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Abstract - Cloud infrastructures require intelligent workload distribution mechanisms to maintain optimal throughput, control 

power consumption, and ensure efficient resource utilization. Traditional load balancing approaches fail to address several 

persistent issues - including workload unpredictability, delayed response cycles, server overutilization, and suboptimal task 

scheduling. This study proposes an Adaptive Bayesian Belief Network-Ridge Regression framework, termed MRA-SAO-

ABBNRR, which employs a Modified Random Attribute Snow Ablation Optimizer. The proposed model integrates Bayesian Belief 

Networks with Ridge Regression to forecast future workload patterns from historical cloud telemetry. Overfitting is mitigated 

through correlation analysis across input attributes. Additionally, a modified random attribute snow ablation optimization 

scheme is used to fine-tune workload prediction and to support a multi-objective task allocation strategy spanning resource 

utilization, response time, makespan, scalability, and energy efficiency. All experiments were conducted in MATLAB 2020a, and 

benchmark comparisons were drawn against four existing models, namely Convolutional Neural Network-Long Short-Term 

Memory, Variable Model Matching Intelligent Self-Distillation, Ensemble Prediction and Risk Uncertainty Assessment, and 

Bayesian Belief Networks-Ridge Regression. The proposed framework delivered superior prediction accuracy alongside more 

effective load balancing. It recorded the lowest SMAPE of 0.2 when paired with the sigmoid activation function, outperforming 

every baseline. The model also demonstrated reduced utilization of compute resources, lower operational expenditure, and 

decreased energy demand. 

Keywords -  Bayesian belief network, Cloud load balancing, Multi-objective optimization, Ridge regression, Snow ablation 

optimizer. 

1. Introduction 
In the environment of cloud computing, the transmission 

is done through the internet. Informatics, preservation, 

records, and networking are a few examples of these resources 

[9]. The real-world implementation of a cloud-based system 

has presented several challenges. These include scheduling, 

safety, privacy, and resource finding [10]. In addition to 

providing facilities to reserve material internet rather than in 

computer files, the cloud service enables users to access data 

and apps from system files via an internet connection. 

Additionally, depending on the needs of the user, the cloud 

services offer enormous storage capacities for storing 

documents. Many software companies rely on computing for 

utility purposes, which is made possible by cloud computing 

[11, 12]. Cloud service providers are authorized to give these 

resources to cloud customers, and they are often maintained in 

virtual form. With the available virtual resources, the service 

provider offers the services to the user. In cloud computing 

environments, VM migration is an essential procedure that 

allows server consolidation, workload weighing, and 

maintenance activities without interruptions in service [13]. 

Considering its benefits, VM  migration is a difficult 

Endeavour with several obstacles, including load distribution, 

the energy economy, and security levels. Thus, it proved 

necessary to balance the cloud's burden. 

Addressing these distribution hurdles requires routing 

incoming computing tasks efficiently across multiple 

execution nodes [14]. Implementing robust workload 

scheduling directly elevates overall system efficiency and 

throughput [15]. Effective allocation policies reconcile 

provider cost constraints with user satisfaction standards. 

Within cloud architectures, scheduling mechanisms operate 

across physical infrastructure to govern task routing between 
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compute nodes [16]. While static assignment policies perform 

adequately in uniform hardware setups, adaptive scheduling 

models are required for mixed infrastructure topologies where 

workloads vary dynamically [17, 18]. Consequently, modern 

frameworks deploy sophisticated balancing strategies to 

ensure uniform task distribution across data center resources 

[19]. Consequently, modern frameworks deploy sophisticated 

balancing strategies to prevent server bottlenecks across the 

data center. Both cloud service providers and users should 

prioritize load balancing so that the earlier group seeks to 

maximize resource utilization and throughput while 

minimizing expenses, delays, application completion times, 

and VM makespan [20]. 

Minimization of energy consumption, balancing the load, 

and managing the migration of VM cause challenges in the 

cloud [21]. To improve the cloud services, trust-based 

clustering and agents are proposed in the prior works. 

However, [22], the high overload issues were not handled by 

this model, and they do not even provide the finest optimal 

results in the load balancing operation [23]. The high data 

overload within the network does not provide the finest 

outstanding results in load balancing [24]. If the same process 

is continued, the performance of the VM is greatly affected 

[25]. Secure data sharing during migration, reducing energy 

consumption, and workload balancing are not attained by the 

traditional methods. Heuristic techniques such as Particle 

Swarm Optimization, Butterfly Optimization, and Honey Bee 

Optimization deliver strong performance for resource 

scheduling in distributed computing. However, slow 

convergence speeds across these metaheuristic models 

frequently constrain overall operational efficiency. To 

minimize task processing delays and overcome these 

computational bottlenecks, an advanced prediction and 

resource distribution framework is established. 

The highlights of the research work are presented in the 

points below: 

 The proposed architecture incorporates advanced 

workload forecasting alongside multi-server resource 

scheduling to maintain stable operation across cloud data 

centers. By continuously calculating pending resource 

demands and routing incoming network traffic across 

distributed nodes, the model maximizes system 

performance. Furthermore, this systematic allocation 

strategy accommodates large-scale, heterogeneous 

consumer requests while upholding high standards of 

service reliability. 

 The MRA-SAO optimization algorithm tunes internal 

hyperparameters, including learning rates, hidden layer 

counts, and training epochs, to reduce prediction error 

metrics such as Root Mean Square Error and Mean 

Absolute Error. Conversely, the algorithm governs task 

allocation across available servers to improve system 

scalability and reduce total makespan during resource 

scheduling.  

 The ABBN-RR forecasting engine integrates Bayesian 

probability networks with regularized regression to 

anticipate cloud resource demands. Within this 

architecture, the probabilistic component manages 

uncertainty inherent in historical telemetry, while the 

regression mechanism suppresses multicollinearity 

among correlated attributes. This combined formulation 

prevents parameter overfitting, sharpens forecasting 

precision, and delivers high predictive performance while 

requiring minimal computational overhead. 

 Optimization functions including response time, 

makespan, resource utilization, energy efficiency, and 

system scalability, are governed through the MRA-SAO 

algorithm to manage volatile cloud workloads effectively. 

Satisfying multiple constraints simultaneously resolves 

intricate load-balancing bottlenecks within distributed 

architectures. Spreading computation evenly across 

available infrastructure nodes prevents server saturation 

and safeguards the network against operational failures.  

 The rest of the research work is arranged in the upcoming 

parts: In Part 2, the literature survey is discussed in detail. 

The architecture of load balancing in a cloud system with 

its demand is presented in Part 3.  The description of 

utilized optimization and deep learning algorithms used 

for performing load prediction is presented in Part 4. Part 

5 introduces the multi-objective scheduling framework 

designed for distributed cloud environments. The 

experimental evaluation is discussed in Part 6. The 

conclusion is presented in Part 7.  

 A lot of achievements have already been made in cloud 

load balancing research area, yet there are still some 

unsolved issues. Current approaches focus mainly on 

either load prediction or load balancing, and they cannot 

take any preventive measures concerning task scheduling 

based on workloads. Moreover, typical optimization 

algorithms contain just a certain number of factors, for 

example, only execution time and power consumption, 

without considering any others, including scalability, 

resource allocation, and task completion time. While 

using machine learning techniques, especially deep and 

reinforcement learning ones, can provide higher 

flexibility, it will lead to a very high computation cost and 

a huge amount of data for training. That is why there is 

needed an approach which will be capable of predicting 

workloads and provide multi-objective load balancing. 

To solve the problem, a combination of Adaptive 

Bayesian Belief Network and Ridge Regression Model, 

along with Multi-Criteria Resource Allocation and Self-

Adaptive Optimization Algorithm, may be applied. The 

primary aims of this architecture focus on elevating 

workload forecasting accuracy while jointly optimizing 

resource utilization, task completion velocity, energy 

efficiency, and overall scalability. 
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2. Background Review and Contextual Studies 
2.1. Overview of Prior Research 

Recent research in cloud computing has extensively 

focused on load balancing and workload prediction to improve 

resource utilization, reduce energy consumption, and enhance 

service quality. Existing approaches mainly employ 

reinforcement learning, swarm intelligence, deep learning, 

and hybrid optimization techniques.  

Although these methods report improvements in 

individual performance metrics, a critical examination of the 

literature reveals that most frameworks remain limited by high 

computational overhead, inadequate scalability, poor 

adaptability to dynamic workloads, or insufficient integration 

between workload prediction and scheduling mechanisms.  

Pradhan et al. [1] formulated a combined heuristic 

approach utilizing deep reinforcement learning and parallel 

swarm techniques for cloud scheduling. Although this reward-

driven strategy successfully shortened makespan and lowered 

power consumption, relying heavily on iterative training loops 

elevated memory overhead and computational complexity.  

Furthermore, policy convergence proved unstable during 

volatile workload shifts, restricting real-time deployment 

viability. The investigation also omitted an integrated 

predictive mechanism, reducing its capacity for proactive 

workload management. 

To improve optimization efficiency, Reshan et al. [2] 

developed a combined metaheuristic model pairing Grey Wolf 

Optimization with Particle Swarm Optimization (GWO-PSO) 

for task distribution. While the integration of swarm 

intelligence techniques improved convergence speed and 

reduced response time, the framework primarily performs 

reactive scheduling based on current system conditions.  

The absence of workload forecasting restricts its ability to 

anticipate workload variations, which is critical in highly 

dynamic cloud infrastructures. Furthermore, the study focuses 

mainly on optimization performance without addressing long-

term scalability and adaptive resource management.  

Brahmam and Anand [3] developed the VMMISD 

framework for energy-efficient virtual machine migration 

using clustering-based optimization and security-aware 

mechanisms. Although the model achieved improved 

deadline-hit ratios and lower storage costs, its practical 

implementation involves substantial complexity due to VM 

clustering, migration management, and security integration.  

Moreover, the framework exhibits limited scalability 

when deployed in large-scale distributed cloud environments. 

The study primarily emphasizes migration efficiency rather 

than comprehensive multi-objective scheduling optimization.  

Kaviarasan et al. [4] formulated an enhanced feline-

inspired heuristic known as the Improved Lion Optimization 

Algorithm (ILOA_LB) to manage cloud task distribution. The 

algorithm demonstrated better throughput and fault tolerance 

as the number of cloud nodes increased. Nevertheless, the 

framework incurred high energy consumption and lacked a 

predictive workload analysis component. As a result, the 

scheduling mechanism reacts only after workload changes 

occur, reducing efficiency during sudden workload spikes and 

increasing resource imbalance in dynamic cloud scenarios.  

Similarly, Udayasankaran and Thangaraj [5] introduced 

the EPRUA framework to minimize energy utilization through 

efficient traffic distribution across virtual machines. Although 

the method reduced processing time and enhanced VM 

performance, the framework requires complicated resource 

configuration and extensive setup procedures. Such 

operational complexity limits its adaptability in heterogeneous 

and large-scale cloud environments. Furthermore, the 

investigation omits joint multi-metric tuning for essential 

quality-of-service attributes like power conservation, latency 

reduction, and network scalability. 

In a study conducted by Gerald et al. [6], a Fruitfly 

Transfer Learning Architecture (FTLA) was formulated to 

manage job scheduling and virtual machine resource sharing. 

The framework improved execution efficiency and reduced 

overloading risks; however, the scheduling process still 

experiences high execution time under increasing workloads. 

More importantly, the model lacks an integrated workload 

prediction strategy, preventing proactive decision-making for 

resource allocation and limiting adaptability during dynamic 

workload fluctuations.  

Deep learning-based approaches have also gained 

considerable attention for workload prediction and resource 

provisioning. Simaiya et al. [7] formulated a combined 

convolutional neural network and long short-term memory 

architecture coupled with Particle Swarm Optimization and 

Genetic Algorithm mechanisms (PSO-GA) to resolve 

resource under-provisioning and over-provisioning dilemmas. 

The framework improved provisioning accuracy and reduced 

idle power consumption. Despite these advantages, the model 

requires substantial training time and computational 

resources, making real-time deployment difficult in large 

cloud environments. Furthermore, the framework primarily 

focuses on prediction accuracy without comprehensively 

optimizing scheduling objectives such as makespan, 

scalability, and response time.  

Similarly, Kaur et al. [8] established a neural network-

driven architecture known as the Deep Learning-based 

Deadline-constrained, Provisioning and Load Balancing 

(DLD-PLB) model to manage workflow scheduling across 

distributed cloud nodes. Although the approach reduced 

response time and operational cost, the training complexity of 
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the deep learning architecture limits its applicability in rapidly 

changing cloud environments. The study also lacks an 

adaptive optimization mechanism capable of balancing 

multiple scheduling objectives simultaneously under 

uncertain workload conditions.  

From the above studies, it can be critically observed that 

existing cloud load balancing frameworks suffer from three 

major research limitations. First, workload prediction and task 

scheduling are generally treated as independent processes, 

resulting in poor coordination between forecasting and 

resource allocation decisions. Second, most existing methods 

optimize only one or two objectives, whereas practical cloud 

systems require simultaneous tuning of latency minimization, 

completion velocity, power conservation, network 

expandability, and infrastructure efficiency. Third, several 

optimization and deep learning models exhibit high 

computational complexity, slow convergence, and limited 

adaptability under dynamic workloads, thereby restricting 

practical implementation across distributed enterprise data 

centers.  

Consequently, developing a unified and computationally 

efficient architecture that merges proactive workload 

forecasting with adaptive multi-objective optimization 

remains essential. The proposed MRA-SAO-ABBNRR 

framework addresses these limitations by integrating 

Adaptive Bayesian Ridge Regression-based workload 

prediction with an enhanced metaheuristic scheduling 

mechanism. Unlike existing reactive approaches, the proposed 

framework enables proactive load balancing while 

simultaneously optimizing resource utilization, response time, 

energy consumption, scalability, and makespan, thereby 

improving overall cloud performance and adaptability. 

2.2. Critical Research Gap 

A systematic analysis of the current literature shows that 

there are three recurring gaps in the field. The first gap is that 

the two challenges of predicting workload and scheduling 

tasks have always been considered independently, thereby 

hindering a framework's ability to use its predictions for 

decision-making regarding task scheduling. The second gap is 

that most of the current optimization approaches have only 

considered optimizing one or two metrics, while practical 

applications require the joint optimization of resource 

utilization, makespan, response time, energy consumption, 

and scalability. 

2.3. Differentiation of the Proposed Method 

Unlike other models, such as DRLPPSO [1] and CNN-

LSTM [7], which entail significant computation and consider 

prediction and scheduling as independent processes, the new 

framework utilizes the probabilistic workload prediction 

technique based on ABBN-RR in the scheduling process 

through the MRA-SAO framework. As opposed to previous 

models such as VMMISD [3] and ILOA_LB [4], which focus 

on optimizing specific goals, the proposed architecture 

simultaneously suppresses latency, power consumption, and 

makespan while maximizing infrastructure throughput and 

expandability. In addition, the new MRA-SAO model uses a 

contemporary random attribute strategy that improves search 

diversity and convergence rate compared to traditional Snow 

Ablation Optimizer variations. This model exhibits superior 

performance compared to BBN-RR, CNN-LSTM, EPRIJA, 

and VMMISD algorithms, with an SMAPE value of 0.2 as 

opposed to 1.6, 1.0, 0.9, and 1.2, respectively. An overview 

detailing the operational characteristics and limitations of 

prior cloud task allocation frameworks is summarized in Table 

1. 

Table 1. Operational characteristics and constraints of traditional load balancing architectures 

Reference 

[Citation] 

Allocation 

Algorithm 
Key Advantages Operational Limitations 

Pradhan et al. [1] DRLPPSO 

 This model effectively reduces energy 

consumption and makespan time. 

 It handles a large number of tasks 

with the help of a parallel processing 

approach. 

 It requires high computational 

power and memory. 

 Resource allocation ability is 

poor. 

Reshan et al. [2] GWO-PSO 
 Enhances convergence velocity and 

minimizes total latency.  

 Demonstrates reduced predictive 

precision. 

Brahmam and Anand 

[3] 
VMMISD 

 It effectively identifies new security 

threats and attains better deadline-hit 

ratio outcomes. 

 The storage costs are very low.  

 Implementation complexity is 

high. 

 Scalability is less. 

Kaviarasan et al. [4] ILOA_LB 

 It has high fault tolerance and better 

throughput in load balancing. 

 It efficiently handles high traffic even 

when the node count increases. 

 Energy consumption is high. 

Udayasankaran and 

Thangaraj [5] 
EPRUA 

 Cloud center’s energy utilization is 

minimized by this model. 

 Managing dynamic resource 

allocation is complicated. 
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 It enhances the performance of virtual 

machines and decreases the 

processing time. 

 It needs more time to configure 

cloud servers and virtual 

machines.  

Gerald et al. [6] FbTL 

 It reduces the risk of overloading. 

 It allocates enough resources for the 

task execution. 

 Execution time is high. 

 

Simaiya et al. [7] CNN-LSTM 

 It solves the under-provisioning and 

over-provisioning issues. 

 It reduces the idle power usage of 

data centers. 

 The computational resources 

requirement for the training is 

high. 

 It does not give importance to 

security and privacy. 

Kaur et al. [8] HDD-PLB 
 It efficiently reduces the response 

time and cost. 
 Model training time is high. 

 
 

3. Structural Design and Requirements of Cloud 

Load Balancing 
3.1. Operational Demand for Resource Balancing in 

Distributed Networks 
Enterprise computing paradigms increasingly rely on 

distributed infrastructure to address complex digital 
processing requirements. System imbalances routinely 
emerge when localized network congestion develops due to 
expanding global user demand. As consumer requests traverse 
the network, cloud providers deliver diverse computational 
services to maintain operational continuity. The commercial 
sector uses parallel computing, distributed computing, and 
grid computing since various services are offered by cloud 
computing services. However, the biggest issues brought by 
the growth of cloud computing systems are security and 
scheduling. The growing volume of daily requests in cloud 
computing can cause load-balancing problems and potentially 
strain the cloud data center. Load balancing serves as a 
primary mechanism to mitigate these issues within cloud 
architectures. Physical servers consume electrical energy 
when executing specific tasks in the cloud environment. 

Here, more energy is consumed if the server has several 
workloads. So, the demand for load balancing is increased for 
handling the load among the VM. Proposed Load Balancing 
Framework in Cloud Architecture. The communication 
services are enriched by the cloud since it offers a smart 
platform for digital applications. Over the internet, the user 
can receive virtualized, dynamic, and scalable computing 
resources leveraging cloud technology. Distributing 
workloads across cloud infrastructures constitutes an NP-hard 
problem. The prior models developed for the scheduling 
operation take more uptime, and they are subjected to more 
power consumption. Further, the conventional models for the 
load-balancing process cause more response time because of 
the ineffective load-balancing capability, and they do not 
ideally distribute the resources within the cloud system.  By 
observing these issues, the proposed framework formulates a 
new model that predicts the workload and schedules it to the 
physical machines of the cloud system for fast processing of 
tasks. The overall illustration of the suggested load prediction 
with scheduling models is displayed in Figure 1. 

In order to handle the load among the VM in the cloud, 
the proposed framework develops an intelligent model for 
workload estimation and load balancing. This helps to 
complete tasks faster and use less energy in the server 
facilities. Further workload distribution between virtual 
machines and hardware nodes is balanced by the proposed 
load balancing strategy since the nodes have equal load, 
because the task is allocated to the cloud data center with the 
help of the proposed model. The designed workload prediction 
and better resource utilization are provided by load balancing 
also it reduces the carbon footprint of the data center also the 
cooling requirements of the machine are reduced by the 
suggested strategy.  

The energy consumption and execution duration are 
minimized by the proposed framework while simultaneously 
enhancing cloud-hosted virtual instance performance. 
Initially, the workload prediction is executed to enhance the 
efficiency and the operational cost of the cloud. Better results 
in the load balancing are provided by the efficient load 
prediction model. Here, the ABBN-RR is realized to predict 
the workload in the cloud environment, deployed to optimize 
infrastructure resource utilization. The proposed ABBN-RR 
represents a key milestone for workload forecasting within 
cloud center architectures.  

Within this ABBN-RR mechanism, BBN and RR 
collaborate to yield precise forecasting outcomes, generating 
workload distribution estimates where the discrepancy 
between predicted and empirical values is quantified. The 
predicted workload accuracy is enhanced upon the 
incorporation of the BBN and RR with the proposed ABBN-
RR.  

The proposed ABBN-RR uses the MRA-SAO to further 
enhance the accuracy of the workload prediction as it tunes 
hidden neurons, learning rate, and steps per epoch, which 
reduces the MAE and RMSE values in the workload 
prediction. The predicted workload is used for making 
informed decisions regarding the balancing of load in the 
cloud system. Here, the MRA-SAO aims to distribute tasks 
across the cloud architecture. Individual user job requests are 
submitted to the entity. The submitted jobs are scheduled and 
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allocated by the entity. The proposed MRA-SAO-based load 
balancing is executed during the run time when server 
utilization exceeds predefined thresholds. The proposed 
MRA-SAO redistributes demands from overtaxed nodes 
based on resource utilization, makespan, response time, 
energy, and scalability factors. The available capacity of the 
server and its workload are reverted back to the broker. Here, 

the waiting task on the server is reallocated by the server for 
their execution. The upper bound on the anticipated load of 
the server is considered by the MRA-SAO for preventing the 
overloading of the server within the cloud system.  Finally, the 
recommended framework has been compared with the earlier 
models to prove its effectiveness in load prediction and 
balancing operations. 

 
Fig. 1 Overall illustration of the suggested load prediction with balancing models 

4. Description of Utilized Optimization and Deep 

Learning Algorithms used for Performing Load 

Prediction  
4.1. Designed MRA-SAO 

The MRA-SAO is the independent load-balancing 
algorithm proposed for enhancing the processing capability of 
the cloud system by preventing the underloading or 
overloading of the server. The MRA-SAO-based load 
balancing minimizes execution duration and accelerates 
overall cloud infrastructure performance. The MRA-SAO is 
designed from the conventional SOA [26]. The SOA is more 
suitable for the global optimization process however; the local 
confinement is the greatest issue in the SOA. Some of the 
powerful confinements of the SOA are exploitation and 
exploration. However, maintaining the equilibrium between 
the exploitation and exploration dynamics is constrained by 
the SOA. Thus, the idea of improving the random number is 
suggested to avoid these difficulties in the conventional SOA. 
The current, worst, and mean fitness are adopted for 
calculating the new random number. The MRA-SAO tunes in 

the hidden neuron, learning rate, and epoch to enhance the 
accuracy while minimizing the MAE and RMSE in the load 
prediction operation. Also, the MRA-SAO is adopted in the 
load balancing operation to provide a feasible solution based 
on objective functions, including resource utilization, 
makespan, response time, energy, and scalability.  The 
proposed MRA-SAO-based load distribution aims to 
distribute the load among the user, which is the main element 
of load balancing.  

When compared to the usual SAO, the proposed MRA-
SAO found better results in the balancing exploration and 
exploitation phases. Throughout the search phase, the 
proposed MRA-SAO thrives on attaining the global optimal 
results. The MRA-SAO-based load balancing is easy to 
implement, and it is a less expensive process. The reliability 
of each node in the cloud system is improved by performing 
load balancing using the MRA-SAO, so it provides enhanced 
reliability and better throughput. Minor tasks experience 
negligible queuing delays under the introduced MRA-SAO 
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allocation mechanism. The formula for calculating the new 
random number is given in Equation (1). 

𝜅 =
𝑓𝑟+𝑤𝑟

𝑓𝑟+𝑤𝑟+𝑙𝑟
 (1) 

Here, the random number is expressed as 𝜅and it is 
upgraded in the Equation (2) of the SAO. The current and 
worst fitness factors are expressed as 𝑓𝑟, 𝑤𝑟. The mean fitness 
is denoted as 𝑙𝑟.  

𝐴𝑗(𝑢 + 1) = 𝐸(𝑢) + 𝐶𝑁𝑗(𝑢) ⊗ (
𝜅 ×
𝐻(𝑢) − 𝐴𝑗(𝑢)) +

(1 − 𝜅) × (
𝐴̄(𝑢)

−𝐴(𝑢)
)  (2) 

The present best solution is H(u) that the vector is 

specified as CNj(u), during the iteration u, the jth individual is 

represented as Aj(u), the random individual selected from the 

elite is represented as E(u), and the whole swarm’s centroid 

position is denoted as A̅(u). The proposed MRA-SAO 

iteratively explores the search space, and it can effectively 

solve the problems. The near-optimal solution is determined 

by the MRA-SAO as it is dynamically adapted to the change 

in environmental conditions. Algorithm 1 outlines the 

procedural steps for the proposed MRA-SAO method. 

Algorithm 1: Developed MRA-SAO 

Input: Hidden Neuron𝐹𝑙, Learning Rate𝑄𝑤, and Steps Per 
Epochs𝐴𝑞, Initialized Attributes  

Output: Optimal  Hidden Neuron𝐹𝑙∗
𝑚𝑟𝑎−𝑠𝑜𝑎, Refined 

Learning Rate𝑄𝑤∗
𝑚𝑟𝑎−𝑠𝑜𝑎, and Optimized  Steps Per 

Epochs𝐴𝑞∗
𝑚𝑟𝑎−𝑠𝑜𝑎, tasks To be assigned to the 

sever𝑑𝑞∗
𝑚𝑟𝑎−𝑠𝑜𝑎  

Evaluate candidate fitness scores for all search agents. 

Identify the current global best solution. 

While the terminal condition not fulfilled  

 The value of the snowmelt rate is determined.  

 Determine the new random number using Equation (1). 

 Split the search population into two distinct subsets. 

 For every individual search agent:  

  Revise agent positions using Equation (2). 

 End for  

 Re-evaluate individual fitness values. 

 Refresh the optimal solution record. 

End while  

Output the finalized optimal solution 

Stop  

4.2. The Bayesian Belief Network 

The BBN [27] is a computationally efficient model for 

predicting the load in the cloud system. This model combines 

the different knowledge sources for predicting the maximum 

load within the cloud system. The Reverend Thomas Bayes 

theorem is associated with the artificial intelligence method 

for developing the BBN. The directed acrylic graph is present 

in the BBN. Here, the dependence between the linked 

variables is represented as arcs, and the variables are 

represented in the form of nodes. The conditional probabilities 

are used for expressing the strength of the influences. Equation 

(3) expresses the Bayes rules.   

𝑄(𝑐
𝑏⁄ ) =

𝑄(𝑏
𝑐⁄ )×𝑄(𝑐)

𝑄(𝑏)
  (3) 

The term 𝑏′𝑠 probability is expressed as 𝑄(𝑏), the 

probability of 𝑏is given that 𝑐occurred is represented as 

𝑄(𝑏
𝑐⁄ ), the hypothesis, evidence and experience are one of 

the complex ways for expressing Bayes’ rules, and it is 

expressed in Equation (4). 

𝑄 (𝐼
𝐹, 𝑑⁄ ) =

𝑄(𝐼
𝑑⁄ )×𝑄(𝐹

𝐼,𝑑⁄ )

𝑄(𝐹
𝑑⁄ )

 (4) 

The probability of the hypothesis is 𝑄 (𝐼
𝐹, 𝑑⁄ )and 

alone𝑑, the prior probability of 𝐼 is denoted as 𝑄(𝐼
𝑑⁄ ), the 

likelihood is denoted as 𝑄 (𝐹
𝐼, 𝑑⁄ ), and the normalizing 

scaling factor is denoted as  𝑄(𝐹
𝑑⁄ ). 

4.3. Ridge Regression Network 

The multicollinearity problems are effectively alleviated 

by the useful algorithm known as Ridge Regression (RR) [28]. 

The linear expression available within the RR model is 

indicated in Equation (5). 

𝑍 = 𝑌𝜙 (5) 

The above expression is used for minimizing the residual, 
and it is expressed in Equation (6).  

‖𝑍 − 𝑌𝜙‖2 (6) 

Here, the 𝑜 × 1vector is expressed as𝑌, the 𝑜 × 𝑞matrix 
is denoted as 𝑌, the 𝑞 × 1 vector is represented as𝜙, and the 
Euclidean norm is denoted as. The non-unique solution is 
attained by the matrix𝑌since it is one type of singular yielding 
approach. In the above expression, the regularization term is 
added to attain the solution with desirable properties and it is 
expressed in Equation (7). 

‖𝑍 − 𝑌𝜙‖2 + 𝑙2‖𝜙‖2 (7) 

The conditioning of the problem is improved by the above 

regularization and the explicit solution𝜙̑is given in Equation 
(8). 

𝜙̑ = 𝜙̑(𝑙) = (𝑌′𝑌 + 𝑙𝐽)−1𝑌′𝑍 (8) 

Here, the positive number is expressed as𝑙, which lies in 
between (0,1). 
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4.4. Load Prediction in Cloud Environment using Proposed 

ABBNRR 

The ABBNRR is developed by integrating the BBN and 

RR models. The Bayes theorem is used by the BBN for getting 

accurate results in the load prediction process. The probability 

estimates are updated by the Bayes theorem. The relationship 

between the variables is determined by learning the 

relationship between the data using the BBN. The belief about 

the future loads is determined by this model. The BBN model 

analyzes the activity of the network to predict the load within 

the system. Further, the chance of overfitting is prevented by 

regularization in the RR. Further, the relationship between the 

predictors is modelled by the RR. The workload of the cloud 

system is measured by considering the historical data in the 

cloud system. The historical data is composed of memory 

usage, workload patterns, and other relevant indicators of the 

cloud. The diverse workload metrics and conditional 

dependencies of the metric are represented by the nodes of the 

BBN. Various factors and relationships among the workload 

factors in the cloud are captured by the BBN. Based on the 

historical data of the cloud system, the required factors for the 

BBN are fixed. The multicollinearity over the workload factor 

is addressed by the RR.  The predictions are refined by the 

components of the RR. Initially, the BBN model learns the 

conditional probabilities to generate the feature regarding the 

workload of the cloud environment. Further, the features 

learned from the models are passed to the RR, which 

continuously learns the features and predicts the workload in 

the dynamic cloud system. The proposed MRA-SAO tunes the 

hidden neuron, learning rate, and epoch to maximize the 

accuracy while lowering the RMSE and MAE. The objective 

function of the suggested ABBNRR-based load prediction 

model for the cloud environment is given in Equation (9). 

 












MAERMSE
A

QWS
soamra

q
soamra

w
soamra

l AQF

1
minarg

*** ,,

 (9) 

Here, optimized hidden neuron 𝐹𝑙∗
𝑚𝑟𝑎−𝑠𝑜𝑎 lies in between 

[5,255], optimized learning rate 𝑄𝑤∗
𝑚𝑟𝑎−𝑠𝑜𝑎 stuck in the middle 

of [0.01,0.99], and optimized steps per epochs 𝐴𝑞∗
𝑚𝑟𝑎−𝑠𝑜𝑎  

ranges between [100,500]. The accuracy, RMSE, and MAE 

are calculated using Equation (10). 

𝐴 = 𝑒𝑟 + 𝑒𝑡
𝑒𝑟 + 𝑒𝑡 + 𝑢𝑖 + 𝑢𝑜⁄   (10) 

Here, the “true positive and negative are expressed 

as 𝑒𝑟, 𝑒𝑡 and false positive and negative” is 𝑢𝑖, 𝑢𝑜. 

𝑅𝑀𝑆𝐸 = √∑
(𝑞̑𝑗−𝑞𝑗)

2

𝑜

𝑜
𝑗=1  (11) 

𝑀𝐴𝐸 = ∑
(𝑞̑𝑗−𝑞𝑗)

𝑜

𝑜
𝑗=1  (12) 

Here, the “actual value” is denoted as 𝑞̑𝑗and the 

“predicted value” is expressed as 𝑞𝑗. The structural 

representation of the proposed ABBNRR-based load 
prediction is given in Figure 2. 

 
Fig. 2 Structural representation of the proposed ABBNRR-based load prediction 
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5. Multi-Objective-based Load Balancing 

Framework in Cloud Environment  
5.1. Network Initialization 

The network parameters like “Workload Attributes, 

Request Timestamp, Source IP Address, Destination IP 

Address/Service, Protocol Type, Request Size, Response Size, 

Request Type, Session or Connection ID, Inter-Arrival Time, 

Server ID, Server Capacity, Server Load, Server Status, 

Bandwidth Availability, Latency, Packet Loss Rate, Jitter, 

Network Topology, Concurrent Connections, Session 

Duration, Request Frequency, Workload, Task Attributes, 

Available memory, Available CPU, Processing time, Reaction 

time, CPU Clock Speed, Priority of all tasks, Memory 

requirement of all tasks, CPU requirement of all tasks, 

Completion time of all tasks” are initialized for the load 

balancing operation.  

5.2. Load Balancing in Cloud Environment using Proposed 

MRA-SAO  

Server capacity and task duration dictate load-balancing 

requirements. Task allocation accounts for node capacity, 

incoming job size, and pre-existing server load calculated via 

the proposed ABBNRR framework. Efficient resource 

distribution across cloud architectures relies on load balancing 

to maintain peak system performance. The proposed MRA-

SAO optimizes cloud performance while efficiently 

distributing workloads across virtual machines. Conventional 

load balancing algorithms struggle with dynamic and complex 

workloads, making the advanced MRA-SAO framework 

essential for optimal outcomes in cloud operations. MRA-

SAO effectively manages large user volumes and fluctuating 

workloads by adapting dynamically to demand variations, 

ensuring optimal resource allocation and maximum 

efficiency.  

By distributing network traffic across multiple suitable 

servers, the framework minimizes response time and 

maximizes overall system performance. To prevent server 

congestion, MRA-SAO evaluates idle capacity and monitors 

the resource usage and health of each cloud server. Based on 

current load and server performance, the framework selects 

the optimal server. Users submit tasks to the broker, which in 

turn assigns them to the appropriate servers. If any server 

exceeds predefined threshold limits, MRA-SAO rebalances 

the workload on the congested node. Equation (13) defines the 

overall objective function of this load-balancing operation. 

  






















LTCAPY

ECRT
SCMKRYkjh

soamra
qd

111

minarg
*

 (13) 

Here, the objective function is termed as𝑘𝑗ℎ, the tasks to 

be assigned to sever𝑑𝑞∗
𝑚𝑟𝑎−𝑠𝑜𝑎 , Resource Utilization𝑅𝑌, 

Makespan𝑀𝐾, Scalability𝑆𝐶, Response Time𝑅𝑇, and Energy 

Consumption𝐸𝐶, the capacity of the nodes𝐶𝐴𝑃𝑌, and length 

of the task for the node is expressed as𝐿𝑇, they are explained 

in the upcoming sections. Figure 3 illustrates the architecture 

of the MRA-SAO-based load balancing framework. 

The proposed methodology identifies overworked and 

under-utilized cloud nodes, redistributing tasks to achieve 

balanced workloads [4]. Since cloud users depend entirely on 

the platform for their computational needs, service providers 

must ensure equitable task management, thereby guaranteeing 

business continuity for end users.  

Initially, the total count of cloud nodes is initialized using 

Equation (14), after which individual node fitness scores are 

evaluated via Equation (15) to measure processing efficiency. 

𝑂𝐶𝐿𝑂𝑈𝐷 = [𝑜1, 𝑜2, 𝑜3. . . . 𝑜𝑜] (14) 

𝑔(𝑂𝐶𝐿𝑂𝑈𝐷) = 𝑔(𝑜1, 𝑜2, 𝑜3. . . . 𝑜𝑜) (15) 

Computing node fitness requires evaluating the volume of 

processed tasks alongside the total number of network nodes. 

The term 𝑦𝑗𝑘 denotes tasks allocated to each respective node, 

as formulated in Equation (16).  

𝑦𝑗𝑘 = {
1𝑖𝑓𝑇𝐴𝑆𝐾𝑗𝑖𝑠𝐴𝑙𝑙𝑜𝑐𝑎𝑡𝑒𝑑
0𝑒𝑙𝑠𝑒

 (16) 

The capacity of the VM and the length of the task have 

been analyzed before the task is allocated to the VM.  

𝐶𝐴𝑃𝑌 = 𝑄𝐹𝑛 ∗ 𝑄𝐹𝑚𝑖𝑝𝑠  (17) 

The capacity of the nodes is represented as 𝐶𝐴𝑃𝑌, each 

node’s processing element is expressed as 𝑄𝐹𝑛. The million 

instructions per second is represented as 𝑄𝐹𝑚𝑖𝑝𝑠 for 

processing the element. The underutilized nodes are initially 

identified during the procedure of handling the task. In the 

determined underutilized nodes, most of the task is moved 

because of the course of action. The expression for identifying 

the underutilized nodes is expressed in Equation (18). 

𝑂′𝑈𝑁 = 𝑂𝑈𝑁 + 𝜅(0,1) ∗ 𝑄𝐽 ∗ (𝑂𝑈𝑁 − 𝐼)  (18) 

Thus, the closest neighbor nodes are represented as𝐼, the 

performance improvement is represented as 𝑄𝐽, the old 

underutilized nodes are expressed as 𝑂𝑈𝑁, and the new 

underutilized node is 𝑂′𝑈𝑁. 

The main steps of the load-balancing operation using the 

MRA-SAO are given as follows:  

Step 1: Initialize the number of nodes 

Step 2: Divide the cloud system as territory  

Step 3: Determine the fitness value of each node 

Step 4: The fitness value of all nodes is determined. 
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Step 5: Find the capacity of each node for the process of 

task allocation. 

Step 6: Determine the length of the task, which helps to 

identify whether the node is suited for the task allocation. 

Step 7: The nearest to under utilized nodes are determined 

for task allocation with the help of the upper and lower 

bound values. 

Step 8: If the underutilized node is determined, then the 

rand function is used for fixing the upper and lower 

bounds. 

Step 9: Determine the right and left nodes of the 

underutilized nodes 

Step 10: The rand function is used for determining the 

overloading of the identified underutilized nodes 

Step 11: The new underutilized nodes are determined by 

upper and lower bounds using the rand function.  

Step 12: The new underutilized nodes are demined based 

on the left and right neighbors if the underutilized nodes 

are overloaded.   

Step 13: The limits of the lower and upper bounds are 

determined. 

Step 14: The underutilized nodes’ left as well as right 

nodes are determined. 

Step 15: The position of the neighboring nodes is 

frequently updated for the dynamic task allocation.  

Step 16: The position of the nodes is upgraded. 

Step 17: The new incoming tasks are preceded to the 

underutilized nodes. 

 
Fig. 3 A pictorial illustration of the MRA-SAO-based load balancing 

5.3. Multi-Objective Constraints 

In this work, MRA-SAO is introduced to manage 

workloads across the cloud architecture. Multi-objective 

constraints are incorporated to enhance cloud load distribution 

efficacy.  

Descriptions of these objective constraints follow, 

highlighting key factors critical for optimizing network 

performance. 

Resource Utilization 𝑅𝑌: Aggregate resources consumed 

during task execution within the cloud environment, 

determined via Equation (19). 

𝑅𝑌 =
𝑡𝑟𝑐

𝑡𝑟𝑠
𝑥100 (19) 

Here, the total resource capacity is expressed as𝑡𝑟𝑐, and 

the total resource usage is denoted as 𝑡𝑟𝑠. 

User 1 User 2 User 3 User 4 User n 

Users 

Task 1 Task 2 Task 3 Task 4 Task n 

Load list 

Load balancing in cloud using MRA-SAO 

Proposed 

MRA-SAO 

Optimal load balancing in 

cloud 

Server 1 Server 2 Server 3 

Server 

Resource Utilization Makespan Response Time 

Energy Scalability 
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Makespan 𝑡𝑟𝑠: Cumulative duration needed for task 

execution, computed using Equation (20). 

𝑀𝐾 =
𝐶𝑇𝑇

𝑆𝑇𝑇
  (20) 

Here, Job completion duration is represented by CTT, 

whereas job initiation time is designated by STT. 

Scalability𝑆𝐶: It is the measure of how well the proposed 

model handles the increased load, and it is expressed in 

Equation (21). 

𝑆𝐶 =
𝑟𝑖

𝑝𝑖
  (21) 

Here, the increase in resources is denoted as𝑟𝑖 , and the 

performance improvement is represented as𝑝𝑖. 

Response Time𝑅𝑇: It is measured by the difference 

between the completion and submission time, and it is 

measured using Equation (22). 

𝑅𝑇 = 𝑐𝑡 − 𝑠𝑡 (22) 

Here, the term𝑐𝑡expresses the completion time, and the 

submission time is represented as 𝑠𝑡 

Energy Consumption 𝐸𝐶: The total energy consumed 

during the load balancing operation.  

Capacity 𝐶𝐴𝑃𝑌: The capacity of each node in the cloud is 

determined by this factor. 

Length of the task of the node 𝐿𝑇: The capability of the 

nodes for resource allocation is determined by identifying the 

length of the task for the nodes.  

5.3.1. Method Overview and Distinction from Existing Work 

The proposed approach presents and integrated 

framework for predicting workloads as well as multi-objective 

load balancing of resources in cloud computing systems.  

It utilizes the technique called Adaptive Bayesian Belief 

Network and Ridge Regression (ABBN-RR) for workload 

forecasting purposes, while at the same time implementing 

Modified Resource Allocation-Swarm Adaptive Optimization 

(MRA-SAO) algorithm for allocation of tasks to VMs and 

load balancing processes.  

This algorithm uses a Bayesian belief network for 

determining the probabilistic dependencies between different 

workload parameters, while making improvements through 

Ridge Regression, as the latter prevents the problem of 

multicollinearity of the former. This research distinguishes 

itself in various ways from other previous studies. To begin 

with, most studies focus on load prediction and load balancing 

as two separate concepts; however, in this study, the two are 

considered as one integrated concept.  

Another distinctive feature is that the hybrid ABBN-RR 

approach uses probabilistic reasoning and regression learning, 

thus increasing the accuracy of predictions than individual 

models would.  

Moreover, the use of the MRA-SAO algorithm is not 

limited to load balancing only, since it is used to optimize 

model parameters such as hidden layer count, learning rate, 

and epoch count. 

5.3.2. Dataset Description 

The proposed approach for predicting the load with the 

help of the load balancing model was executed on MATLAB 

2020a.  

This model contains N instances of the load that describe 

the patterns of cloud task executions. These instances are 

characterized by parameters such as CPU usage, memory 

consumption, task duration, arrival rate of tasks, and 

processing time. 

Before performing the analysis, the data set should be 

normalized, scaled, and checked for missing values. In 

addition, the data is partitioned into training (70%), validation 

(15%), and testing (15%) subsets. 

Table 2. Symbols and descriptions of parameters used in the proposed 

model 

Symbol Description 

𝑊𝑡 Workload at time 𝑡 

𝑊̂𝑡 Predicted workload 

𝑋 Input feature vector 

𝑌 Actual output 

𝑌̂ Predicted output 

𝑓(⋅) ABBN-RR prediction function 

𝜃 Model parameters 

𝐻 Number of hidden neurons 

𝛼 Learning rate 

𝐸 Number of epochs 

𝐹 Objective (fitness) function 

𝑉𝑀𝑖 𝑖𝑡ℎVirtual Machine 

𝑈 Resource utilization 

𝑀 Makespan 

𝑅𝑡 Response time 

𝐸𝑐 Energy consumption 

6. Results and Discussion  
6.1. Experimental Evaluation  

The suggested load prediction with the load balancing 

model was run on the MATLAB2020a software. The well-

known heuristic algorithms such as JAYA [29], Moth Flame 

Optimizer (MFOA) [30], Drawer Algorithm (DA) [31], SAO 
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[26], and existing techniques VMMISD [3], EPRUA [5], and 

CNN-LSTM [7], served as benchmarks for assessing 

framework efficacy.  

6.2. Performance Metrics  

The “L1Norm, L2norm, Linf Norm, Mean Absolute 

Scaled Error (MASE), Mean Error Percentage (MEP), and 

Symmetric Mean Absolute Percentage Error (SMAPE) were 

used for verifying the performance of the developed load 

prediction model.  

𝐿1𝑛𝑜𝑟𝑚 = ∑ |𝑀𝑗|𝑗  (23) 

𝐿2𝑛𝑜𝑟𝑚 = (∑ 𝑀2
𝑗

𝑘
𝑗=1 )

1
2⁄
 (24) 

𝐿 𝑖𝑛𝑓 𝑛 𝑜𝑟𝑚 = 𝑚𝑎𝑥
1≤𝑗≤𝑗≤𝑘

|𝑀𝑗| (25) 

𝑀𝐴𝑆𝐸 = 𝑚𝑒𝑎𝑛 (
|𝑞̑𝑗|

1

𝑘−1
∑ (𝑞̑𝑗−𝑞𝑗)𝑜

𝑗=1

) (26) 

𝑀𝐸𝑃 =
100 ∑  𝑘

𝑗=1 |𝑞̑𝑗−𝑞𝑗|

𝑘
 (27) 

𝑆𝑀𝐴𝑃𝐸 =
100 ∑  𝑘

𝑗=1 |𝑞̑𝑗−𝑞𝑗|

|𝑞̑𝑗|+|𝑞𝑗|

2

 (28) 

6.3. Performance Analysis on Load Prediction Model  

The assessment of the proposed MRA-SAO-ABBNRR-

based load prediction model is given in Figure 4. The 

simulation results attained by the proposed MRA-SAO-

ABBNRR-model in terms of various activation functions are 

used for the theoretical explanation of the proposed load 

prediction model.  Referring to Figure 4, the proposed MRA-

SAO-ABBNRR-model attains the lower MASE value in the 

Tanh activation function. A detailed analysis is performed on 

the proposed MRA-SAO-ABBNRR-based workload 

prediction model on the diverse activation function interval. 

In the reported experiment, the proposed MRA-SAO-

ABBNRR provides SMAPE of 0.2 in the sigmoid activation 

function, while the remaining models reach the SMAPE of 

1.6, 1, 0.9, and 1.2 for BBN-RR, CNN-LSTM, EPRIJA, 

VMMISD, respectively. Thus, the results showed that the 

suggested MRA-SAO-ABBNRR makes accurate results in the 

load prediction to reduce the operational cost of the cloud 

system, convincingly; the violation in the cloud system is 

prevented by the proposed load prediction model. A similar 

activation function-based comparison is carried out against 

existing optimization algorithms integrated with the ABBN-

RR predictor, namely SAOA-ABBNRR, MFOA-ABBNRR, 

DA-ABBNRR, and JAYA-ABBNRR, as shown in Figure 5. 

Across all four activation functions, the proposed MRA-SAO-

ABBNRR consistently records the lowest error values for 

L1Norm, L2Norm, Linf Norm, MAE, MASE, MEP, RMSE, 

and SMAPE, confirming that the MRA-SAO optimizer 

contributes to the predictive accuracy of the model 

independent of the underlying activation function.  

Methods 
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(e) (f) 

 
 

(g) (h) 

Fig. 4 Activation function-based analysis of the proposed load prediction model against existing prediction methods for (a) L1Norm, (b) L2Norm, (c) 

Linf Norm, (d) MAE, (e) MASE, (f) MEP, (g) RMSE, and (h) SMAPE. 
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Algorithms 
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(g) (h) 

Fig. 5 Activation function-based analysis of the proposed load prediction model against existing optimization algorithms for (a) L1Norm, (b) L2Norm, 

(c) Linf Norm, (d) MAE, (e) MASE, (f) MEP, (g) RMSE, and (h) SMAPE. 

6.4. Convergence Analysis  

The performance of the MRA-SAO in the load balancing 

process is measured by convergence analysis in Figure 6. The 

convergence assessment is taken on the proposed MRA-SAO 

with different configurations. The number of servers and tasks 

in Configuration 1 is 10 and 150, respectively. Likewise, 

configurations 2, 3, 4, and 5 have a number of servers of 25, 

55, 70, and 100, respectively.  On the contrary, configurations 

2, 3, 4, and 5 have the number of tasks as 250, 300, 400, and 

545, respectively.  The convergence performance of the MRA-

SAO is measured for the other models. In configuration 2, the 

convergence of the proposed model shows a flat line.  

This indicates the developed MRA-SAO showcases the 

best performance from the initial to the final stage of the 

iteration without stagnation in the condition of local optima. 

The results agree that compared to the existing algorithms, 

such as JAYA, MFOA, DA, and SAO, the designed MRA-

SAO provides acceptable converge.0nce capability within the 

minimum iteration values. The rapid convergence capability 

of the proposed MRA-SAO indicates that it can satisfy the 

condition of global convergence without falling into the 

region of local optima. So, the dynamic load balancing on 

cloud computing is effectively performed with the help of the 

MRA-SAO. 
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(c) (d) 

Fig. 6 Convergence analysis of the proposed load balancing model over the existing models for the configuration (a) 1, (b) 2, (c) 3, and (d) 4. 

6.5. Analysis of  Task Scheduling Model  

The results of the proposed MRA-SAO on the load 

balancing operation in terms of various parameters are 

visualized in Figure 7.  The significant efficiency of the 

proposed MRA-SAO on the load balancing operation is 

indicated by the makespan metric since its value is increased 

with the increase in several tasks in the cloud system. Here, 

the proposed MRA-SAO looks for some suitable nodes in the 

cloud for performing the load transmission, and here the time 

required for the proposed MRA-SAO for transmitting the load 

is comparatively lower than the JAYA, MFOA, DA, and SAO. 

Further, the proposed MRA-SAO showed better performance 

in the load balancing operation since the proposed MRA-SAO 

found a suitable server for distributing the load in the cloud 

system. Compared to the other JAYA, MFOA, DA, and SAO, 

the proposed MRA-SAO is considered as one of the efficient 

load-balancing algorithms since it is equipped with features 

that can determine the overloaded VM with the cloud 

environment. Thus, the results clearly illustrate that the 

recommended MRA-SAO provides favorable performance in 

the load balancing operation and improves the overall 

efficiency of the cloud system.  

  

(a) (b) 

11

12

13

14

15

16

17

0 20 40 60 80 100 120

C
o
st

 F
u

n
ct

io
n

No. of iterations

JAYA

MFOA

DA

SAO

MRA-SAO

11

11.5

12

12.5

13

13.5

14

14.5

15

15.5

16

0 20 40 60 80 100 120

C
o
st

 F
u

n
ct

io
n

No. of Iterations

JAYA

MFOA

DA

SAO

MRA-SAO

0

20

40

60

80

100

120

50 100 150 200

A
ct

iv
e 

S
er

v
er

No. of Tasks

JAYA

MFOA

DA

SAO

MRA-SAO

0

0.002

0.004

0.006

0.008

0.01

0.012

0.014

0.016

0.018

50 100 150 200

E
n

er
g
y
 C

o
n

su
m

p
ti

o
n

 (
J)

No. of Tasks

JAYA

MFOA

DA

SAO

MRA-SAO



Hari Shankar Punna & Arif Mohammad Abdul / IJETT, 74(10), 192-212, 2026 

208 

  
(c) (d) 
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Fig. 7 Performance assessment of the developed load balancing model across (a) Active servers, (b) Energy consumption, (c) Makespan, (d) Resource 

utilization, (e) Response time, (f) Scalability, and (g) Throughput.
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6.6. Comparative Evaluation against Existing Paradigms  

Data presented in Table 3 compares the performance of the 

proposed MRA-SAO framework during load-balancing 

operations. Results indicate that the introduced MRA-SAO 

achieves an energy consumption metric of 0.009, substantially 

lower than existing benchmark approaches. Findings 

demonstrate that the suggested MRA-SAO successfully 

balances cloud workloads while delivering accelerated 

response times and improved user satisfaction relative to 

previous models. Resource utilization within the cloud 

environment scales effectively under the proposed MRA-

SAO, ensuring equitable workload distribution across all 

virtual machines. Consequently, evaluation outcomes confirm 

that the designed model efficiently resolves cloud load-

balancing challenges and enhances overall system 

productivity.  

Table 3. State of art analysis of the proposed load balancing model over the models 

Configuration 1 2 3 4 5 

Energy Consumption 

VMMISD [3] 0.003121 0.005256 0.007187 0.011304 0.011873 

EPRUA [5] 0.007037 0.00777 0.007783 0.009335 0.014406 

CNN-LSTM [7] 0.001089 0.007502 0.014856 0.014965 0.017514 

BBN-NR 0.001503 0.011682 0.011823 0.014461 0.017713 

MRA-SAO 0.000279 0.002397 0.003009 0.008168 0.009484 

Makes Span 

VMMISD [3] 1.1354 21.15 15.987 29.722 34.801 

EPRUA [5] 4.7205 8.9465 31.93 36.515 43.984 

CNN-LSTM [7] 1.6899 15.643 17.2 29.93 40.89 

BBN-NR 3.4496 8.0826 13.044 23.552 29.208 

MRA-SAO 5.3974 21.269 34.997 45.316 49.133 

Average Resource Utilization 

VMMISD [3] 0.28101 0.24071 0.53086 0.7788 0.87537 

EPRUA [5] 0.15366 0.44009 0.53133 0.65445 0.94362 

CNN-LSTM [7] 0.090823 0.32515 0.40762 0.52714 0.63771 

BBN-NR 0.10563 0.26647 0.45742 0.71836 0.95769 

MRA-SAO 0.42345 0.51805 0.61096 0.81998 0.96865 

Number of Task 200 

VMMISD [3] 32.931 70.851 79.314 80.247 92.439 

EPRUA [5] 13.219 30.164 41.002 44.809 70.78 

CNN-LSTM [7] 10.604 51.62 70.105 70.463 80.627 

BBN-NR 48.191 52.422 64.195 72.563 85.995 

MRA-SAO 10.104 16.119 36.016 39.022 51.482 

6.6.1. Statistical Validation and Confidence Interval Analysis 

To increase the strength and validity of experimental 

findings, the statistical verification procedure has been 

included in this research study. Along with the descriptive 

parameters that indicate the level of model performance, the 

confidence intervals and statistical testing procedures have 

been applied. 

Firstly, the 95% Confidence Interval (CI) is found for all 

key metrics that include energy consumption, makespan, 

resources' efficiency, and time required to accomplish each 

operation. 

Confidence interval reflects the possible deviation from 

the actual metric value in case if there is some uncertainty. CI 

can be found by the following formula: 

𝐶𝐼 = 𝑥̄ ± 𝑍𝛼/2 ⋅
𝜎

√𝑛
  (29) 

Where 𝑥̄ indicates the mean value of samples, σis the 

standard deviation, n is sample size, while 𝑍𝛼/2 represents the 

critical value corresponding to the chosen confidence level. 

Moreover, a statistical significance test with α=0.05 will 

be performed to identify whether there are statistically valid 

improvements over the baseline solutions. The computed 

statistical measures, including mean value, standard deviation, 

and confidence interval for all settings, are presented in Table 

3. 

6.6.2. Discussion with Supporting and Contradictory Studies 
As per the results from the experiments, the proposed 

ABBN-RR approach combined with MRA-SAO framework 
performs better compared to other methods in respect of 
energy efficiency, resource management, and load balancing. 
The results from the statistical validation, which were 
provided in the form of Table 3, further confirmed this 
statement. 
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Several recent studies suggested that the combination of 
hybrid techniques and optimization algorithms performed 
better than the traditional load-balancing algorithms. The 
authors mentioned that it was mainly because of the prediction 
and optimization methods used in the former category. It was 
similar to the approach adopted in the proposed model. But 
several researchers also claimed that the use of hybrid models 
and meta-heuristics in cloud computing resulted in more 
computational overheads. Hence, its application would be 
difficult for large-scale cloud systems. Besides, the traditional 
load-balancing algorithm could be sufficient if applied in a 
relatively stable environment.In addition, it was observed that 
several studies that focused only on performance metrics did 
not provide any measure of uncertainty, such as confidence 
intervals and statistical tests of significance. Hence, the results 
from such studies might be difficult to reproduce or validate. 

7. Conclusion  

In recent years, workload distribution has become pivotal 
for improving cloud reliability. Consequently, this study 
introduced an innovative framework for cloud workload 
forecasting and balancing. Initially, the ABBNRR was 
proposed for predicting the load within the cloud system. 
Further, the load balancing operation was done by the MRA-
SAO algorithm, where the load was balanced to the VM based 
on the objective constraints. In the reported experiment, the 
proposed MRA-SAO-ABBNRR provides SMAPE of 0.2 in 
the sigmoid activation function, while the remaining models 
reach the SMAPE of 1.6, 1, 0.9, and 1.2 for BBN-RR, CNN-
LSTM, EPRIJA, VMMISD, respectively. Performance 
comparisons confirm that the introduced architecture 
outperforms existing baseline models. Future research 
directions will focus on incorporating virtual machine 
migration strategies driven by cloud server workload 
dynamics. Furthermore, additional workload characteristics 
will be explored in subsequent studies to further refine the 
efficiency of the developed system.  

7.1. Limitations 
However, there are several limitations that must be 

pointed out despite the impressive results of the developed 
ABBN-RR with MRA-SAO solution. Firstly, it involves the 
use of hybrid predictive and optimizing models, thus raising 
concerns about its computational complexity and the ability to 
scale well for very high load rates in cloud computing 
environments. Secondly, the model is dependent on workload 
data in the past; hence, it may underperform in case of drastic 
and irregular workloads. Thirdly, the testing of the approach 
was done in a simulation environment rather than in an actual 
cloud environment with its inherent heterogeneity. 

7.2. Practical Implications 

Practically speaking, the model suggested in this work 

will be of considerable importance for contemporary cloud 

computing architectures. Using the prediction of workload 

with a multi-objective load balancing approach helps in 

efficient resource management and minimizes energy 

consumption, as well as enhances task processing speed. Such 

advantages of the model will be especially important for large-

scale computing facilities, since energy efficiency affects the 

operational costs and sustainability of the operations. The 

possibility of adaptation of the model to changing workloads 

makes it applicable for real-time data processing tasks, IoT 

applications, and high-performance computing infrastructure. 

7.3. Future Research Directions 
Several potential research avenues could be pursued to 

further develop the presented framework. First, it is possible 
to modify and expand the model to make it feasible for 
application within the scope of real-time deployment within 
distributed or edge-cloud systems, which is highly dependent 
on low-latency requirements. Second, one can consider the use 
of deep neural networks, particularly transformer-based ones, 
in order to further boost the workload prediction precision. 
Another possibility is to include an adaptive and self-
optimizing component that would minimize computations. 
Moreover, multi-cloud/federated cloud scenarios could be 
considered in the context of increased complexity associated 
with resource allocation processes within such environments. 
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