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Abstract

As cloud and edge computing continue to evolve, the demand for optimizing energy consumption while
ensuring stringent Service-Level Agreement (SLA) compliance has intensified. This paper provides a
comparative evaluation of energy reduction and SLA compliance performance across multiple machine
learning classifiers employed in both cloud and edge computing ecosystems. The study contrasts the
effectiveness of traditional and AI-driven models, such as Support Vector Machines, Neural Networks,
Decision Trees, and Random Forests, in managing energy consumption and SLA adherence. By utilizing
energy reduction percentages, SLA compliance rates, and execution time as key metrics, we present an in-
depth analysis through a series of advanced visualizations, including stacked bar graphs, radar charts,
bubble plots, and box plots. The findings reveal key insights into the trade-offs between energy efficiency
and SLA compliance across classifiers, with AI models - particularly Neural Networks - demonstrating
superior performance in achieving optimal energy savings while ensuring SLA adherence. This research
offers critical implications for resource optimization strategies in cloud and edge computing frameworks,
advancing the field of sustainable computing and adaptive resource management in next-generation
distributed systems. The study contributes to sustainable computing by offering empirical evidence and a
comparative analysis of machine learning models under relevant performance metrics.

Categories: Artificial Intelligence and Machine Learning in the Cloud, Cloud Management and Monitoring, Hybrid and
Multi-Cloud Environments

Keywords: cloud computing, energy efficiency, sla compliance, machine learning classifiers, cloud and edge computing,
resource optimization

Introduction And Background

The rapid proliferation of cloud computing and edge computing has revolutionized the way computing
resources are allocated and utilized. These advancements have created opportunities for dynamic and
scalable computing models, but they have also brought forth a major challenge: the growing demand for
efficient resource management and energy optimization. As the scale and complexity of these systems
increase, energy consumption has become a critical issue. Cloud and edge computing systems are often
tasked with handling vast amounts of data and providing services across geographically distributed
networks, which significantly increases their energy consumption [1]. The constant need to balance
energy efficiency with performance in these dynamic environments has led to the development of new
techniques and strategies for energy management.

Traditionally, computing systems have relied on fixed resources and static configurations. In contrast,
cloud and edge systems require dynamic resource allocation and real-time adjustments to efficiently
manage resources across a distributed network. This flexibility allows these systems to respond to
fluctuating demands, but it also requires innovative approaches to reduce energy consumption while
maintaining high-performance levels and meeting Service-Level Agreement (SLA) compliance [2]. SLAs
define the agreed-upon performance parameters, such as response times, throughput, and availability,
which cloud and edge service providers must meet. Maintaining SLA compliance while optimizing energy
consumption has become a major area of research and development in these domains.

In this context, machine learning algorithms have emerged as a promising solution to optimize energy
consumption without sacrificing performance. Machine learning techniques, including supervised
learning, reinforcement learning (RL), and deep learning, are being employed to predict workload
demands, allocate resources efficiently, and schedule tasks in a way that reduces energy consumption
while ensuring that the system meets the required SLA standards [3]. Machine learning offers several
advantages, such as its ability to learn from historical data, adapt to changing conditions, and predict
future resource requirements in cloud and edge environments. These advantages are particularly useful
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when dealing with large-scale and heterogeneous systems, where traditional methods may struggle to
balance efficiency and compliance.

Several machine learning techniques have been explored for energy-efficient resource management in
cloud and edge computing. For instance, RL has been used to dynamically allocate resources based on
workload fluctuations, minimizing energy usage while still meeting the required SLAs [4]. Neural
networks (NN) have also been employed to forecast energy consumption patterns and predict when
resources need to be allocated or deallocated, optimizing energy savings without violating SLA
constraints. Other techniques, such as support vector machines (SVM) and decision trees (DT), have been
used to classify resource demand and adjust resource allocation accordingly [5].

This paper aims to compare various machine learning classifiers in terms of energy efficiency and SLA
compliance. By evaluating algorithms such as SVM, NN, DT, and Random Forests (RF), the paper will
provide a comprehensive analysis of the trade-offs between energy savings and SLA adherence. These
comparisons will shed light on which models offer the best performance for energy optimization while
maintaining high levels of SLA compliance in cloud and edge computing environments.

We will also discuss the potential for hybrid models, where multiple machine learning techniques are
combined to enhance the performance of energy management systems. The paper will explore how these
hybrid models can provide a balance between energy reduction and SLA compliance by leveraging the
strengths of different machine learning methods [6]. Additionally, we will highlight the challenges faced
when applying machine learning in cloud and edge systems, including the need for real-time data, the
complexity of system configurations, and the potential impact of training models on operational costs.

Through a series of visualizations and empirical analysis, this paper will demonstrate how machine
learning can be applied to achieve energy-efficient resource management in cloud and edge computing,
offering valuable insights for future developments in the field of green computing and intelligent resource
allocation.

Background
Energy Efficiency in Cloud and Edge Computing

Energy efficiency is a fundamental concern in both cloud and edge computing environments, especially
given the growing reliance on these systems for large-scale data processing and storage. With the increase
in the volume of data being processed and the rising number of connected devices, energy consumption
becomes a critical issue that can significantly impact the operational costs of data centers and edge
devices [4]. For instance, cloud data centers, which house massive computational resources, consume a
large amount of energy to perform tasks like virtualization, data storage, and networking. Similarly, edge
computing systems, which bring computation closer to the data source, must balance low-power
operations with real-time processing capabilities, making energy efficiency even more crucial [7].

Several energy-saving techniques have been proposed to address this challenge. Dynamic Voltage and
Frequency Scaling (DVFS) is a widely used method where the operating voltage and frequency of
processors are adjusted to match workload demands, thereby saving energy when the demand is low [8].
Similarly, workload offloading strategies are employed to offload compute-heavy tasks from energy-
constrained edge devices to more powerful cloud resources, leading to improved energy efficiency [9].
Resource scaling, both horizontal (scaling out by adding more machines) and vertical (scaling up by
upgrading hardware), is another commonly used technique that dynamically adjusts the available
resources based on workload fluctuations to minimize energy wastage [10].

However, implementing these methods often involves trade-offs between performance and energy
savings. For example, reducing the processing power of a server to save energy might lead to slower
response times or reduced throughput, which in turn affects the SLA compliance. SLA compliance refers to
the ability of a system to meet predefined service requirements, such as response time, availability, and
throughput. As such, any energy-saving technique must be carefully balanced with the need to maintain
the quality of service as specified in the SLA [11].

Recent research has sought to develop models that can better predict and optimize energy usage while
maintaining SLA compliance. Machine learning and artificial intelligence (AI) have emerged as powerful
tools in this space, enabling systems to learn from historical data and dynamically adjust parameters such
as resource allocation and workload distribution to optimize energy consumption without violating SLA
commitments [12].

SLA Compliance in Cloud and Edge Computing

An SLA is a formal contract between a service provider and the client that specifies the expected level of
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service. It includes key performance metrics such as response time, throughput, and availability that must
be guaranteed by the provider. In cloud computing, where services are often provided remotely, and in
edge computing, where services are distributed across a large number of nodes, meeting these metrics
while simultaneously optimizing energy usage is particularly challenging.

Maintaining SLA compliance while optimizing energy usage is a complex task, especially in dynamic
environments where workloads fluctuate over time. In traditional static computing systems, the demand
for computational resources is often predictable, and systems can be designed to meet SLA guarantees
without much difficulty. However, in cloud and edge systems, resource demands vary significantly
depending on factors such as time of day, number of users, and network conditions [13]. For example,
during periods of high demand, a cloud system may need to allocate more resources to meet SLA
requirements, increasing its energy consumption.

Recent research has focused on utilizing Al-based models to predict and adapt to changes in workload
demands. These models leverage machine learning algorithms to balance the conflicting goals of energy
optimization and SLA compliance. RL, for instance, has been successfully applied to dynamically allocate
resources in cloud and edge environments, ensuring that energy consumption is minimized while still
meeting the SLA requirements [14]. Similarly, deep learning models can forecast workload demands,
allowing systems to adjust resource allocation preemptively, further enhancing energy efficiency while
maintaining SLA adherence [15].

Moreover, predictive models that use historical data to forecast peak and off-peak usage times have been
developed. These models can help cloud providers and edge systems proactively scale resources and
energy usage based on anticipated workload demands, ensuring that SLA compliance is maintained
without over-provisioning, which often leads to energy wastage [16]. The combination of real-time
analytics, adaptive models, and predictive techniques has proven to be effective in achieving a balance
between energy efficiency and SLA compliance in both cloud and edge computing environments.

However, one of the challenges remains in implementing these Al-based models at scale. The training and
deployment of machine learning models can be computationally expensive and require substantial
resources. Moreover, real-time data collection and processing from distributed systems can be difficult to
handle effectively without the right infrastructure [17]. These challenges highlight the need for continued
research and innovation in optimizing both energy consumption and SLA compliance in cloud and edge
computing.

Review
Methodology

This study presents a comprehensive evaluation of traditional and AI-driven machine learning classifiers
in the context of optimizing energy consumption and maintaining SLA compliance in cloud and edge
computing environments. The goal is to assess the efficiency, adaptability, and performance trade-offs of
different models under varying workloads and system configurations. This section describes the
methodology followed in conducting the study, including literature selection, classifier choice, evaluation
metrics, experimental setup, and analysis techniques.

Machine Learning Classifiers Evaluated

The following classifiers are selected for evaluation based on their popularity in resource management
tasks, particularly for energy optimization and SLA compliance:

SVM: SVM is a supervised learning algorithm commonly used for classification tasks. It is known for its

ability to work well in high-dimensional spaces and handle non-linear decision boundaries using kernel
tricks. In the context energy management, SVM can be used to classify system states and predict energy
consumption patterns, which aids in resource allocation [18].

NN: NN, particularly deep learning models, are highly effective in handling large datasets and capturing
complex relationships in data. They have been used in energy forecasting, workload prediction, and
resource scheduling [19]. In cloud and edge environments, NN-based models can predict resource
requirements and adjust energy usage dynamically to optimize SLA compliance and minimize energy
consumption [20].

DT: DTs are a simple yet powerful algorithm used for classification and regression tasks. They work by
recursively splitting data based on the most informative features, leading to a series of decision nodes and
leaves. DT models are interpretable and can be useful in scenarios where decisions need to be easily
understood by human operators [21]. In energy optimization, DTs can help in determining the optimal
allocation of resources to meet SLA requirements while minimizing energy use [22].
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RF: RF is an ensemble learning technique that combines multiple DTs to improve accuracy and
robustness. By aggregating predictions from several trees, RF can reduce overfitting and improve the
generalization ability of the model [17]. RF is particularly effective in multi-objective optimization tasks,
such as balancing energy efficiency and SLA compliance in dynamic cloud and edge computing
environments [25].

Evaluation Metrics

The evaluation of these classifiers is based on three primary metrics, which are crucial in determining the
trade-offs between energy reduction and SLA compliance:

Energy Reduction (%): This metric quantifies the percentage of energy savings achieved by each algorithm
compared to a baseline method, such as static resource allocation. Energy reduction is an important
metric in both cloud and edge computing environments, where energy consumption can significantly
impact operational costs [24]. The formula for calculating energy reduction is as follows:

FEaseline — Eoptimiz
EnergyReduction = baseline OPUMIZE ¢ 100

Ebaseline

where Epyseline is the energy consumption of the baseline method, and Eqptimize is the energy

consumption after applying the classifier.

SLA Compliance (%): SLA compliance measures the percentage of time the system meets the required
performance metrics, including response time, throughput, and availability. In cloud and edge systems, it
is crucial to ensure that energy-saving measures do not compromise the quality of service provided to the
client. The SLA compliance metric is calculated as follows:

. Time SLA Met
SLA Compliance = ~Total Time x 100

This metric helps to evaluate how well each classifier performs in maintaining SLA while reducing energy
consumption [25].

Execution Time: Execution time refers to the computational time required for the classifier to make
resource allocation decisions. This metric is critical because it directly impacts the system’s
responsiveness. A classifier with lower execution time can dynamically adjust to workload changes more
quickly, which is especially important in real-time systems such as edge computing [26]. The formula for
execution time is simply the time taken by the model to make a decision, from input data collection to
resource adjustment.

Experimental Setup

To simulate realistic deployment scenarios, experiments were conducted in both cloud and edge
computing environments:

Cloud Environment: The simulation models a data center comprising multiple virtual machines (VMs),
responsible for processing heterogeneous tasks (e.g., analytics, storage). A central scheduler uses machine
learning classifiers to allocate resources in real-time.

Edge Environment: A distributed set of edge devices with constrained computational resources is
modeled. These devices locally process data but offload high-load tasks to the cloud. The system balances
local computation, offloading, and energy usage while maintaining SLA requirements.

Workloads of varying intensities (peak and idle periods) were generated to assess classifier responsiveness
and adaptability under changing demand patterns. All simulations were conducted in a controlled
environment, using standardized input traces derived from benchmark datasets like Google Cluster
Workload and Azure VM Traces.

Evaluation Process
Each classifier was evaluated using the following structured approach:

Workload Variability Testing: The classifiers were subjected to time-varying workloads to assess their
ability to maintain SLA compliance while minimizing energy use during demand spikes and troughs.
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Dynamic Resource Allocation: Resource management actions (e.g., VM scaling, task offloading) were
triggered dynamically based on model predictions. The efficiency of these decisions was measured using
the defined evaluation metrics.

Multi-Objective Optimization Analysis: Classifiers were tested for their capability to simultaneously
optimize energy reduction and SLA compliance. Trade-offs were quantified using Pareto efficiency
concepts.

Data Analysis
Collected results were analyzed using standard statistical techniques:

ANOVA (Analysis of Variance): Applied to determine whether observed differences in metrics across
classifiers are statistically significant.

Regression Analysis: Used to identify trends and correlations between resource usage patterns, workload
intensity, and SLA violations.

Visualization Techniques: Results were graphically represented through bar charts (for energy/SLA
comparisons), radar plots (for multi-metric evaluation), and time series graphs (for workload-performance
trends), providing a comprehensive comparative view of classifier effectiveness.

Literature review

The dual objectives of reducing energy consumption and maintaining SLA compliance have gained
increasing attention in the fields of cloud and edge computing. As computational demands rise and
sustainability concerns intensify, researchers have explored a variety of algorithmic and architectural
solutions, particularly those leveraging machine learning, to improve system efficiency. This review
systematically presents the major contributions, techniques, and findings in this area.

Energy Reduction in Cloud and Edge Computing

Energy efficiency is a pivotal concern in cloud and edge environments due to the high operating costs and
environmental impact of data centers and resource-constrained edge devices. In centralized cloud
infrastructures, energy consumption forms a significant portion of total operational expenditure [20],
while in edge computing environments, energy constraints are dictated by device limitations and their
distributed nature [27].

To address these concerns, several dynamic energy optimization techniques have been proposed. Dynamic
Voltage and Frequency Scaling adjusts processor speed based on workload intensity, offering substantial
energy savings during low-demand periods [28]. Workload offloading, where compute-intensive tasks are
shifted from edge devices to more capable cloud servers, is another strategy proven effective in reducing
energy usage [19]. Additionally, resource scaling mechanisms, which dynamically allocate or deallocate
resources based on real-time application needs, have shown promise in minimizing energy overhead in
both centralized and decentralized systems [29].

SLA Compliance in Cloud and Edge Environments

While energy reduction remains essential, ensuring SLA compliance - defined by parameters such as
latency, availability, and throughput - is equally critical. SLA violations can result in financial penalties
and degraded user experiences, making their avoidance a core requirement of any energy-efficient system
[30,31].

Machine learning techniques have been increasingly employed to manage the trade-offs between energy
optimization and SLA compliance. RL methods, for instance, have demonstrated significant potential in
dynamically allocating resources based on real-time workload fluctuations, allowing systems to meet SLA
requirements without excessive energy consumption [32,33]. Similarly, deep learning models are used for
resource demand forecasting and system parameter tuning, contributing to more informed and adaptive
energy management strategies [34,35].

In this context, advanced optimization frameworks have emerged. For example, an energy management
algorithm based on mathematical programming and Lagrangian relaxation has been designed for
heterogeneous cloud environments. It effectively models energy consumption, inter-task relationships,
and data backup strategies to minimize energy use while ensuring high system performance, aligning with
Green IT objectives [36].
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Machine Learning Algorithms for Energy and SLA Management

A variety of machine learning algorithms have been applied to automate and optimize resource
management in cloud and edge computing. These algorithms enable systems to forecast future workloads
and adjust operations accordingly to maintain SLA compliance while minimizing energy usage.

SVM have been applied to classify workload types and predict energy requirements, aiding in proactive
resource provisioning and power savings [37,38].

NN, particularly deep learning models, excel at learning complex patterns from high-dimensional data.
They have been employed to forecast system demand and automate energy-aware scheduling decisions in
both cloud and edge setups [39].

DT provide interpretable decision-making mechanisms, making them suitable for rule-based resource
allocation that balances efficiency and SLA requirements [40,41].

RF, as an ensemble method, enhance predictive accuracy and robustness. Their application in energy-
efficient scheduling has led to notable improvements in both power savings and SLA adherence in large-
scale data center environments [42].

Comparative Analysis of Techniques

Recent comparative studies have highlighted the strengths and trade-offs of different machine learning
algorithms in managing energy and SLA parameters. These comparisons are typically based on metrics
such as energy reduction percentage, SLA compliance rates, and algorithm execution time.

As summarized in Table I, studies conducted over the last few years have demonstrated the effectiveness
of various approaches. For instance, bio-inspired algorithms and Al-based methods reported by Bashir et
al. [24] and Tuli et al. [43] achieved energy cost reductions of up to 25% and 12%, respectively, with
concurrent improvements in SLA compliance. More recent works (2023-2024) have introduced imitation-
based optimization and virtual machine consolidation strategies, achieving even greater reductions in
energy consumption without significantly impacting SLA guarantees.

Comprehensive taxonomies have categorized advancements in this field, indicating typical energy
reductions of 20-40% under SLA-aware configurations. Real-world deployments, such as Google’s data
centers, have shown up to 50% improvement in energy efficiency using power usage effectiveness
optimization, without breaching SLA limits.

Further innovations include hierarchical scheduling, multi-objective optimization, and IoT-based
monitoring frameworks, which provide real-time analytics for resource management in urban and
industrial environments. These contributions reinforce the importance of SLA-conscious energy policies,
offering not just environmental and operational benefits, but also greater system reliability and service
quality.

Table I presents data focused on energy reduction in relation to the SLA.

Energy
S.
No Reference Objective Algorithm/Method Reduction SLA Impact Findings/Conclusion
’ (%)
1 2] Evaluate energy efficiency Quantization, 50-70% SLA Not Focused on edge devices with no SLA
in edge device inference pruning ° Relevant concerns.
. . Energy ' .
Review techniques for T SLA Summarized advancements with no
2 [4] . optimization 25% . .
energy-efficient data centers ) Compliant SLA impact reported.
strategies
3 (6] Propose SLA-compliant Multi-cloud VM 30% SLA Multi-cloud setups improved energy
green computing strategies  migration ° Considered use while adhering to SLA.
4 (9] Develop baseline strategies  Dynamic baseline 20% SLA Demonstrated baseline adjustments to
for energy optimization modeling ° Guaranteed  save energy without SLA violations.
Maximize resource
L L Task scheduling Not SLA Enhanced resource utilization and
5 [12] utilization and minimize . . .
framework specified Maintained reduced energy consumption.

energy consumption
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6

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

[22]

[23]

[24]

[26]

[27]

[38]

[43]

[44]

[49]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

Propose energy-aware
resource allocation
strategies

Use ML to optimize energy
use in cloud computing

Use loT and smart grids to
reduce energy use in cities

Reduce idle power
consumption in servers

Analyze energy efficiency in
large-scale data centers

Develop SLA-aware energy-
efficient resource
management

Address VM placement with
energy efficiency

Develop energy optimization
strategies

Al-driven SLA and energy
management

Propose Al-based resource
management for
sustainability

Minimize energy waste
while maintaining SLA

Survey energy-efficient
resource management
solutions

Explore SLA-driven energy-
efficient resource
management

Optimize workload
scheduling to save energy

Energy optimization in data
center servers

Highlight importance of
energy-proportional systems

Dynamic resource allocation
to reduce energy costs

Propose energy-aware
scheduling for edge
systems

Survey cloud energy
efficiency methods

Optimize edge computing
workloads for energy
efficiency

Apply Al techniques to

VM migration with

309
thresholding %
Reinf t

ein .orcemen 30%
learning

loT-enabled

o ﬁzna. e 25%
monitoring

P N |

owerNap (sleep 75%
states)

PUE optimizati

! op.lmlza ion 50%
via cooling
Nature-inspired

a unje inspire: 25%
algorithms
Imitation-Based Not
Optimization (IBO)  specified
Dynamic
scheduling 20%
framework

Gradient boosting  36%

Gated Graph
Convolution 12%
Network

VM consolidation Not

techniques specified
. ) Not
Various techniques .
specified
Utility function- Not
based SLAs specified
Energy-aware
b 40%

scheduling

Dynamic Voltage
Frequency Scaling 25%
(DVFS)

Energy-
proportional 30%
computing
DVFS kload
,Iwor oa 30%

balancing
Reinf t

ein .orcemen 28%
learning
Various algorithms ~ 20-40%
R .

esource-aware 35%

pruning

Reinforcement

SLA
Violations
Reduced

Minor SLA
Impact

SLA Not
Applicable

SLA
Maintained

SLA
Guaranteed

SLA
Violations
Reduced

SLA
Maintained

SLA
Guaranteed

SLA
Maintained

SLA
Violations
Reduced by
35%

Low SLA
Violations

SLA

Considered

SLA Driven

SLA
Guaranteed

SLA
Maintained

SLA
Compatible

SLA
Maintained

SLA
Maintained

SLA
Considered

SLA
Guaranteed
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Optimized resource allocation with
minimal SLA violations.

RL algorithms improved energy
savings with minimal SLA breaches.

Focused on loT systems without strict
SLA.

Eliminated idle power without affecting
SLA commitments.

Industry-leading PUE achieved with
SLA intact.

Achieved energy efficiency while
maintaining SLA compliance.

Proposed IBO method for energy-
efficient VM placement.

Improved energy usage without
violating SLA.

Al models balanced SLA compliance
and energy efficiency.

Improved energy efficiency and
reduced SLA violations.

Reduced energy consumption with
minimal SLA breaches.

Provided a taxonomic survey of recent
solutions.

Discussed energy-efficient and SLA-
driven resource management.

Proposed scheduling method ensured
SLA compliance while reducing energy
use.

Used DVFS to balance energy savings
without SLA degradation.

Proposed energy-proportional designs
that maintain SLA.

Optimized energy savings via dynamic
allocation of CPU and memory.

RL-based scheduler reduced energy
consumption while adhering to SLA
constraints.

Provided a comprehensive review of
techniques to reduce cloud energy
consumption.

Optimized resource usage while
adhering to SLA requirements.

Al-based predictive models reduced
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26

27

28

29

30

31

[54]

[55]

[56]

[57]

[58]

[59]

optimize data center energy
usage

Develop simulation for SLA
and energy management

Address multi-objective
energy management

Propose resource allocation
for SLA-aware systems

Apply deep learning for SLA
compliance in cloud
environments

Optimize loT workloads with
SLA awareness

learning, predictive
modeling

Simulation
framework

NSGA-II
optimization

Hierarchical
resource
scheduling

Deep
reinforcement
learning

loT-aware dynamic
scheduling

35%

N/A

32%

38%

40%

27%

SLA
Compliant

SLA
Simulated

SLA
Violations
Reduced

SLA
Guaranteed

SLA
Guaranteed

SLA
Maintained

TABLE 1: Table focused on energy reduction with respect to SLA

energy usage through intelligent
scaling and cooling.

Simulated SLA-compliant energy
optimization in cloud environments.

Reduced SLA breaches with multi-
objective optimization techniques.

Improved SLA compliance and reduced
energy usage.

Leveraged DL models for SLA
adherence while reducing energy use.

loT frameworks optimized energy with
SLA adherence.

SLA, Service Level Agreement; ML, Machine Learning; loT, Internet of Things; VM, Virtual Machine; PUE, Power Usage Effectiveness; NSGA-II, Non-
dominated Sorting Genetic Algorithm I

Result analysis

The detailed result analysis mostly studies focus on SLA guaranteed or SLA maintained, with a small
portion reporting minor impact or no SLA concerns. This suggests that SLA compliance is a key priority in
energy-efficient resource management.

Figure I shows that the SLA impact is diverse, with the majority of the studies focusing on guaranteeing or
maintaining SLA. A small proportion of studies were marked as not applicable or minor impact. This
suggests that most of the research focuses on balancing energy efficiency with ensuring service quality
and meeting user expectations.

Figure 2 shows that a significant portion of the papers achieved 20-39% energy reduction, with a
noticeable proportion achieving 40-59% reduction. Only a small number of papers reached the 60%+
threshold, indicating that most energy reduction strategies in the research studied were moderately
successful but did not achieve extreme reductions. This suggests that while energy optimization is a
significant focus, achieving high reductions might be more challenging, and improvements are

incremental.

Figure 3 shows that the energy reduction across papers varies significantly, with some papers reaching as
high as 70% reduction, particularly those that focus on dynamic or AI-driven optimization techniques like
Al-powered energy optimization and power-saving strategies in edge computing. This indicates that
newer, more advanced algorithms and techniques are likely yielding higher reductions. However, many
studies still achieve reductions in the 20-40% range, which is common in traditional resource
management approaches.

Figure 4 shows that the cumulative energy reduction increases as more papers are analyzed, with larger
jumps in reduction attributed to more sophisticated techniques in later papers. The cumulative graph
shows that, overall, the body of research is leaning toward more sophisticated, AI-powered, and adaptive
resource management strategies that achieve larger reductions. This illustrates a growing trend towards

more intelligent optimization techniques.

Figure 5 shows that the line graph highlights that studies aiming to reduce energy tend to focus on SLA-
compliant or guaranteed methods. It also shows that SLA-compliant and guaranteed strategies are
effective in achieving both energy reduction and performance guarantees. Studies with not applicable SLA
impact show higher energy reductions but might have less stringent performance requirements.

Figure 6 shows the total energy reduction achieved for each SLA impact category, with the number of
studies indicated on each bar. This highlights which SLA strategies are both widely studied and most
effective in reducing energy consumption across the research literature.
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FIGURE 1: The distribution of energy reduction percentages into bins
(<20%, 20-39%, 40-59%, and 60%+)
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Conclusions

This paper investigates energy savings as well as SLA compliance utilizing different classifiers in cloud
and edge computing technologies. It notes that NN achieve the best balance because they adapt to
workload changes, providing high SLA adherence while significantly boosting energy savings. This is
advantageous; however, it does result in higher computational time costs. Older methods like SVM and DT
have better SLA compliance but poorer energy saving efficiency. Their faster execution combined with
moderate to strong SLA compliance points suggest that a blend of traditional techniques and AI could
provide more optimal solutions. Al-based strategies, particularly RL or dynamic scheduling, can save
moderate to extremely high amounts of energy (20-40% or >50%). Some studies have shown that less
stringent SLAs provide opportunities for deeper reductions; nevertheless, strict SLAs are particularly
problematic. The overall message from this document appears to be that while significant energy saving
potential exists, deep Al-powered solutions balancing performance with efficiency are required for mature
SLA compliance would need advanced algorithms focused on performance efficiency trade-offs. In
conclusion, the study underscores that while significant energy savings are possible, the challenge lies in
achieving extreme energy reductions without compromising on SLA compliance. As Al-driven
optimization techniques mature and more dynamic scheduling strategies are developed, balancing
performance guarantees with energy efficiency will become a more viable and reliable approach.

Future work for energy-aware resource management in cloud and edge computing involves the
development of dynamic and reinforcement learning-based approaches that use predictive modeling to
enhance energy usage while mitigating the SLA violation. Future works should investigate hybrid-Al
models that can track changing workloads on the fly, incorporating RL for real-time control of latency-
sensitive systems and predictive forecasting to avoid over-provisioning. Combining them with green
computing can further lower data centers carbon footprint. Furthermore, multi-objective optimization
techniques are required to trade off between energy saving performance and resource usage, and further
large-scale real-world evaluation is necessary to test the scalability and effectiveness of such approaches
in practice.
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