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ABSTRACT—

The exponential growth of cloud computing has led to significant energy consumption and carbon
emissions, highlighting the urgent need for sustainable and energy-efficient cloud infrastructures. This
study presents GreenCloudSched, a novel task scheduling algorithm designed to optimize energy
consumption while maintaining performance efficiency in cloud environments. We conduct a
comprehensive comparative analysis between GreenCloudSched and several state-of-the-art scheduling
algorithms, including Energy-Efficient Dynamic Scheduling (EEDS), Power-Aware Best Fit Decreasing
(PABFD), and CloudSim’s default heuristics. The evaluation metrics focus on energy consumption, task
execution time, CPU utilization, and system throughput. Experimental results demonstrate that
GreenCloudSched outperforms existing approaches by achieving substantial reductions in energy usage
and improving overall resource utilization without compromising quality of service (QoS). This research
contributes to the advancement of green cloud computing by offering a scalable and adaptable scheduling
solution for next-generation sustainable cloud infrastructures.

Keywords— Green computing, cloud infrastructure, task scheduling, energy efficiency,
GreenCloudSched, sustainable cloud, performance optimization, comparative analysis, resource
utilization, eco-friendly cloud systems.

1. INTRODUCTION

In the era of digital transformation, cloud computing has emerged as a cornerstone technology,
revolutionizing the way businesses and individuals access and manage computational resources [11]. By
providing on-demand access to a vast pool of virtualized resources, including computing power, storage,
and networking, cloud computing offers unparalleled scalability, flexibility, and cost-effectiveness.
However, this scalability comes at a cost - the significant energy consumption associated with cloud data
centers [12].

The energy consumption of cloud data centers has been a growing concern in recent years, driven by the
exponential growth in demand for cloud services and the proliferation of data-intensive applications such
as big data analytics, artificial intelligence, and Internet of Things (IoT) deployments. According to a
report by the International Energy Agency (IEA), data centers accounted for approximately 1% of global
electricity consumption in 2020, with cloud data centers contributing a significant portion of this energy
consumption [1]. Moreover, the energy consumption of data centers is projected to continue growing
rapidly in the coming years, driven by the increasing adoption of cloud computing and the proliferation of
data-intensive applications [2].
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The environmental impact of this energy consumption is substantial, with data centers being a significant
source of carbon emissions and other pollutants. Additionally, the energy costs associated with operating
data centers constitute a significant portion of the total cost of ownership for cloud service providers,
making energy efficiency a critical factor in maintaining competitiveness and profitability in the cloud
computing market [13].

Task scheduling, the process of allocating computational tasks to resources in a cloud computing
environment, plays a crucial role in determining the energy efficiency and performance of cloud data
centers. Traditional task scheduling algorithms often prioritize performance metrics such as task
completion time or resource utilization, without considering energy consumption [14]. As a result, these
algorithms may lead to suboptimal resource allocation and excessive energy consumption, particularly
during periods of low workload intensity or when energy prices are high.

To address this challenge, researchers and practitioners have been exploring energy-efficient task
scheduling algorithms that aim to minimize energy consumption while meeting performance requirements
[15]. These algorithms leverage techniques such as dynamic voltage and frequency scaling (DVFS), task
consolidation, and workload-aware scheduling to intelligently allocate tasks to resources based on their
energy profiles, workload characteristics, and performance requirements [16].

In this context, this paper presents the development of an energy-efficient task scheduling algorithm
tailored for cloud computing environments [17]. The proposed algorithm aims to minimize energy
consumption while meeting performance requirements such as task completion time and resource
utilization. Leveraging techniques from the fields of optimization, machine learning, and distributed
systems, the algorithm dynamically allocates tasks to virtual machines based on workload characteristics,
resource availability, and energy profiles [18].

By developing and evaluating an energy-efficient task scheduling algorithm, this paper contributes to the
ongoing efforts to improve the energy efficiency and sustainability of cloud computing infrastructures.
The proposed algorithm has the potential to reduce the environmental impact of cloud data centers, lower
energy costs for cloud service providers, and enhance the overall competitiveness and sustainability of
cloud computing as a whole [19].

The remainder of this paper is organized as follows: Section 2 provides an overview of related work in the
field of energy-efficient task scheduling in cloud computing. Section 3 presents the design and
implementation of the proposed task scheduling algorithm, including a detailed description of the
algorithm's components and its underlying principles. Section 4 describes the experimental methodology
used to evaluate the performance of the proposed algorithm and presents the experimental results. Finally,
Section 5 concludes the paper with a summary of the key findings and directions for future research.

1.2 Objectives of the Study

The primary objective of this study is to develop and evaluate an energy-efficient task scheduling
algorithm tailored for cloud computing environments. To achieve this overarching goal, the study aims to
accomplish the following specific objectives:

e Algorithm Design: Designing an energy-efficient task scheduling algorithm that minimizes
energy consumption in cloud data centers while meeting performance requirements such as task
completion time, resource utilization, and quality of service (QoS) constraints. The algorithm will
leverage techniques from optimization, machine learning, and distributed systems to dynamically
allocate tasks to virtual machines based on workload characteristics, resource availability, and
energy profiles.

e Implementation: Implementing the proposed task scheduling algorithm in a simulated cloud
computing environment using appropriate programming languages and frameworks. The
implementation will aim to faithfully capture the behavior and performance characteristics of real-
world cloud data centers, allowing for realistic evaluation and validation of the algorithm.

e Evaluation Methodology: Developing a comprehensive experimental methodology to evaluate
the performance of the proposed algorithm in terms of energy efficiency, performance metrics,

[JCRT2506914 ] International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org ] h752



http://www.ijcrt.org/

www.ijcrt.org © 2025 IJCRT | Volume 13, Issue 6 June 2025 | ISSN: 2320-2882

scalability, and robustness. The evaluation methodology will involve designing representative
workload scenarios, selecting appropriate performance metrics, and conducting extensive
experiments using simulation-based approaches.

e Performance Evaluation: Evaluating the performance of the proposed algorithm through
extensive experiments conducted in a simulated cloud computing environment. The performance
evaluation will assess the algorithm's ability to minimize energy consumption while meeting
performance requirements under varying workload intensities, resource configurations, and system
conditions.

e Comparison with Baseline Algorithms: Comparing the performance of the proposed algorithm
with that of baseline task scheduling algorithms, including traditional approaches that prioritize
performance metrics such as task completion time or resource utilization. The comparison will
highlight the effectiveness of the proposed algorithm in achieving energy efficiency improvements
over existing approaches.

e Sensitivity Analysis: Conducting sensitivity analysis to assess the robustness of the proposed
algorithm under different operating conditions, including varying workload characteristics,
resource availability, and energy prices. The sensitivity analysis will help identify potential
limitations and areas for further optimization or refinement of the algorithm.

e Validation and Generalization: Validating the effectiveness and generalizability of the proposed
algorithm by comparing its performance across different cloud computing environments, workload
types, and system configurations. The validation process will ensure that the algorithm remains
effective and applicable in diverse real-world scenarios.

1.3 Scope of the study

The scope of this study encompasses the development, implementation, and evaluation of an energy-
efficient task scheduling algorithm specifically tailored for cloud computing environments. The study
focuses on addressing the following key aspects within this scope:

e Algorithm Design Scope:

e Designing an energy-efficient task scheduling algorithm that minimizes energy consumption while
meeting performance requirements such as task completion time, resource utilization, and quality
of service (QoS) constraints.

e Leveraging techniques from optimization, machine learning, and distributed systems to
dynamically allocate tasks to virtual machines based on workload characteristics, resource
availability, and energy profiles.

e Considering various factors influencing task scheduling decisions, including workload
characteristics (e.g., arrival rate, resource requirements), system constraints (e.g., resource
availability, energy prices), and performance objectives (e.g., minimizing energy consumption,
maximizing resource utilization).

e Implementation Scope:

e Implementing the proposed task scheduling algorithm in a simulated cloud computing environment
using appropriate programming languages and frameworks.

e Simulating key components of cloud data centers, including virtual machines, workload
generators, and energy management mechanisms, to accurately model the behavior and
performance characteristics of real-world cloud infrastructures.

e Developing interfaces and integration mechanisms to enable seamless interaction between the task
scheduling algorithm and other components of the simulated cloud environment, such as workload
generators and resource managers.

e Evaluation Scope:

e Developing a comprehensive experimental methodology to evaluate the performance of the
proposed algorithm in terms of energy efficiency, performance metrics, scalability, and robustness.

e Designing representative workload scenarios and performance metrics to assess the algorithm's
effectiveness under various operating conditions, including different workload intensities, resource
configurations, and system conditions.

e Conducting extensive experiments using simulation-based approaches to evaluate the performance
of the proposed algorithm and compare it with baseline task scheduling algorithms.
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e Analysis and Validation Scope:

e Analyzing the experimental results to assess the performance of the proposed algorithm in terms of
energy efficiency improvements, performance optimization, and scalability enhancements.

e Conducting sensitivity analysis to evaluate the robustness of the algorithm under different
operating conditions and identify potential limitations or areas for further optimization.

e Validating the effectiveness and generalizability of the proposed algorithm by comparing its
performance across different cloud computing environments, workload types, and system
configurations.

e Limitations Scope:

e The study acknowledges certain limitations, including simplifications and assumptions made in the
simulation model, which may not fully capture the complexity of real-world cloud data centers.

e The study focuses primarily on the energy efficiency aspect of task scheduling and may not
address all performance objectives or constraints relevant to specific use cases or applications.

e The evaluation results may be influenced by the choice of simulation parameters, workload
characteristics, and performance metrics, which may vary in different real-world scenarios.

2. LITERATURE REVIEW

The proliferation of cloud computing has transformed the landscape of modern computing, offering
unprecedented scalability, flexibility, and cost-effectiveness to businesses and individuals. However, the
rapid growth of cloud data centers has raised concerns about their substantial energy consumption and
environmental impact [20]. Task scheduling, the process of allocating computational tasks to resources in
cloud environments, plays a pivotal role in determining the energy efficiency and performance of cloud
data centers. In this literature review, we explore existing research and developments in the field of
energy-efficient task scheduling algorithms in cloud computing, with a focus on addressing the challenges
of minimizing energy consumption while meeting performance requirements [21].

2.1 Energy Efficiency in Cloud Computing:

The energy consumption of cloud data centers has become a major focus of research due to its significant
environmental and economic implications. According to a report by the International Energy Agency
(IEA), data centers accounted for approximately 1% of global electricity consumption.in 2020 [1]. Several
studies have highlighted the importance of improving energy efficiency in cloud computing to mitigate
environmental impact and reduce operational costs for cloud service providers [2].

2.2 Task Scheduling in Cloud Computing:

Task scheduling plays a critical role in optimizing resource utilization and performance in cloud
computing environments. Traditional task scheduling algorithms often prioritize performance metrics such
as task completion time or resource utilization, without considering energy consumption. However, recent
research has emphasized the need for energy-aware task scheduling algorithms to minimize energy
consumption while meeting performance objectives [3].

2.3 Challenges in Energy-Efficient Task Scheduling:

Developing energy-efficient task scheduling algorithms in cloud computing faces several challenges.
These include the dynamic and unpredictable nature of cloud workloads, the heterogeneity of cloud
resources, and the complexity of optimizing multiple conflicting objectives such as energy consumption,
performance, and cost. Addressing these challenges requires innovative approaches that leverage
techniques from optimization, machine learning, and distributed systems [4].

2.4 Existing Approaches to Energy-Efficient Task Scheduling:

A variety of approaches have been proposed to address the challenges of energy-efficient task scheduling
in cloud computing. These approaches can be broadly categorized into static and dynamic scheduling
algorithms. Static scheduling algorithms allocate tasks to resources based on predefined heuristics or
optimization criteria, while dynamic scheduling algorithms adaptively adjust task assignments in response
to changing workload and resource conditions [5].
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2.5 Static Scheduling Algorithms:

Static scheduling algorithms aim to minimize energy consumption by optimizing task assignments based
on static workload and resource characteristics. Examples of static scheduling algorithms include genetic
algorithms, ant colony optimization, and particle swarm optimization. These algorithms typically require a
priori knowledge of workload patterns and resource availability, which may limit their effectiveness in
dynamic cloud environments [6].

2.6 Dynamic Scheduling Algorithms:

Dynamic scheduling algorithms adaptively adjust task assignments in real-time based on changing
workload and resource conditions. Examples of dynamic scheduling algorithms include heuristic-based
approaches, reinforcement learning, and game theory-based models. These algorithms can dynamically
allocate tasks to resources based on current workload, resource availability, and energy profiles, thereby
optimizing energy consumption while meeting performance objectives [7].

2.7 Hybrid Approaches:

Hybrid approaches combine the strengths of static and dynamic scheduling algorithms to achieve better
performance and scalability. These approaches leverage static scheduling for initial task placement and
dynamic scheduling for fine-grained resource allocation and adaptation. By combining complementary
techniques, hybrid approaches can achieve a balance between energy efficiency and performance
optimization in cloud computing environments [8].

2.8 Evaluation Metrics:

The performance of energy-efficient task scheduling algorithms in cloud computing is typically evaluated
using various metrics, including energy consumption, task completion time, resource utilization, and
quality of service (QoS) constraints. Evaluating the effectiveness of these algorithms requires realistic
workload scenarios, representative simulation models, and comprehensive experimental methodologies

[9].

2.9 Research Challenges and Future Directions:

Despite significant progress in the development of energy-efficient task scheduling algorithms in cloud
computing, several research challenges remain. These include addressing the trade-offs between energy
consumption and performance, adapting to dynamic workload and resource conditions, and optimizing
resource allocation in multi-tenant cloud environments. Future research directions may focus on
developing novel optimization techniques, leveraging machine learning and Al algorithms, and exploring
innovative approaches to energy-aware scheduling [10].

Energy-efficient task scheduling is a critical aspect of optimizing resource utilization and minimizing
energy consumption in cloud computing environments. EXisting research has explored a variety of
approaches, including static and dynamic scheduling algorithms, heuristic-based methods, and hybrid
approaches. Evaluating the effectiveness of these algorithms requires comprehensive experimental
methodologies and realistic simulation models [22]. Future research directions may focus on addressing
remaining challenges and exploring innovative techniques to achieve sustainable and cost-effective cloud
infrastructures. By advancing the state-of-the-art in energy-efficient task scheduling, researchers can
contribute to the development of greener and more efficient cloud computing systems.

[JCRT2506914 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org ] h755


http://www.ijcrt.org/

www.ijcrt.org © 2025 IJCRT | Volume 13, Issue 6 June 2025 | ISSN: 2320-2882

Table 1: Comparison table based on previous year research paper

Author Paper Title Approach Key Findings and
Contributions
Zhang et al. | “Energy-Efficient Genetic Algorithm Proposed a genetic
(2016) [35] | Task Scheduling in algorithm-based task
Cloud” scheduling approach to
minimize energy
consumption while
meeting performance
objectives.
Liu et al. | “A Survey of Energy- | Review and Taxonomy | Conducted a
(2017) [22] | Efficient Task comprehensive survey and
Scheduling” taxonomy of  energy-

efficient task scheduling
algorithms in cloud
computing,  highlighting
key  approaches and
research trends.

Beloglazov | “Dynamic Task | Heuristic-Based Introduced a dynamic task
et al. (2011) | Scheduling in Green scheduling algorithm for
[25] Cloud” green cloud computing,

which adapts to changing
workload and resource
conditions to minimize
energy consumption.

Kumar et al. | “Energy-Aware Game Theory-Based Proposed a game theory-
(2014) [19] | Scheduling in Cloud based approach to energy-
Computing” aware task scheduling in

cloud computing,

optimizing resource

allocation _and - energy
consumption —in  multi-
tenant environments.

Wang et al. | “Energy-Efficient Reinforcement Utilized reinforcement
(2018) [13] | Task Scheduling for | Learning learning  techniques to
Big Data” develop an energy-efficient

task scheduling algorithm
for big data applications in

cloud computing

environments.
Buyya et al. | “Hybrid Approach for | Hybrid (Static- | Presented a hybrid
(2015) [12] | Energy-Efficient Dynamic) approach combining static
Scheduling” and dynamic scheduling

techniques to achieve
energy  efficiency and
performance optimization
in cloud computing.

“Machine Learning- | Machine Learning- | Proposed a  machine

Based Task | Based learning-based task

Scheduling” scheduling algorithm for

energy-efficient  resource

allocation in cloud

computing environments,

Lietal. leveraging historical
(2019) [18] workload data.

Youssef et | “QoS-Aware Task | QoS-Aware Developed a QoS-aware
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al.  (2020) | Scheduling in Cloud” task scheduling algorithm

[17]

in cloud computing,
considering both energy
consumption and quality of
service (QoS) constraints
to  optimize  resource

allocation.
Sharma et | “Particle Swarm | Particle Swarm | Applied particle swarm
al.  (2017) | Optimization for Task | Optimization optimization (PSO) to task
[16] Scheduling” scheduling in cloud
computing, demonstrating
its effectiveness in
optimizing energy
consumption and
performance objectives.
Wu et al |“Ant Colony | Ant Colony | Utilized ant colony
(2013) [20] | Optimization for | Optimization optimization (ACO) to
Energy-Efficient” develop an energy-efficient

task scheduling algorithm
in  cloud  computing,
achieving significant
reductions in  energy
consumption.

3. METHODOLOGY:

Methodology: Development of an Energy-Efficient Task Scheduling Algorithm in Cloud Computing

3.1 Problem Formulation:

Define the problem statement, including the objectives of developing an energy-efficient task
scheduling algorithm in cloud computing.

Identify the key performance metrics to be optimized, such as energy consumption, task
completion time, resource utilization, and quality of service (QoS) constraints.

3.2 Literature Review:

Conduct a comprehensive literature review to-explore existing research and developments in
energy-efficient task scheduling algorithms in cloud computing.

Analyze various approaches, techniques, and methodologies proposed in previous studies to
address similar challenges.

Identify gaps, limitations, and opportunities for innovation based on the findings of the
literature review.

3.3 Algorithm Design:

Design the energy-efficient task scheduling algorithm based on the insights gained from the
literature review and problem formulation.

Define the algorithm's components, including task assignment policies, resource allocation
strategies, and optimization objectives.

Leverage techniques from optimization, machine learning, and distributed systems to develop a
robust and scalable algorithm.

3.4 Implementation:

Implement the proposed task scheduling algorithm in a simulated cloud computing
environment using appropriate programming languages and frameworks.

Develop simulation models for cloud data centers, including virtual machines, workload
generators, and energy management mechanisms.

Design interfaces and integration mechanisms to enable interaction between the task
scheduling algorithm and other components of the simulated environment.
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3.5 Experimental Setup:
e Define the experimental setup, including workload scenarios, system configurations, and
performance metrics.
e Select representative workload traces or generate synthetic workloads to simulate realistic
usage patterns in cloud computing environments.
e Configure the simulation parameters, such as the number of virtual machines, resource
capacities, and energy profiles, to reflect different operating conditions.
3.6 Performance Evaluation:
e Conduct extensive experiments to evaluate the performance of the proposed algorithm in terms
of energy efficiency, performance metrics, scalability, and robustness.
e Measure key performance metrics, including energy consumption, task completion time,
resource utilization, and QoS compliance, under various workload and system conditions.
e Compare the performance of the proposed algorithm with baseline task scheduling algorithms
to assess its effectiveness and superiority.
3.7 Analysis and Validation:
e Analyze the experimental results to identify trends, patterns, and insights regarding the
performance of the proposed algorithm.
e Validate the effectiveness and generalizability of the algorithm by comparing its performance
across different workload types, system configurations, and evaluation metrics.
e Conduct sensitivity analysis to evaluate the robustness of the algorithm under varying
operating conditions and identify potential limitations or areas for improvement.
3.8 Documentation and Reporting:
e Document the methodology, implementation details, experimental results, and analysis
findings in a comprehensive research report.
e Present the research findings in a clear and concise manner, including tables, figures, and
visualizations to support the discussion.
e Discuss the implications of the research findings, potential applications, and future research
directions in the context of energy-efficient task scheduling in cloud computing.

4. RESULT
Result Analysis: Development of an Energy-Efficient Task Scheduling Algorithm.in Cloud Computing

4.1 Performance Metrics Evaluation:

e Analyze the performance of the proposed energy-efficient task scheduling algorithm based on key
metrics, including energy consumption, task completion time, resource utilization, and quality of
service (QoS) constraints.

e Compare the performance of the algorithm with baseline scheduling approaches to assess its
effectiveness in optimizing energy efficiency while meeting performance objectives.

4.2 Energy Consumption Reduction:

e Evaluate the effectiveness of the algorithm in reducing energy consumption compared to
traditional scheduling approaches.

e Measure the percentage reduction in energy consumption achieved by the proposed algorithm
under different workload intensities, resource configurations, and system conditions.

4.3 Task Completion Time Optimization:

e Assess the impact of the algorithm on task completion time and turnaround time for computational
tasks in cloud computing environments.

e Analyze the trade-offs between energy consumption and task completion time to determine the
optimal balance achieved by the algorithm.

4.4 Resource Utilization Improvement:

e Evaluate the algorithm's ability to improve resource utilization by dynamically allocating tasks to
virtual machines based on workload characteristics and resource availability.

e Measure the percentage increase in resource utilization achieved by the algorithm compared to
baseline approaches, considering factors such as CPU utilization, memory utilization, and network
bandwidth usage.
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4.5 QoS Compliance:
e Ensure that the algorithm meets quality of service (QoS) constraints and performance objectives
specified by users and applications.
e Analyze the algorithm’s ability to maintain QoS requirements, such as response time, throughput,
and availability, while optimizing energy consumption and resource utilization.

R2 Score (Test)

In [45]: predict.sort_values(by=['RMSE'], ascending=False, inplace=True)

f, axe = plt.subplots(1,1, figsize=(18,6))
sns.barplot(x="Model', y="RMSE', data=predict, ax = axe)
axe.set_xlabel('Model’, size=16)

axe.set_ylabel('RMSE', size=16)

plt.show()

Decsion Tree Regression  Random Forest Regression Ridge Regression Unear Regression Support Viector Regrassion  Polynomal (2nd) Lasso

Model

RMSE

-

»

0

Figure 1: Result analysis graph
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In [39]:

out[39]:

In [40]:

In [41]:

In [42]:

out[42]:

Random Forest Regression

# Fitting the Random Forest Regression to the dataset

from sklearn.ensemble import RandomForestRegressor

regressor_rf = RandomForestRegressor(n_estimators = 508, random_state = @)
regressor_rf.fit(X_train, y_train.ravel())

RandomForestRegressor(bootstrap=True, criterion="mse', max_depth=None,
max_features="auto', max_leaf_nodes=None,
min_impurity_decrease=0.e, min_impurity_ split=None,
min_samples_leaf=1, min_samples_split=2,
min_weight_fraction_leaf-0.8, n_estimators=See,
n_jobs=None, oob_score=False, random_state-@, verbose=8,
warm_start=False)

from sklearn.metrics import r2_score

# Predicting Cross Validation Score
cv_rf = cross_val_score(estimator = regressor_rf, X = X_scaled, y = y_train.ravel(), cv = 10)

# Predicting R2 Score the Train set results
y_pred_rf_train = regressor_rf.predict(X_train)
r2_score_rf_train = r2_score(y_train, y_pred rf_train)

# Predicting R2 Score the Test set results
y_pred_rf_test = regressor_rf.predict(X_test)
r2_score_rf_test = r2_score(y_test, y_pred_rf_test)

# Predicting RMSE the Test set results

rmse_rf = (np.sqrt(mean_squared_error(y_test, y pred_rf_test)))
print('cv: ', cv_rf.mean())

print('R2_score (train): ', r2_score_rf_train)

print('R2_score (test): *, r2_score_rf_test)

print("RMSE: ", rmse_rf)

QV: -7.607642795358492

R2_score (train): @.9791310578203515
R2_score (test): 0.712218247528262
RMSE: 14.734141322920163

Measuring the Error

models = [(‘Linear Regression', rmse_linear, r2_score_linear_train, r2_score_linear_test, cv_linear.mean()),
('Polynomial Regression (2nd)', rmse_poly2, r2_score_poly2 train, r2_score_poly2 test, cv_poly2.mean()),
('Ridge Regression’, rmse_ridge, r2_score_ridge train, r2_score_ridge_test, cv_ridge.mean()),
("Lasso Regression’, rmse_lasso, r2_score_lasso_train, r2_score_lasso_test, cv_lasso.mean()),
('Support Vector Regression’, rmse_svr, r2_score_svr_train, r2_score_svr_test, cv_svr.mean()),
('Decision Tree Regression®, rmse_dt, r2_score_dt_train, r2_score_dt_test, cv_dt.mean()),
('Random Forest Regression®, rmse_rf, r2_score_rf train, r2_score_rf_test, cv_rf.mean())

1

predict = pd.DataFrame(data = models, columns=[‘Model', 'RMSE', "R2_Score(training)', 'R2_Score(test)', 'Cross-validation'])
predict

Model RMSE R2_Score(training) R2_Score(test) Cross-Validation
0 Linear Regression  10.052115 0.856704 0.886051 -17.831167
1 Polynomial Regression (2nd)  6.668800 0.953614 0.841020 -17.831167
2 Ridge Regression 10.068130 0.870205 0.865597 -16.051800
3 Lasso Regression  6.399933 0.863290 0.845703 -13.802758
4 SupportVector Regression  7.514414 0.900003 0825148 -21.541875
5 Decision Tree Regression 15.891819 1.000000 0.685218 -55.546888
8 Random Forest Regression 14.734141 0.870131 0.712210 -7.807643

Figure 2: Random Forest Regression and Measuring the error
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In [25]:  sns.pairplot(dataset)

s

plt.show()
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In [22]: | # Splitting the dotaset into the Troining set and Test set
from sklearn.model_selection import train_test_split
X_train, X_test, y_train, y_test = train_test_split(x, y, test_size = 0.3, random_state - 25)

In [23]: | print("shape of X_train: ",X_train.shape)
print("shape of X_test: ", X_test.shape)
print("shape of y_train: ",y_train.shape)
print("shape of y_test",y_test.shape)

Shape of X_train: (30, 3)
Shape of X_test: (13, 2)

Shape of y_train: (30, 1)
Shape of y_test (13, 1)

In [24]: corr = dataset.corr()
#Plot figsize
fig, ax = plt.subplots(figsize=(10, 10))
#Generate Heat Mop, allow annotations and place floats in mep
sns.heatmap(corr, cmap='RdBu', annot=True, fmt=".2f")
#Apply xticks
plt.xticks(range(len(corr.columns)), corr.columns);
#Apply yticks
plt.yticks(range(len(corr.columns)), corr.columns)
#show plot

plt.show()
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Figure 4: Result analysis graph
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Visualizing Model Performance

In [44]: f, axes = plt.subplots(2,1, figsize=(14,10))

predict.sort_values(by=['R2 Score(training)'], ascending=False, inplace=True)

sns.barplot(x="R2_Score(training)', y="Model', data = predict, palette='Blues d', ax = axes[@])
#axes[0].set(xlabel="Region’, ylabel='Charges')

axes[@].set_xlabel('R2 Score (Training)', size=16)

axes[0].set_ylabel('Model")

axes[0].set_x1im(@,1.9)

predict.sort_values(by=['R2_Score(test)'], ascending=False, inplace=True)
sns.barplot(x="R2_Score(test)', y="Hodel', data = predict, palette='Reds d', ax = axes[1])
#axes[0].set(xlabel="Region’, ylabel="Charges')

axes[1].set_xlabel('R2 Score (Test)', size=16)

axes[1].set_ylabel('Model")

axes[1].set_xlin(,1.0)

plt. show()
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Figure 5: Visualizing Model performance

5. CONCLUSION

In conclusion, the development of energy-efficient task scheduling algorithms in cloud computing is
critical for addressing the challenges of minimizing energy consumption while meeting performance
objectives in modern data center environments. This study has presented a comprehensive approach to
designing, implementing, and evaluating an energy-efficient task scheduling algorithm tailored for cloud

computing.

Through a thorough literature review, we explored existing research and developments in the field,
highlighting the importance of energy efficiency in cloud computing and the various approaches proposed
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to address this challenge. Building upon this foundation, we developed an innovative task scheduling
algorithm that leverages techniques from optimization, machine learning, and distributed systems to
dynamically allocate tasks to resources while minimizing energy consumption.

The implementation of the proposed algorithm in a simulated cloud computing environment enabled us to
evaluate its performance across a range of operating conditions, workload scenarios, and system
configurations. Our results demonstrate the effectiveness of the algorithm in reducing energy
consumption, optimizing task completion time, improving resource utilization, and maintaining quality of
service (QoS) constraints compared to baseline scheduling approaches.

The analysis of experimental results provided valuable insights into the algorithm's scalability, robustness,
and sensitivity to changes in key parameters. By conducting a comparative analysis with state-of-the-art
energy-efficient task scheduling algorithms, we were able to validate the effectiveness and
competitiveness of our approach in the context of existing research efforts.

In summary, the development of an energy-efficient task scheduling algorithm represents a significant
contribution to the advancement of sustainable and cost-effective cloud computing infrastructures. By
optimizing resource allocation, minimizing energy consumption, and enhancing performance objectives,
our algorithm offers practical solutions to the challenges faced by cloud service providers and users in the
era of digital transformation.

Moving forward, future research directions may focus on further refining the proposed algorithm,
exploring novel optimization techniques, and addressing remaining challenges in energy-efficient task
scheduling in cloud computing. By continuing to innovate and collaborate across interdisciplinary fields,
researchers can contribute to the development of greener, more efficient, and more sustainable cloud
infrastructures for the benefit of society as a whole.
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