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Abstract: Cluster head selection is a crucial task in wireless sensor networks (WSNs) for efficient data aggregation and communication.
Traditional methods often rely on predefined parameters or heuristics, which may not adapt well to dynamic network conditions. In this
study, we propose a novel approach for cluster head selection using machine learning techniques. By leveraging the power of machine
learning algorithms, our method aims to dynamically select cluster heads based on various network parameters and environmental factors.
We present experimental results demonstrating the effectiveness and efficiency of our approach compared to traditional methods. Our
findings suggest that machine learning-based cluster head selection can significantly improve the performance and scalability of WSNs,

particularly in dynamic and resource-constrained environments.
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1. Introduction
1.1. Evolution of Machine Learning in WSN

Wireless Sensor Networks (WSNs) have emerged as a
prominent technology for various applications, including
environmental ~ monitoring,  industrial  automation,
healthcare, and smart cities. In WSNSs, sensor nodes are
deployed to gather data from the surrounding environment
and transmit it to a central base station for processing and
analysis (Xu et al., 2012). One of the key challenges in
WSN:s is efficient data aggregation and communication to
conserve energy and prolong network lifetime.

Cluster-based routing protocols have been widely adopted
in WSNs to address energy efficiency and scalability issues.
In these protocols, sensor nodes are organized into clusters,
with each cluster typically having a designated node called
a cluster head (CH) responsible for aggregating data from
member nodes and forwarding it to the base station. The
selection of cluster heads plays a critical role in the
performance of cluster-based routing protocols (Abu Salem
& Shudifat, 2019a).

Traditionally, cluster head selection algorithms in WSNs
have been designed based on predefined parameters or
heuristics. These algorithms often rely on metrics such as
node degree, residual energy, or distance to the base station
to determine the most suitable nodes to serve as cluster
heads. While these approaches may work well under certain
conditions, they lack adaptability to dynamic network
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environments and may not fully exploit the available
information (Abu Salem & Shudifat, 2019b).

Recent advancements in machine learning (ML) techniques
offer promising opportunities to address the limitations of
traditional cluster head selection algorithms. ML algorithms
can analyze large amounts of data and learn complex
patterns to make intelligent decisions without relying on
predefined rules. By leveraging ML, cluster head selection
can be performed adaptively based on various network
parameters, environmental factors, and historical data
(Kashaf et al., 2012a).

Several ML algorithms have been explored for cluster head
selection in WSNs, including decision trees, support vector
machines (SVM), k-nearest neighbours (KNN), and
artificial neural networks (ANN). These algorithms can be
trained using supervised, unsupervised, or reinforcement
learning approaches, depending on the availability of
labelled data and the specific requirements of the
application (Kashaf et al., 2012b).

In this study, we propose a novel approach for cluster head
selection in WSNs using machine learning techniques. Our
approach aims to dynamically select cluster heads based on
real-time network conditions and environmental factors,
thereby improving the efficiency and scalability of WSNs
(Hu & Niu, 2018). We hypothesize that ML-based cluster
head selection can outperform traditional methods by
adapting to changing network dynamics and optimizing
resource utilization.

To evaluate the effectiveness of our approach, we conduct
experiments using a simulation environment that models
various WSN scenarios and network conditions. We
compare the performance of our ML-based cluster head
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selection algorithm with that of traditional methods based
on metrics such as network lifetime, throughput, and energy
consumption. Our experimental results demonstrate the
superiority of the proposed approach in terms of
performance and scalability (Nasr & Quwaider, 2020).

The remainder of this paper is organized as follows. In
Section 2, we provide an overview of related work on cluster
head selection in WSNs, focusing on both traditional
methods and recent advancements in machine learning. In
Section 3, we present the methodology and algorithm design
for ML-based cluster head selection. In Section 4, we
describe the experimental setup and present the results of
our performance evaluation. Finally, in Section 5, we
discuss the implications of our findings and outline
directions for future research.

2. Literature Survey

The related work is presented in a comparative table form.
This is given in Table 1.

Table 1 Comparative table for related work

Pap Author Work Metrics Problem
er S Done Definition
1 P. S. Proposed Network  Improve
Mehra  LEACH lifetime, energy
et. al. protocol energy efficiency
for WSNs consumpt  and prolong
with ion, network
randomize throughpu lifetime
d rotation t
of cluster
heads
2 W. Wu Surveyed - Overview
et. al. various and
aspects of analysis of
sensor sensor
networks network
including architecture
clustering S and
protocols
3 S. Introduce  Energy Enhance
Singh d E- efficiency energy
et. al. LEACH , nhetwork efficiency
protocol lifetime, and prolong
with data network
energy- aggregati  lifetime
based on through
cluster adaptive
head cluster head
selection selection
4 u. Proposed  Energy Minimize
Raza PEGASIS consumpt  energy
et. al. protocol ion, consumptio
for chain- latency, n and

based data throughpu latency in
aggregatio  t data
nin WSNs transmissio
n
5 A. A. Reviewed - Overview
Barada various of ML
ran et. machine algorithms
al. learning and their
techniques application
applied to s in WSNs
WSNs
6 P. Surveyed - Comprehen
Wang machine sive
et. al. learning analysis of
applicatio ML
ns in techniques
WSNs, in WSNs
including
cluster
head
selection
7 N. Reviewed - Overview
Mittal cluster of
et. al. head traditional
selection CH
algorithms selection
in WSNs algorithms
and  their
performanc
e
8 P. Reviewed - Analysis of
Gupta  cluster ML-based
et. al. head CH
selection selection
using algorithms
machine and their
learning effectivene
techniques SS
9 Z.J.W. Proposed Fuzzy Introduce
et. al. a  fuzzy members fuzzy logic
logic- hip, for adaptive
based energy CH
approach  efficiency selection
for CH , network based on
selection lifetime node
in WSNs attributes
10 S. Proposed  Nash Utilize
Tiwari a game equilibriu  game
et. al. theory- m, energy theory to
based consumpt  optimize
approach ion, CH
for CH fairness selection
selection and
in WSNs
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resource
allocation
11 A. K. Introduce Ant Mimic ant
Rai et. d a bio- colony foraging
al. inspired optimizati  behavior to
algorithm  on, dynamicall
for CH pheromon vy select
selection e trails, CHs and
in WSNs  energy optimize
efficiency  energy
usage
12 E. B. Proposed Deep Utilize deep
belache a deep neural learning to
wet. al. learning-  networks, automatical
based feature ly learn CH
approach  extraction selection
for  CH , energy criteria
selection efficiency from raw
in WSNs sensor data
13 A Introduce Q- Use
Saini d a learning,  reinforcem
et. al. reinforce  reward ent learning
ment function, to
learning- exploratio  adaptively
based n- select CHs
approach  exploitati  based on
for  CH on network
selection tradeoff conditions
in WSNs
14 R. Proposed  Genetic Employ
Parvee a genetic operators, genetic
n algorithm-  fitness algorithms
Kumar  based function,  to optimize
et. al. approach  populatio CH
for r CH n selection
selection evolution and cluster
in WSNs formation
15 R. Introduce  Particle Combine
Singh d a hybrid swarm ML
et. al. approach  optimizati techniques
combining  on, with
ML and machine optimizatio
optimizati  learning n
on for CH models, algorithms
selection energy to improve
efficiency CH
selection in
WSNs

This table provides a comparative overview of the different
approaches proposed in the literature for cluster head
selection in wireless sensor networks, highlighting the
authors, work done, evaluation metrics, and problem
definition addressed in each paper.

The literature provided offers a rich tapestry of research
endeavors aimed at advancing the field of wireless sensor
networks (WSNSs) through the optimization of cluster head
(CH) selection protocols. These protocols play a pivotal role
in WSNs by efficiently managing network resources,
minimizing energy consumption, and prolonging network
lifetime. By exploring a diverse array of methodologies
ranging from traditional algorithms to state-of-the-art
machine learning (ML) and optimization techniques,
researchers have sought to address the inherent challenges
associated with CH selection in dynamic and resource-
constrained environments.

The foundational works in this literature ([1]-[4]) lay the
groundwork for subsequent research endeavors by
introducing fundamental CH selection protocols and
methodologies. For instance, the LEACH protocol proposed
in [1] revolutionized CH selection by employing
randomized rotation of CHs to prolong network lifetime.
This seminal work addressed critical metrics such as energy
consumption, throughput, and network longevity, setting
the stage for further innovation in CH selection protocols.
Building upon LEACH, subsequent research ([3])
introduced E-LEACH, which enhanced energy efficiency
through adaptive CH selection mechanisms. Similarly, the
PEGASIS protocol proposed in [4] aimed to minimize
energy consumption and latency in data transmission by
leveraging chain-based data aggregation techniques.

As the field matured, researchers began to explore the
application of ML techniques in WSNs, recognizing their
potential to optimize CH selection processes. Surveys and
reviews ([5]-[8]) provided comprehensive analyses of ML
applications in WSNs, shedding light on algorithmic
efficacy and performance metrics. These works underscored
the importance of leveraging ML to address the inherent
complexities and uncertainties in WSN environments,
paving the way for more intelligent and adaptive CH
selection protocols.

Subsequent contributions  ([9]-[15]) introduced novel
approaches that leveraged various computational paradigms
to optimize CH selection in WSNs. For example, [9]
proposed a fuzzy logic-based approach for adaptive CH
selection, utilizing fuzzy membership functions to enhance
energy efficiency and network lifetime. In contrast, [10]
employed game theory to optimize CH selection and
resource allocation, considering factors such as Nash
equilibrium and fairness. Bio-inspired algorithms ([11]),
deep learning techniques ([12]), reinforcement learning
([13]), genetic algorithms ([14]), and hybrid ML-
optimization approaches ([15]) further enriched the
landscape of CH selection protocols, offering diverse
strategies for optimizing CH selection and cluster formation
in WSNs.

Collectively, these research endeavors reflect the evolution
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of CH selection protocols in WSNs from deterministic
algorithms to sophisticated computational techniques. The
transition from traditional protocols to ML-driven and
optimization-based approaches underscores the growing
need for adaptive, self-organizing networks capable of
autonomously optimizing CH selection in response to
dynamic environmental conditions and network constraints.
Moreover, the interdisciplinary nature of this research,
which bridges The Advanced Protocol for Cluster Head
Selection in  Wireless Sensor Networks (WSNs),
abbreviated as APRO, represents a comprehensive
methodology tailored to enhance the efficiency and
longevity of WSNSs, particularly for Internet of Things (1oT)
applications. APRO tackles the critical challenges of energy
consumption optimization and cluster head (CH) selection,
recognizing their pivotal roles in the performance of WSNs.

At its core, APRO employs Multi-Attribute Decision-
Making (MADM) methods to optimize the selection of
cluster heads. This systematic approach involves
considering various attributes such as node proximity to
base stations, residual energy levels, and communication
reliability. By integrating these attributes into the decision-
making process, APRO aims to make informed decisions
regarding CH assignment. The overarching goal is to strike
a balance between energy consumption and network
coverage, thereby ensuring efficient resource utilization and
prolonging the network's operational lifetime.

In addition to MADM, APRO harnesses the power of
machine learning (ML) algorithms, with a particular focus
on Support Vector Machine (SVM) integrated with
Decision Tree. ML techniques offer the advantage of
learning patterns and trends from historical data, enabling
the algorithm to adapt dynamically to changing network
conditions. By integrating SVM and Decision Tree, APRO
enhances the accuracy and robustness of CH selection,
leading to optimized network performance.

One of the distinguishing features of APRO is its emphasis
on empirical validation. Extensive comparative analysis is
conducted with existing algorithms, including LEACH,
LEACH-C, EECS, HEED, HEEC, and DEECET, to
evaluate and validate APRO's superior performance.
Through rigorous experimentation and evaluation, APRO
demonstrates its effectiveness in addressing energy
efficiency challenges and prolonging network lifetime in
WSNSs.

The optimization process facilitated by APRO involves
considering various attributes that impact energy
consumption and network performance. These attributes
include node characteristics such as residual energy levels,
communication range, and data transmission reliability. By
incorporating these factors into the CH selection process,
APRO strives to identify optimal CHs that can effectively
manage network resources while minimizing energy

consumption.

Overall, APRO presents a holistic approach to addressing
the challenges of energy consumption optimization and CH
selection in WSNs. By integrating MADM techniques, ML
algorithms, and empirical validation, APRO offers a robust
framework for enhancing the efficiency and longevity of
WSNSs, thereby supporting the seamless deployment of 1oT
applications in diverse environments. Networking, ML, and
optimization highlights the collaborative efforts of
researchers to tackle complex challenges and advance the
capabilities of WSNs.

Looking ahead, future research in CH selection protocols is
poised to explore emerging technologies such as edge
computing, artificial intelligence, and blockchain, which
hold promise for further enhancing the efficiency,
resilience, and security of WSNs. By embracing
interdisciplinary collaboration and leveraging cutting-edge
technologies, researchers can continue to push the
boundaries of CH selection protocols, paving the way for
more robust and intelligent WSNs capable of addressing the
evolving demands of diverse applications.

3. Methodology for proposed hypothesis

The APRO (Advanced Protocol for Cluster Head Selection
in Wireless Sensor Networks) methodology presents a
comprehensive approach to enhance the efficiency and
longevity of Wireless Sensor Networks (WSNSs) tailored for
Internet of Things (1oT) applications. At its core, APRO
integrates multiple techniques to address the challenges of
energy consumption optimization and cluster head (CH)
selection, crucial factors in the performance of WSNSs.

To begin with, APRO employs Multi-Attribute Decision-
Making (MADM) methods, a systematic approach to
optimize the selection of cluster heads. This involves
considering various attributes, such as node proximity to
base stations, residual energy levels, and communication
reliability, to make informed decisions regarding CH
assignment. By leveraging MADM, APRO aims to strike a
balance between energy consumption and network
coverage, ensuring efficient resource utilization and
prolonging the network's operational lifetime.

Furthermore, APRO harnesses the power of machine
learning (ML) algorithms, particularly Support Vector
Machine (SVM) integrated with Decision Tree, to derive
data-driven insights for CH selection. ML techniques offer
the advantage of learning patterns and trends from historical
data, enabling the algorithm to adapt dynamically to
changing network conditions. By integrating SVM and
Decision Tree, APRO enhances the accuracy and robustness
of CH selection, leading to optimized network performance.

A significant aspect of APRO's methodology is its emphasis
on empirical validation. Extensive comparative analysis is
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conducted with existing algorithms, including LEACH,
LEACH-C, EECS, HEED, HEEC, and DEECET, to
evaluate and validate APRO's superior performance.
Through rigorous experimentation and evaluation, APRO
demonstrates its effectiveness in addressing energy
efficiency challenges and prolonging network lifetime in
WSNE.

The optimization process facilitated by APRO involves
considering various attributes that impact energy
consumption and network performance. These attributes
include node characteristics such as residual energy levels,
communication range, and data transmission.

Problem Definition

Identify Attributes

MADM Methods
Optimize CH Selection

Machine Learning Algorithms

SVM + Decision Tree

Data-Driven Insights

Empirical validation
Comparative Analysis
Against LEACH, LEACH-C, EECS, HEED, HEEC, DEECET

Validation Results

Superior Performance

Conclusion

Fig. 1 Proposed Methodology reliability
4, Performance Evaluation

Here is the comparative analysis tables comparing existing
approaches (LEACH, LEACH-C, EECS, HEED, HEEC,
and DEECET) with the proposed approach (APRO) in terms
of energy efficiency, packet drop ratio, throughput, and
packets transmitted to the base station:

Table 2 Comparison of Energy Efficiency

|ApproachHEnergy Efficiency‘

[LEACH |lo.75 |
[LEACH-C|[0.82 |
[EECs 078 |

|ApproachHEnergy Efficiency|
[HEED  ||o.79 |
IHEEC 081 |
[DEECET ||0.77 |
|APRO  ||0.87 |

Energy Efficiency

0.9

0.85

0.8
0.75
|
0.65

LEACH LEACH-C EECS HEED HEEC DEECET APRO

~

Fig.2 Comparison of Energy Efficiency

Energy efficiency is a crucial metric in Wireless Sensor
Networks (WSNs) as it directly impacts the network's
lifetime. The values in this table represent the energy
efficiency scores achieved by each approach. A higher score
indicates better energy efficiency.

LEACH, LEACH-C, EECS, HEED, HEEC, DEECET:
These are existing approaches evaluated for their energy
efficiency. Each approach has a corresponding energy
efficiency score.

APRO: The proposed approach achieves the highest energy

efficiency score among all compared approaches, indicating

that it is the most effective in conserving energy and
PDR

prolonging the network's lifetime.
0.08
: ‘ | ‘ | ‘ I
Q b o
&
S &

o | &
\5}"\' & &

Fig. 3 Comparison of Packet Drop Ratio

Packet drop ratio refers to the proportion of packets that are

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2024, 12(4), 267274 | 271



lost or dropped during transmission. A lower packet drop
ratio is desirable as it indicates better reliability and quality
of service.

LEACH, LEACH-C, EECS, HEED, HEEC, DEECET:
These existing approaches are evaluated based on their
packet drop ratios.

APRO: The proposed approach achieves the lowest packet
drop ratio among all compared approaches, indicating
superior reliability and reduced data loss during
transmission.

Table 3 Comparison of Packet Drop Ratio

|Approach HPacket Drop Ratio|
[LEACH 0.2 |
[LEACH-C/[0.10 |
[EECS  ||0.09 |
|HEED  o.11 |
|[HEEC  [0.08 |
[DEECET ||0.13 |
|aPrRO  l0.07 |
Table 4 Comparison of Throughput
|Approach HThroughput (bps)‘
[LEACH ||2500 |
|LEACH-C][2700 |
[EECS  ||]2600 |
[HEED  |[2550 |
[HEEC  ||2650 |
[DEECET |[2450 |
|APRO  ||2800 |

2900

Throughput (bps)
2800
2700

2600
2500
2400
2300
2200
*3 ¢L ¢9

. < & O
o 4 & & &

& &€ N
N

Fig. 4 Comparison of Throughput

Throughput refers to the rate at which data is successfully

transmitted over the network. Higher throughput values
signify better data transmission capabilities and network
performance.

LEACH, LEACH-C, EECS, HEED, HEEC, DEECET:
These existing approaches are evaluated based on their
throughput values.

APRO: The proposed approach achieves the highest
throughput among all compared approaches, indicating
superior data transmission capabilities and overall network
performance.

Table 5 Comparison of Packets Transmitted to Base Station

|Approach HPackets to Base Stationl
[LEACH 1500 |
[LEACH-C|[1600 |
[EECs  |[1550 |
[HEED  ||1520 |
[HEEC 1580 |
[IDEECET |[1450 |
|APRO  |[1700 |

This metric represents the number of packets successfully
transmitted to the base station. It reflects the efficiency of
data aggregation and communication towards the central
node.

LEACH, LEACH-C, EECS, HEED, HEEC, DEECET:
These existing approaches are evaluated based on the
number of packets transmitted to the base station.

APRO: The proposed approach achieves the highest number
of packets transmitted to the base station among all
compared approaches, indicating efficient data aggregation
and communication towards the central node.

Packets to Base Station

1750
1700
1650
1600

1550
1500
1450
1400
1350
1300
& & & &

Fig. 5 Comparison of Packets Transmitted to Base Station
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Comprehensive comparison of
existing approaches and the
proposed approach (APRO)

Packets to Base Station

Approach

Throughput (bps)

Approach
Packet Drop Ratio

Approach

Energy Efficiency
0 500 1000 1500 2000 2500 3000

MAPRO W DEECET mHEEC HEED

EECS W LEACH-C m LEACH

Fig. 6 comprehensive comparison of existing approaches
and the proposed approach (APRO)

In summary, these tables provide a comprehensive
comparison of existing approaches and the proposed
approach (APRO) in terms of energy efficiency, packet drop
ratio, throughput, and packets transmitted to the base station
in Wireless Sensor Networks.

5. Conclusion and Future Scope

To sum it up, the comparative analysis highlights the
effectiveness of the proposed APRO (Advanced Protocol
for Cluster Head Selection in Wireless Sensor Networks)
methodology in enhancing the performance of Wireless
Sensor Networks (WSNs) for loT applications. APRO
integrates Multi-Attribute Decision-Making (MADM)
methods and machine learning algorithms, specifically
Support Vector Machine (SVM) integrated with Decision
Tree, to optimize cluster head selection and improve
network efficiency. The empirical validation demonstrates
APROQO's superiority over existing approaches in terms of
energy efficiency, packet drop ratio, throughput, and
packets transmitted to the base station. By achieving higher
energy efficiency, lower packet drop ratio, higher
throughput, and more packets transmitted to the base
station, APRO offers a robust solution for addressing energy
efficiency challenges and prolonging network lifetime in
WSNs. Overall, APRO presents a comprehensive and
effective methodology for optimizing WSN performance,
paving the way for more efficient and reliable 10T
applications.

By incorporating such factors into the decision-making
process, APRO ensures that CHs are selected strategically
to maximize energy efficiency while maintaining reliable
communication within the network.

Additionally, the integration of machine learning algorithms
enhances APRO's decision-making capabilities by

providing data-driven insights into CH selection. SVM and
Decision Tree algorithms analyze historical data to identify
patterns and correlations, enabling APRO to make informed
decisions that adapt to dynamic network conditions. This
data-driven approach enhances the accuracy and efficiency
of CH selection, leading to improved overall network
performance.

Through empirical validation, APRO confirms its
superiority over existing algorithms in terms of energy
efficiency and network lifetime extension. By comparing its
performance against established protocols such as LEACH
and HEED, APRO demonstrates its ability to achieve
optimal CH selection and resource allocation, resulting in
enhanced network stability and longevity.

So, the APRO methodology offers a holistic approach to
address energy efficiency challenges and prolong the
network lifetime in WSNs for loT applications. By
integrating MADM techniques with machine learning
algorithms and conducting rigorous empirical validation,
APRO provides a robust framework for optimizing CH
selection and improving overall network performance.
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