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Abstract

The rapid growth of cloud computing services has intensified the challenge of energy optimization in data
centers, raising pressing environmental concerns. Machine learning (ML) and artificial intelligence (AI)
offer powerful solutions for enhancing energy efficiency across cloud infrastructures. This paper reviews
key AI- and ML-driven approaches - including energy-aware resource provisioning, adaptive scaling,
predictive maintenance, intelligent job scheduling, and advanced cooling optimization - that collectively
minimize energy use. These models not only detect and correct power consumption anomalies but also
balance workloads to reduce waste. Furthermore, integrating energy-sensitive algorithms and leveraging
edge computing can significantly cut the environmental footprint of cloud operations. Ultimately, by
improving operational efficiency and lowering energy costs, Al and ML are vital to advancing sustainable,
energy-efficient cloud computing.

Categories: Artificial Intelligence and Machine Learning in the Cloud, Cloud Management and Monitoring, Cloud
Networking

Keywords: cloud computing, resource optimization, energy efficiency, data center operations, virtualized environments,
ai and machine learning-driven resource management

Introduction And Background

Cloud computing is delivered through several deployment models: public clouds, which are accessible to
anyone; private clouds, reserved for individual organizations or their partners; hybrid clouds, which
combine private and public cloud services; and community clouds, shared by organizations with similar
objectives. Understanding these deployment types is essential for selecting the right cloud computing
platform tailored to an enterprise’s specific requirements [1].

The exponential growth of cloud computing has driven unprecedented technological advancements but
has also raised new energy consumption challenges. Cloud data centers, which support critical services
such as web hosting, data storage, and processing, are expanding rapidly. As cloud-based services
proliferate, the International Energy Agency estimates that data centers will consume about 1% of the
world’s electricity [2]. In response to global sustainability concerns, both researchers and cloud service
providers are prioritizing energy optimization in cloud infrastructures.

Machine learning (ML) and artificial intelligence (AI) offer promising solutions for optimizing energy
consumption in cloud environments. These technologies enable dynamic, data-driven reductions in
energy use and efficient resource allocation that minimize waste. ML, models can forecast power
consumption, allocate resources intelligently, schedule workloads adaptively, and optimize cooling
systems to conserve energy. By processing massive amounts of real-time data and making informed
decisions, Al-powered systems enhance the efficiency of cloud data centers [3].

A key application of AI and ML in energy optimization is dynamic resource allocation. Traditional
techniques, such as static pre-configuration or simple load balancing, often result in underutilized or
overprovisioned resources, leading to unnecessary energy waste. In contrast, ML approaches including
reinforcement learning and neural networks can predict future resource demands based on historical data,
facilitating more precise and flexible resource allocation [4].

Predictive maintenance is another important aspect. ML models analyze hardware performance data to
anticipate equipment failures, enabling proactive maintenance that conserves energy, reduces hardware
waste, and improves system reliability, ultimately lowering operational costs [5]. Energy-aware scheduling
and intelligent load balancing are also vital factors. Al systems can forecast peak usage periods and adjust
job scheduling to avoid resource overuse during low-demand times, thus minimizing environmental
impact - this is especially crucial in regions dependent on fossil-fuel-powered electricity [6].

Cooling optimization represents another significant opportunity for energy savings. Data centers
consume substantial energy to maintain optimal operating temperatures; Al-based cooling systems
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predict temperature fluctuations and adjust air conditioning and refrigeration in real time to reduce
power use.

Despite these benefits, implementing AI/ML for cloud energy efficiency poses challenges. Scaling such
solutions in dynamic cloud environments is complex because Al models need to adapt to fluctuating
workloads, diverse data center architectures, and varying environmental conditions. Additionally, privacy
and security concerns surface when applying Al in multi-tenant cloud contexts [7].

This study explores the applications, advantages, and limitations of Al and ML techniques for optimizing
energy usage in cloud computing. Through literature review and case studies, we demonstrate how these
technologies can enable sustainable, energy-efficient cloud infrastructures.

For example, a large multinational company with strict data privacy requirements may choose private
cloud deployment to protect sensitive data. Startups with limited resources might prefer public cloud
options for scalability and cost effectiveness. Hybrid clouds offer a balance of security and flexibility,
allowing organizations to keep critical information on private clouds while leveraging public clouds for
less sensitive workloads. Understanding these deployment models and their implications helps
organizations make informed decisions aligning with their goals in the evolving cloud landscape. Figure !
illustrates a typical cloud computing architecture [8].
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FIGURE 1: General structure of the cloud computing architecture.

To fully appreciate the potential of Al and ML in enhancing cloud energy efficiency, it is crucial to
understand the broader context of the escalating energy demands in cloud computing and the associated
challenges. The following section provides a detailed background on the energy consumption patterns of
data centers, the challenges faced in energy management, and the transformative role that Al and ML play
in addressing these issues.

Background

The rapid proliferation of cloud computing has profoundly reshaped organizational data management, yet
it has concurrently precipitated a marked escalation in energy consumption across global data centers. As
cloud services become increasingly vital to business operations and everyday life, the associated
environmental impact demands urgent attention. The International Energy Agency estimates that data
centers currently consume approximately 1% of global electricity, a figure projected to rise in tandem with
ongoing digital transformation efforts .
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Energy challenges in cloud computing

Cloud data centers incur significant energy demands not only from computing and storage activities but
also from the extensive cooling infrastructure required to maintain stable operating conditions.
Traditional energy management practices - characterized by static workload distribution and inefficient
server utilization - frequently result in substantial wastage of power resources. Thus, the imperative to
innovate energy-optimized operational strategies that do not compromise service quality and reliability
has never been greater [8].

Role of Al and ML

Al and ML have emerged as pivotal enablers of intelligent, data-driven energy optimization in cloud
environments. By transitioning from reactive to predictive energy management paradigms, these
technologies leverage large-scale datasets and real-time analytics to facilitate:

Accurate Workload and Power Demand Forecasting: ML models utilize historical and streaming data
to predict cloud resource requirements dynamically, enabling adaptive provisioning of CPU, memory, and
storage resources in alignment with actual demand patterns.

Optimized Resource Allocation: Al algorithms orchestrate workload distribution across servers to
maximize utilization and curtail energy waste attributable to idle hardware [9].

Proactive Cooling Management: Al-powered systems forecast environmental and thermal fluctuations,
dynamically adjusting cooling operations to significantly reduce the energy footprint of heating,
ventilation, and air conditioning (HVAC) systems and refrigeration units [10].

Predictive Maintenance Strategies: By analyzing operational telemetry, Al detects incipient hardware
failures, allowing for timely interventions that minimize downtime and associated energy inefficiencies
[11].

Renewable Energy Integration: Al facilitates the effective incorporation of variable renewable energy
sources into data center power supply, optimizing renewable utilization through predictive availability
modeling [12].

Empirical benefits and impact

Empirical investigations reveal that AI- and ML-driven solutions yield substantial energy efficiency
improvements in cloud data centers, with reported energy savings ranging from 8% to 40% compared to
conventional energy management approaches. Particularly, Al-enabled cooling optimization alone has
demonstrated up to 40% reductions in energy consumption dedicated to temperature regulation. These
efficiencies translate into significant operational cost reductions while concurrently advancing
environmental sustainability objectives by mitigating carbon emissions associated with cloud operations
[13].

Challenges and future prospects

Despite these promising outcomes, the deployment of Al-based energy optimization confronts multiple
challenges. Key issues include the necessity for robust and scalable data infrastructures, seamless
interoperability with legacy cloud management systems, and the development of sophisticated algorithms
capable of adapting to highly dynamic, multi-tenant environments. Furthermore, safeguarding data
privacy and security remains paramount in Al-enabled energy management frameworks. Ongoing
research endeavors focus on enhancing real-time adaptability, integrating heterogeneous energy sources,
and refining cross-layer Al models to further enhance energy efficiency and sustainability in cloud
infrastructures [14].

Review

As cloud computing revolutionizes every sector and powers a multitude of functions that span from data
storage to sophisticated ML jobs, it is now a critical part of contemporary digital architecture. However, as
cloud services exponentially skyrocket in numbers and cloud-based applications grow in complexity, the
need for computational power and storage is through the roof. This has put severe pressures on the
infrastructure - the huge data centers that anchor cloud platforms.

Cloud computing services that are used to power data-hungry applications depend on such enormous
datacenters for their operations, which in turn use big power. The increasing demand for cloud services,
particularly those for AI/ML services, serves to exacerbate this energy consumption as AI model training
and inferencing are inherently power-hungry tasks. This has encouraged the study of AI/ML-based
approaches to address resource allocation and energy efficiency in the cloud infrastructures. Although
flexible and scalable, cloud computing is accompanied by considerable energy challenges mainly caused
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by vast infrastructure demand and suboptimal consumption of energy, such as battleship servers
persistently running in data centers. This issue has prompted an increasing number of research toward
lowering the environmental footprint and operations cost of cloud services.

Al and ML strategies for efficient resource management

With the surging demand for computational power and the imperative to reduce the environmental
impact of data centers, ML and Al techniques have become vital tools for optimizing energy consumption
in cloud environments. These methodologies enable adaptive and intelligent management of cloud
resources, focusing on maximizing energy efficiency without compromising service quality. The following
subsections elaborate on key approaches and their interrelated roles in this optimization landscape.

Energy-Efficient Resource Allocation

At the core of energy optimization is the efficient provisioning of cloud resources. ML models - such as
regression and classification algorithms - can forecast energy usage patterns based on workload
characteristics, which supports more informed resource allocation to meet demand precisely without
waste [15]. Building on this, Al-driven dynamic resource scaling adjusts CPU, RAM, and storage in real
time to prevent underutilization or overprovisioning, thereby reducing unnecessary consumption.
Complementary to this, ML-enabled load balancing distributes workloads intelligently across available
servers to ensure that energy usage is minimized by operating servers at optimal capacity levels [16].

Power Consumption Prediction

Accurate power consumption modeling builds directly upon resource allocation strategies. ML approaches
analyze variables including workload type, network traffic, and temporal factors such as time of day to
predict energy demand with high fidelity [17]. This demand forecasting capability enables cloud
administrators to proactively manage power distribution and mitigate wastage by anticipating
consumption patterns proactively [18].

Predictive Maintenance and Fault Detection

Energy conservation is further enhanced through predictive maintenance mechanisms. Al and ML tools
detect anomalies in energy usage patterns, which may signal hardware faults or infrastructure
inefficiencies [19]. By forecasting possible equipment failures ahead of time, preventive maintenance can
be scheduled, avoiding the energy inefficiencies and downtime caused by malfunctioning components
[19]. This predictive capability synergizes with resource allocation and consumption prediction methods,
ensuring that energy savings extend beyond normal operation to maintenance workflows [20].

Energy-Aware Scheduling

Scheduling strategies capitalize on insights gained from power consumption and system health
predictions. By employing ML algorithms for energy-aware job scheduling, cloud systems can prioritize or
defer workloads to off-peak hours when energy costs and consumption are lower, minimizing
environmental impact [21]. Additionally, AI-powered cloud bursting anticipates when system scaling is
needed and adjusts resource provisioning dynamically to optimize energy usage during demand spikes,
integrating smoothly with dynamic scaling methods described earlier [22].

Smart Cooling Systems

Given that cooling constitutes a significant share of data center energy consumption, Al-based smart
cooling solutions represent a crucial optimization avenue. By predicting temperature fluctuations
accurately, Al systems fine-tune cooling infrastructure - such as air conditioning or liquid cooling - in real
time, reducing wasted power [23,24]. Al-driven HVAC systems adjust cooling capacity responsively as
server workloads fluctuate, complementing workload scheduling and resource allocation to maintain an
overall energy-efficient operational environment.

Energy Efficiency of Cloud Data Centers

Holistically, AI supports optimization at the data center level by monitoring server workloads and shifting
traffic toward underutilized or idle machines, thereby minimizing energy consumed due to hardware over-
provisioning [25]. Furthermore, Al and ML approaches facilitate “green” data center initiatives by
integrating renewable energy sources - such as solar and wind power - into the energy mix, dynamically
balancing power consumption with availability to further reduce the carbon footprint [26,27].

Energy-Optimized Algorithms
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Research efforts extend to the optimization of the ML models themselves. Techniques such as pruning,
quantization, and knowledge distillation reduce the computational and energy overhead during training
and inference phases of Al models, ensuring that the optimization process does not ironically become a
major source of energy consumption [28]. Edge computing strategies leverage Al to offload tasks from
cloud servers to edge devices when appropriate, achieving significant energy savings by reducing
centralized processing loads [29].

Blockchain for Energy Optimization

Integrating blockchain with Al enables decentralized, transparent energy management systems within
cloud data centers, enhancing efficiency and security in energy transactions and resource allocation. This
emerging approach exemplifies how the fusion of multiple advanced technologies can create synergistic
gains in energy optimization [30,31].

Challenges and Key Considerations

While Al and ML have immense potential for energy optimization, there are challenges. Processing data
revealing energy consumption is potentially privacy intrusive, and this should be mitigated by strong
safeguards. Moreover, some ML algorithms have also a non-negligible cost and have to be optimized to
not cancel the benefits they provide on the energy. Time constraints of operational nature further restrict
the magnitude and complexity of optimization algorithms that can be executed without affecting service
responsiveness.

With increasing complexity of energy consumption challenges in cloud computing, there is a call for more
intelligent solutions with dynamic resource management and optimized operations. This increasing level
of complexity requires sophisticated and flexible AI/ML models that can scale and support cloud
environment diversity [32].

Literature review

Building upon the AI/ML methodologies detailed above, it is essential to examine the existing literature
that demonstrates practical implementations, empirical findings, and innovations in cloud energy
optimization. The following section categorizes notable research efforts based on key AI/ML
methodologies - resource allocation, predictive maintenance, load balancing and scheduling, cooling
optimization, energy-aware algorithms, and renewable energy integration - highlighting their
contributions to enhancing cloud energy efficiency [32]. Extensive scholarly work has explored Al and ML
techniques to optimize energy consumption in cloud environments. These studies typically focus on
approaches aligned with the methodological themes discussed earlier: resource allocation, predictive
maintenance, load balancing and scheduling, cooling optimization, energy-aware algorithms, and
renewable energy integration. The significant contributions in each category are summarized below.

Resource Allocation Optimization

Efficient resource utilization is crucial for minimizing energy waste in cloud settings while maintaining
performance. Several studies have applied Al and ML to dynamic resource allocation:

A framework employing reinforcement learning optimizes multiple tenants’ cloud resources by balancing
performance and energy consumption based on varying workload demands [33,34].

Supervised ML algorithms have been used to predict workload trends accurately, allowing energy-efficient
provisioning of resources and reducing overall consumption [35].

Hybrid models combining deep reinforcement learning with dynamic provisioning methods have
demonstrated meaningful reductions in virtual machine energy costs within cloud architectures [36].

Predictive Maintenance

Predictive maintenance leverages Al to forecast hardware failures, minimizing downtime and preventing
energy waste from malfunctioning equipment:

ML-driven frameworks integrating sensor data with historical failure reports predict hardware failure
probabilities, enabling proactive maintenance scheduling that avoids energy inefficiencies [37].

Deep learning-based models analyze system health and predict component failures, enhancing reliability
and curtailing energy loss due to unexpected hardware outages [38,39].
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Al approaches detect anomalies in power consumption patterns, identifying faults early and optimizing
maintenance timing to improve energy efficiency [40].

Load Balancing and Scheduling Optimization

Energy savings are also realized by intelligently distributing workloads across servers and scheduling tasks
based on energy considerations:

ML-based load balancing algorithms redistribute tasks dynamically according to real-time energy usage
data, preventing server overloads and optimizing energy utilization [41].

Al scheduling algorithms utilize historical and real-time monitoring to assign jobs according to energy
efficiency criteria, considering workload characteristics to find optimal execution times and resources.

Deep reinforcement learning models dynamically control task scheduling to coincide with periods of
lower energy demand, reducing both consumption and operational costs [42].

Cooling System Optimization

Given that cooling represents a sizeable portion of data center energy use, Al and ML applications in this
domain are critical:

Reviews of Al-driven cooling methods emphasize predictive capabilities to anticipate temperature
changes and adapt cooling systems, reducing energy consumption while maintaining performance [43].

Energy-efficient Al-driven cooling systems model thermal dynamics and adjust settings in real time,
balancing energy savings with equipment safety.

Reinforcement learning approaches optimize cooling parameters by responding to workload intensity and
environmental factors, minimizing energy use during low utilization intervals.

Energy-Aware Algorithms

Several research efforts focus on designing algorithms specifically tailored to minimize energy usage
during core cloud operations:

Novel energy-aware task allocation and scheduling algorithms have demonstrated significant reductions
in power consumption without degrading service quality.

Optimization-based Al approaches have been developed to minimize total energy consumption in cloud
environments, effectively integrating with scheduling and resource management systems [44].

Using ML combined with optimization techniques, energy-efficient algorithms adapt dynamically to
workload fluctuations and variable energy grid conditions.

Al for Renewable Energy Integration

Maximizing the use of renewable sources in cloud data centers is another growing research avenue:

Studies exploring AI’s role in renewable energy integration use predictive models of solar and wind
availability to adjust resource allocation and scheduling, reducing reliance on fossil fuels [45].

Approaches that schedule workloads to align with periods of abundant renewable energy availability have
shown promise in improving cloud sustainability.
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FIGURE 2: Overview of machine learning (ML) and Al-based approaches
for improving energy efficiency in cloud and data center environments,
including resource allocation optimization, predictive maintenance, load
balancing and scheduling, cooling system optimization, energy-aware
algorithms, and renewable energy integration.

Figure 2 shows how ML- and Al-based methods are employed in virtual machine management

including resource allocation, load balancing, predictive maintenance, cooling optimization, energy-
aware algorithms, and renewable integration. The adjacent references reflect the most important studies
in support of each choice.

Figure 2 also presents a structured classification of how ML and Al techniques are applied to optimize
energy consumption in cloud data centers. The central yellow circle represents the overall domain of
ML/Al-based approaches, while the surrounding grey boxes depict six major functional categories:
resource allocation optimization, predictive maintenance, load balancing and scheduling optimization,
cooling system optimization, energy-aware algorithms, and Al-enabled renewable energy integration.
Each category is supported by representative studies listed on the left and right sides, demonstrating how
prior research has contributed to specific aspects of energy efficiency - for example, resource allocation
methods that improve server utilization, predictive maintenance models that detect faults early,
intelligent schedulers that reduce peak energy use, Al-driven cooling techniques that enhance HVAC
efficiency, and renewable integration methods that align workloads with green energy availability.
Collectively, the figure illustrates that Al and ML support energy optimization across multiple layers of
cloud operations, forming a comprehensive framework validated by diverse empirical studies.
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Cloud workload
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Cloud computing
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Cloud computing
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Experiment
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Cloud
computing
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Cloud
computing
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Cloud
environment
simulation

Cloud data
center

simulation

Cloud data
center
environment

Cloud
infrastructure
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Kubernetes
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simulation

Objective/Work
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resource allocation
using predictive
models

Predictive
maintenance to
prevent equipment
failure and reduce
energy waste

Predictive
maintenance for
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Al-based load
balancing for
energy
optimization

Task scheduling
based on energy
efficiency and
performance

Development of
energy-efficient
algorithms using
ML for task

scheduling

Optimizing cloud
resource
scheduling and
management with
ML

Estimating energy
consumption using
ML models for
energy
optimization

Performance
Metrics

Energy
consumption,
resource
utilization

Energy
consumption,
failure
prediction
accuracy

Power
consumption
anomalies,
maintenance
accuracy

Energy
usage, task
completion
time

Energy
consumption,
task
processing
time

Energy
consumption,
workload
completion
time

Resource
utilization,
energy
consumption

Prediction
accuracy,
energy
consumption

Outcome

More accurate
resource
allocation,
reduced energy
usage

Reduced
downtime and
energy waste
due to predictive
maintenance

Early detection
of power
irregularities

Improved load
distribution,
lower energy
usage

Optimized
energy
consumption
with efficient
scheduling

Energy-efficient
scheduling with
minimal power

usage

Improved
system
performance,
optimized
energy
consumption

Accurate energy
predictions with
reduced
consumption

Future Scope

Incorporating
real-time data
and adaptive
learning models

Enhancing model
accuracy for
more complex
hardware

systems

Focus on
scalability to
large-scale cloud
systems

Further
application to
multi-cloud and
hybrid cloud
environments

Expand to
handle dynamic
workloads in
large-scale cloud
environments

Scalability to
large-scale cloud
systems with
complex
workloads

Integration with
cloud
orchestration
platforms for
better scalability

Future
integration with
more complex
hybrid systems

TABLE 1: The latest research related to ML-based approaches for optimizing energy utilization in
cloud environments.

Al — Artificial Intelligence, LSTM — Long Short-Term Memory

Table I shows that studies applying ML encompass supervised learning, deep learning, energy-efficient
algorithms, and optimization techniques focused on predicting, managing, and reducing energy
consumption within cloud environments.
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consumption,
5) [14] System simulation with infrastructure  using Al to reduce i £ consumption in environments
coolin
Optimization cooling systems simulation energy g cooling systems and real-time
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consumption adjustments
. Further
o Energy Energy savings L
Cloud data center  Cloud Optimization of . . ) optimization for
. X . . consumption, through intelligent .
6 [15] RL with cooling infrastructure  cooling parameters K i variable data
. i . cooling cooling
systems simulation using RL . center
efficiency management .
environments
Cloud L Effective Future work
i Optimizing energy Energy . ) X
Al-based Cloud data center  environment i . integration of could involve
. . usage with consumption, X
7 [16] Renewable Energy  with renewable with renewable energy  extending to
. renewable energy renewable . .
Integration energy sources renewable . . . into cloud data multi-source
. . integration using Al energy usage
integration centers energy models
Improved use of
i Energy Further research
. Managing energy . renewable o K
Al-Powered Cloud computing . ) . consumption, . into integrating
Hybrid cloud  consumption using energy, reduction .
8 [11] Energy and renewable i K renewable . hybrid cloud and
environment Al with renewable in non-renewable
Management energy datasets . i energy renewable
energy integration o energy
utilization energy systems

consumption

TABLE 2: The latest research related to Al for optimizing energy utilization in cloud environments.

Table 2 shows that Al research emphasizes reinforcement learning, deep reinforcement learning, and Al-
driven optimization strategies aimed at enhancing energy-efficient task scheduling, cooling mechanisms,
and the integration of renewable energy sources into cloud infrastructures.

These classifications clearly illustrate how ML and Al collectively address energy optimization challenges
in cloud computing. ML contributes robust predictive modeling and scheduling capabilities, while AI-
driven approaches excel in dynamic optimization and energy-aware decision-making through
reinforcement learning.

A synthesis and analysis of these research contributions, organized in a comprehensive table, detail each
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study’s authorship, methodological approach, experimental setup, and obtained results. Spanning several
years with the most recent publications up to 2024, this collection offers a thorough representation of
both interest and development trends in the field. This study concludes that ML-based approaches
significantly enhance energy reduction while maintaining service-level agreement compliance in cloud
and edge computing environments, offering a sustainable path for future large-scale deployments [49].

Collectively, these works form a rapidly expanding knowledge base leveraging Al and ML to tackle energy
efficiency challenges in cloud data centers. The future trajectory of this research emphasizes the
incorporation of real-time data, scalable solutions for large infrastructures, and the advancement of Al
models with greater adaptability to the inherently dynamic nature of cloud environments. The referenced
studies provide foundational insights into effective methodologies and outcomes, serving as valuable
guidance for future investigations in this evolving domain.

Energy Consumption of Benchmark Comparison (ML and AI Algorithms)
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No.

Reference Algorithm/Method

2 Reinforcement
Learning

Deep
[9] Reinforcement
Learning

Machine Learning

4] o)

[71 Deep Learning

ML-based Load

[8] )
Balancing

Al-based
[8] Scheduling
Algorithm

[15] Energy-Efficient
Algorithms

[17] ML Optimization

18] LSTM and
Gradient Boosting
Deep

[12] Reinforcement
Learning

6] Al-based Cooling
Optimization

[17] Al-based Cooling
Optimization

Reinforcement
[23] )
Learning

Al-based
[14] Renewable Energy
Integration

Al-Powered
[24] Energy
Management

Energy

Benchmark X

. Reduction
Algorithm

(%)
Traditional
heuristic-based 18%
scheduling
Greedy task
i 22%

scheduling
Non-ML-based
predictive 12%
maintenance
Non-ML
maintenance 16%
methods
Static load

. X 14%
balancing strategies
First-come-first-

. 20%
serve scheduling
Traditional energy
management 18%
systems
Conventional
resource allocation  15%
methods
Energy estimation
using heuristic 17%
models
Greedy-based VM

i 28%
allocation
Traditional cooling
. 32%
strategies
Standard cooling
i 35%
algorithms
Conventional
cooling 24%
management
Non-Al-based
renewable energy 12%
management
Manual ener:
e 14%

management

Outcome

Improved dynamic resource allocation,
optimized energy usage in cloud
environments

Significant reduction in energy
consumption by optimizing VM allocation

Energy-efficient predictive maintenance
reducing equipment failure

Early detection of power consumption
anomalies, reduced downtime

Improved energy efficiency through
dynamic load balancing in the cloud

Optimized task scheduling with energy-
efficient strategies

Energy-efficient scheduling with minimal
power usage in cloud systems

Optimized cloud resource scheduling and
energy consumption

Accurate energy predictions, reduced
energy consumption

Significant energy reduction by optimizing
virtual machine placement

Optimized cooling system usage, reducing
overall energy consumption

Significant reduction in cooling energy
consumption

Efficient cooling management with
reinforcement Learning-based
optimization

Improved integration of renewable energy
with Al, reducing non-renewable energy
consumption

Optimized energy consumption with Al
and renewable energy sources

Future Scope

Further integration with multi-
tenant systems and more
complex workloads

Extend to hybrid cloud
environments with diverse
workloads

Enhance accuracy with more
complex cloud systems

Focus on scalability to large-
scale cloud systems

Expand to multi-cloud and hybrid
cloud environments

Handle dynamic workloads in
large-scale cloud environments

Scalability to large-scale
systems with complex workloads

Integration with orchestration
platforms for better scalability

Future integration with more
complex hybrid systems

Adaptation to multi-tenant and
hybrid cloud scenarios

Integration with real-time
adjustments based on Al models

Extend to hybrid cloud
environments and real-time
cooling adjustments

Further optimization for variable
data center environments

Future work could explore multi-
source energy models

Research into integrating hybrid
cloud and renewable energy
systems

TABLE 3: Comparision table for energy consumption of benchmark comparison (ML and Al
algorithms).

Al — Artificial Intelligence, LSTM — Long Short-Term Memory, VM — Virtual Machine

Table 5 compares ML and Al algorithms against traditional benchmark methods for energy management
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in cloud systems, showing energy reductions ranging from 12% to 35%. The outcomes highlight
improvements in resource allocation, load balancing, scheduling, cooling, and renewable energy
integration, with future scope focusing on scalability, hybrid cloud adaptation, and real-time
optimization.

Energy Reduction by Method and Year

LSTM and Gradient Boosting

Machine Learning Optimization

Energy-Efficient Algorithms

Al-Powered Energy Management

Al-based Renewable Energy Integration

Machine Learning-based Load Balancing

w
-]
<1
S
§ Al-based Cooling Optimization 32% 5%

Deep Learning (DL)

Deep Reinforcement Learning (DRL) 2% 28%

Al-based Scheduling Algorithm

Machine Learning (ML) 12%

Reinforcement Learning (RL) 18%

0 L} 10 15 20 25 30 35
Energy Reduction (%)
FIGURE 3: Energy efficiency of machine learning methods in
comparison to a benchmark.

Al — Artificial Intelligence, LSTM — Long Short-Term Memory

Figure 3 contrasts the energy efficiency rate for multiple ML and Al methods, indicating that Al-based
cooling optimization (32%) and deep reinforcement learning (22%) can achieve the most savings, where as
primitive ML and renewable energy integration are able to reach slightly lower savings (~12%). It serves to
compare the effectiveness with which some optimization algorithms save energy in a cloud system.

Energy Reduction Distribution by Classifiers

Al-based Renewable Energy Integration

Al-Powered Energy Management

Al-based Cooling Optimization
Reinforcement Learning (RL)

Deep Reinforcement Learning (DRL) LSTM and Gradient Boosting

Machine Learning (ML) Energy-Efficient Algorithms

Deep Leaming (DL) Al-based Scheduling Algorithm

Machine Learning-based Load Balancing

FIGURE 4: Displays the distribution of energy reduction percentages
among the classifiers.

Al — Artificial Intelligence, LSTM — Long Short-Term Memory

Figure 4 illustrates the proportionate energy reduction across classifiers, showing which ones contribute
the most to energy efficiency in cloud systems.
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Energy Reduction Trend Across Different Classifiers
35}

30t

25¢

Energy Reduction (%)

Reinforcement Learning (RL) |-

Deep Reinforcement Learning (DRL) |-
Machine Learning (ML) |-

Deep Learning (DL) |

Machine Learning-based Load Balancing |-
Al-based Scheduling Algorithm |
Energy-Efficient Algorithms |-

LSTM and Gradient Boosting |-

Al-based Cooling Optimization |

Al-based Renewable Energy Integration |-
Al-Powered Energy Management |-

Classifiers

FIGURE 5: Shows the trend of energy reduction across the different
classifiers.

Al — Artificial Intelligence, LSTM — Long Short-Term Memory

Figure 5 demonstrates the variation in energy reduction across classifiers, revealing any trends or
fluctuations in their performance.

Energy Reduction by Year and Algorithm Type (Stacked)

100 Algorithm
Al-Powered Energy Management
Al-based Cooling Optimization
Al-based Renewable Energy Integration
Al-based Scheduling

DL

DRL

Energy-Efficient Algorithms
LSTM and Gradient Boosting

ML

ML Optimization

ML-based Load Balancing

RL

80

goooppunnnn

Energy Reduction (%)

2019 2020 2021 2022 2024
Year

FIGURE 6: A stacked bar chart visualizing energy reduction by year for
each algorithm.

Al — Artificial Intelligence, DL — Deep Learning, DRL — Deep Reinforcement Learning, LSTM — Long Short-Term
Memory, ML — Machine Learning, RL — Reinforcement Learning

Figure 6 breaks down energy reduction contributions by algorithm and year, allowing a comparative view
of how different algorithms performed in various years, and how their respective energy-saving
contributions have changed or stabilized over time.
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Cumulative Energy Reduction by Year
100

90
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Cumulative Energy Reduction (%)
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Year

FIGURE 7: A line graph displaying the cumulative energy reduction over
the years.

Figure 7 demonstrates the cumulative energy reduction across the years, emphasizing the growth in
energy savings over time, while also indicating whether certain years experienced more significant
reductions than others, reflecting the impact of evolving algorithms or methods.

The evaluation of energy consumption reduction achieved by various ML and Al algorithms reveals
substantial improvements in optimizing energy usage across cloud environments. A comparative analysis
highlights the efficacy of these approaches across multiple benchmarks.

The evaluation of various ML and Al algorithms for energy consumption reduction in cloud environments
reveals significant improvements. Comparative analysis demonstrates the efficacy of these approaches
across multiple benchmarks, showing substantial energy savings.

Reinforcement learning achieves a 10-20% reduction in energy consumption compared to traditional
heuristic methods, primarily due to real-time dynamic resource reallocation. Deep reinforcement learning
further improves this by 15-25%, optimizing virtual machine allocation.

Predictive maintenance techniques also contribute to energy efficiency. ML-based model for predicting
equipment failure results in an 8-15% reduction [2,5,19,20], while deep learning to detect power
anomalies reduces energy consumption by 12-18% [8].

In resource scheduling and load balancing, Al-driven strategies outperform traditional methods. Al-based
load balancing reduces energy use by 10-15%, while Al scheduling algorithms achieve 18-22% savings
compared to conventional first-come-first-served scheduling.

Cooling system optimization with AI-enabled algorithms reduces cooling energy consumption by 25-35%,
with some methods achieving up to 30-40% energy savings, highlighting AI's crucial role in minimizing
data center cooling energy use.

The integration of Al with renewable energy management contributes to energy savings of 10-20% by
maximizing renewable energy usage and reducing reliance on non-renewable sources, thus enhancing
cloud data center sustainability.

Advanced ML models like Long Short-Term Memory and Gradient Boosting optimize energy consumption,
achieving reductions of 12-20% and 15-20%, respectively, showcasing the predictive power of ML in
energy management.

In summary, ML and Al consistently outperform traditional methods, achieving energy reductions ranging
from 8% to 40% across different applications. Future advancements may focus on real-time data
integration, adaptive learning models, and incorporating multiple energy sources to further improve
optimization and sustainability.
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Methodology for study selection

The studies included in this review were selected based on specific inclusion and exclusion criteria. This
review followed a structured and transparent methodology to ensure rigor and reproducibility.

Research Questions

The study was guided by four questions:

RQ1: Which AI/ML techniques are used for energy optimization in cloud data centers?

RQ2: What levels of energy reduction do these techniques achieve compared to traditional methods?
RQ3: What limitations and practical challenges are reported?

RQ4: What research gaps remain for future investigation?

Inclusion Criteria

1) Studies must focus on Al or ML techniques aimed at optimizing energy consumption in cloud
environments. 2) Studies published in peer-reviewed journals or conference proceedings in the past five
years (2018-2025) were prioritized to ensure the review's relevance and timeliness. 3) Studies that report
empirical results on the effectiveness of Al and ML in cloud energy optimization were included.

Exclusion Criteria

1) Studies that do not focus on energy optimization or AI/ML techniques were excluded. 2) Articles that
were not peer-reviewed or lacked sufficient methodological detail were omitted. 3) Non-English language
publications were excluded due to translation limitations.

Search Strategy

A comprehensive search was conducted using academic databases such as IEEE Xplore, Google Scholar,
and SpringerLink. Search terms included “energy optimization,” “machine learning,” “artificial
intelligence,” “cloud computing,” and “data center energy management.” The search covered publications
from 2018 to 2025, ensuring that the most recent advancements in the field were reviewed.

9 &

Quality Assessment

Each study was evaluated based on methodological clarity, dataset suitability, validity of results, relevance
to research questions, and discussion of limitations.

Data Extraction and Synthesis

Key information was extracted from each study, including the AI/ML technique used, experimental setup,
benchmark comparisons, and reported energy savings. Findings were synthesized using narrative analysis
supported by comparative tables and figures to identify trends, performance ranges, and research gaps.

Conclusions

This research explored different ways to manage resources efficiently in cloud and edge computing,
focusing primarily on the role that ML plays in optimizing energy use. Our findings indicate that by
leveraging intelligent workload predictions and adaptive VM placement, systems can drastically cut power
consumption without sacrificing service-level agreements. When measured against older, heuristic-based
techniques, these ML-driven models consistently improved hardware utilization and prevented system
bottlenecks, making them a more robust choice for modern, large-scale digital infrastructures.

However, moving toward fully autonomous data centers requires overcoming hurdles related to model
scalability and the heavy computational costs of real-time processing. Looking ahead, the industry must
shift toward hybrid frameworks that pair predictive learning with lightweight control systems, while also
focusing on carbon-aware scheduling and transparent, explainable Al. Bridging these gaps through real-
world testing and unified benchmarking will be essential for creating the sustainable, self-managing cloud
ecosystems that future applications demand.

Additional Information
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