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Abstract
Objectives: To evaluate the efficiency of task prediction and resource
allocation for load balancing (LB) in the cloud environment using the combined
approach like random Forest(RF) for task prediction and Particle Swarm
optimization for optimization and Convolutional Neural Networks (PSO-CNN)
for resource prediction and allocation. Methods: The ensemble approach
in the present study uses Random Forest (RF), a machine learning (ML)
model for task prediction and Particle Swarm Optimization (PSO+CNN), a
bio-inspired algorithm and Deep Learning (DL) model for optimization and
resource allocation. The study employs PSO techniques to optimize CNN in
order to address the investigation of algorithmic optimization in DL. The results
show that the suggested model outperforms the other models like CNN-
LSTM(Long Short-term memory), CNN-GRU(Gated Recurrent Unit), and PSO –
SVM(Support Vector Machine) to increase the performance and efficacy of the
cloud systems. The experiment is implemented using Python and assessed
using Google Cluster dataset that is accessible to the public. Findings: The use
of ML and DL techniques are found to be more efficient in cloud infrastructure
than the conventional methods. The study examines the performance of the
RF, PSO and CNN and the hybrid RF-PSO-CNNmodels. The accuracy, precision,
and F1. Scoremetrics were used to assess the performance of the classification
models. The recommended model RF-PSO-CNN outperforms them with an
accuracy of 90% than the contrasted methods like CNN-LSTM, CNN- GRU and
PSO-SVM. As a result, both the classification assessment metrics and resource
consumption show that the proposed model performs effectively. Novelty:
The novel ensemble approach suggests the combined RF-PSO-CNN for LB in
cloud Computing. The task predicted by RF is assigned to the resource chosen
by PSO and CNN, thereby improving the efficiency of task prediction and
resource allocation. Most of the research uses any two ML or DL methods for
either predicting the tasks to be scheduled or which resource to allocate. The
study uses a combination of the ML (RF) method, bio-inspired algorithm (PSO)
and a DL (CNN) model for both task and resource prediction concurrently and
it examines the effectiveness of LB in the cloud context.
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1 Introduction
Task scheduling (TS) is an important challenge for CC, a technology that offers scalable
and adaptable resources for computing. This challenge has an immediate impact on
system efficiency and customer satisfaction. The TS problem is NP-complete, which
makes solving it tough. (1) Effective utilization of resources is also equally important in
CC through proper task allocation to the resources. Despite the increasing complexity
of Cloud computing, upcoming cloud systems will necessitate enhanced utilization
techniques. In the dynamic world of cloud computing, LB sets out as an essential
element for optimizing performance, assuring availability, and increasing the scalability
of data center networks. Cloud infrastructures are made up of hosts, data centers,
and virtual machines (VMs) and allocating tasks is vital for obtaining optimal results.
Effective scheduling needs to be done to minimize response times, costs, and wasted
time. Optimizing resource utilization and improving overall cloud service efficiency
requires effective scheduling of tasks (2).

Virtualization technology allows for the hosting and running of various programs
on a global scale, resulting in resource and application scalability. CC resources
are virtualized and characterized as VM’s, which are an alternative technique that
offers resources dynamically under the CC model. CC services have numerous issues,
including resource management, fair task distribution, CPU usage, task scheduling,
electrical consumption, security, quality of service, energy conservation, and so
on. Researchers in CC have focused on the scheduling problem of distributing
heterogeneous dispersed resources (3).

Recent advances in LB approaches are those that leverageML in cloud infrastructure.
Many ML based workload prediction algorithms have been created by leveraging
their cognitive and learning characteristics (4). ML enables the effective distribution of
workloads across servers by evaluating real-time data. This results in better resource
utilization and improved performance indicators such as throughput and response
time. The integration of ML enables dynamic LB decisions based on evolving workload
trends. This guarantees optimal utilization of resources and response to fluctuating
demand. Organizations that use ML in cloud LB can achieve improved performance,
scalability, fault tolerance, cost effectiveness, and overall operational excellence in their
cloud systems.

A hybridmodel for resource allocation employingMonte Carlo Tree Search (MCTS)
and LSTM are studied, and the simulation shows that maintaining constant traffic
patterns boosted MCTS performance. However, the search methods are difficult to
adopt because traffic patterns might change quickly (5).

The LB strategy for splitting workload across virtual servers based on an altered
version of the double Q-learning technique is suggested in (6). The suggested algorithm
is executed on a LB controller and utilizes requests from users utilizing software defined
network techniques. The biggest disadvantage of the CC architecture is the longer
execution time, which results in job deadlines. Previously, numerous methodologies
were proposed to reduce the execution time, but these strategies are only applicable to
a few workloads.

Neelakantan et al. (7) proposed a unique Whale-based Convolution Neural Frame-
work (WbCNF) to enhance the task allocation mechanism and reduce task comple-
tion time. The findings indicate that the number of tasks required for the experiment
has decreased due to the calculation time. Badri et al. (8) provides a novel technique for
optimal job allocation with improved security in the CC system. A unique CNN
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optimizingmodified butterfly optimization (CNN-MBO) technique for assigning tasks is proposed, with the goal of optimizing
throughput while decreasing makespan. Moreover, a modified RSA(Rivest, Shamir and Adleman) technique is used to encode
the data, ensuring safe transmission of data. Zhen et al. (9) introduces a scheduling technique built on hierarchical reinforcement
learning (RL). An algorithm like this might balance LB, power usage, and job completion time all at once. It has two agents: one
low-level (L-Agent) for resource allocation and one high-level (H-Agent) for task selection.TheH-Agent uses one-dimensional
CNN(1DCNN) and multi-hop attention graph neural networks (MAGNA) to represent task and resource information. In a
dynamic context, the L-Agent maximizes the mapping of tasks to resources by utilizing a double deep Q network (DQN) to
determine the optimal strategy and objective function. Extensive computing resources, including processing capability and
memory, may be required for DQN to train effectively, particularly in intricate settings.

Abdennebi et al. (10) proposesmethods for load distribution and balancing using heuristics andML. It uses RF,multiple linear
regression (MLR), and Adaboost(Ada) techniques to dynamically select a processing unit for every receiving request based on
CPU and GPU response time forecasts. An AI-assisted hybrid solution known as the Content-aware ML-based LB Scheduler
(CA-MLBS) is proposed by Adil et al. (11). The allocation system CA-MLBS uses ML and meta-heuristic techniques to classify
files based on their kind. To do this, a SVM-based classifier is utilized to categorize user tasks based on the data (video, audio,
picture, or text). A meta-heuristic method using PSO is utilized to map users’ tasks to the cloud.

The most common algorithms in the reviewed papers include LR, RF classifier (RF) ANN, CNN, and LSTM with Recurrent
Neural Network (LSTM -RNN). It is evident from the literature study that due to the dynamic nature of the Cloud environment,
the effectiveness of the algorithms depends on various parameters such as the number of user requests, the number of VM’s
and the availability of the resources. The table lists the recent studies in resource allocation for the cloud using the methods to
compare with the suggested ensemble approach.

Table 1. Recent literature studies in Resource prediction methods (Considered methods)
References Method used Purpose Limitations
(1) GA and GWO Task scheduling Best solution will not be obtained for

complex problems
(2) Tabu Search (T), Bayesian Classifi-

cation (B), and Whale Optimization
(W)

Optimization to improve the effective-
ness of task scheduling

Tabu search varies depending on the
problem to be solved

(6) Double Q-Learning LB for the fair allocation of resources High computational requirements
(7) Whale based Convolutional Neural

Network
Task allocation Low optimization and precision

(8) CNN-MBO Task scheduling Lack of transparency
(9) 1DCNN and MAGNA Efficient allocation of resources Computationally expensive
(12) CNN with GRU Resource Allocation To minimize

energy and cost
The use of GRU is computationally
costly and needs enormous volumes of
data for training.

(13) DCNN with LSTM Workload Prediction Energy usage
and SLA’s

Slower , requires more computational
resources and labeled data.

(14) PSO with SVM Resource demand
prediction

Estimate future resource demands and
allocate accordingly

SVM is not suitable for large datasets
and it consumes more memory.

Any LB techniques suggested in the literature either predict the task or predict the resource. For an efficient LB, allocating
the task to the available resources is crucial; it involves not only the resource prediction but also the job or task Selection. The
tasks or user’s requests are also to be chosen in such a way for the predicted resources. For instance, a lengthy task should not
be allocated to a certain machine that involves critical processing. Current research on cloud LB heavily utilizes DL methods.
However, because of the restricted resource-level provisioning, there is still an issue with acquiring noisy multilayered issues in
workload.

This study focuses on allocating the task to an appropriate resource by considering the criteria for both tasks and
resources and addressing the constantly changing characteristics of tasks in the cloud paradigm, a scheduling mechanism that
automatically makes decisions based on impending tasks on the cloud interface and currently running tasks in the underlying
virtual resources is suggested Firstly it uses, RF for task classification due to its ease, simple, faster training and time-consuming
nature. Secondly, it uses PSO and CNN for resource prediction because of their automatic feature extraction and to lower the
method’s overall complexity, as well as the dependency and number of training epochs needed respectively.
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The main contribution of the study include

1. Suggesting an ensemble ML, DL and bio-inspired algorithm for LB employing an amalgamation of RF-PSO-CNN
techniques.

2. Assessing the efficiency of the combined model RF-PSO-CNN for task and resource allocation.

2 Methodology
This study suggests an LB technique by combining two ormoreAI strategies.Themain focus of the study is tomaximize resource
usage and improve the prediction of resources using lightweight techniques. The proposed technique uses an amalgamation of
existing techniques like Random Forest for task classification and CNN-PSO for optimization and resource allocation. The
evaluation is conducted using the Google cluster workload records dataset, which is a publicly available dataset. Each task in
the dataset is made up of several concurrent tasks that are carried out on different machines. The dataset includes metrics like
CPU, memory, and disk usage. The suggested method is contrasted with hybrid techniques like CNN-LSTM, CNN-GRU and
PSO-SVM. The overall architecture of the proposed load balancer using RF, PSO and CNN is presented in Figure 1.

The user’s requests are collected by the Queue Manager before the jobs tasks get allocated. The task data is also collected by
the Task data collection mechanism which is going to be a dataset for the Random Forest (RF) algorithm for the classification
of tasks. Once the task is decided by the RF algorithm, the task is now ready for execution and is handled again by the queue
manager for further allocation ofVirtualmachines. Similarly, the virtualManager uses theCNNpredicted results for identifying
the VM.

Fig 1. Overall Architecture for the classification of tasks and Resource Prediction

2.1 Random Forest for Task classification

A classifier called RF aggregates multiple decision trees derived from various dataset subsets and takes an average of them
to improve the dataset’s predictive performance. It is based on the principle of ensemble learning, which combines several
classifiers to solve a challenging issue and increase the accuracy of themodel. RF can analyze large data sets withmany attributes,
making it capable of detecting trends and abnormalities (15). The steps involved in the working of RF are as follows and it is
depicted in Figure 2.

Step -1: Select samples at random from a training set or collection of data.
Step -2: Generate a decision tree for every set of training data.
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Step -3: Voting will be done by averaging the choices in the decision tree.
Step -4: Lastly, determine the ultimate outcome by selecting the most popular anticipated result.
In CC, the RF feature selection technique is employed to determine the task to be allocated to the VM based on the learning

from the collected data and the present data. The basic parameters considered for task allocation are listed in Table 1. The task
is classified based on priority, size, energy usage, the type of data the task involved, the number of currently residing on the
queue, etc.

Fig 2. Random Forest Algorithm

2.2 PSO and CNN for Resource Prediction

PSO is a population-based methodology, and it utilizes a number of particles to form the swarm. Each particle represents a
possible result. The group of possible answers cooperates and communicates simultaneously. Each particle in the swarm finds
the best landing site by exploring the search zone. A swarm, or collection of flying elements, represents the changing solutions,
and the search space, thus, is the set of possible solutions. Over the course of the generations (iterations), each particle saves both
the optimal solution of the swarm and its own best solution. It then modifies two parameters: position and velocity, or flight
speed. Specifically, each particle continuously modifies its flying speed based on its own flight experiences as well as those of its
neighbors. Like this, it makes an effort to change where it is by using its current position, speed, and the separation between its
current position and the optimal distance for both the swarm and the individual. When the flock of particles, which resemble
birds, reaches the global optimal level, the issue of optimization is solved. It continues to travel into an appropriate zone. The
two main equations of PSO are as follows

Velocity Equation:

𝑣𝑡+1
𝑖 = 𝑣𝑡

𝑖 +𝑐1𝑟1(𝑝𝑏𝑒𝑠𝑡𝑡
𝑖 −𝑝𝑡

𝑖)+𝑐2𝑟2(𝑔𝑏𝑒𝑠𝑡𝑡
. −𝑝𝑡

𝑖) (1)

Position Equation:

𝑝𝑡+1
𝑖 = 𝑝𝑡

𝑖 +𝑣𝑡+1
𝑖 (2)

In Equations (1) and (2)𝑉𝑖 =velocity of a particle, 𝑐1, 𝑐2 denotes acceleration constants, 𝑟1, 𝑟2 are the randomnumbers between
0 and 1, t is the iteration number, pbest is the best solution of a particle, gbest is the best solution of swarm, and f is the fitness
or objective function.

Then the CNN architecture is set to train using PSO and the flowchart for the algorithm is shown in Figure 3. It is a type
of DL neural network architecture consisting of three types of layers: convolutional layers, pooling layers, and fully connected
layers. The one-dimensional CNN is used to extract unique distinguishing features from the VM’s data.

The suggested model uses one-dimensional CNN to forecast CPU use on cloud environments at different time intervals by
using connected CNN. It is used to predict or choose a VMbased on the CPUpower, usage, configuration, data handling facility

https://www.indjst.org/ 4726

https://www.indjst.org/


Thilagavathy / Indian Journal of Science and Technology 2024;17(45):4722–4731

etc (16,17). The CNN component retrieves complex distinctive characteristics derived from VM workload information. Table 2
lists some of the basic parameters which help the CNN to predict the VM for the tasks execution.

Fig 3. Flowchart PSO-CNN Algorithm

3 Results and Discussions
Firstly, RF algorithm classifies the real time tasks based on the available dataset. The task is classified based on priority, size,
energy usage, the type of data the task involved, the number of currently residing on the queue, etc., then it chooses the next task
to be scheduled and informs the queue manager for further scheduling. RF calculates the average of all the predictions made by
decision trees, canceling out any biases. Therefore, it is unaffected due to the over fitting issue. It can expand with data quantity,
making it appropriate for cloud operations containing vast amounts of metrics and logs. It typically requires less computing
power. The main disadvantage of RF is that it is time consuming because it produces predictions relatively slowly, since they use
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an enormous amount of decision trees. All of the trees in the forest have to predict and vote on the identical input. The criteria
for task classification are given in Table 2.

Table 2. Criteria for Task Classification
Parameters for task classification

Priority
Length of the job
Energy usage of the job
Nature of data of the job(audio,video, text)
Number of jobs at time (users request)
Approximate response time based the size, data type etc,

Secondly, PSO+CNN is used to extract the features of the VM’s and predict the corresponding VM for the task to run. The
Table 3 lists the parameters considered for resource allocation using PSO+CNN

Table 3. Criteria for task Allocation to VM
S.No Parameters for workload allocation to Virtual machines
1 Number of virtual machines in the cluster
2 Processing power
3 Data Handling capacity
4 Configuration settings
5 Scheduling algorithm
6 CPU utilization
7 Turnaround time
8 Response time
9 Throughput
10 Waiting time in the queue
11 No of users request
12 Current workload
13 Platform/Software
14 Network utilization
15 Disk space utilization
16 RAM utilization

Variables for both real and virtualmachines includeCPUpower, RAMdisc storage, and network bandwidth (14). For instance,
the formula fromEquations (1), (2), (3), (4) and (5) will assist in predicting overloadedmachines by analyzing the present status
of each machine.

𝐶𝑃𝑈 𝑢𝑡𝑖𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 = ∑𝐶𝑢𝑟𝑟𝑒𝑛𝑡𝑙𝑦 _𝑟𝑢𝑛𝑛𝑖𝑛𝑔_𝑡𝑎𝑠𝑘
𝑇 𝑜𝑡𝑎𝑙 𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦 ∗100 (3)

𝑅𝐴𝑀 𝑢𝑡𝑖𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 = ∑𝑅𝐴𝑀 _𝑐𝑢𝑟𝑟𝑒𝑛𝑡_𝑢𝑡𝑖𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛
𝑇 𝑜𝑡𝑎𝑙 𝑅𝐴𝑀 ∗100 (4)

𝐵𝑊_ 𝑢𝑡𝑖𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 = ∑𝐵𝑊 _𝑐𝑢𝑟𝑟𝑒𝑛𝑡_𝑢𝑡𝑖𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛
𝑇 𝑜𝑡𝑎𝑙 𝑅𝐴𝑀 ∗100 (5)

𝑆𝑡𝑜𝑟𝑎𝑔𝑒 𝑢𝑡𝑖𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 = ∑𝑆𝑡𝑜𝑟𝑎𝑔𝑒_𝑐𝑢𝑟𝑟𝑒𝑛𝑡_𝑢𝑡𝑖𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛
𝑇 𝑜𝑡𝑎𝑙_𝑆𝑡𝑜𝑟𝑎𝑔𝑒_𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦 ∗100 (6)
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𝑅𝑒𝑠𝑜𝑢𝑟𝑐𝑒 𝑢𝑡𝑖𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 = ∑𝐶𝑃𝑈𝑢𝑡𝑖𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛+𝑅𝐴𝑀𝑢𝑡𝑖𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛+𝐵𝑊𝑢𝑡𝑖𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛+𝑆𝑡𝑜𝑟𝑎𝑔𝑒𝑢𝑡𝑖𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 ∗ (7)

The experiments were conducted in Python by varying the number of tasks as 20,40,60,80 and 100 with the number of VM’s as
20. The resource utilization in terms of CPU, memory, bandwidth and storage were observed for each iteration. The resource
utilization is calculated using the Equation (7).

Fig 4. Resource utilization of the proposed methods with compared methods

Theresults of the ensemblemethodRF-PSO-CNNare then comparedwith the hybridmethods likeCNN-LSTM,CNN-GRU,
PSO+SVM.The graphical representation of the comparative analysis is shown in Figure 4.The percentage of resource utilization
is found to be higher for the ensemble method RF-PSO-CNN than the other contrasted methods. Hence it is evident that the
results of RF+PSO+CNN show improved performance than the other two methods with regard to resource utilization. This
study focuses on only the resource utilization criteria of the methods. Similarly, the other parameters like makespan, response
time, and execution time can also be observed and studied further.

3.1 Classification Evaluation

The ensemble and the hybrid classification models are then evaluated for performance using the classification performance
metrics like accuracy, precision, and F1-Score.

One of the most commonly employed metrics is accuracy. The following formulas were used to calculate accuracy, precision
and F1-Score.

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 𝑇 𝑃 +𝑇 𝑁
𝑇 𝑃 + 𝑇 𝑁 + 𝐹𝑃 + 𝐹𝑁 (8)

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇 𝑃
𝑇 𝑃 + 𝐹𝑃 (9)

𝐹1−𝑆𝑐𝑜𝑟𝑒 = 2∗ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑅𝑒𝑐𝑎𝑙𝑙
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙 (10)

The performance of the tasks and resource predictions for the suggested model and the compared model is observed in terms
of accuracy, precision and F1. Score and the results are represented in Figure 5.

The performance of the classification models was evaluated using metrics like accuracy, precision and F1 Score. These
measured values are found to be higher in the case of the suggested model RF+PSO+CNN than the other hybrid models
considered in this study. Thus, the suggested model performs well in terms of resource utilization as well as the classification
assessment metrics. The method is also compared with the other state of art methods listed in the table and the resource usage
is estimated.
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Fig 5. Prediction Models Vs Metrics

Fig 6. Prediction Model vs Metrics (other existing methods)

Figure 6 shows the graphical representation of the comparative analysis of the suggested RF+PSO+CNN method with
Recurrent Neural Networks(RNN), Reinforcement Learning(RL), and Artificial Neural Networks(ANN). The analysis of the
performance indicators shows that the suggested methods outperform the other contrasted methods.

Several researchers have consistently suggested enhanced PSO algorithms to address engineering issues across several
domains (18,19). Furthermore, the PSO algorithm used in this study is found to be effective in solving the problem in less time.
It uses a simple framework with high convergence speed, and it is applied to various optimization problems (20). PSO can avoid
local optima and adjust to search spaces to discover the optimal solution to difficult issues.

The primary difficulty in using CNN was deciding on its architecture and parameters. Experimental parameters frequently
have limited generalizability and only pertain to particular study data. A new method has been devised to optimize CNN that
evolves CNN’s architecture and parameters using the random yet supervisedmode of the PSO algorithm. Effective optimization
of the parameters was achieved by training the dataset in the assigned search space (21). Even though the suggested RF-PSO-
CNN is better in many aspects, there are still certain drawbacks and more advancements are required.

4 Conclusion
This study explores the use of RF for task prediction and PSO +CNN for resource prediction for LB in cloud. These results show
that the suggested model, RF-PSO-CNN outperforms the other models like CNN-LSTM, GRU-CNN and PSO-SVM with an
average accuracy of 94%. Moreover, the optimized CNN of PSO algorithm performs better than the conventional methods. It is
also observed that the usage of ML and DL techniques in cloud systems poses several challenges due to the changing workloads
and its dynamism. Furthermore, it is difficult to create robust ML and DL models to adapt to altering patterns and changing
system behavior.The study is further extended to explore the otherML andDLmodels for LB in the cloud to improve efficiency
in terms of resource usage and prediction performance. It is concluded the PSO-CNN model is capable of accurately predicting
the resources for the tasks in the cloud context. It has a beneficial leading role in the study of evolutionary deep learning-based
task scheduling and resource allocation.
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