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Abstract: Cloud computing provides scalable computing resources which are crucial for modern organizations. It should be
noted that efficient resource management is challenging due to differences in workload characteristics. There exist certain
resource management techniques which utilize scaling and threshold methods. At the same time, they are characterized by
inefficiency in terms of resource usage and operation cost. Machine learning, deep learning and reinforcement learning
techniques provide other alternatives, but they demand great computation capacity and expenses. Therefore, this research
provides for allocation of resources based on detection of their usage patterns through application of machine learning
algorithms. Usage patterns are detected based on historical CPU and memory usages data along with trend analysis. The
proposed method makes intelligent allocation of cloud computing resources possible thanks to evaluation of thresholds in
combination with trend analysis. An extensive literature review concerning the existing solutions for cloud resource optimization
was conducted in order to detect current problems and identify areas of further study. The developed technique may be
integrated into the monitoring services offered by various clouds including AWS CloudWatch in order to ensure intelligent
management of cloud computing resources.

I. INTRODUCTION
One of the significant technologies that have been implemented in modern information technology systems is cloud computing. This
involves using the internet to have access to different computing resources on demand. Rather than building expensive IT
infrastructure, it becomes easy for firms to use cloud services where they can access computing resources such as virtual computers,
storage, software, and networking at any point in time. Due to its efficiency, affordability, and scalability, cloud computing has been
embraced widely in various industries including business, health care, educational institutions, financial sector, and governments.
With more firms relying on cloud computing, efficient management of cloud computing resources has emerged as one of the key
challenges faced by many cloud service providers. Allocating computing resources to different user applications becomes an
important issue as cloud computing resource providers strive to maintain high levels of performance while keeping their expenses
low. However, the demands of workloads in cloud computing environment tend to be very dynamic in nature, thus changing over
time. Unexpectedly, there could be a rise in demand for cloud computing services due to increased activities by users.
Allocation of resources involves the distribution of existing cloud computing resources among applications based on their needs.
The most important thing is to balance the trade-off between performance and cost. Allocation of many resources would make
provision overprovisioning and hence cause waste of resources and unnecessary cloud costs. On the other hand, allocation of few
resources would create underprovisioning and could affect the performance of cloud computing services negatively due to slower
response time, service disruptions, and low performance. Therefore, it is critical to manage cloud computing resources efficiently to
maximize performance while minimizing costs.
Most of the cloud resource management systems are reactive and use static threshold-based rules. When resource usage exceeds
some pre-specified levels, resources are added, whereas reduction occurs once resource usage falls below certain levels. Though
these systems are easy to implement and popular, they are not efficient to handle fast-changing workload since the decision on
scaling up or down can be taken only after the actual change in resource utilization. This makes reactive systems inefficient and
costly to operate.
In order to address such shortcomings, a variety of intelligent approaches for managing resource requirements have been suggested.
These include the application of machine learning, prediction, deep learning, and reinforcement learning to automate and optimize
resource allocation decisions. Based on the analysis of thirty-nine research papers, one can identify a number of significant
achievements in such areas as predictive resource allocation, workload forecasting, minimizing costs for cloud resources, auto-
scaling algorithms, reinforcement learning for task scheduling, and multi-cloud resource management, among others.
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Although these algorithms contribute to decision-making and resource allocation, they usually need to work with large sets of
training data, advanced models, significant computing power, and regular maintenance.
One of the main observations that could be made about the behavior of applications hosted on cloud resources is the existence of
periodic consumption patterns in business applications. For instance, there would always be more active users of applications during
business hours than outside of those hours. This holds true for some cloud computing services as well. In such cases, it is possible to
predict the workload using previously collected data and the knowledge about usage patterns without involving sophisticated
machine learning models.
The presented research aims at designing an efficient and cost-effective mechanism for cloud resource allocation based on analyzing
workload patterns and making data-driven decisions. Specifically, the proposed solution leverages historical data related to CPU and
RAM workload that is provided by various sources like CSV files and monitoring systems such as AWS CloudWatch. The collected
data is then timestamped and grouped according to time to uncover workload patterns. On the basis of workload trends, the system
is able to establish whether there is an increase, decrease, or stability in utilization and make the proper scaling decisions based on
priority rules.
In contrast to threshold-based mechanisms for resource allocation, the proposed approach uses workload trends when making
decisions. On the other hand, similarly to machine learning and reinforcement learning models, the system does not need any model
training as well as large amounts of data or significant computing resources.
The suggested framework further ensures cost awareness as resource allocation decisions are assessed from both technical and cost
perspectives. Based on the comparison of optimized resource allocation approaches with traditional allocation methods, the system
is capable of making cost estimations while ensuring acceptable performance levels. It allows businesses to assess their cloud
infrastructure and spending more precisely.
The key benefits of the research include the implementation of historical usage pattern analysis for resource allocation purposes,
workload trends identification, scaling recommendations based on predictions, lightweight rule-based decision engine, integration
with AWS CloudwWatch metrics, and cloud cost optimization without resorting to advanced machine learning algorithms. The
suggested approach focuses on providing a realistic, scalable, and deployable model for optimizing cloud resources.
It was shown through the study conducted that intelligent optimization of cloud resource utilization can be achieved by analyzing
the historical behavior of workloads based on pattern identification without the need for sophisticated artificial intelligence systems
for resource management.

Il. BACKGROUND
A. Reactive vs Proactive Resource Allocation
Resource allocation systems of traditional clouds predominantly run on reactive processes. Such systems keep monitoring the level
of utilization of resources such as CPUs, memories, and networks. Once this resource utilization reaches the pre-specified levels,
more resources will be made available to keep applications running at their best. For instance, if CPU utilization increases beyond
80 percent, then there is automatic scaling for additional CPU resources.
Although reactive systems are easy and popular, the drawback associated with them is that they take time to react to changes
because scaling takes place after resource utilization reaches a particular level. During such delays, users can face problems like
poor performance or even interruption of services. This problem becomes acute when there is a sharp rise in traffic volume.

1. Reactive vs Proactive Resource Allocation

Reactive System Proactive System

[(Afrer Problermn Ocours) (Before Problam Occurs)
User Traffic '3 User Traffic
Increase ..- Incremse \
+ W

Trend Analysis

CPLU > B (Historical Data) 1

Detected
-

343
-
- €N
‘; + Predict Future
E— Waorkload
E—]
+
H

anll
+
Scale Resources "
Before Problem ’
+

e

Scale Resources
(After Delay)

Performance
Impact

Y

Improved Performance
Mo kmpact

Figure 1 illustrates the difference between reactive and proactive resource allocation mechanisms, highlighting how trend-based
analysis enables earlier and more effective scaling decisions.
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The proactive approach shown in Figure 1 addresses this limitation by analyzing historical workload behavior and identifying
workload trends before resource exhaustion occurs. Instead of waiting for threshold violations, the system predicts future workload
growth using trend analysis and initiates scaling actions in advance. As a result, proactive resource allocation improves application
performance, reduces service disruption, and enhances user experience.

B. Historical Data-Based Analysis

Examples of cloud monitoring solutions are the AWS CloudWatch platform which gathers operational data on resource usage.
Some of the metrics collected include CPU usage, memory usage, network usage, and disk operations. The use of monitoring data
helps in getting an understanding of the characteristics of the workload as well as how resource usage patterns occur over time.

Most resource allocation strategies only focus on current usage data but neglect historic data. This has the effect of making any
emerging workload patterns difficult to recognize, hence poor decision-making.
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Figure 2 presents the workflow of historical data analysis, beginning with AWS CloudWatch data collection and ending with pattern
detection and scaling decision generation.

The proposed framework utilizes historical resource utilization data collected from cloud monitoring services. The collected data is
organized according to timestamps and divided into meaningful time intervals. Pattern detection techniques are then applied to
identify workload behavior and generate scaling recommendations. By leveraging historical information, the system can better
understand workload characteristics and support proactive resource management.

C. Traditional vs Enhanced Rule Engine

Rule-based decision-making systems are some of the most prevalent types of methods employed in the management of resources
within clouds. Classic rule engines operate using thresholds that trigger particular scaling operations. Resources can be scaled up
when CPU usage goes above a certain threshold and scaled down once usage goes below a particular threshold.

Despite their ease of deployment and low demand on computing capacity, these systems have no notion of context. Resource-
scaling operations are only driven by current levels of resource utilization with no regard for trends in utilization. As a result, the
same utilization rates may require different amounts of resources depending on the trend of usage.
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3. Traditional vs Enhanced Rule Engine
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Figure 3 compares the traditional threshold-based rule engine with the proposed enhanced rule engine that incorporates workload
trend analysis and priority-based decision-making.

The proposed framework introduces an enhanced rule engine that combines utilization metrics with trend analysis. Before making a
scaling decision, the system evaluates workload patterns and determines whether resource demand is rising, stable, or declining. A
priority-based rule engine then generates the most appropriate scaling recommendation. This approach improves decision accuracy

while maintaining the simplicity of rule-based systems.

D. Machine Learning vs Proposed Approach

Recently, the application of machine learning, deep learning, and artificial intelligence has been proposed for resource management
in cloud computing environments. These methods employ historical workload information and construct predictive models that
predict future resource demands. They tend to be highly accurate predictors and help automate decision-making processes.

However, while possessing considerable benefits, machine learning-based solutions need sizable training sets, substantial
computational power, and continual model tuning. The use of such methods can lead to higher costs and greater complexities in
terms of managing IT infrastructure. Moreover, small firms may find it challenging to adopt such tools.
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Figure 4 highlights the differences between machine learning-based resource allocation and the proposed pattern-based approach,

emphasizing simplicity, lower cost, and ease of implementation.
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The proposed framework follows a lightweight alternative approach. Instead of training predictive models, it directly analyzes
historical workload patterns and trends. Resource allocation decisions are generated using a rule-based decision engine that operates
without model training. This significantly reduces computational overhead while maintaining effective resource optimization
capabilities.

E. Pattern-Based Resource Allocation

In pattern based resource allocation, it is about analyzing workload behavior throughout its lifecycle instead of using only the value
of resource usage at one point in time. The historical records of resource utilization can have a number of recurring patterns that
describe how workloads behave with respect to their consumption of resources.

The pattern-based approach utilizes historical data about CPU and memory utilization to analyze the following types of workloads:
increasing workload pattern, steady workload pattern, and decreasing workload pattern. An increasing workload pattern suggests an
increase in workload behavior while a decreasing workload pattern suggests the reverse behavior.

5. Pattern-Based Resource Allocation
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Figure 5 demonstrates the process of pattern classification and illustrates how trend analysis supports intelligent scaling decisions
based on workload behavior.

By classifying workload behavior into these categories, the system gains a deeper understanding of future resource requirements.
This enables more informed scaling decisions compared to traditional threshold-based approaches. Pattern-based allocation also
remains computationally efficient because it does not require complex machine learning models.

F. Cost-Aware Cloud Resource Optimization

One of the most important aspects that should be considered while implementing cloud computing is cost efficiency since the
payment is done depending on the use of resources. Failure to allocate resources efficiently might cause unnecessary high costs or
underperforming applications. It becomes essential to balance resource usage, application performance, and economic factors.

The suggested approach involves cost-awareness in the process of allocating resources. Initially, resource usage is evaluated for
recognizing workload characteristics and identifying measures required to allocate necessary resources. Then, the proposed method
is evaluated economically to recognize the benefits achieved by implementing the proposed approach.
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6. Cost-Aware Cloud Resource Optimization
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Figure 6 illustrates the complete cost optimization cycle, showing how monitoring, pattern analysis, scaling decisions, cost
evaluation, and optimized allocation work together to achieve efficient cloud resource management.

By reducing unnecessary resource provisioning while maintaining acceptable performance levels, the framework helps
organizations optimize cloud spending. This approach supports both technical and business objectives by improving resource
utilization and minimizing infrastructure costs.

1. CLASSIFICATION OF MECHANISM
A. Pattern-Based Mechanism
The system is classified as a pattern-based mechanism because it focuses on how workload behaves over time using past data.
It identifies patterns such as:
e Increasing trend
e Decreasing trend
e  Stable trend
These patterns are extracted from previous-day time slots, and decisions are made based on these observed behaviors.
Example:
If CPU usage from 9-10 AM to 10-11 AM shows a continuous increase in the previous day, the system assumes a similar pattern
and plans scaling accordingly.

Prewvious Day Data
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l
Time Slot Grouping
1
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Decision Planning

B. Historical Data-Driven Approach
The system is fully based on historical data, specifically previous-day usage collected from sources like AWS CloudWatch.
This data is:

©IJRASET: All Rights are Reserved | SJ Impact Factor 7.538 | ISRA Journal Impact Factor 7.894 | 2125




International Journal for Research in Applied Science & Engineering Technology (IJRASET)
ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538
Volume 14 Issue VI June 2026- Available at www.ijraset.com

e Organized using timestamps

o Divided into time slots

e Analyzed to identify repeating patterns
Decisions are derived from past behavior.
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C. Rule-Based Decision System (Refined)

The system uses predefined rules, but these rules are not simple or isolated.
They work in a priority-based structure and use both:

e Patterns/ Load Type (High, Moderate, Low)

e Trend (Rising, Stable, Falling)over time

So, decisions are not made by a single condition, but by a combination of rules + pattern+trend evaluation.

Historical Data
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D. Proactive (Trend-Based Planning Mechanism)
It is proactive suggestion system.
It prepares scaling decisions in advance based on previously observed trends.
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Example:
If every day at 10 AM usage increases, the system plans scaling before that time arrives.
This avoids last-minute decisions and ensures smoother performance.
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E. Resource Allocation Method

The system updates decisions periodically based on newly available historical data.
e Itisnot static (fixed forever)

e Itisnot fully real-time

Instead, it:

e  Uses previous-day data

e Updates decisions for upcoming time slots

e Adapts over time

Previous Day Data

N2
Daily Analysis
v

Updated Scaling Plan

N

Resource Allocation

V. LITERATURE REVIEW
A. Traditional Resource Allocation and Cost Optimization Approaches
Resource Allocation in Cloud Computing Resource allocation in cloud computing presents a major challenge to the cloud service
providers in maintaining the performance, availability, and the cost of providing their services. Various conventional resource
allocation approaches include static provisioning, threshold based scalability, heuristic algorithms, and optimization techniques
which try to optimize resource allocation and minimize the cost incurred by the providers.
Nagalla et al. [1] examined adaptive resource allocation and cloud cost optimization techniques showing that efficient resource
allocation minimizes costs of service provision while ensuring quality delivery.
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Also, Deochake [13] reviewed several cloud cost optimization methods and emphasized the importance of allocating cloud
resources in an adaptive manner, resource rightsizing and tracking of utilization to cut cloud costs. Nwanganga et al. [20] proposed
minimum cost flow approach to optimize workloads and showed that using optimization techniques to allocate computing resources
can minimize infrastructure costs. Swain et al. [21] examined efficient resource management approaches in cloud computing and
emphasized the importance of virtualization, workload balancing and resource scheduling. Mukherjee et al. [22] gave an overview
of various cloud resource management methodologies and noted the significance of resource allocation in cloud computing.
Additionally, Pingulkar et al. [25] reviewed traditional resource allocation strategies such as static, dynamic, market-based, and
heuristic-based resource allocations. They highlighted the fact that even though traditional strategies are straightforward and
computationally efficient, they have been shown to be ineffective in managing dynamic workloads.

These studies collectively indicate that while traditional resource allocation techniques provide an initial approach to cloud
computing, they lack in terms of flexibility and adaptability to handle dynamic workloads.

B. Machine Learning-Based Resource Allocation

Machine learning algorithms have been found to be useful as a potential solution to the problem of cloud resource allocation, where
such systems learn from their past data to make smart allocation decisions.

Wang & Yang [2] presented a resource allocation approach using machine learning algorithms that would optimize the cloud
resources allocation by making smarter decisions. Cesarini [4] discussed various machine learning algorithms used for cloud
resource allocation and found out that machine learning based predictions result in more efficient allocation of cloud resources than
any static allocation approach.

Killedar et al. [5] designed a cost optimization framework for the cloud using machine learning techniques to assign appropriate
cloud resources based on workload behavior. Zhang et al. [9] analyzed the role of machine learning optimization in cloud resource
scheduling. Yadav and Yadav [17] explained that predictive resource management using machine learning reduces resource wastage
without compromising performance.

Anbarkhan [23] evaluated multiple machine learning methods used in cloud resource optimization and pointed to the significance of
employing intelligent computing methods to handle cloud scalability issues in the present day. Overall, from the research
performed, it is clear that machine learning allows better resource allocation, taking advantage of past workload data and prediction
algorithms.

Unfortunately, most machine learning applications involve large datasets and a significant amount of computation, as well as
ongoing maintenance.

C. Predictive Analytics and Workload Forecasting

Workload prediction is becoming an increasingly crucial area of study in cloud resource management as it facilitates better cost
management through resource planning for upcoming workloads.

For example, Smith [3] designed workload scheduling based on predictive analytics with an objective to minimize cloud resource
cost by using workload forecasting. Similarly, Kamble et al. [7] used workload prediction in cloud environment with the help of
machine learning for efficient resource management. Chanthati [8] studied cloud resource planning using predictive analytics and
pointed out the significance of forecasting for unnecessary resource management.

Furthermore, Saxena and Singh [11] used workload forecasting models along with machine learning algorithms for better
management of cloud resources. In another study, Zheng et al. [12] used Al-based predictive analytics for resource allocation with
enhanced accuracy than traditional methods.

Moreover, Smendowski and Nawrocki [16] worked on multi time series-based workload utilization forecasting. Rossi et al. [19]
also contributed toward improving workload forecasting by incorporating uncertainty awareness and transfer learning techniques.

A framework to predict resource utilization using machine learning and evolutionary algorithms was suggested by Malik et al. [29].
On the other hand, Temporal Fusion Transformers (TFT) offered by Lim et al. [30] are an interpretable method for predicting data
on multiple horizons, thus gaining importance in cloud workload prediction.

Predictive auto-scaling and workload prediction were the topics of research conducted by Roy et al. [35] and Shariffdeen et al. [36],
respectively, proving the significance of precise predictions in terms of resource allocation optimization and cost minimization.
Thus, predictive analytics offers proactivity in cloud management through anticipation of future requirements.
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D. Al-Driven Cloud Resource Optimization

The advent of Artificial Intelligence has not only broadened the scope of cloud resource management from simple forecasting and
machine learning but has made intelligent decision-making possible in dynamically evolving cloud platforms.

Chandrakanth [15] proposed an Al-based dynamic resource allocation framework that incorporated both predictive modeling and
real-time optimization processes. The study proved that Al-based techniques could effectively modify resource allocation depending
on dynamically changing workloads.

Similarly, Ramamoorthi [24] introduced an Al-based framework for the optimization of resources in cloud computing through
automated resource allocation. He discussed the importance of intelligent automation for efficient resource management in the
cloud.

Both these studies show how Al-based optimization frameworks have improved the adaptability and automation aspect of cloud
computing. However, complexities related to implementation and increased computational cost are still a serious concern.

E. Reinforcement Learning-Based Resource Allocation

Reinforcement Learning (RL) represents an innovative resource management tool with the capability to learn optimal resource
allocation policy through interactions with cloud systems over time.

In their paper, Kayalvili et al. [14] implemented reinforcement learning for resource allocation in clouds and obtained increased
resource utilization efficiency and allocation efficiency. On the other hand, reinforcement learning was employed in the dynamic
resource allocation problem in a multi-cloud environment by Varghese [28], resulting in better decision-making.

Deep reinforcement learning was applied to the cloud resource management domain by Mao et al. [31], illustrating the benefits of
such algorithms in resource allocation. In another study, deep reinforcement learning was implemented in the context of cloud
resource scheduling by Ye et al. [32], obtaining better performance than classical algorithms.

Liu et al. [33] developed a hierarchical model for resource management and energy optimization in clouds based on deep
reinforcement learning. This algorithm showed great success in terms of both energy consumption and performance.

It is clear from these studies that reinforcement learning provides many opportunities for adaptive cloud management, although
considerable training periods are required.

F. Reinforcement Learning Surveys and Research Trends

With the rising adoption of reinforcement learning in cloud computing, various researchers have conducted extensive literature
reviews to evaluate its efficiency and possible future applications.

Gari et al. [34] reviewed reinforcement learning approaches for auto-scaling in cloud computing and reported substantial
advancements in resource elasticity and application performances. Zhou et al. [37] presented a detailed literature review on deep
reinforcement learning for cloud resource management and scheduling and mentioned future directions in intelligent cloud
computing.

Gu et al. [38] presented a detailed literature review at the algorithm level for deep reinforcement learning in cloud computing for
resource scheduling and resource management. The study focused on the increasing use of RL approaches in cloud computing along
with associated issues of scalability, convergence, and computational complexity.

The above literature reviews indicate that reinforcement learning will play an important role in future autonomous cloud
management systems.

G. Multi-Cloud, Hybrid Cloud and Edge Resource Management

Cloud environments have evolved to include many more cloud service providers and even edge computing environments, posing
fresh resource allocation problems.

A framework using artificial intelligence was suggested by Barua and Kaiser [18] for microservice-oriented resource allocation in
hybrid cloud systems. Their method offered efficient resource allocation without compromising on application performance.
Similarly, Sinha [26] explored multi-cloud workload placement and found that effective workload management was key to
improved performance and cost-efficiency. Chen [27] looked at resource management in the cloud-edge context and noted the
importance of intelligent resource management in such a scenario.

Finally, Varghese [28] showed the efficacy of reinforcement learning for resource management in the case of multi-clouds. Clearly,
the evolving infrastructure requires solutions capable of dealing with these scenarios.

©IJRASET: All Rights are Reserved | SJ Impact Factor 7.538 | ISRA Journal Impact Factor 7.894 | 2129



International Journal for Research in Applied Science & Engineering Technology (IJRASET)
ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538
Volume 14 Issue VI June 2026- Available at www.ijraset.com

H. Auto-Scaling and Dynamic Resource Scheduling

Proactive auto-scaling continues to be an essential approach to sustaining high-quality application performance without resource
wastage.

A predictive approach to auto-scaling using workload predictions has been presented by Roy et al. [35]. Similarly, Shariffdeen et al.
[36] have introduced adaptive approaches to workload predictions to enable proactive auto-scaling in Platform-as-a-Service
environments.

Reinforcement learning-based proactive auto-scaling approaches have been comprehensively reviewed by Gari et al. [34], and
modern approaches to cloud auto-scaling have been reviewed by Alharthi et al. [39].

From the literature review, it is evident that proactive and intelligent auto-scaling approaches outperform traditional threshold
approaches in terms of low response times and effective resource usage.

I.  Comparative Analysis and Research Observations

Several surveys and review articles have tried to compare the various resource allocation mechanisms and pinpoint any gaps in the
literature.

For instance, Bodra and Khairnar [6] offered a comparative analysis of the use of machine learning algorithms in resource allocation
techniques and noted that the major trade-off involved was in terms of accuracy versus computational efficiency. Similarly, Khan et
al. [10] provided an extensive review of cloud resource management algorithms using machine learning techniques and pinpointed
the future direction for intelligent cloud systems.

Additionally, Deochake [13], Pingulkar et al. [25], Gari et al. [34], Zhou et al. [37], Gu et al. [38], and Alharthi et al. [39] have all
made it clear that while both machine learning and reinforcement learning algorithms offer more efficient allocation of resources,
they tend to be computationally expensive, requiring huge amounts of data and complex implementation mechanisms.

The literature has clearly indicated that there is a huge gap between highly complicated Al-based techniques and very simplistic
threshold-based mechanisms. The majority of the existing techniques are either too unintelligent or overly complicated. This gap
calls for the development of intelligent resource allocation methods based on user behavior.

Paper | Author & Year Approach Used Key Contribution Limitation
1 Nagalla et al. (2025) Adaptive Resource | Improves cost efficiency using | Reactive, lacks prediction
Allocation dynamic allocation
2 Wang & Yang (2025) | Machine Learning Intelligent allocation using ML | High complexity and
algorithms computation
3 Smith (2025) Predictive Analytics + ML | Cost-aware workload scheduling Requires continuous model
training
4 Cesarini (2024) Machine Learning Improves  resource utilization | No practical implementation
using ML
5 Killedar et al. (2025) ML-based Optimization Reduces cost using usage data Requires training and
resources
6 Bodra & Khairnar | Comparative ML Review Compares ML algorithms for | High complexity in hybrid
(2025) cloud models
7 Kamble et al. (2023) Predictive ML Forecasts workload for scaling Depends on accurate
historical data
8 Chanthati (2025) Predictive Analytics Cost forecasting and planning No real-time allocation
9 Zhang et al. (2023) ML Optimization Efficient resource scheduling High computational cost
10 Khan et al. (2021) ML Review Overview of ML-based resource | Generalized, lacks practical
systems solution
11 Saxena &  Singh | ML Forecasting Predicts workload demand Does not optimize cost
(2021) directly
12 Zheng et al. (2024) Al Predictive System Improves allocation efficiency Data-dependent and complex
13 Deochake (2023) Cost Optimization Review | Reviews cost-saving strategies No intelligent system
14 Kayalvili et al. (2025) | Reinforcement Learning Dynamic resource allocation using | Very high complexity
prediction-enabled RL
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15 Chandrakanth (2024) | Al-Based Allocation Real-time  adaptive  resource | High implementation cost
optimization
16 Smendowski & | Time-Series Forecasting Multi-series workload prediction Computational overhead
Nawrocki (2024)
17 Yadav & Yadav | ML-Based Predictive | Improves resource utilization and | Requires extensive training
(2025) Management forecasting data
18 Barua &  Kaiser | Al-Driven Hybrid Cloud | Optimizes microservice resource | Complex hybrid architecture
(2024) Framework allocation
19 Rossi et al. (2023) Workload Forecasting + | Uncertainty-aware workload | Forecasting accuracy depends
Transfer Learning prediction on data quality
20 Nwanganga et al. | Minimum-Cost Flow | Cost-efficient workload | Limited  adaptability to
(2017) Model optimization dynamic workloads
21 Swain et al. (2022) Resource Management | Improves cloud resource | Lacks predictive capabilities
Framework utilization
22 Mukherjee et  al. | Resource Management | Comprehensive overview of cloud | Theoretical focus
(2024) Survey resource management
23 Anbarkhan (2025) ML-Based Resource | Efficient cloud resource allocation | Computationally expensive
Optimization using ML
24 Ramamoorthi (2021) | Al-Driven  Optimization | Real-time resource allocation | High deployment complexity
Framework decisions
25 Pingulkar et al. (2023) | Resource Allocation | Comprehensive analysis of | No practical implementation
Review allocation techniques
26 Sinha (2024) Multi-Cloud Optimization | Optimizes workload placement | Limited real-world validation
across clouds
27 Chen (2021) Cloud-Edge Resource | Intelligent optimization in cloud- | High coordination
Management edge environments complexity
28 Varghese (2024) Reinforcement Learning Dynamic allocation in multi-cloud | Long training time
environments
29 Malik et al. (2022) ML + Evolutionary | Resource utilization prediction Requires large historical
Algorithms datasets
30 Lim et al. (2021) Temporal Fusion | Interpretable multi-horizon | Computationally intensive
Transformer (TFT) forecasting
31 Mao et al. (2016) Deep Reinforcement | Automated cloud resource | Training instability
Learning management
32 Ye et al. (2018) Deep RL Scheduling Intelligent resource scheduling High computational
requirements
33 Liu et al. (2017) Hierarchical Deep RL Joint resource allocation and | Complex architecture
power management
34 Gari et al. (2020) RL-Based  Auto-Scaling | Comprehensive review of RL | No implementation
Survey autoscaling framework
35 Roy et al. (2011) Predictive Auto-Scaling Forecast-based scaling decisions Prediction  errors  affect
performance
36 Shariffdeen et al. | Adaptive Workload | Proactive auto-scaling for PaaS | Limited scalability evaluation
(2016) Prediction systems
37 Zhou et al. (2024) DRL Review Review of DRL  resource | Survey-only contribution
scheduling methods
38 Gu et al. (2025) DRL Algorithm Review Analysis of DRL algorithms for | Lacks experimental
cloud management validation
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39 Alharthi et al. (2024) | Auto-Scaling Survey Identifies challenges and future | No proposed solution
directions in auto-scaling

V. RESEARCH GAP
Traditional vs Usage pattern(Data driven)

Strategy Reactive Pattern-based proactive
Data Usage Current only Historical + trend analysis
Prediction None Based on patterns
Complexity Low Moderate

Cost Efficiency Low Improved

Implementation Simple rules Analytical logic
Intelligence Level Static Data-driven

Static traditional approach includes:

[J CPU > 80% — Scale up

[J CPU <20% — Scale down

Data Driven new approach includes:

“Data-driven intelligence refers to decision-making based on analysis of historical data and usage patterns, allowing the system to
adapt to changing workload behavior.”

Case 1:

e CPU =70% (not very high)

e But trend = increasing

New system:

“Load is rising — prepare to scale up”
Case 2:

e CPU=70%

e But Trend = decreasing

New system:

“Load is dropping — no need to scale”

A. Over-Reliance on Reactive Scaling

Most of the current cloud resource allocation schemes use a reactive threshold-based approach whereby scaling is done after
resource usage breaches certain levels. This can be seen in research work by Nagalla et al. [1], as well as that done by S. Smith [3].
Reactive approaches tend to respond late since they react after workloads have begun affecting performance. This causes latency or
degradation of services for a period of time before scaling takes effect.

In addition, the lack of anticipation of future workloads results in inefficient scaling.

B. Underutilization of Historical Pattern Behavior

Many scholars, like Wang and Yang [2] and Killedar et al. [5], make use of historical information for workload prediction. Their
methodologies generally consider statistics averages or even short-term predictions, without studying the behavior pattern of
workloads over time.

Their method does not account for whether the workload has been increasing, decreasing, or changing during certain periods of
time. Thus, they do not gain valuable insight regarding workload changes.
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Inadequate pattern analysis based on historical trends leads to inaccurate decisions.

C. High Complexity of Machine Learning Models

Several sophisticated methods that use techniques like machine learning and reinforcement learning have been proposed by
researchers such as Cesarini [4], Bodra& Khairnar [6], and Khan et al. [10].

Even though they perform well, these methods suffer from certain limitations:

Necessity of huge data sets to train the model

High computational cost

e  Extensive complexity to implement and tune the model

e Unavailability to small companies due to their complexity

Machine learning-based systems tend to be too complex to deploy effectively.

Approach ML / Deep Learning Pattern-based rules
Complexity High Low

Training Required Yes No

Computational Cost High Low
Implementation Difficult Easy

Practical Use Limited High

D. Lack of Practical Implementation Feasibility

Some works, such as Chanthati [8] and Saxena & Singh [11], emphasize simulation-oriented models or theories. While these models
help in gaining academic insights, they do not account for practical implementation issues.

The issues:

e Challenge in deploying to actual clouds

o Insufficient emphasis on API-driven approa

e Failure to validate using actual data

E. Absence of Cost-Focused Decision Integration

For example, Killedar et al. [5] and Zhang et al. [9] consider performance measures, such as the response time and the CPU usage,
but there is no explicit focus on cost optimization in their approaches to scaling.

Cost is important when we talk about scaling issues because any inefficiency in scaling may cost money.

Cost-related lack of awareness of scaling algorithms.

F. Lack of Explainable Resource Allocation Decisions

Several sophisticated resource allocation strategies depend on the use of machine learning, deep learning, and reinforcement
learning methods for scaling decisions. Cesarini [4], Kayalvili et al. [14], Mao et al. [31], and Ye et al. [32] examine intelligent
resource allocation using automatic learning models.

While these methods offer great predictive precision, the underlying decision process remains opaque. Cloud operators might
receive scaling suggestions but have no clue about the criteria used to arrive at those decisions.

Such opaqueness undermines trust and complicates problem-solving in live applications.

Current intelligent models offer insufficient explainability when what is needed are comprehensible resource allocation decisions.
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G. Limited Focus on Small and Medium-Sized Enterprises (SMESs)

However, most of the existing cloud optimization algorithms require large amounts of computing resources. For instance, according
to Wang and Yang [2], Zheng et al. [12], Chandrakanth [15], and Zhou et al. [37], there is a prerequisite for large data sets,
sufficient computation power, and skilled personnel.

In many cases, small and medium enterprises do not have access to the required resources, which makes it hard to implement
complex machine learning pipelines.

Today’s research is mostly oriented toward big enterprise environments, paying little attention to the development of lightweight
approaches for efficient resource management.

H. Inefficient Handling of Gradual Workload Changes

Current approaches toward the scaling process mainly consider unexpected changes in the workload and their violations of
thresholds.

For example, workload changes can be gradual owing to growth in business, seasonal factors, or the behavior of users.

Such studies include those by Roy et al. [35], Shariffdeen et al. [36], and Chanthati [8]; all are oriented to forecasting future loads
and give less attention to detecting long-term workload development trends.

As a result, changes in load that take place gradually can go unnoticed until usage of resources reaches critical values.

I.  Limited Integration of Trend Analysis with Rule-Based Systems

Rule-based approaches are popular and easy to implement due to their simplicity. Nevertheless, they rely on static thresholds that do
not account for workload trends.

Work by Swain et al. [21], Pingulkar et al. [25], and Nagalla et al. [1] confirms the persistent use of threshold-based models in cloud
infrastructures.

Even though trend analysis and prediction have been heavily researched separately, only a handful of proposals incorporate both
trend-based analysis and lightweight decision engines.

Little work exists on incorporating the analysis of workload trends within rule-based resource management frameworks.

J. Lack of Lightweight Alternatives to Deep Reinforcement Learning

Recent studies have also focused on leveraging deep reinforcement learning (DRL) to optimize resources and improve cloud
performance. Works done by researchers including Mao et al. [31], Liu et al. [33], Zhou et al. [37], and Gu et al. [38] highlight the
efficiency of applying DRL models.

Nonetheless, the use of DRL involves:

Long training duration

High-complexity hardware

Policy optimization

e Sophisticated deployment steps

As such, their application is not only costly but also complex. There exists a demand for lightweight resource optimization
techniques that are not dependent on DRL.

K. Limited Utilization of AWS Monitoring Data for Direct Decision Making

For example, AWS CloudWatch produces an endless flow of data regarding operations performance. Despite the fact that numerous
papers work with historical load data to predict further trends, quite a few make use of the available monitoring data and apply it to
decision-making.

In most cases, one more layer of machine learning comes before resource allocation is suggested.

Previous research is rather ineffective in terms of direct pattern recognition in cloud monitoring systems.

L. Academia-Industry Gap in Resource Allocation

A considerable number of current cloud resource allocation papers are mainly tested in simulation environments. For instance,
Saxena and Singh [11], Bodra and Khairnar [6], and reinforcement learning surveys pay great attention to theoretical analysis of
approaches.
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The questions of implementation, scalability, easy-to-understand algorithmic solutions, and the ability to operate on real clouds stay
out of researchers' primary concerns.
There appears to be a gap between academic approaches to resource allocation and industrial solutions.

VI. FUTURE RESEARCH DIRECTIONS
Despite the usefulness of the proposed framework in demonstrating a successful way of allocating resources in the cloud based on
historical records, trend analysis, and decision-making based on predefined rules, there is still ample scope for enhancing the
research through further developments. This can be done by employing the latest advancements in technology and achieving better
accuracy.

A. Multi-Cloud Resource Allocation

While the existing framework addresses the problem of optimizing the allocation of resources in a single cloud environment, future
frameworks may address multi-cloud computing infrastructures that include more than one cloud provider.

Allocation of resources can take into consideration the following aspects among others:

e The cost of services offered by different providers

e Resource availability

e Network latency

e  Service reliability

B. Hybrid Cloud and Edge Computing Integration

Today's businesses rely on hybrid cloud and cloud-edge infrastructure. In the future, researchers will be able to modify the
framework to allow for effective allocation of resources in these distributed infrastructure scenarios.

Allocation decisions could take into account user proximity, capabilities of the edge devices, available bandwidth, and other
considerations. This modification will help to better accommodate 10T, smart city, and real-time analytics use cases.

C. Real-Time Cloud Resource Optimization

The current implementation of the resource management framework analyzes usage patterns based on historical data. The next
versions of the framework can use real-time monitoring streams that many modern cloud platforms, such as AWS CloudWatch,
provide.

With the ability to process streaming metrics, the framework will be able to detect changing workloads and give timely scaling
recommendations.

D. Energy-Efficient Resource Management

Energy is an important issue for today's cloud data center operators. In the future, energy-awareness can be added to the resource
allocation framework.

Other potential optimization goals include:

e  Power reduction

e  Carbon footprint minimization

e Energy efficiency enhancement

e  Green cloud computing support

E. Cost and Performance Multi Objective Optimization

While the current proposed methodology concentrates mainly on cost and resource optimization, future researches can explore the
concept of multi-objective optimization that includes:

e Resource optimization

e  Cost optimization

e Time for response

e Throughput

e  Energy consumption
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e Compliance to SLA
This would allow for more efficient management of resources in cloud computing environments.

F. Automated Cloud Cost Recommendation System

It is anticipated that the next evolution will incorporate the creation of an advanced recommendation system that can automatically
suggest ways to optimize costs.

These suggestions can be associated with:

e Right-sizing of the instances

e  Utilization of reserved instances

e  Use of spot instances

e  Storage optimization

e Resource consolidation

G. The Creation of a Fully Automated Cloud Optimization System

One research avenue that can be pursued for many years to come involves creating a full cloud optimization system which
incorporates all aspects from monitoring to forecasting and cost analysis into one system.This type of system would enable full
automation of cloud resources management in an efficient and cost-effective manner.

VII. CONCLUSION
Cloud computing has evolved into an indispensable element of the modern IT landscape due to its scalability, flexibility, and cost-
effectiveness. Nevertheless, proper cloud resource management is one of the key issues since the workload requests are constantly
changing and influence both the performance level and overall costs. Incorrect resource allocation could be characterized by over-
provisioning that increases the infrastructure costs or under-provisioning which, in turn, reduces application performance levels.
The current research aims at exploring the topic of resource allocation in the cloud and optimizing it to ensure minimum costs. This
study included thorough literature research concerning various resource management approaches including traditional algorithms,
machine learning, prediction, reinforcement learning, auto-scaling clouds, multi-cloud resources management, hybrid cloud
systems, and cloud-edge computing. It has been determined that although such complex approaches as reinforcement learning and
machine learning allow making intelligent decisions, they increase computational complexity and require additional training efforts.
Research gaps were observed within the scope of existing cloud resource management schemes. The reactive nature of most legacy
systems, which only react to change in workloads, is an area for improvement. Additionally, many existing intelligent systems
prioritize prediction accuracy without much emphasis on factors such as simplicity, transparency, interpretability, and deployment.
Moreover, most of the existing frameworks utilize large amounts of data and complicated training processes, rendering them
unfeasible for implementation under resource-constrained circumstances.
A lightweight and efficient cloud resource allocation scheme was devised to fill the gap described above. The proposed model is
based on analysis of the historical usage of resources, analyzing workload patterns, determining trends, and creating rules. In
contrast to many machine learning and reinforcement learning models that require training, the proposed approach does not have
that requirement. It analyzes historical workload patterns and recognizes trends of increased, decreased, or stable use of resources.
This new framework is an amalgamation of several approaches related to resource management, which includes pattern-based
distribution, analysis based on historic data, proactive resource planning, rules-based decision-making, and cost-optimization
strategies. As a result, the suggested concept provides a viable compromise between high-level intelligence and easy
implementation. Furthermore, the design of this framework is focused on integration capabilities with cloud monitoring services
such as AWS CloudWatch.
The main conclusion drawn from the conducted research is that there is important knowledge hidden in historic data that could help
make better decisions concerning resource distribution without having to use complicated artificial intelligence methods. Trend
analysis and proactive scaling recommendations are aimed at improving resource usage efficiency, cutting redundant provisions,
decreasing expenses, and ensuring good application performance.
Overall, the paper introduces a feasible and scalable framework for allocating cloud resources by reconciling the dichotomy
between simple thresholds and overly sophisticated machine learning based mechanisms. This framework offers a simple,
understandable, and inexpensive alternative to cloud resource optimization that is still easy to implement and maintain.
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As cloud architectures develop in the future, approaches like those offered here will prove to play an increasingly important role in
cloud environments.
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