batch mode heuristic algorithms of 
programming (BMHA) and the second type is 
heuristic algorithms of mode online. A global load 
balancing algorithm through local Server Action. 
Load balancing[18] inspired by Honey Bee 
Behavior is a technique used to maximize the 
performance of even load balances across virtual 
machines. Honey bee's load balancing algorithm 
ensures that virtual machines achieve good 
equilibrium by optimizing their performance and 
reducing response time[16].When they arrive in the 
system, jobs are combined in BMHA. After a set 
period of time, the BMHA programming algorithm 
begins. Examples include: First Come First Served 
Scheduling (FCFS), Round Robset Scheduling 
(RR) algorithms, the Min Min and Max Min 
Algorithms, etc. Examples of BMHA-based 
algorithms are: All jobs are scheduled when they 
arrive in the system in the heuristic planning 
algorithm. The cloud is a heterogeneous system, 
which varies quickly and easily in each processor's 
speed. 

         Despite the availability of several traditional 
and heuristic load balancing algorithms such as 
Round Robin, Min-Min, Max-Min, Honey Bee 
behavior-based methods, Ant Colony Optimization, 
and Genetic Algorithms, many existing approaches 
suffer from limitations related to scalability, 
dynamic workload handling, response time 
optimization, and efficient resource utilization in 
highly distributed cloud environments. Most of the 
existing techniques focus either on static scheduling 
or single-objective optimization, which reduces 

their effectiveness in real-time public cloud 
infrastructures where workload conditions change 
dynamically. Existing load balancing methods such 
as Round Robin, Min-Min, and PSO mainly focus 
on single-objective optimization and often fail to 
efficiently handle dynamic workloads in 
heterogeneous cloud environments. These 
approaches may result in increased execution delay, 
poor resource utilization, and scalability issues 
during multi-server multi-task scheduling. To 
overcome these limitations, the proposed hybrid 
IPSO-IACO framework introduces intelligent task 
scheduling with improved QoS, adaptive resource 
allocation, and efficient load balancing for real-time 
cloud computing environments. 

      The primary contribution of this research is the 
development of an enhanced load balancing and 
task scheduling framework for public cloud 
environments that improves resource utilization, 
minimizes execution time, and reduces response 
delay under dynamic workloads. Unlike existing 
approaches, the proposed framework integrates 
intelligent scheduling strategies with optimized 
resource allocation mechanisms to achieve better 
scalability and performance efficiency. The 
proposed work also emphasizes effective virtual 
machine utilization and balanced task distribution 
to avoid overloading and underutilization of cloud 
resources. Furthermore, this study provides a 
comparative analysis of existing load balancing 
techniques and demonstrates how the proposed 
approach achieves improved Quality of Service 
(QoS) parameters such as throughput, response 
time, and system efficiency in cloud computing 
environments. 

2.  RELATED WORKS 

         [19], In 2018, a new model for replication-
based load balancing was proposed, where a cloud 
service provider (CSP) distributes the entire job 
queue across a cloud environment, as well as a 
private resource, to maximize profits. This model 
utilizes a load balancing technique based on job 
replication. The job queue is divided among several 
sub-clouds, with each sub- cloud being assigned to 
a virtual machine (VM) to execute the tasks. The 
VMs communicate with each other—if one 
completes its task early, it notifies the others, 
prompting them to stop processing and remove 
tasks from their respective queues. However, this 
approach leads to significant energy waste, as many 
tasks are unnecessarily handled by multiple VMs. 
Additionally, the overall execution time is longer 
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compared to other algorithms. The first sub-cloud 
to finish the task handles the remainder of the 
workload, increasing execution inefficiency. 

        [20], The 2019 study titled "Dynamic Load 
Balancing and Job Replication in a Global-Scale 
Grid Environment: A Comparison" introduces a 
Dynamic Resource Allocator (DRA) for cloud 
service providers. The proposed strategy, known as 
skewness, helps prevent server overloading by 
managing varying workloads. This method 
improves resource scheduling by analyzing 
differences in resource utilization across servers. 
Since server resources can be unevenly consumed, 
the skewness strategy calculates these disparities to 
facilitate load balancing. By determining skew 
values for all active virtual machines (VMs), it is 
possible to forecast future workloads. The strategy 
also incorporates VM migration to address system 
overload conditions and employs load prediction 
techniques to further optimize resource distribution. 

        [21], The 2018 study, "Offloading Interrupt 
Load Balancing from SMP Virtual Machines to 
Hypervisor," presents a strategy that operates with a 
diverse configuration of virtual machines (VMs). 
Tasks are assigned to VMs based on their priority, 
with the processing speed in memory being used to 
determine these priorities. The load balancer 
allocates tasks to the highest-priority VM, while a 
dedicated panel keeps track of the number of active 
VMs and updates them as tasks are assigned and 
distributed. In this setup, resources are unevenly 
distributed among VMs, meaning low-priority VMs 
might remain idle for extended periods, while more 
critical VMs handle higher workloads. To improve 
this, the strategy suggests maintaining the least-
priority VM active to achieve a better balance. The 
proposed approach uses a non-preemptive 
scheduling method via the Nephele scheduler, 
where the critical slot required for each task is 
calculated. Tasks are assigned based on their 
criticality, with the highest-priority VM handling 
the most time-sensitive tasks, which are then 
removed from the task queue. The scheduler 
evaluates task efficiency after each cycle. This 
algorithm assumes a heterogeneous environment, 
with various server types and numbers forming a 
computational cluster for problem-solving. New 
jobs are grouped under this strategy, aiding the 
service manager in creating clusters of tasks 
requiring similar resources. Dedicated VMs are 
then assigned to these clusters for sequential 
execution, ultimately aiming to reduce task 
completion time while maximizing resource 
utilization.  

   [22]. This paper focuses on minimizing the 
makespan and enhancing throughput using Particle 
Swarm Optimization (PSO) alongside the Adaptive 
Load Balancing (ALB) technique [23]. By 
integrating adaptive scheduling with PSO, the 
approach effectively handles both overloaded and 
under loaded conditions simultaneously. The load 
balancing mechanism ensures even distribution of 
system workloads by evaluating the load on each 
virtual machine (VM) and reallocating tasks based 
on the VM's status and task deadlines. In [24], an 
improved PSO strategy is presented, which adapts 
the load as iterations progress and incorporates 
random weights at a later stage. This adjustment 
helps prevent the particle swarm from getting stuck 
in local optima, allowing for better performance in 
advanced stages. The proposed strategy was applied 
to task scheduling, aiming to optimize cloud 
computing scheduling. Experimental results using 
the CloudSim demonstrate that the proposed 
algorithm surpasses the traditional PSO in terms of 
overall performance. The algorithm assigns tasks to 
VMs based on the length of the submitted tasks and 
the VM's processing capacity. The implementation 
results show that the Bin-LB-PSOGSA method 
improves load distribution over time, while 
reducing VM processing speed, indicating better 
efficiency in maintaining load balance. 
Additionally, [25] introduces a PSO-based 
approach where tasks are independent and non-
preemptive. By employing load balancing, this 
method enhances the performance of the standard 
PSO algorithm. When compared to the 
conventional PSO method, the proposed one 
reduces the makespan by 33% and improves 
resource utilization by 22%. Moreover, [26] 
suggests an adaptive, multi-objective task 
scheduling algorithm utilizing PSO techniques to 
reduce both processing and transmission time. 

   Existing load balancing and task scheduling 
methods improve cloud resource management, but 
they still face limitations such as poor adaptability 
to dynamic workloads, high computational 
overhead, local optima problems, inefficient 
resource utilization, and increased execution delay 
in large-scale cloud environments. Additionally, 
many approaches focus only on single-objective 
optimization and fail to effectively manage multiple 
QoS parameters and heterogeneous virtual machine 
environments simultaneously. To overcome these 
limitations, the proposed work introduces a hybrid 
ensemble load balancing framework that integrates 
Improved Particle Swarm Optimization (IPSO), 
Improved Ant Colony Optimization (IACO), 
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statistical resource collection mechanisms, and a 
hybrid decision tree classifier for intelligent task 
scheduling and decision-making. Unlike 
conventional methods, the proposed approach 
supports dynamic multi-server and multi-task 
scheduling with improved scalability and adaptive 
resource allocation. The integration of statistical 
collectors with hybrid meta-heuristic optimization 
enables efficient workload distribution, minimizes 
execution delay, improves virtual machine 
utilization, and enhances overall Quality of Service 
(QoS) performance in real-time cloud computing 
environments. 

3. MATERIALS AND METHODS 

       This paper presents a hybrid ensemble load 
balancing model with a variable statistical collector, 
implemented on real-time cloud servers. The model 
utilizes various cloud virtual machines (VM 1, VM 
2, ... VMn) and a set of tasks (Tk-1, Tk-2, ... Tk-m) 
alongside cloud resources (R 1, R 2, ... Rm) as 
input for effective load balancing. The statistical 
collector is responsible for gathering all necessary 
cloud resources for task scheduling. A meta-
heuristic approach is introduced to enhance the 
overall load balancing process. As illustrated in 
Figure 1, two meta-heuristic algorithms—hybrid 
ACO (Ant Colony Optimization) and hybrid PSO 
(Particle Swarm Optimization)—are incorporated 
into the framework to improve the load balancing 
of multiple large tasks in a cloud computing 
environment. Lastly, a decision tree classification 
technique is proposed to make dynamic decisions 
on multi-task and multi-server patterns. 

 

 

Figure 1.Multiple Load Balancing Framework for 
Multi-Task Cloud Server Management 

3.1 Hybrid Ensemble Meta heuristic Multi-
Cloud Load balance estimation 

1. Initializing of cloud virtual machines VMi 
for n tasks, m resources and k load 
balancers. 

2. To each virtual machine VMi 
3. do 
4. Assign n tasks to each virtual machine. 
5. Determine the optimal cloud services and 

their metrics by applying integrated ensemble 
IPSO (Improved Particle Swarm Optimization) 
and IACO (Improved Ant Colony Optimization) 
optimization techniques. The Quality of Service 
(QoS) metrics, along with the initialization of 
cloud servers and tasks, are assessed using the 
specified measures. 
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6. Initialize each ant with the default properties, repeat 
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7. Initialize all ant solutions as true, Construct neighbor nodes and its paths until best solutions. Compute 

heuristic rule for node pheromone as 
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9. Repeat to each node in the cloud servers. 
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10. Computing the fitness function to each metric in the selected metrics space. 

          Let t min R  and t max R are the minimum and maximum    response time of the task in each instance 
 VMi.  
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11. Repeating the steps 5 and 11 to each dynamic response time and the cloud metrics. 

 

3.2 Statistical Tasks and Meta heuristic Resource Constraints for load balancing 

i) Apply Improved PSO task scheduling algorithm as follows. 
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Figure 2. Cloud load balancing based decision-making framework 

      The variables considered in this work were 
selected based on their direct influence on cloud 
load balancing and task scheduling performance in 
real-time environments. Parameters such as 
runtime, CPU utilization, memory utilization, 
response time, job idle time, and resource request 
rate were chosen because they significantly affect 
Quality of Service (QoS), task execution efficiency, 
and virtual machine performance. Runtime and 
response time help evaluate scheduling efficiency, 
while CPU and memory utilization measure 
resource consumption and workload distribution 
among cloud servers. Job idle time and request 
metrics are included to identify under loaded and 
overloaded virtual machines during dynamic 
scheduling. These variables collectively support 
effective decision-making and improve adaptive 
resource allocation in the proposed hybrid IPSO-
IACO framework. 

      The input data is first prepared according to 
various class attributes. Nominal attributes are 
transformed into binary attributes, and missing 
values are imputed with mean values. This 
processed data is then used for classification to 
enhance task prediction accuracy. Different 
nominal attributes serve as class labels in the 
decision-making process, as illustrated in Figure 2. 

ii) Apply Random Forest algorithm as follows. 

Step 1: Input file (Filtered data) 

Step 2: Preprocess anomaly data for missing values. 

Step 3: Data transformation using the normalization 
approach. 

Step 4: For each randomized sample Si 

do 

B uniqueCV(D);
f

DB Histobins[] discretizationbins(D)
f

2Log( ) 2GaussianlogKernel : GLK( , ) e / (2*exp( ))

l gkv GLK( DB , B );
f f

KernelPr obability KP(D) | D B / ( l* D B ) |
f f



 

    
    

  

i i i d
i

GaussianLogEntropy : GLE(d ) GLK( exp(d ).log(d ), )  
In the equations mentioned above, Gaussian 
entropy is utilized to evaluate the feature entropy 
value using a Gaussian estimator. 

Proposed entropy formula: 

2

1 1

2

2 2

D 2
1 D D

D 2
2 D D

PE e / (2* D )* | D B / ( l*D B ) |

e / (2*D )* | D B / ( l*D B ) |





 

 




 

     In the load balancing pattern detection model 
described above, each attribute is evaluated against 
the data distribution. If an attribute is found to be 
non-uniformly distributed, it is transformed into a 
uniform format. Once the dataset is uniformly 
distributed, the instances are divided into sub-
partitions based on their respective classes. 
Similarity calculations are then performed on these 
sub-partitions to identify relevant relational 
anomaly features. High anomaly patterns in each 
partition are detected using true probability and 
false probability measures. 

4. EXPERIMENTAL RESULTS 

      The experimental results were simulated using 
Amazon AWS servers and cloud service training 
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data. These results were developed in a NetBeans 
and JDK environment, utilizing various third-party 
libraries. The experiments were conducted in real-
time on an Amazon AWS cloud server, employing 
different types of virtual machines—such as micro, 
medium, and large instances—as inputs for the task 
scheduling process. The AWS Java API was used 
in this study to manage balancing parameters. 
Novel statistical collection-based load balancing 

algorithms were tested in a real-time cloud 
environment. The experiments evaluated cloud 
servers for memory usage, CPU utilization, and 
runtime computation. This section details the 
outcomes, where tasks were executed across virtual 
machines of varying sizes (small, medium, and 
large). Dynamic Load Balancing (DLB), Load 
Bayes Clustering (LB-BC), and the Firefly 
Algorithm yielded comparable traditional results. 

 

Table 1. Sample data collected using the statistical collector in cloud computing environment 
Instanc
e No 

Backe
t 
name 

Region Load 
balancer 
ID 

Dat
a 
req 

Dat
a res 

Loa
d 
time 

Req 
time 

Job 
idle 
time 

CPU 
utiliz
ation 

Me
m 
req 

Job 
runti
me 

CloudV
M#1 

Buckt-
112.0 

USEas(Ohio),USWe
st(N.California) 

LoadBal_I
D197.0 

21 269 24 4578 14 3 22 742 

CloudV
M#2 

Buckt-
194.0 

SouthAmerica(SãoPa
ulo) 

LoadBal_I
D143.0 

39 292 26 4050 11 2 10 373 

CloudV
M#3 

Buckt-
133.0 

USEast(N.Virginia) LoadBal_I
D136.0 

44 258 26 2771 8 5 32 622 

CloudV
M#4 

Buckt-
185.0 

AsiaPacific(Mumbai
) 

LoadBal_I
D167.0 

44 258 26 2771 8 5 32 622 

CloudV
M#5 

Buckt-
132.0 

USEas(Ohio),USWe
st(N.California) 

LoadBal_I
D162.0 

48 300 44 2724 21 4 24 692 

CloudV
M#6 

Buckt-
121.0 

USEast(N.Virginia) 
LoadBal_I

D114.0 
21 317 26 2354 23 3 50 303 

CloudV
M#7 

Buckt-
121.0 

AsiaPacific(Mumbai
) 

LoadBal_I
D148.0 

34 254 29 3101 20 5 35 651 

CloudV
M#8 

Buckt-
144.0 

USEas(Ohio),USWe
st(N.California) 

LoadBal_I
D154.0 

27 238 31 3609 20 3 32 440 

CloudV
M#9 

Buckt-
189.0 

USEas(Ohio),USWe
st(N.California) 

LoadBal_I
D220.0 

34 299 44 1858 19 3 22 603 

 

Table 2: Sample training data of the cloud metrics 
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Table 1 and Table 2 are the sample datasets used to 
estimate the decision of the load balancer for the 
task scheduling and resource constraints. The 
decision patterns generated using the Table 2 are 
represented in Table 3. 

Table 3. Patterns for load balancing 

JOB_ID = '(-inf-64002520.2]' 
|   IDX = '(-inf-278.1]' 
|   |   TASKUSAGEIDX = '(-inf-90235.3]' 
|   |   |   COST = '(-inf-11.899706]' 
|   |   |   |   CLOUDS_ID = '(-inf-10.9]' 
|   |   |   |   |   CLOUDAVGRT = '(-inf-37]' : 0 (0/0) 
|   |   |   |   |   CLOUDAVGRT = '(37-73]' : 0 (0/0) 
|   |   |   |   |   CLOUDAVGRT = '(73-109]' : 0 (0/0) 
|   |   |   |   |   CLOUDAVGRT = '(109-145]' : 0 (0/0) 
|   |   |   |   |   CLOUDAVGRT = '(145-181]' : 0 (0/0) 
|   |   |   |   |   CLOUDAVGRT = '(181-217]' 
|   |   |   |   |   |   CLOUDVMMAXRT= '(-inf-4942.5]' : 2 (1/0) 
|   |   |   |   |   |   CLOUDVMMAXRT= '(4942.5-9885]' : 0 (1/0) 
|   |   |   |   |   |   CLOUDVMMAXRT= '(9885-14827.5]' : 0 (0/0) 
|   |   |   |   |   |   CLOUDVMMAXRT= '(14827.5-19770]' : 0 (0/0) 
|   |   |   |   |   |   CLOUDVMMAXRT= '(19770-24712.5]' : 0 (0/0) 
|   |   |   |   |   |   CLOUDVMMAXRT= '(24712.5-29655]' : 0 (0/0) 
|   |   |   |   |   |   CLOUDVMMAXRT= '(29655-34597.5]' : 0 (0/0) 

|   |   |   |   |   |   CLOUDVMMAXRT= '(34597.5-39540]' : 0 (0/0) 
|   |   |   |   |   |   CLOUDVMMAXRT= '(39540-44482.5]' : 0 (0/0) 
|   |   |   |   |   |   CLOUDVMMAXRT= '(44482.5-inf)' : 0 (0/0) 
|   |   |   |   |   CLOUDAVGRT = '(217-253]' : 0.25 (4/0.19) 
|   |   |   |   |   CLOUDAVGRT = '(253-289]' : 1 (4/0.5) 
|   |   |   |   |   CLOUDAVGRT = '(289-325]' : 1 (1/0) 

 

Runtime Analysis: Measures the time required to 
allocate tasks to cloud instances using the statistical 
collector. 

Memory Utilization (%): Represents the 
percentage of memory consumed during the task 
scheduling process on cloud instances, using the 
statistical collector and load balancing method. 

CPU Utilization (%): Indicates the percentage of 
CPU usage by the server when scheduling tasks to 
cloud instances through the statistical collector and 
load balancing technique. 

Reliability Analysis (%): Assesses the reliability 
of the cloud server in successfully scheduling tasks 
to cloud instances using the statistical collector and 
load balancing method. 

 

Figure 3. Comparative analysis of proposed model 
to the conventional models for multi-task multi-
server load balancing using small instances.  

Figure 3. represents the average runtime, reliability, 
CPU utilization and memory utilization for small 
instances. 

 

Figure 4. Comparative analysis of proposed model 
to the conventional models for multi-task multi-
server load balancing using medium instances. 
 
       Figure 4. represents the average runtime, 
reliability, CPU utilization and memory utilization 
for medium instances. As represented in the figures, 
proposed model has greater efficiency than the 
conventional approaches on different cloud metrics. 

Table 4. Comparative analysis of proposed model 
to the conventional models for multi-task multi-
server load balancing using large instances. 

Metrics PS
O+
SC 

ACO
+SC 

PSO+AC
O 
+SC 

Firefly
+PSO 

IPSO+IA
CO+ 
SC 

Runtime 
 

76 83 82 80 96 

Reliability 
 

72 82 78 89 98 

CPU 
Utilization 
 

84 77 82 78 96 

Memory 
Utilization 
 

88 87 75 92 98 
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     Table 4 represents the average runtime, 
reliability, CPU utilization and memory utilization 
for large instances. As represented in the table, 
proposed model has greater efficiency than the 
conventional approaches on different cloud metrics. 

 

 Figure 5. Classification Accuracy of Proposed and 
Conventional Models    

       Figure 5, presents the average accuracy of the 
present approach to the conventional models for 
load balancing decision patterns. 

       The experimental results demonstrate that the 
proposed IPSO+IACO+SC framework achieves 
superior performance compared to conventional 
approaches such as PSO+SC, ACO+SC, and 
Firefly+PSO across different cloud instance 
configurations. For example, in large cloud 
instances, the proposed model achieved 98% 
runtime efficiency and 98% memory utilization, 
whereas conventional methods showed 
comparatively lower performance. Similarly, the 
classification accuracy of the proposed framework 
reached 97.6%, indicating improved decision-
making capability for multi-task scheduling. The 
enhanced performance is mainly due to the 
integration of hybrid meta-heuristic optimization 
with statistical resource collection, which enables 
balanced workload distribution and adaptive 
resource allocation. However, certain limitations 
were also observed during experimentation. In 
some scenarios involving extremely large and 
heterogeneous workloads, the optimization process 
required higher computational time due to repeated 
heuristic iterations. Additionally, performance 
variations were observed depending on the virtual 
machine configurations and workload arrival rates. 
These observations indicate that further 
optimization may be required for highly dynamic 
large-scale cloud environments. Future work can 
focus on reducing computational overhead and 
improving scalability using deep learning and 
adaptive predictive scheduling techniques. 

       The proposed hybrid IPSO-IACO framework 
demonstrates improved performance compared to 
conventional load balancing approaches in terms of 
runtime, reliability, CPU utilization, memory 
utilization, and classification accuracy. The 
integration of hybrid meta-heuristic optimization 
with statistical resource collection enables efficient 
task scheduling and adaptive resource allocation in 
dynamic cloud environments. These findings 
indicate that the proposed model can effectively 
support real-time multi-server multi-task 
scheduling applications such as cloud data centers, 
distributed computing systems, and large-scale 
service management platforms. The study advances 
existing research by combining intelligent 
optimization and classification techniques to 
improve Quality of Service (QoS) performance 
under heterogeneous workloads. However, slight 
computational overhead and performance variations 
were observed under highly dynamic large-scale 
workloads due to repeated optimization iterations. 
These observations suggest that further 
improvements can be achieved through adaptive 
deep learning-based scheduling and predictive 
resource management techniques in future work. 

5. CONCLUSION 

      This paper introduces a novel classification 
model based on a multi-user, multi-server load 
balancing algorithm to enhance efficiency. 
Traditional models often struggle to accurately 
predict decision patterns across various cloud 
instances and typically rely on conventional 
classification algorithms for generating multi-task 
patterns with limited datasets. To address these 
issues, this work develops a hybrid ensemble load 
balancing framework aimed at improving decision 
pattern mining during the multi-server, multi-task 
scheduling process. The framework integrates 
hybrid Particle Swarm Optimization (PSO) and Ant 
Colony Optimization (ACO) into the ensemble load 
balancing approach within a real-time cloud 
computing environment. Additionally, a hybrid 
decision tree classifier is proposed to facilitate 
decision-making in the multi-task scheduling 
process. Experimental results demonstrate that the 
proposed model significantly outperforms 
conventional models in terms of multi-task, multi-
server scheduling in a real-time cloud computing 
environment. 

0.8
0.9

1

Accuracy 
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