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Abstract

Wireless Sensor Networks (WSNs) are limited by battery energy, making energy efficiency
and network lifetime critical challenges. Clustering helps reduce communication overhead and
balance energy consumption through efficient Cluster Head (CH) management. This work
proposes PUMA-GRID, an energy-efficient protocol that combines the Puma Optimization Al-
gorithm (PUMA) for adaptive CH selection with a lightweight grid based multi-hop routing
strategy inspired by k-nearest neighbor (k-NN) logic. During clustering, PUMA selects optimal
CHs using a weighted fitness function based on residual energy, distance between nodes and
CHs, and distance between CHs and the Base Station (BS), ensuring balanced energy usage
and stable cluster formation. For routing, the sensing field is divided into grid cells where neigh-
boring CHs are selected as relays using a k-NN-inspired mechanism to construct shorter and
more energy efficient communication paths while reducing long range transmissions and com-
munication overhead. The protocol was evaluated under three BS placement scenarios: central,
edge, and external. For each scenario, optimal fitness function weights were first selected before
conducting MATLAB simulations with randomly deployed nodes in a 200 x 200 m? sensing
field containing up to 600 nodes. PUMA-GRID was then compared with LEACH, Atomic
Energy Optimization-based approaches. Simulation results show that PUMA-GRID achieves
better network lifetime, residual energy preservation, packet delivery, and communication ef-
ficiency, with approximately 35-50% improvement in network lifetime. This improvement is
achieved through the combination of adaptive PUMA based CH optimization and efficient k-
NN inspired routing, which together reduce transmission cost and balance energy consumption
across the network. Finally, the framework is mainly designed for static and homogeneous WSN
environments, leaving opportunities for future improvements under more realistic conditions.
Keywords: wireless sensor networks, lifetime, PUMA algorithm, cluster head selection, k-NN,

multi-hop communication, base station placement, weighted fitness function.
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Résumé

Les réseaux de capteurs sans fil (Wireless Sensor Networks - WSNs) sont limités par la
capacité énergétique des batteries, ce qui rend 'efficacité énergétique et la durée de vie du réseau
essentielles. Le clustering permet de réduire la surcharge de communication et d’équilibrer la
consommation d’énergie grace & une gestion efficace des tétes de cluster (Cluster Heads - CHs).
Ce travail propose PUMA-GRID, un protocole écoénergétique combinant 1’algorithme Puma
Optimization Algorithm (PUMA) pour la sélection adaptative des CHs et une stratégie de
routage multi-sauts inspirée du k-nearest neighbor (k-NN). PUMA sélectionne les CHs optimaux
a ’aide d'une fonction de fitness basée sur ’énergie résiduelle, la distance entre les noeuds et les
CHs, ainsi que la distance entre les CHs et la station de base (Base Station - BS). Le protocole
a été évalué selon trois scénarios de placement du BS (central, bordure et externe). Des poids
optimaux ont d’abord été déterminés avant de réaliser des simulations MATLAB avec des nceuds
déployés aléatoirement dans une zone de 200 x 200 m? contenant jusqu’a 600 nceuds. PUMA-
GRID a ensuite été comparé a LEACH, aux approches basées sur Atomic Energy Optimization
et aux précédents protocoles PUMA. Les résultats montrent que PUMA-GRID améliore la
durée de vie du réseau, la conservation de I’énergie et 1'efficacité des communications, avec un
gain d’environ 35-50 % grace a la combinaison de I'optimisation adaptative par PUMA et du
routage inspiré du k-NN. Enfin, le protocole est principalement congu pour des environnements
WSNss statiques et homogenes.

Mots-clés : réseaux de capteurs sans fil, durée de vie du réseau, algorithme d’optimisation
PUMA, sélection des chefs de cluster, k-plus-proches-voisins (k-NN), communication multi-

sauts, déploiement de la station de base, fonction de cotit pondéré.
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General Introduction

In a world that is increasingly connected and driven by data, it has become essential to
develop efficient technologies capable of interacting seamlessly with the physical environment.
Wireless Sensor Networks (WSNs) represent one of the most practical solutions for this purpose.
A WSN consists of numerous small, low-cost, and energy-limited sensor nodes that cooperate
to observe their surroundings and forward the collected information to a central Base Station
(BS), where it can be processed and analyzed. As societies depend more on real-time data
for monitoring, automation, and decision-making, WSNs have established themselves as a re-
liable and versatile technology for environmental observation, industrial operations, precision
agriculture, healthcare, and security applications.

A typical WSN is composed of many distributed nodes equipped with sensing, computing,
and wireless communication capabilities. Because these nodes are usually battery-powered and
frequently deployed in remote or harsh environments, conserving energy becomes a fundamental
design requirement. The limited energy supply directly influences the operational lifetime of
the network, the reliability of transmitted data, and the overall performance of the system.
To address these limitations, clustering has emerged as one of the most effective strategies for
reducing communication load and balancing energy consumption. In clustering, sensor nodes
are grouped into clusters, each managed by a Cluster Head (CH). The CH aggregates data
from its cluster members and forwards it to the BS. This significantly reduces the number of
long-range transmissions and distributes energy consumption more evenly across the network.
However, the efficiency of clustering-based protocols depends critically on how the CHs are
selected and how data is routed to the BS. Determining the optimal number and placement of
CHs is a complex optimization problem influenced by residual energy, communication distance,
and network topology.

Over the years, many clustering protocols have been proposed, ranging from classical solutions
such as LEACH and HEED to advanced metaheuristic approaches including Particle Swarm Op-
timization (PSO), Ant Colony Optimization (ACO), and Atomic Energy Optimization (AEO).
While classical protocols established foundational clustering principles, they rely heavily on

probabilistic or random selection, often leading to unstable cluster formation and early node



failure. Furthermore, although advanced metaheuristics improve network organization, they
may suffer from high computational complexity in large-scale deployments or fail to maintain
long-term energy balance once the first nodes begin to die. These limitations motivate the
development of more adaptive and lightweight intelligent clustering mechanisms.

Within this context, the present work introduces PUMA-GRID, a hybrid clustering and routing
protocol that integrates the Puma Optimization Algorithm (PUMA) for adaptive CH selection
with a grid-based multi-hop routing strategy inspired by k-nearest neighbor (k-NN) principles.
During clustering, PUMA simulates the strategic hunting behavior of pumas to locate the most
efficient set of CHs while balancing exploration and exploitation. The CH selection process
relies on a weighted fitness function based on residual energy, distance between nodes and CHs,
and distance between CHs and the BS. The weighting parameters can be adapted according to
deployment conditions and network objectives.

PUMA-GRID differentiates itself through a novel architectural synergy that separates the en-
ergy problem into high-level organization and lightweight real-time execution. While many hy-
brid approaches rely on computationally expensive algorithms for both clustering and routing,
PUMA-GRID uses PUMA as a “global intelligence” mechanism for adaptive CH selection and
combines grid-based routing with k-NN logic as a lightweight routing engine. This integration
enables the protocol to achieve strong energy efficiency and scalability while maintaining lower
computational overhead, making it more suitable for practical large-scale WSN deployments.
For data transmission, the proposed method employs a grid-assisted multi-hop routing mech-
anism. The sensing field is divided into uniform grid cells to reduce and control the routing
search space. Routing decisions rely on neighboring CH distances to construct shorter commu-
nication paths, reduce hop lengths, minimize transmission cost, and distribute forwarding load
more uniformly across the network. The combined effect of clustering and routing produces a
robust and energy-efficient communication structure.

To validate these contributions, the protocol was subjected to extensive MATLAB simulations
involving up to 600 nodes deployed randomly within a 200 x 200 m? sensing field. Performance
was evaluated under three distinct BS placement scenarios: central, edge, and external. For each
scenario, optimal fitness-function weights were first selected before comparing PUMA-GRID
with LEACH, AEO-based approaches, and previous PUMA-based protocols. The evaluation
considered metrics such as network lifetime, throughput, residual energy preservation, and
communication efficiency.

The results demonstrate that PUMA-GRID achieves superior performance in terms of network

lifetime, energy balancing, packet delivery, and communication efficiency. This improvement is



achieved through the synergy between adaptive PUMA-based CH optimization and lightweight
grid-assisted routing, which together reduce communication overhead and minimize energy-
intensive long-range transmissions.

The current framework operates under the assumption of static and homogeneous sensor nodes
and utilizes a simplified free-space propagation model. Although PUMA-GRID demonstrates
strong scalability, its routing performance may still be influenced by the fixed virtual grid
structure and by highly dynamic deployment conditions.

This thesis is organized to systematically address the energy—complexity trade-off in WSNs.
Chapter 1 introduces the fundamentals of WSNs and their energy constraints. Chapter 2
analyzes existing clustering and routing protocols and identifies the research gaps addressed by
PUMA-GRID. Chapter 3 presents the PUMA optimizer and its adaptation for CH selection.
Chapter 4 details the proposed hybrid clustering and routing methodology. Finally, Chapter
5 presents the simulation setup and provides a comprehensive performance evaluation under

different topological scenarios.
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Chapter 1 Wireless Sensor Network: Overview

1.1 Introduction

WSN . represents a core technology within the Internet of Things (IoT) ecosystem. It
has rapidly evolved and been adopted across diverse application areas. A WSN comprises
numerous spatially distributed sensor nodes (Figure 1.1) to observe physical or environmental
phenomena and transmit the gathered data wirelessly to a central BS for subsequent processing.
Due to their adaptability and broad range of uses, WSNs have attracted considerable research
interest, acting as a vital interface between the physical and digital worlds and enabling new
opportunities for real time monitoring and data acquisition [1, 2].

This chapter offers a comprehensive overview of WSNs | covering their key components,
classifications, applications, and the various challenges encountered in practical deployments|3,

1.

Figure 1.1: Light Dependent Resistor.

1.2 Wireless Sensor Network

A Wireless Sensor Network is a distributed system composed of many low-cost, energy-
constrained sensor nodes equipped with sensing, processing, and wireless communication ca-
pabilities. These nodes self organize to monitor physical or environmental phenomena such
as temperature, pressure, or motion, and collaboratively transmit the collected data, possibly

through multi-hop routing, to a central entity for further analysis [5, 6, 7].

>
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1.3 Architecture of Wireless Sensor Networks

A WSN typically comprises three primary components: sensor nodes, base station, and the
monitored events. These elements work together to sense, collect, and transmit data, forming
the foundation for effective monitoring and communication within the network. The general
architecture of a WSN is shown in figure 1.2. Understanding the structure and components of
a WSN is essential, as it helps identify key challenges and guides the development of efficient

protocols aimed at improving resource management and overall network organization|[1].

Sensing region

Internet BS

Base Station

User

A
R4 0’
Sensor Node”’

Figure 1.2: WSN Architecture.

1.3.1 Sensors

A sensor is a device that generates an output signal in response to a detected physical
phenomenon. Broadly defined, it is a component, machine, or subsystem capable of detect-
ing changes or events in the environment and transmitting the corresponding information to
other electronic systems or a computer processor for further processing. Sensors are typically
integrated with additional electronic components to enable data acquisition, analysis, and com-
munication. A typical sensor node consists of four basic components|!, &, 9], which are listed
below.

e Sensing Unit

The sensing unit is responsible for detecting and measuring physical phenomena in the
environment. It typically consists of two subcomponents: the sensor(s) and an Analog
to Digital Converter (ADC). The sensor generates analog signals based on environmental
conditions such as temperature, light, pressure, or motion. The ADC then converts these

analog signals into digital data that can be processed by the node’s processor.
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e Processing Unit
The processing unit controls the operations of the sensor node and manages communi-
cation with other nodes. It executes protocols and algorithms that enable efficient sensing
tasks. This unit generally includes a microcontroller or microprocessor and a small mem-
ory unit for temporary data storage and program execution. It plays a central role in
data processing, decision making, and coordination.
o Transceiver Unit
The transceiver unit enables wireless communication between the sensor node and
other nodes or the BS. It supports both data transmission and reception, allowing the
node to send collected information and receive control commands. It typically operates
using standards such as IEEE 802.15.4 or ZigBee and is one of the most energy-consuming
components due to frequent communication.
o Power Unit
The power unit supplies the energy required for the operation of all components in the
sensor node. It generally consists of a small capacity battery (e.g., less than 0.5 Ah at
1.2 V). Since replacing or recharging batteries in large scale deployments is impractical,
energy conservation is a major design concern in WSNs. In some designs, the power
unit may be combined with energy harvesting modules such as solar cells to extend node

lifetime. Figure 1.3 presents the functional components of a wireless sensor node.

_— Powerumit

— v T

Processing
unit

Wireless
transceiver

Sensing unit [__"| ADC Protocols [—

Figure 1.3: Sensors Components [10].

Sensors can be classified according to the physical phenomenon or measured they detect.
Tablel.1 presents the main categories of sensors, the parameters they measure, and represen-

tative examples used in various WSN applications[! 1, 12, 13].
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Table 1.1: Classification of sensors based on type, measured parameters, and examples.

Sensor Type

Parameters Measured

Examples / Details

Temperature

Temperature, heat

Thermistors, Thermocouples,Resistance Tem-
perature Detectors, IC Sensors, Infrared Sen-
sors, Pyroelectric Sensors, Thermoelectric Sen-
sors

Mechanical / Force

Pressure, position, displace-

Accelerometers, Strain Gauges, Linear Vari-
able Differential Transformer, Proximity Sen-
sors, Pressure Sensors, Position Sensors

Light / Optical

ment, strain, vibration,
shock, density, weight,
load, force, touch

Light intensity, vision,
imaging

Photoelectric Sensors, CMOS Image Sensors,
Charge Coupled Device Sensors, Optical Sen-
sors, Photometers, Radiometers, Camera Sen-
sors

Chemical / Gas

Gas and chemical concen-
tration, CO, level, air qual-
ity, humidity, moisture, pH
level

Electrochemical Sensors, Chemiresistors, Non
Dispersive Infrared Sensors, Gas Sensors,
Chemical Sensors, Humidity Sensors

Flow / Level

Flow rate, fluid velocity,
water level, viscosity

Differential Pressure Sensors, Ultrasonic Sen-
sors, Thermal Displacement Sensors, Level Sen-
sors, Flow Sensors

Acoustic / Sound

Sound, vibration, acoustic
energy

Microphones, Sound Sensors

Electromagnetic

Electric current, potential
difference, magnetic flux in-
tensity

Magnetometers, FElectrical Sensors, Current
Transducers, Voltage Transformers, Anisotropic
Magnetoresistance Sensors

Sensors can also be classified based on their energy requirements: whether they require an

external power source to function or operate by capturing naturally emitted or reflected energy

from the environment. Table 1.2 summarizes the main categories and examples|l, &].

Table 1.2: Classification of sensors based on power source and mode of operation.

Sensor Type

Description

Examples / Details

Active Sensors

Require an external power supply to
operate. They emit their own energy
signal toward the target and mea-

Light Detection and Ranging, Pho-
toconductive Cells, Radar Sensors,
Ultrasonic Sensors

sure the reflected or returned signal.

Passive Sensors

Do not require an external power
supply. They detect natural radia-
tion or energy emitted or reflected

by the observed object.

Radiometers, Charge Coupled De-
vice Sensors, Infrared Sensors, Film
Cameras
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1.3.2 Base Station

The base station serves as the central component of WSN, responsible for collecting, pro-
cessing, and storing the data sensed by individual nodes|?|. It acts as an interface between the
WSN and the external computational environment, often functioning as a gateway to other
networks; such as the IoT, or as an access point for human interaction. Communication within
the network typically relies on wireless transmission, where sensed data is forwarded hop by
hop through intermediate nodes using low power links until it reaches the BS.

The BS plays a vital role in data aggregation and communication within WSNs . Its
placement and mobility significantly influence energy consumption, communication efficiency,
and overall network performance[!, 15].

BS is typically positioned to optimize data collection; however, its location relative to the sensor
field varies depending on network design and application requirements|16]:

e Outside the WSN Area: In several network models, particularly those used in simula-
tions, the BS is positioned outside the sensing field. For instance, in a 100x100 m WSN,
it may be placed at coordinates such as (175,50) or (125,50), while larger deployments
(e.g., 200200 m) may position it further away at (275,50). This configuration is often
used to evaluate energy consumption in long range communication scenarios.

e Inside or Centralized within the WSIN Area: The BS can also be placed within the
sensor field, often at the center (e.g., at (50,50) in a 100x100 m area), as commonly seen
in studies based on the LEACH protocol. A centrally located BS ensures balanced com-
munication distances, minimizing transmission energy and improving network lifetime.

o As an Interface or Gateway: The BS functions as an interface between the WSN and
external networks (such as IoT), or as an access point for human interaction. It enables
the transfer and aggregation of sensed data to centralized storage or cloud platforms for
further processing and decision making.

Depending on the network’s objectives and scale, the BS may be either stationary or mobile[17]:

» Stationary (Static BS): Most conventional WSN architectures employ a fixed BS with
ample power and processing capacity. It remains static throughout operation, serving as
the final destination for data collected from all nodes.

« Mobile (Data Sink or Mobile Gateway): In large-scale or energy-constrained WSNs,
the BS can be mobile mounted on vehicles or Unmanned Aerial Vehicles to improve
coverage, reduce transmission distance, and enhance energy efficiency. The mobile sink

typically follows a predefined trajectory with designated stop points, enabling periodic
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data gathering from distributed sensor nodes.

1.3.3 WSN application

The event being monitored often represents the specific application domain of the WSN, as
the nature of the monitored phenomenon directly determines the network’s purpose and design
requirements.

» Acoustic Monitoring Applications [|5]

Early WSNs, such as the Sound Surveillance System, used acoustic sensing for subma-
rine detection. Modern systems apply similar principles for vehicle detection, classifica-
tion, and localization based on sound intensity and frequency analysis.

« Environmental Monitoring [19]

One of the most widespread WSN applications, involving the measurement of temper-
ature, humidity, air quality, COs levels, water levels, and atmospheric pressure. These
systems support pollution control, climate observation, and disaster prediction.

« Agricultural Monitoring [2()]

WSNs are widely deployed in precision agriculture to optimize crop production and
resource usage. They monitor greenhouse variables such as temperature, humidity, soil
moisture, CO2, and soil quality, aiding irrigation management and plant health assess-
ment.

 Intelligent Transportation Systems [2]]

WSNs improve transportation management through vehicle detection, motion tracking,
road condition monitoring, and smart parking. They help reduce congestion, improve
traffic flow, and enhance road safety.

« Healthcare Monitoring [22]

In Wireless Body Area Networks, WSNs enable real-time health tracking by moni-
toring heart rate, temperature, SpOs, blood pressure, and other physiological parame-
ters through wearable or implantable biosensors. These systems are essential for remote
healthcare and patient management.

« Military Surveillance and Security Applications [23]

WSNs are widely used in military operations for battlefield monitoring, intrusion de-
tection, and target tracking. Networks equipped with magnetometers, acoustic sensors,
and passive infrared detectors can detect and track soldiers, vehicles, or enemy activity

in real time, enhancing situational awareness and security operations.

10
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1.4 Communication Architecture

The most common WSN architecture follows the Open Systems Interconnection (OSI)
model, typically employing five layers and three cross layers[10, 21]. The Five Layers:

1. Application Layer: Handles traffic management and provides the software needed to
convert sensed data into a usable form for information retrieval.

2. Transport Layer: Ensures congestion avoidance and reliability, particularly when the
WSN communicates with external networks.

3. Network Layer: Its primary function is routing. Due to resource limitations, it fo-
cuses on power conservation, managing limited memory and buffers, and supporting self
organization since sensor nodes typically lack global identifiers.

4. Data Link Layer: Responsible for multiplexing data streams, Media Access Control
(MAC), frame detection, and error control.

5. Physical Layer: Provides the physical means for transmitting bits, including modula-
tion, signal detection, and frequency selection.

WSN present numerous challenges related to design, resource management, security, and
operational constraints, largely due to the limited capabilities of sensor nodes and the harsh

environments in which they are typically deployed.

1.5 Challenges of WSN
1.5.1 Resource Limitations

The design and implementation of WSNs are fundamentally limited by the constrained re-
sources of individual sensor nodes[25].

e Energy Constraints: Energy consumption represents one of the most critical challenges in
WSNs. Since sensor nodes are typically battery powered and often deployed in remote or in-
accessible environments, replacing or recharging batteries is usually impractical or impossible.
Consequently, efficient energy management is vital to prolong network lifetime [20].

o Communication Cost: Communication is the most energy intensive operation in a WSN.
Routing protocols must therefore prioritize energy efficient data transmission. Typically, the
energy required to transmit a message is almost twice that needed for reception, making com-
munication optimization essential for sustainable operation [27].

e Processing and Memory Limitations: Sensor nodes possess limited computational power,

memory, and bandwidth, which restricts their ability to execute complex algorithms. Imple-

11
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menting advanced data processing or security mechanisms is often challenging due to these
resource constraints [28].

e Cost of Production: Although WSNs aim to maintain low production costs, the inclusion
of components such as sensors, processing units, localization systems, and mobilizers increases
manufacturing expenses. Balancing cost effectiveness with performance and reliability remains

an ongoing design challenge [29].

1.5.2 Operational and Design Challenges

WSN face numerous challenges related to deployment planning, operational reliability, and
environmental conditions that affect their overall performance and longevity.

e Deployment and Coverage: Sensor deployment is often performed in an ad hoc or random
manner, making it difficult to ensure optimal area coverage. Poor placement can lead to redun-
dant sensing in some areas and blind spots in others, thereby affecting the quality of service
(QoS) and overall monitoring effectiveness [30].

« Localization: Identifying the physical positions of sensor nodes after random deployment
is a fundamental and challenging task, as nodes are typically unaware of their coordinates. Ac-
curate localization is essential for data interpretation, routing, and efficient network operation
31].

o Fault Tolerance and Robustness: Due to deployment in harsh or uncontrolled environ-
ments, sensor nodes are prone to failure or malfunction. A fault tolerant network must therefore
maintain functionality and data reliability even when individual nodes fail because of environ-
mental factors or physical damage [30].

« Scalability: Large scale WSNs, often consisting of hundreds or thousands of nodes, face
significant scalability challenges. Traditional communication protocols are unsuitable for such
networks because global addressing schemes become inefficient and difficult to manage [32].

e Real Time Requirements and Latency: Many WSN applications, particularly those in
safety critical domains such as environmental monitoring or contamination detection, require
timely data transmission. Excessive latency (typically beyond 200 ms) can compromise early
warning capabilities and system responsiveness [3].

e Synchronization and Calibration: Time synchronization among sensor nodes is vital for
coordinated operations, data fusion, and event detection. Additionally, sensor calibration poses
a challenge since low cost devices are susceptible to degradation over time due to factors like

temperature fluctuations, humidity, and prolonged environmental exposure [33].

12
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1.6 Routing

Sensor Networks employ different routing topologies, which define how sensor nodes com-
municate, organize, and forward data toward the BS [34] .The chosen topology determines the
logical structure of data transmission paths and has a direct influence on network performance,
including energy efficiency, scalability, reliability, and QoS. Selecting an appropriate routing
topology is therefore crucial for optimizing resource usage and ensuring effective operation in
various application domains [35]. Routing in WSNs can be implemented in different ways, such
as flat routing, chain-based routing, cluster-based routing, and hierarchical routing, depending

on the network structure and application requirements.

1.6.1 Flat Based Routing

o Structure: All sensor nodes play identical roles and share equal responsibilities for sensing,

processing, and communication. There is no predefined hierarchy or clustering among nodes|[30,
].

o Communication: Data is forwarded through multi hop or flooding mechanisms, where each

node relays information until it reaches the BS.

o Advantages: Simple to deploy and manage; suitable for small scale networks with uniform

node energy levels.

o Disadvantages: Flooding leads to redundant transmissions, packet collisions, and excessive

energy consumption; scalability is limited.

o Performance: Offers high reliability for small networks but performs poorly in large-scale

WSNs due to rapid energy depletion and network congestion.

Figure 1.4 present how to route data using flat structure.

1.6.2 Hierarchical Based Routing

Hierarchical routing organizes nodes into multiple logical levels to improve energy efficiency

and scalability. It includes three main architectures: chain based, tree based, and cluster based

[35, 39].

A ¢ Tree Based Routing

o Structure: Nodes are organized hierarchically in a parent—child relationship, forming a span-
ning tree rooted at the BS[10, 11].

o Communication: Child nodes send sensed data to their parent nodes, which aggregate and

13
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Sensor Nodes

irection of
)ata Flow

Wireless Links

Base Station

Figure 1.4: Flat Routing.

forward it upward toward the BS.
o Advantages: Ensures organized data aggregation, reduces redundant transmissions, and sup-
ports scalable network expansion.
e Disadvantages: Vulnerable to parent node failures that can disconnect entire subtrees; main-
tenance overhead increases with node mobility.
o Performance: Balances scalability and efficiency but requires fault tolerant mechanisms to
handle node or link failures.

The architecture shown in Figure 1.5 demonstrates how tree based routing organizes nodes
hierarchically to deliver data.

Base (o)

Station

Source Nodes

Figure 1.5: Tree Routing [12].
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B ¢ Chain Based Routing

e Structure: Sensor nodes form a linear or near linear chain, where each node communicates
only with its immediate neighbors [13, 41].

o Communication: Data is aggregated sequentially along the chain, with each node forwarding
information to the next until the final node sends the fused data to the BS.

o Advantages: Reduces the number of transmissions and achieves efficient data aggregation,
minimizing total energy usage.

o Disadvantages: Increased latency due to sequential forwarding; chain breakage from node
failure can disrupt communication.

o Performance: Highly energy efficient for small to medium sized networks but less suitable

for real time or large scale applications requiring low latency.

As shown in Figure 1.6, chain based routing enables sequential data transmission between
nodes, reducing the number of direct communications with the BS and improving energy effi-

ciency.

Base Station . R.
i \
i i ./ ‘\.E

User Base Station

@ LeaderNode @ Sensor -> Direction of Chain Formation ——> Long Link

Figure 1.6: Chain based routing architecture in WSNs [15].

C ¢ Cluster Based Routing

o Structure: The network is divided into clusters, each managed by a Cluster Head responsible
for coordinating intra cluster communication and data aggregation [7].

o Communication: Member nodes send their data to the CH, which aggregates and transmits
the processed information to the BS either directly or via other CHs.

o Advantages: Significantly reduces transmission load and energy consumption; enhances scal-
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ability and supports hierarchical data management.
« Disadvantages: CH selection and rotation introduce computational overhead; uneven cluster
formation can lead to energy imbalance.
o Performance: Provides a good trade off between energy efficiency, scalability, and network
lifetime—making it one of the most widely adopted architectures in WSNs.

Figure 1.7 outlines the clustering based routing mechanism, in which nodes form clusters

to minimize long distance transmissions and prolong overall network life

Internet

o .
B Clusterhead ° ' —@ |

Sensor

Y

lews) .. © S @
"i\\"‘é"lﬁ/'-" Base station . d

nnnnn

Figure 1.7: Clustering based routing architecture in WSNs [1(].

1.7 Clustering
1.7.1 Introduction to clustering

Clustering in WSNs is a fundamental technique designed to enhance the efficiency and or-
ganization of network communication[7]. It involves dividing the network into smaller groups,
called clusters, each managed by a CH that acts as a coordinator for its member nodes. The
CH is responsible for collecting data from the nodes within its cluster, performing data ag-
gregation to eliminate redundancy, and transmitting the aggregated information to the BS
[17]. The main purpose of clustering is to reduce energy consumption, minimize redundant
transmissions, and extend the overall network lifetime, especially in large-scale WSN deploy-
ments [16]. Tt plays a vital role in addressing the scalability and energy challenges inherent
in WSNs. As the number of sensor nodes increases, direct communication between each node
and the BS becomes inefficient and energy consuming[/8]. Clustering alleviates this issue by

enabling localized communication, where nodes transmit data only to their respective CHs,
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thereby conserving energy and reducing transmission distances. Additionally, by balancing the
workload among the nodes and rotating the CH role periodically, clustering prevents energy
imbalance and hotspot formation, ensuring that no node prematurely depletes its battery [19].
This hierarchical organization also improves network scalability, allowing WSNs to efficiently
manage thousands of nodes without overwhelming the communication or routing infrastructure
[16]. Clustering protocols generally operate through two main phases [50]:

e Cluster Formation and Cluster Head Selection: Nodes are grouped into clusters
based on criteria such as distance, residual energy, or signal strength. A node in each
cluster is elected as the CH using deterministic, probabilistic, or optimization based
selection mechanisms.

e Intra Cluster and Inter Cluster Communication: Member nodes collect environ-
mental data and send it to the CH using short range communication. The CH aggregates
or fuses the received data to reduce redundancy, then transmits the aggregated infor-
mation to the BS, either directly or through multi hop communication via other CHs.
Periodic re clustering or CH rotation ensures adaptability and balanced energy consump-

tion.

1.7.2 Cluster Formation Process

Clustering techniques are generally classified into two categories based on how the clustering
process is carried out [51]:
o Centralized Clustering
In centralized clustering, the BS is responsible for managing the entire network. It
performs key operations such as CH selection, cluster formation, and configuration of
communication links. With global knowledge of the network, the BS can make optimized
decisions that balance energy consumption and enhance overall performance. However,
this approach introduces high communication overhead and a single point of failure,
making it less suitable for large-scale or dynamic networks.
e Distributed Clustering
In distributed clustering, decision making is performed locally by the sensor nodes
without continuous dependence on the BS. Each node uses localized information—such
as residual energy, node density, or distance to determine its role and form clusters with
nearby nodes. This approach improves scalability and robustness, allowing the network
to adapt to topology changes. However, it may result in suboptimal cluster formation

due to the absence of global network information.
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Table 1.3 presents the key metrics that influence both cluster formation and CH selection

in WSNs |

]. Parameters such as energy level, distance to the BS, node density, and cluster

size serve as essential indicators for identifying suitable CH candidates and organizing nodes

into efficient clusters. By evaluating these metrics, clustering protocols can balance energy

consumption, minimize communication cost, and extend the overall network lifetime [53, 54].

Table 1.3: Summary of key metrics and parameters influencing clustering and CH selection

in WSNs.

Metric / Parameter

Description / Definition

Role in Clustering / CH Selection

Residual Energy (Fics)
Initial Energy (Ep)
Average Energy (Eayg)
Energy Consumption

Energy Balance

Remaining energy of a node at a given round.
Initial battery capacity of each node.

Mean residual energy across all nodes.
Energy spent on sensing, processing, and

transmitting.

Uniform power usage among nodes.

Identifies nodes capable of supporting
aggregation and transmission tasks.

Helps prioritize stronger nodes for CH se-
lection.

Regulates CH probability and fitness
based selection.

Minimizing this cost improves the
longevity of clustering rounds.

Avoids early failures and enhances stabil-
ity.

Distance to BS

Distance to CH / Mem-
bers

Inter CH Distance

Node Centrality

Location Awareness

Euclidean distance between node and BS.
Distance between CH and its cluster nodes.
Distance separating neighboring CHs.
Position relative to neighbors or the network

center.

Node coordinate information (X,Y).

Closer nodes consume less energy when
transmitting.

Reducing this distance minimizes intra-
cluster cost.

Ensures good distribution and improves
routing.

Helps pinpoint optimal CH locations.

Enables distance based clustering and
structured topologies.

Node Degree (n;)
Cluster Density / Radius

Link Quality

Number of neighbors directly reachable.

Influence radius of a CH.

Reliability of wireless connections.

Indicates local density and aids in bal-
ancing cluster size.

Prevents cluster overlap and helps main-
tain energy balance.

Ensures stable intra cluster communica-
tion.

Cluster Size
Cluster Count (N¢)

Communication Type

Number of nodes attached to a CH.

Number of clusters created.

Single hop or multi hop.

Balanced sizes avoid overload and im-
prove energy distribution.

Influences scalability and routing over-
head.

Determines transmission cost and net-
work reachability.

Mobility
Node Heterogeneity
Latency / Delay

Speed or movement pattern of nodes.
Differences in energy or capability.

Time taken for routing or packet transfer.

Low mobility increases cluster stability.
High energy nodes make better CHs.

Works as a QoS constraint in CH selec-
tion.

18



Chapter 1 Wireless Sensor Network: Overview

1.7.3 Advantages of Clustering

The clustering mechanism offers several core benefits[25]:

e Energy Efficiency and Network Lifetime Extension: By localizing communication, clus-
tering minimizes long distance transmissions one of the most energy intensive operations in
WSNs. CHs perform data aggregation to remove redundancy and compress information before
sending it to the BS, conserving both energy and bandwidth. This results in prolonged network
lifetime and extended stability periods before the first node failure[52].

« Load Balancing: Rotating the CH role periodically distributes energy consumption evenly
among nodes, preventing premature energy depletion. Techniques such as unequal clustering
help mitigate the hotspot problem, ensuring fair energy use across the network.[50)]

o Scalability and Simplified Network Management: Clustering efficiently manages large
scale WSNs by introducing a hierarchical structure that reduces communication complexity:.
It enables easier administration and resource allocation, even when thousands of nodes are
deployed [7].

« Quality of Service (QoS) and Reliability: Through mechanisms like TDMA scheduling,
clustering reduces collisions and delays during data transmission. It enhances connectivity,
stability, and throughput, while dynamic CH selection improves fault tolerance and network
robustness [1].

o Data Aggregation and Processing: The CH performs data fusion, combining similar data
from member nodes to minimize redundancy. This not only optimizes bandwidth usage but

also reduces unnecessary data traffic to the BS[50].

1.7.4 Challenges of Clustering in WSNs

Clustering in WSNs is a complex and still open research problem. Although it significantly
improves energy efficiency and prolongs network lifetime, several challenges continue to hinder
the design of highly effective clustering protocols [30]. The main issues are summarized as
follows:

1. Energy Management and Lifetime Constraints.
Energy is the most critical limitation in WSNs because nodes typically operate on small,
non rechargeable batteries.

o Energy Holes and Uneven Consumption: Single hop models such as LEACH create “energy

Y

holes,” where CH near the BS deplete energy rapidly due to excessive relay tasks. Unequal

clustering methods aim to reduce this hotspot issue [3].
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» Suboptimal CH Selection: Random CH election used in classical LEACH does not consider
residual energy or distance, resulting in early node deaths and inefficient energy use.

o High Energy Burden on CHs: CHs consume significantly more energy for data aggregation
and long range transmission; hence, frequent role rotation is necessary to balance consumption
55).

2. Scalability and Complexity Issues

Large scale WSNs with hundreds or thousands of nodes introduce substantial scalability
challenges.

o Algorithmic Complexity: Determining optimal CH positions and forming balanced clus-
ters is an NP hard problem requiring heavy computation.

o Communication Overhead: Centralized approaches (e.g., LEACH-C) require continuous
reporting to the BS, while distributed protocols cause high message exchange during CH elec-
tions. Both increase energy consumption.

o Management Complexity: As the network expands, synchronizing communication, main-
taining stable clusters, and ensuring effective data aggregation become more complicated.

3. Network Stability and Topology Dynamics

The highly dynamic nature of WSNs affects cluster reliability.

o Cluster Instability: Protocols with random or inconsistent clustering (e.g., SEP) trigger
frequent re-clustering, which wastes energy and reduces network stability.

¢ Real Time Adaptation Limits: In centralized protocols such as LEACH-C, updating CH
positions in real time is difficult, especially in mobile or event driven applications.

4. Data Integrity, Security, and Quality of Service (QoS)
Beyond energy efficiency, ensuring secure, reliable, and high quality data transmission is still
challenging [56].

o Data Loss and Low Throughput: Poor clustering increases packet loss and decreases
throughput, especially when physical security is weak [15].

e Security Vulnerabilities: Limited computational resources restrict the use of strong cryp-
tography, making WSNs vulnerable to gray hole, black hole, and other routing attacks [56].

o QoS Constraints: Meeting requirements for latency, reliability, and fault tolerance can be
difficult; multi layer or hierarchical clustering may introduce additional delays.

5. Algorithmic Limitations
Many optimization based clustering methods suffer from built in weaknesses.
o Parameter Sensitivity: Performance strongly depends on parameters such as CH percent-

age and weight coefficients tuning them optimally is NP hard.
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e Local Optima: Numerous metaheuristics (PSO, Firefly, etc.) may prematurely converge,
producing suboptimal CH sets.
o Integration Complexity: Hybrid and multi objective algorithms require precise coordina-

tion among parameters, increasing algorithmic complexity.

1.8 Conclusion

Clustering plays a central role in improving the performance of WSNs by reducing energy
consumption and extending network lifetime. It achieves this by organizing nodes into groups
and assigning CHs to manage local communication and data aggregation. However, despite its
efficiency, clustering remains a challenging task. Selecting the optimal CHs, forming balanced
clusters, and determining effective forwarding paths are complex, NP hard problems that greatly
influence the overall network performance.

The next chapter provides a review of several clustering based protocols proposed to address
these challenges, focusing on how they aim to minimize energy consumption and enhance the

stability and lifetime of the network.
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2.1 Introduction

Clustering is one of the most effective techniques used to enhance the scalability, energy
efficiency, and overall lifetime of WSNs. In this method, sensor nodes are organized into clus-
ters, each managed by a CH responsible for collecting, aggregating, and transmitting data to
the BS. This hierarchical communication structure minimizes redundant transmissions, reduces
long distance data transfers, and distributes energy consumption more evenly across the net-
work. However, the selection of optimal CHs, the formation of well balanced clusters, and
the routing of aggregated data toward the BS remain challenging optimization problems due
to the limited energy resources and dynamic topology of WSNs. Over the past two decades,
numerous clustering based protocols have been proposed to address these issues, each em-
ploying different strategies for energy balancing and network stability. These protocols can
be broadly classified into classical schemes (e.g., LEACH, Hybrid Energy-Efficient Distributed
(HEED), Power-Efficient GAthering in Sensor Information Systems (PEGASIS)), fuzzy logic
based methods, metaheuristic and swarm intelligence based algorithms (such as Particle Swarm
Optimization (PSO), Genetic Algorithm (GA), Ant Colony Optimization (ACO), and Grey
Wolf Optimizer (GWO)), and machine learning driven techniques including k-means, Density-
Based Spatial Clustering of Applications with Noise (DBSCAN), and neural network assisted
clustering. More recent studies have introduced hybrid and adaptive models that integrate mul-
tiple optimization strategies to achieve a better trade off between energy efficiency, stability,
and communication overhead.

The following section reviews and compares representative clustering protocols from these
categories, highlighting their approaches to CH selection, cluster formation, and data routing

within energy-efficient WSN and IoT environments.

2.2 LEACH

Heinzelman et al. proposed in [57], a protocol called LEACH to reduce energy consumption
through cluster based organization. Each cluster is composed of ordinary member nodes and a
CH responsible for aggregating data and forwarding it directly to the BS in a single hop.The
LEACH protocol functions in periodic rounds, with each round divided into a setup phase
followed by a steady-state (data transmission) phase. During the setup phase, CHs are selected

autonomously based on a threshold and a random number, ensuring distributed election across
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the network, using the following equation:

P

ifned,

0 otherwise.

After CHs are chosen, non-CH nodes join the nearest CH based on received signal strength, and
the CH creates a TDMA schedule that assigns transmission times to its members. In the steady-
state phase, nodes transmit their sensed data to the CH according to the TDMA schedule, then
switch to sleep mode to save energy. The CH aggregates the received data and transmits it to
the BS. This process repeats in multiple rounds allowing CH rotation. LEACH significantly im-
proves network lifetime compared to direct transmission by reducing communication distance
and evenly distributing the energy load among all nodes. Its distributed and probabilistic
CH election mechanism eliminates the need for centralized control, which makes it simple and
scalable for small to medium-sized networks. However, despite these advantages, LEACH also
presents several limitations. The random selection of CHs can lead to an uneven number and
spatial distribution of CHs, which may cause energy imbalance and premature death of nodes in
certain regions of the network. Furthermore, because CHs transmit aggregated data to BS us-
ing a single-hop communication model, the protocol becomes less energy-efficient in large-scale
networks or when the BS is located far from the sensing field. Consequently, while LEACH
provides better energy efficiency than direct transmission, its performance declines under more
complex or large-scale deployment scenarios, motivating the development of subsequent clus-
tering protocols that incorporate residual energy awareness, multi-hop routing, and optimized
CH selection strategies to overcome these shortcomings. Several modifications have been intro-
duced to improve the performance of the original LEACH protocol. These enhanced versions
aim to optimize CH selection, balance energy use, and extend network lifetime. Some of these

improved protocols are discussed in the following sections.

2.2.1 Multi-Hop Routing LEACH

Multi-hop LEACH [58] extends the original LEACH protocol to enhance energy efficiency,
particularly in large-scale WSNs. In this protocol, the BS actively participates in the cluster
discovery process to identify CHs at different hierarchical levels. Initially, the BS broadcasts a
control message to discover CHs located within one hop, forming the first communication layer.
The CHs that are farther away respond with lower transmission power, and their messages are

relayed through intermediate CHs belonging to the previously formed layers. This procedure
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continues iteratively, with the BS updating its list of discovered CHs at each step, until no
new CHs are detected thus establishing a multi level hierarchical structure for data forwarding.
Following cluster formation, CHs send aggregated data to the BS using optimal multi-hop
paths. CHs close to the BS send their data directly, while those located farther away rely
on intermediate CHs to relay the information (Figure 2.1). The setup phase in Multi-hop
LEACH remains identical to that of the original LEACH, involving cluster formation and CH
election, whereas the steady-state phase introduces inter-cluster communication between CHs.
This hierarchical, multi-hop routing mechanism reduces long-distance transmissions, minimizes
overall energy dissipation, and extends the network’s operational lifetime compared to the

single-hop communication used in the original LEACH protocol.

Figure 2.1: Multi-Hop Routing LEACH [55].
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2.2.2 LEACH-C

Heinzlam et al proposed proposed a centralized extension of LEACH [59], where cluster
heads are selected by BS based on node energy levels using a SA approach. The enhancement
primarily focuses on the setup phase. During this phase, each node sends its location and energy
level to the BS. The BS eliminates nodes with energy levels below the network’s average energy
level. Then, using simulated annealing, the BS selects CHs from the remaining nodes and
forms clusters. The steady phase of this approach remains the same as in LEACH. Through
experiments and tests, LEACH-C has demonstrated improved packet delivery compared to
LEACH, along with reduced energy consumption. This improvement is achieved by controlling

the number of clusters.

2.2.3 Two-Level Hierarchy for Low-Energy Adaptive Clustering Hi-
erarchy (TL-LEACH)

TL-LEACH [60] is a protocol extends the original LEACH structure by introducing an addi-
tional hierarchical level to enhance energy efficiency and prolong the network lifetime in WSNs.
The main operation of TL-LEACH relies on the creation and rotation of a two-level clustering
structure that allows localized data aggregation and reduces the average transmission distance
between nodes. During the setup phase, TL-LEACH organizes the network into three categories
of nodes: primary CHs (CH;), secondary CHs (CHj;), and simple nodes (SNs). The primary
CHs represent the top-level CHs. They are responsible for collecting aggregated data from
secondary CHs and transmitting the final, fused data directly to the BS. The secondary CHs
form an intermediate layer between the simple nodes and the primary CHs. Each secondary CH
collects data from its associated simple nodes, performs partial data aggregation, and forwards
the processed data to its corresponding primary CH. The simple nodes are the ordinary sensing
nodes that collect environmental data and transmit it to their designated secondary CH. This
structure introduces a two-level (Figure 2.2) hierarchy compared to the single-level clustering
used in the original LEACH, resulting in improved data management and reduced commu-
nication cost. TL-LEACH operates in rounds, similar to LEACH, and each round consists
of four main phases: advertisement, cluster setup, schedule creation, and data transmission.
In the advertisement phase, nodes independently decide whether to act as CH;, CHj;, or SNs
and broadcast their status using the Carrier Sense Multiple Access mechanism. During the
cluster setup phase, each secondary CH associates itself with a primary CH, and each simple

node joins the nearest secondary CH based on signal strength, leading to the formation of a
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two-level hierarchical structure. The schedule creation phase involves the generation of TDMA
schedules and the assignment of CDMA codes by the primary CHs, which are then distributed
through the secondary CHs to the simple nodes. Finally, in the data transmission phase, com-
munication occurs in two levels: simple nodes send their data to the associated secondary CH,
which aggregates and forwards the data to the primary CH. The primary CH then performs
final aggregation and transmits the processed data directly to the BS. The energy efficiency
of TL-LEACH is achieved through reduced transmission distances, distributed data fusion,
and balanced load distribution. Shorter communication paths reduce the energy required for
data transmission, while performing data aggregation at both secondary and primary CH levels
minimizes the total amount of transmitted data. In addition, the randomized rotation of both
primary and secondary CHs distributes the energy load more evenly among nodes, preventing
early node failures. Simulation results show that TL-LEACH achieves smoother energy con-
sumption and extends the network lifetime by approximately 30% compared to the original

LEACH protocol, demonstrating its effectiveness in dense and large-scale WSN deployments.
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Figure 2.2: Two-Level LEACH [60].
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2.2.4 Weighted Low-Energy Adaptive Clustering Hierarchy (W-
LEACH)

W-LEACH[(1] is a data aggregation protocol for WSNs designed to reduce energy consump-
tion by minimizing redundant transmissions and controlling data flow. It enhances LEACH by
using a weighting mechanism that accounts for both residual energy and local node density,
enabling more balanced and efficient CH selection. Unlike LEACH, which randomly elects CHs,
W-LEACH operates in a centralized manner. In each round, the BS computes a weight w; for

every sensor node s; using its remaining energy e; and density d;, defined as:

€; X di> if dz > dthresh

d;, otherwise.

where dinresn i the density threshold used to identify low-density regions. The node density d;

is given by:
1+ number of alive sensors within range r

d; = - (2.3)

where 7 is the communication range and n the total number of active nodes. Nodes in denser
areas with higher energy are prioritized for CH selection, while those in sparse zones transmit
less frequently to conserve energy. W-LEACH operates in two phases. In the setup phase,
the BS selects up to p% of nodes with the highest weights as CHs, ensuring no two CHs are
within range . In the steady-state phase, only a small fraction (z%) of sensors send data to
their CHs, and nodes in low-density areas (d; < dinesn) transmit with a probability p,. CHs
aggregate and forward compressed data to the BS. Simulations demonstrate that W-LEACH
enhances energy balance, extends the stability period, and increases network lifetime compared

to LEACH, especially in non-uniform and heterogeneous WSNs.

2.2.5 Distance-Based Cluster Head Algorithm (DBCH)

The Distance Based Cluster Head (DBCH)[(2] approach, proposed by Sharma et al. in their
work entitled “A Proposed Energy Efficient Distance-Based Cluster Head (DBCH) Algorithm:
An Improvement over LEACH,” enhances the traditional LEACH protocol by introducing a
modified CH election threshold that considers both the residual energy and the distance to the
BS. In this approach, each node independently determines whether to become a CH or remain
a normal node based on its residual energy, initial energy, and distance to BS. By integrating
these factors, DBCH ensures that nodes closer to the BS and with higher remaining energy
have a greater probability of being elected as CHs. This modification minimizes long-distance

transmissions, balances energy consumption among nodes, and extends the overall network
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lifetime. Data transmission from CHs to the BS occurs through a single-hop communication
model, which reduces energy loss and improves efficiency compared to the original LEACH
protocol. The threshold function used for CH selection in the DBCH algorithm is defined as:

p Dmax - Di—)BS ER
T(n) - Ha-p) ) (&) 2.4
1— P X <7n mod %) Dmax - Dmin EO

where:

o pis the desired percentage of CHs,

e 7 is the current round number,

e D;_,pg is the distance between node ¢ and the BS,

e Doy and Dy, are the maximum and minimum distances from nodes to the BS,

o FEp is the residual energy of node 1,

o Fj is the initial energy of the node.
This threshold enhances the CH election process by favoring nodes that are both closer to the
BS and possess higher remaining energy, thereby achieving better energy balance and improving

the overall network performance compared to LEACH.

2.2.6 LEACH with Vice Cluster Head (LEACH-VH)

In the original LEACH protocol, the CH remains active throughout the communication
phase. Due to continuous overhearing and idle listening, the CH consumes more energy and
may die prematurely. Once the CH fails, the cluster becomes non-functional, and data can no
longer reach the BS. To address this limitation, the LEACH-VH[(3] protocol was introduced.
Each cluster includes a secondary node called the Vice CH, which acts as a backup CH when the
original CH fails. Initially, all nodes have equal energy, and the setup phase remains identical to
that of LEACH. CHs are randomly selected in the first round, and during subsequent rounds,
each CH nominates a node with higher residual energy as its VCH. The VCH remains in a low-
power sleep mode to conserve energy and becomes active only when the current CH depletes its
energy or fails. This mechanism ensures cluster continuity, as the VCH immediately replaces
the failed CH, maintaining uninterrupted data transmission to the BS. Consequently, LEACH-
VH enhances network reliability, minimizes data loss, and extends the overall network lifetime
compared to the traditional LEACH protocol. According to [(4], the introduction of a Vice
CH significantly improves performance in terms of stability period and data delivery efficiency.
However, this enhancement comes at the cost of slightly increased energy consumption during
the setup phase, as additional resources are required to elect and manage the Vice CH within

each cluster.
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2.3 Clustering using Fuzzy Logic

Clustering based on fuzzy logic has emerged as an effective approach in WSNs to enhance
energy efficiency, achieve balanced energy consumption, and apply human like reasoning in
decision making processes. By incorporating fuzzy inference systems[5], these protocols handle
uncertainties in node parameters such as energy, distance, and connectivity, leading to more

adaptive and intelligent CH selection and overall network optimization.

2.3.1 Cluster Head Election Mechanism Using Fuzzy Logic (CHEF)

In their study[66], Kim et al. proposed a clustering method inspired by LEACH, where
cluster head (CH) selection is guided by a fuzzy inference system. During the selection process,
each node generates a random value and assesses its probability of becoming a CH using fuzzy
logic. The system uses two key inputs: the node’s remaining energy, categorized by three
linguistic levels (low, medium, high), and the distance to neighboring nodes, also expressed in
three terms (close, medium, far). These inputs are used to define nine fuzzy rules that evaluate
the suitability of each node for CH responsibilities. The defuzzification is performed via the
Center-of-Area method, yielding a clear decision on whether a node should function as a CH or
remain a regular member. Each node then broadcasts its computed probability, and the node
with the highest value among its neighbors assumes the CH role. Nodes with lower probabilities
send join requests to the nearest CH. Once clusters are established, CHs aggregate data from
their members and forward it to the base station. Simulation results indicate that this fuzzy-
based approach enhances network performance by extending network lifetime and ensuring a
more uniform cluster distribution. However, the method has a limitation: calculating the sum
of distances to all neighboring nodes increases computational load in dense networks, which

may reduce efficiency.

2.3.2 An Energy-Aware Fuzzy Approach for Uneven Clustering in
WSNs (EAUCF)

EAUCF [67] proposed by Bagci and Yazici, is a clustering algorithm designed to extend
network lifetime by balancing the workload among nodes. Similar to LEACH, it divides the
network into unequal clusters—smaller clusters near the BS and larger clusters farther away.
Initially, the BS broadcasts the maximum competition radius to all nodes. During the CH
election, tentative CHs are randomly selected. Each tentative node evaluates a fuzzy IF-THEN

rule based on its residual energy (Low, Medium, High) and its distance to the BS (Near,
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Medium, Far). The fuzzy inference system uses nine rules, and the Mamdani model with the
Center-of-Area method is applied for defuzzification, producing the node’s competition radius.
Each tentative CH then broadcasts its ID, residual energy, and competition radius. Nodes
with higher energy are more likely to become CHs, while others join the nearest cluster. CHs
aggregate data from their members and forward it to the BS. While the protocol improves
network lifespan, its main inconvenience lies in the added computational complexity due to

fuzzy logic calculations and message exchanges during CH election.

2.3.3 Distributed Load Balancing Unequal Clustering in WSNs us-
ing Fuzzy Approach (DUCF)

Baranidharan and Santhi proposed the DUCF protocol[(8], which employs fuzzy logic for
cluster formation and CH election. The protocol proceeds in rounds, each including cluster
setup and subsequent data gathering.During the cluster formation phase, each node runs a
fuzzy inference system (Figure 2.3) with three inputs: residual energy (High, Average, Low),
node degree (number of neighbors within a radius: High, Medium, Low), and distance to the BS
(Near, Reachable, Distant). The system uses 27 rules and produces two outputs: the probability
of the node becoming a CH and the cluster size it can accommodate (seven linguistic variables).
Nodes with higher probabilities within a given radius are selected as CHs, while others join
the nearest CH. Each CH broadcasts an advertisement message, and nodes send membership
requests. The CH checks its cluster size to accept or reject new members; rejected nodes try
the next closest CH, and in the worst case, a node becomes a CH itself. Once clusters are
formed, CHs assign a TDMA schedule for their members. During the data collection phase,
nodes transmit data according to this schedule, and CHs aggregate the data before forwarding

it to the BS either directly or via the nearest CH in a multi-hop path.

FOB
Rule base
(Mamdani)
k4
Residual Ener . .
8 —  Fuzzifier Inference Defuzzifier b Chance
Node Degree g System > {coa)
Distance to BS L > Size

Figure 2.3: Fuzzy inference system of DUCF [(5].

Simulations show that DUCFE effectively balances energy consumption, extends network

31



Chapter 2 Literature Review

lifetime, and improves message transmission. By limiting cluster size, it ensures better resource
utilization. However, as the number of dead nodes grows, orphan nodes may become CHs,

causing uneven energy distribution and higher energy consumption in packet forwarding.

2.3.4 Enhancing Energy Efficiency in WSNs through a Fuzzy Rule-
Based Clustering Algorithm (EETPF)

Lipare et al proposed a fuzzy rule-based clustering protocol [69] aimed at improving energy
efficiency in WSNs. The algorithm forms clusters and efficiently routes data to the BS by
operating in rounds, each consisting of two main phases: clustering and routing. The cluster-
ing phase is divided into three sub-phases: fuzzy CH competition, CH selection, and cluster
formation. During the fuzzy CH competition, nodes apply fuzzy rules using three input pa-
rameters: residual energy (low, medium, high), distance to the BS (short, reachable, long), and
the number of neighboring nodes (less, medium, large). The outputs determine each node’s
probability of becoming a CH and its data processing capacity. Next, in the CH selection
phase, sensor nodes broadcast messages containing their identifier, probability, and capacity.
Nodes compare their probability with neighbors and send join requests to nodes with higher
probabilities. If a node receives join requests exceeding its capacity, it assumes the role of
CH and broadcasts this status. During cluster formation, CHs send acceptance messages to
nearby non-CH nodes based on capacity. If capacity is exceeded, a rejection message is sent.
Non-CH nodes receiving multiple acceptances select the nearest CH to join. In rare cases, a
node may declare itself a CH. Non-CH nodes then forward sensed data to their CHs according
to a TDMA schedule. CHs aggregate this data and transmit it to the BS via single-hop or
multi-hop routes depending on distance. The routing phase involves selecting certain CHs as
routers to establish an efficient path to the BS. This phase also has three sub-phases: fuzzy
router competition, router selection, and routing path formation. In the competition sub-phase,
CHs apply fuzzy rules using residual energy, distance to the BS, and the number of connected
nodes as inputs, producing probability and capacity as outputs. During router selection, CHs
are sorted by distance to the BS, and candidate messages containing probability and capacity
are broadcast within range. CHs then compare received messages, sending responses to nodes
with lower probabilities but feasible capabilities (Figure 2.4). The process continues until the
routing path reaches the BS. If no messages are received, a CH directly transmits data to the
BS. This protocol effectively reduces energy consumption in each round and extends network
lifetime by optimizing cluster formation and routing paths. However, CHs may experience

higher workloads, necessitating additional CHs, and scenarios with many orphan nodes may
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lead to increased energy consumption.
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Figure 2.4: EETPF Flow Chart [69].

2.3.5 Fuzzy Logic Based Distributed Energy Efficient Clustering Al-
gorithm for WSNs (EEDCF)

The EEDCF [70] protocol, proposed by Zhang et al., is a decentralized clustering algorithm
designed to minimize energy consumption in WSNs and reduce intra cluster communication.
It employs fuzzy logic with three input variables: a node’s residual energy, its degree (number
of neighboring nodes within a certain radius), and the average energy of its neighbors. During
cluster formation, each node gathers energy information from its neighbors and calculates the
average neighbor energy. Using a fuzzy inference system with three linguistic variables for each
input—residual energy (High, Medium, Low), node degree (High, Medium, Low), and average
neighbor energy (Weak, Normal, Strong) the node determines its probability of becoming a
CH. The Mamdani model is applied for fuzzification, and the Center-of-Area method is used

for defuzzification. A node becomes a CH if its probability exceeds that of its neighbors;
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otherwise, it joins the nearest CH. In rare cases, a node becomes a CH if no nearby clusters
are available. Data transmission follows the same procedure as LEACH (Figure 2.5). While
EEDCF improves overall energy efficiency, the protocol introduces extra energy consumption
due to frequent exchanges of residual energy information, and neglecting the distance to the

BS can result in an excessive number of CHs.
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Figure 2.5: EEDCF Flow Chart.

2.3.6 Fuzzy-Based Cluster Routing in WSN (FBCR)

Naderloo et al. introduced in [71], a fuzzy based clustering protocol for WSNs named FBCR.
This protocol partitions the network into four regions and selects CHs using fuzzy logic. The
operation proceeds in rounds, each consisting of a setup phase followed by a steady phase.

Once the sensors are deployed, every node sends its location information to the BS, which then

assigns nodes to specific regions and calculates the distances between each node, the BS, and
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the center of its region using the Euclidean method. The number of CHs per region depends
on the number of nodes within that region. During the setup phase, the BS selects CHs based
on a fuzzy logic system that considers three factors: residual energy (classified into very low,
low, medium, high, and very high), distance to the BS, and distance to the center of the region
(classified as low, medium, and high). The fuzzy inference system uses 45 IF-THEN rules to
determine CH selection. After selection, the BS informs each node of its assigned region and
the characteristics of the CHs within it. Each node then chooses the nearest CH based on
received signal strength and joins the corresponding cluster. In the steady phase, CHs create a
TDMA schedule and communicate it to their members. Non-CH nodes transmit their data to
their assigned CH during their allocated time slot, while nodes not scheduled remain in sleep
mode. The CHs aggregate the received data and forward it to the BS. Additionally, CHs report
their residual energy to the BS at the end of each round to inform subsequent CH selection.
Simulation results showed that FBCR enhances network lifetime by reducing CH over-selection.
However, the protocol may face scalability challenges in networks with a large number of nodes,

potentially leading to a significant workload for the BS.

2.3.7 Fuzzy-Based Energy Efficient Clustering Protocol for WSN
(FEEC)

Kumar Rai and Daniel proposed FEEC [72], a clustering protocol that employs fuzzy logic
for selecting super cluster heads (SCHs). The protocol operates in rounds, each consisting of
two phases: CH and SCH selection, followed by data transmission. After node deployment,
each node generates a random number between 0 and 1. If this number is below a calculated
threshold, the node is chosen as a CH; otherwise, it joins the nearest CH. The threshold
considers parameters such as residual energy, average distance, node density, and other criteria
to prevent purely random CH selection. The probability of a node 7 being selected as a CH is

given by:

Popt X El<7”)
Doy (1) X Egp(T)

Pi(r) =

)

(2.5)

where FE;(r) is the residual energy of node i, D,,(r) is the average node density, Fq,(r) is
the average network energy, and P, is the optimal CH probability. The threshold function

controlling CH election is expressed as:

P(r)
T = —— - (2.6
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Once CHs are selected, each CH runs a fuzzy inference system with four input parameters:
residual energy, average node density (low, medium, high, very high), communication quality
(poor, medium, good, very good), and average sink distance (reasonable, good, extensive).
The system uses 64 rules and 7 output membership functions to determine the likelihood of a
CH becoming a SCH. The CH with the highest likelihood and shortest distance to the BS is
chosen as the SCH. During the data transmission phase, CHs gather data from their members
and forward it to the SCH, which aggregates and sends the data to the sink. Simulations
showed that FEEC improves network performance, with SCHs significantly extending network
lifetime and enhancing packet delivery rate. However, the SCH bears a high computational
and communication load, as it participates in CH election, SCH selection, and long-range data

transmission, which accelerates its energy depletion.

2.3.8 Multi-objective fuzzy clustering algorithm for WSNs
(MOFCA)

Sert et al proposed a clustering algorithm MOFCA [73], to prolong the lifetime of the WSN
and to address the problem of hotspot and the hole energy, that uses a multi-objective fuzzy
clustering algorithm to calculate the competition radius for nodes, and select CHs based on the
residual energy. The process is divided into rounds, with each round consisting of two phases:
CH election and data transmission. During the CH election phase, every node generates a
random number between 0 and 1. If this number is below a predefined threshold (representing
the desired tentative CHs), the node becomes a tentative CH. Then, it applies a fuzzy logic
algorithm using three parameters: remaining energy, distance to the BS | and node density.
Node density is determined by calculating the ratio of alive nodes within a certain radius to
the total number of alive nodes. Each tentative CH broadcasts a message within its radius,
containing its ID, residual energy, density, and competition radius. Within this radius, the
node with higher energy becomes the CH, and in the case of a tie, the node with higher density
is selected as the CH. Other nodes send join requests to the closest CH. The clusters formed
are unequal in size, with clusters closer to the BS having a smaller radius and those farther
away having a larger radius. During the data transmission phase, the CHs collect data from
nodes, aggregate it, and send it to the BS either directly or through a multi-hop path. While
the protocol has shown improvement in prolonging the network lifetime compared to other
protocols, it still faces the challenge of having too many members in a cluster, particularly

when the CH is close to the BS, resulting in a hotspot problem.
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2.4 Clustering Using Machine Learning

Clustering is a fundamental unsupervised learning technique in machine learning, used to
group data objects based on similarity without prior class labels. In WSNs, it plays a key role
in organizing sensor nodes to optimize energy consumption, improve scalability, and extend
network lifetime. Machine learning approaches enable adaptive and data driven clustering by
analyzing multiple parameters such as node distance, residual energy, and density. Among
these approaches, algorithms such as k-means[7/] and DBSCAN have been widely adopted in
WSN research for efficient cluster formation and CH selection, contributing to enhanced energy

efficiency and overall network stability.

2.4.1 Optimal Packet Size K-means Clustering (OPSKC)

Razzaq et al. [75] proposed the Optimal Packet Size K-means Clustering (OPSKC) protocol
to enhance the energy efficiency of WSNs. The algorithm combines the K-means clustering
technique with an optimal fixed packet size model for CH selection. The protocol operates in
three main phases: initialization, cluster formation, and CH election. During the initialization
phase, the BS broadcasts an initialization request message to all sensor nodes. FEach node
replies with a message containing its residual energy and current location, which the BS uses
for subsequent cluster formation. In the cluster formation phase, the BS determines the optimal

number of clusters (K') using the following equation:

N s F
K =4/—x °f X —5— (2.7)
2 Emp Thg

where N is the total number of nodes in the network, ¢, and €,,, are the energy amplifica-

tion parameters of the free-space and multipath models, respectively, F' is the network field
dimension, and xgg represents the distance from the BS to the sensing field. Using this value
of K, the BS applies the K-means algorithm to partition the network, assigning each node
to the nearest cluster center based on Euclidean distance. The process iterates until cluster
assignments stabilize. In the CH election phase, two weight functions are computed for each

node to determine the most suitable CH:
WNi =C X Em + ¢y X Dccz’ (28)
Wstd = X Etotal + Coy X Avg(Dcc) (29)

where Wy; is the weight of node ¢ within a cluster, E,; is its residual energy, and D, is the
distance between node 7 and its cluster center. Wy, represents the standard weight correspond-

ing to the ideal CH candidate, i, is the total energy required to transmit and aggregate the
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optimal packet size Ly, and Avg(D..) is the average distance of all nodes to their cluster
centers. Constants ¢; and ¢, are used to balance the influence of energy and distance factors.
The node whose weight Wiy, is closest to Wy is selected as the CH for that round. After
CHs are elected, they aggregate data from their cluster members and forward it directly to the
BS (Figure 2.6). Simulation results showed that OPSKC enhances energy efficiency, increases
throughput, and prolongs network lifetime compared to conventional K-means-based protocols.
However, since all nodes transmit reply messages to the BS in each round, a slight increase in

energy consumption is observed.
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Figure 2.6: OPSKC Flow Chart [75].

2.4.2 Soft-k-Means Clustering Algorithm

Zhu et al. proposed a clustering protocol named soft K-means [70], which combines the
Clustering by Fast Search and Find of Density Peaks (CFSFDP) algorithm and Kernel Den-
sity Estimation (KDE) for cluster center identification, along with soft K-means for cluster
formation. Unlike traditional methods that assign each node to a single cluster, this approach

maintains a list of candidate CHs. The process begins with the BS forming initial clusters, while

38



Chapter 2 Literature Review

re-clustering is triggered only when necessary. Fach sensor node first broadcasts a “HELLO”
message containing its ID and location to collect neighborhood information, which is then sent
to the BS via multi-hop routing. The BS selects optimal cluster centers based on node density
and distance — nodes with higher density and greater distance are preferred. Here, density
represents the number of active nodes within a given range, and distance denotes either the
maximum distance to neighboring nodes for dense nodes or the minimum distance to the near-
est dense node otherwise. Once cluster centers are determined, the BS applies soft K-means
to form clusters. Each node is assigned a membership probability (ranging from 0 to 1) for
belonging to each cluster, ensuring that the sum of these probabilities across clusters equals 1
and that every cluster contains at least one node with non-zero membership. Nodes initially
join the CH with the highest membership probability, but edge nodes may be reassigned to a
secondary CH to achieve balanced energy distribution. After clusters are established, the BS
identifies CH candidates within each cluster based on residual energy and proximity to cluster
centers, broadcasting this information to all nodes. During the steady phase, member nodes
transmit data to their CHs, which then aggregate and forward it to the BS. If a CH’s energy
falls below a predefined threshold, it issues a “SWITCH” message to activate the next CH
candidate and inform its members. Once all CHs in a cluster are exhausted, the final active

CH sends a “RESTART” message to the sink to initiate a new clustering round.

2.4.3 K-means and Dijkstra-based Clustering Protocol (KICMH)

Yang et al. [77] introduced a clustering protocol that integrates the K-means algorithm
for cluster formation and Dijkstra’s algorithm for multi-hop data transmission. The number of
clusters is calculated in the same manner as in OPSKC., considering factors such as the number
of nodes, network size, and communication range. The BS initially gathers the coordinates of all
nodes and randomly selects initial cluster centroids. Each node is associated with its nearest
centroid, and new centroids are iteratively recalculated based on the mean position of the
assigned nodes until convergence is achieved. CH election is divided into two stages: network
initialization and CH update. During network initialization, the BS selects the CH of each
cluster based on the node nearest to the cluster’s central point, which is computed using the
distance formula applied by the BS. When the residual energy of a CH drops below a predefined
threshold, the CH broadcasts a competitive CH message to all cluster members. Each cluster

member then computes its CH competition factor according to its residual energy, distance to
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the BS, and distance to the cluster center using the following equation:

d(k;, My,)

CHcompete = aFBesidual + (1 - a)m’

a € [0,1] (2.10)

where « is a system-defined weight coefficient between 0 and 1, F,csiqua represents the residual
energy of node 4, d(k;, Mj) is the distance between the node and its cluster center, and d(k;, BSS)
is the distance from the node to the BS. The computed competition factors are transmitted
to the CH, which selects the node with the highest value as the next CH and informs the BS.
Upon receiving this information, the Dijkstra algorithm is employed by the BS to determine
the shortest energy-efficient path between CHs and the BS. Instead of using geometric distance
alone, the algorithm calculates energy consumption between each pair of CHs by combining
the free-space and multipath attenuation models. These values are represented in a weighted
undirected graph matrix, where each edge weight corresponds to the transmission energy be-
tween two CHs. Using this energy-based matrix, the BS runs the Dijkstra algorithm, taking
itself as the root node, to identify the minimum-energy multi-hop path for data forwarding
from CHs to the BS. During the data transmission phase, each node sends its sensed data to
the CH, which aggregates and forwards it through the Dijkstra-defined route toward the BS.
Simulation results demonstrate that this protocol effectively prolongs network lifetime and en-
hances routing efficiency. However, scalability issues may arise in large-scale deployments, and

selecting nodes near the BS as CHs can lead to uneven energy consumption among clusters.

2.4.4 Improvement of DBSCAN

In the work titled "Improvement of WSN Lifetime via Intelligent Clustering Under Uncer-
tainty,” Sahoo et al. [78] proposed a clustering protocol designed to enhance the lifetime of
WSNs. The approach begins by applying the DBSCAN algorithm to partition the network
into clusters, with the optimal number of clusters validated using the Silhouette index and
the elbow method. Nodes identified as outliers are treated as individual clusters that directly
transmit their sensed data to the sink. For other clusters, the initial CH is selected based
on four parameters: residual energy, distance to the BS, average intra-cluster distance, and
reliability. The reliability of a node is defined as the ratio of its number of neighboring nodes
within the cluster to the maximum number of nodes in the same cluster. Since these param-
eters contribute differently to CH selection, their relative importance is determined using the
entropy-weighted method. The probability of each node becoming a CH is then computed using
a weighted combination of residual energy, distance to the BS, average intra-cluster distance,

and reliability. When two or more nodes within a cluster exhibit identical probabilities, the
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Technique for Order of Preference by Similarity to Ideal Solution (TOPSIS) is applied to rank
the candidates, and the node with the highest ranking is chosen as the CH. In subsequent
rounds, CH selection is guided by a counter mechanism that is incremented when a node sat-
isfies favorable conditions such as possessing the highest residual energy, being closest to the
sink, or having the largest average intra-cluster distance. During the communication phase,
member nodes transmit their sensed data to their respective CHs, which aggregate and forward
the data to the sink. Comparative evaluations demonstrated that the proposed DBSCAN-based
clustering approach outperformed k-means clustering in terms of network lifetime, scalability,
and resilience. However, the study did not fully specify the CH selection mechanism in later
rounds, nor did it elaborate on the resolution process for ties between nodes with equal selection

probabilities.

2.4.5 Distributed DBSCAN Protocol (DDBSCAN)

Kadhum Hameed and Idrees proposed a distributed clustering protocol for IoT networks [79]
that optimizes energy consumption using the DBSCAN algorithm. The protocol operates in
rounds comprising setup and steady-state phases (Figure 2.7). During the setup phase, each
sensor node determines whether it can act as a core point by scanning its neighborhood to
count how many nodes fall within its sensing radius (¢), which defines the density threshold
for cluster formation. The parameters ¢ and MinPts (minimum number of nodes required to
form a cluster) are user provided. If the number of neighbors of a node exceeds MinPts, the
node becomes a core point and either joins an existing cluster or initiates a new one. After
cluster formation, core nodes within each cluster exchange information such as residual energy,
status, location, and number of members. CH election is then carried out in a distributed and
periodic manner using a fitness function that evaluates the suitability of each core node based
on its remaining energy, number of neighbors, and position relative to other core nodes in the

cluster. The fitness function is expressed as The fitness function is expressed as

E’/‘emainin S Members

2.11
Einitial = Cluster(Members) (2.11)

where Eycmaining and Ejnitiar denote the residual and initial energies of node j, respectively, N
represents the number of core nodes in the cluster, and S;(z,y) and S;(x,y) are the coordinates
of nodes j and 7. The node achieving the highest F}; value is selected as the CH for that round.
In the steady-state phase, the CH allocates TDMA time slots for its members to transmit data
efficiently and enter sleep mode when idle. The CH aggregates and forwards the collected data

to the sink, thereby minimizing redundant transmissions and conserving energy. Simulation
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results demonstrate that the proposed protocol enhances network lifetime and energy balance
compared to LEACH and I-LEACH. However, the protocol depends heavily on core nodes, and
once all core points fail, the network becomes inoperative even if some non-core nodes remain

functional.
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Figure 2.7: Distributed DBSCAN Protocol [79].

2.5 Clustering Using Metaheuristic Algorithms

Since their emergence in the early 1980s, metaheuristic algorithms have evolved significantly,
offering powerful strategies to enhance computational efficiency, solve complex large-scale op-

timization problems, and generate robust solutions. They have achieved remarkable success in
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addressing various combinatorial optimization tasks [30, 81], with well-known examples includ-
ing Genetic Algorithm (GA), Particle Swarm Optimization (PSO), Ant Colony Optimization
(ACO), Artificial Bee Colony (ABC), and Grey Wolf Optimizer (GWO). In the context of
WSNs, metaheuristic algorithms have been extensively applied to optimize clustering, partic-
ularly in the selection of CHs and the formation of balanced clusters. These algorithms are
capable of exploring large solution spaces and escaping local optima, making them well suited
for minimizing energy consumption and extending network lifetime. Each node or solution
is typically represented as a candidate CH configuration, and the optimization process iter-
atively improves these configurations based on objective functions that consider parameters
such as residual energy, node distance, and communication cost. By balancing exploration and
exploitation, metaheuristic-based clustering approaches provide adaptive and energy-efficient

solutions compared to traditional deterministic methods.

2.5.1 Atomic Energy Optimization-based WSN Clustering (AE-
OWSNC)

In AEOWSNC [82], a clustering protocol based on the Atomic Energy Optimization (AEO)
algorithm [33] was proposed to extend the operational lifetime of WSNs by selecting optimal
CHs. In this approach, each atom in the AEO model represents a candidate CH set, which
is initialized randomly with a predefined number of CHs and assigned an energy level that
reflects its effectiveness in clustering. Through iterative processes such as energy transfer and
dissipation, the atoms evolve toward better solutions that reduce overall communication costs.
The objective function evaluates each solution by considering the total distance from sensor
nodes to their assigned CHs and from CHs to the BS. Solutions that achieve lower total distances
are regarded as stronger, retaining their energy, while weaker solutions gradually lose energy and
are replaced. This mechanism ensures a balance between exploration of new candidate solutions
and exploitation of the best ones. The protocol operates in a centralized manner, where CHs
aggregate data from their member nodes and transmit it directly to the BS. Simulation results
demonstrated that AEOWSNC outperforms conventional clustering protocols in terms of both
energy efficiency and network lifetime. Nevertheless, a notable limitation is that the objective
function only accounts for distance and neglects the residual energy of CHs. As a result, some
CHs remain active until their energy is fully depleted, which causes uneven energy consumption
among nodes and may reduce network coverage over time. This observation emphasizes the
importance of incorporating energy aware optimization criteria in future protocol enhancements

to achieve more balanced energy utilization and longer network sustainability.
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2.5.2 Spotted Hyena Optimization-based Clustering (SHO-CH)

The SHO-CH protocol [31], proposed by Sharma et al., is an energy efficient, cluster-based
routing scheme designed for heterogeneous WSNs. Its primary goal is to extend network life-
time while maintaining balanced energy consumption among sensor nodes. The protocol is
inspired by the cooperative hunting behavior of spotted hyenas, emulating their strategies of
encircling, attacking, and tracking prey to achieve a balance between exploration and exploita-
tion during the CH selection process. CH selection is guided by a fitness function that combines
several key parameters, including residual energy, the distance between nodes and their respec-
tive CHs, and the distance from CHs to the BS. Through iterative updates, the algorithm
identifies CHs that optimize the trade off between energy efficiency and spatial distribution.
Once CHs are established, they aggregate data from their member nodes and transmit it either
directly to the BS or via intermediate CHs located closer to the BS, enabling efficient multi-hop
communication. Simulation results demonstrate that SHO-CH significantly enhances network
lifetime and achieves more balanced energy utilization compared to conventional clustering ap-
proaches. These results highlight the effectiveness of nature-inspired metaheuristic strategies

in optimizing WSN operations, particularly in heterogeneous network environments.

2.5.3 African Vulture Optimization Algorithm (AVOACS)

AVOACS [35], proposed by Kumar et al., leverages the scavenging and foraging behaviors
of vultures to optimize CH selection in WSNs. In this approach, each vulture represents
a candidate CH configuration, which is evaluated using a fitness function that incorporates
residual energy, distance to the sink, intra-cluster distance, and a communication mode decider

(CMD). The four objective functions corresponding to these parameters are defined as:

Obj, = % Y E (2.12)
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The overall fitness function is then calculated as:

1

b= a Obji + B Objs + v Objs + 6 Obja (2.16)
N Total number of nodes
E; Residual energy of node ¢
D(N;, s) Distance between node i and sink s

D,ywe(N,s)  Average distance from nodes to sink
After evaluation, the two fittest vul-

C; Communication node of 4
GH Gateway or CH
M Clustering parameter

a, 3,7,0 Weight coefficients (« + 5 +~v+d =1)

tures act as leaders, guiding the others, which update their positions relative to these leaders.
A dynamic hunger rate controls the balance between exploration and exploitation: initially
favoring wide exploration and later promoting intensive exploitation. Two exploitation strate-
gies are applied: refining searches via siege-fighting and spiral flight, or intensifying them by
averaging around leaders and performing aggressive jumps. This adaptive mechanism ensures
a smooth transition from global search to local refinement, reducing the risk of premature con-
vergence. Simulation results show that AVOACS achieves more balanced energy distribution,
improved network stability, and longer network lifetime compared to conventional clustering

protocols.

2.5.4 DEAI-PSO-Based Clustering Algorithm for IoT-Oriented
WSNs

Haris and Nam proposed a PSO framework enhanced with a Double-Exponential Adap-
tive Inertia (DEAI) mechanism [30] to optimize CH selection in IoT based WSNs. Unlike
conventional PSO-based clustering methods that use fixed or linearly varying inertia weights,
the DEAI-PSO model dynamically regulates the balance between exploration and exploitation
through a double-exponential adaptive scheme. This mechanism improves convergence stability
toward energy-efficient configurations and mitigates premature stagnation common in standard
PSO variants. The main objective of this method is to reduce energy depletion, particularly
for nodes located near the BS | which are often burdened with heavy relay loads in multi-hop

communication. The network model considers randomly deployed [oT devices with a centrally
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located BS having an unlimited power supply. Each node can act as a Cluster Member (CM),
CH, or free node, depending on the optimization outcome. In the PSO framework, each particle
represents a potential CH configuration. The inertia term (wy) maintains previous momentum,
the cognitive component (c,) drives the particle toward its personal best position, and the
social component (¢,) encourages movement toward the globally best solution. These compo-
nents interact dynamically throughout the optimization process to achieve an optimal balance
between exploration and exploitation. The DEAI mechanism introduces a dual dependency on

temporal and spatial factors, defined as

k
Wk = Wmin + (Wmax — Wmin) €XP (—a?) exp (—B d(XF, Pbesti)) (2.17)

where k is the current iteration, T the total number of iterations, and d(X¥, Pbest;) the Eu-
clidean distance between a particle’s current position and its personal best. The parameters
«a and [ control temporal and spatial adaptation, respectively. Early in the optimization,
a small wy promotes wide exploration for diverse CH configurations. As iterations progress,
wy increases gradually, emphasizing local refinement near promising solutions. This double-
exponential design ensures a smooth transition between exploration and exploitation phases,
maintaining swarm diversity and preventing abrupt behavioral changes. The DEAI-PSO al-
gorithm applies a multi-objective fitness function that evaluates each CH configuration based
on minimizing energy consumption and balancing communication distances between nodes and
CHs. The number of clusters is determined adaptively, taking into account both free-space and
multipath fading energy models. Consequently, nodes with higher residual energy and optimal
spatial positioning are chosen as CHs, leading to better energy distribution and an extended
network lifetime. An additional feature of this approach is the use of a distance-based free-
node strategy. Nodes located within a given threshold distance from the BS are considered
free nodes and send their data directly to the BS, avoiding redundant cluster formation nearby:.
This strategy reduces transmission overhead and contributes to overall energy efficiency. The
resulting communication model operates in three tiers: free nodes communicating directly with
the BS, cluster members sending data to CHs, and CHs forwarding aggregated data to the
BS using single-hop or multi-hop links. Compared with traditional PSO or single-exponential
models, the DEAI-PSO approach provides a two-dimensional adaptive control that integrates
both temporal progression and spatial awareness, preventing premature convergence and main-
taining solution diversity. Moreover, by embedding the free-node classification directly within

the optimization process, it supports dynamic, context-aware communication. However, this
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method introduces a moderate computational overhead due to the need to calculate spatial
dependencies and double-exponential inertia in each iteration. Its performance is also sensitive
to the selection of control parameters a and ; poor tuning may cause unbalanced exploration
and exploitation or slower convergence. Despite this inconvenience, the DEAI-PSO model re-
mains a strong and scalable approach that significantly improves energy efficiency and network

lifetime in IoT-oriented WSNSs.

2.6 Hybridization Protocols

In recent years, researchers have increasingly turned to hybrid clustering approaches in
WSNs to overcome the limitations of single-technique protocols. Instead of relying solely on
one method, hybrid models combine the strengths of machine learning, metaheuristic optimiza-
tion, fuzzy logic, and LEACH-based mechanisms to achieve better energy efficiency and network
longevity [87, 88, 89]. Machine learning contributes predictive and adaptive decision-making
capabilities, enabling the system to respond intelligently to dynamic changes in network con-
ditions. Metaheuristic algorithms such as PSO, GA, and ACO provide efficient global search
strategies for selecting optimal CHs. Fuzzy logic, in turn, refines the decision process by han-
dling uncertainty in parameters such as residual energy, distance, and node density. LEACH
serves as the foundational protocol upon which these hybrid methods are built, ensuring simple
cluster formation and communication management. By integrating these diverse paradigms,
hybrid protocols achieve a more balanced trade-off between exploration and exploitation, en-
hance the adaptability of CH selection, and significantly reduce communication and energy

overhead compared to conventional clustering schemes.

2.6.1 An Optimized Fuzzy Clustering Algorithm (OFCA)

OFCA[90] is an energy-efficient clustering and routing protocol for WSNs that integrates
Fuzzy Logic for cluster formation and PSO for multi-hop routing. The main objective of OFCA
is to prolong network lifetime by balancing energy dissipation across the network, particularly
addressing the “hot spot problem” that occurs near the BS. The operation of OFCA is divided
into rounds, each consisting of two main phases: the Setup Phase (clustering) and the Steady
State Phase (routing). The setup phase is executed centrally at the BS and involves the
selection of CHs and the determination of cluster sizes to ensure balanced energy consumption.
Fuzzy logic is applied to handle the uncertainty inherent in CH election. The Type-1 Sugeno

Fuzzy Inference System (FIS) computes a Confidence Factor (CF) for each node, representing
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its suitability to become a CH. The FIS uses three dynamically varying input parameters
to compute the CF: (1) the residual energy of the node, where higher energy increases the
likelihood of becoming a CH; (2) the distance from the BS, where nodes closer to the sink
have a higher chance of selection; and (3) the concentration, defined as the number of nodes
within the communication range of the candidate node. Based on these inputs, each with three
membership levels (low, medium, and high), the FIS applies 27 fuzzy rules to calculate the
CF. The node with the highest CF value is chosen as the CH. Although CHs near the BS may
be initially preferred, the algorithm ensures that in subsequent rounds, CHs located farther
away are selected when they retain higher residual energy, thus balancing energy consumption
and mitigating the energy-hole problem near the BS. After CH selection, unequal clustering
is performed to distribute energy consumption more effectively. The communication radius
of each CH is determined according to its distance from the BS. CHs closer to the BS are
assigned smaller communication radii than those located farther away, ensuring unequal and
balanced clustering. This design reduces the workload on CHs near the BS, which already
handle more inter-cluster relay traffic. Once the CHs and their radii are established, the BS
broadcasts a CH message. Nodes within the communication range respond with a JOIN-REQ
message to join a cluster, becoming Cluster Members. During the steady state phase, data
is collected, aggregated, and transmitted to the BS through an optimized multi-hop route
determined using PSO. CHs send a DATA-REQ message to their member nodes, which reply
with sensed data according to a TDMA (Time Division Multiple Access) schedule defined by
their respective CHs. Each CH then performs local data aggregation to minimize redundancy
and reduce transmission overhead. For inter-cluster communication, the aggregated data is
forwarded from CHs to the BS using a multi-hop path via other CHs. This routing process
is formulated as an optimization problem solved by PSO. PSO is chosen for its simplicity and
fast convergence toward near-optimal solutions. Its objective is to determine the optimal set
of relay CHs that maximize the total residual energy and node concentration while minimizing
the average distance to the BS. The optimization problem is expressed as a linear programming

model with three objectives combined into a single fitness function F', which must be minimized:

1 1
F= w1— + w2f2 + w3— (218)
fl f3

where f; represents the inverse of total residual energy (to maximize it), fy is the average
distance between selected CHs and the BS (to minimize it), and f; denotes the inverse of
total node concentration (to maximize connectivity). The weighting coefficients wy, ws, and

ws control the influence of each factor. For agricultural applications, the optimal weights are
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wy = 0.5, wy = 0.3, and w3 = 0.2, giving higher priority to energy conservation. The optimal
multi-hop path obtained from the PSO process is then used to forward the aggregated packets
from the CHs to the BS. Inter-cluster packets are transmitted without further aggregation
to ensure data consistency and timely delivery. After one round of operation, which may
include several TDMA schedules, CHs are re-elected and the clustering process restarts. This
continuous re-clustering and optimization process ensures a balanced energy distribution among
all nodes, thereby extending the overall network lifetime. However, a limitation of OFCA lies
in its computational overhead. The combination of fuzzy logic and PSO introduces additional
processing complexity, which may not be ideal for networks with resource-constrained nodes or

in scenarios requiring real-time decisions.

2.6.2 Fuzzy Based Energy Efficient Cluster Head Selection (FEECS)

FEECS [91] algorithm is a hybrid protocol designed to extend the lifetime of WSNs by
enhancing energy efficiency during both cluster formation and CH selection. It integrates
the k-means clustering algorithm with a fuzzy logic system (FLS) to achieve balanced energy
consumption and improve network stability. FEECS begins by organizing sensor nodes into
clusters using the k-means algorithm, which efficiently groups nodes based on proximity. Each
sensor node calculates its distance to a set of randomly initialized cluster centers using Euclidean
distance and joins the cluster with the nearest center. The cluster centers are iteratively
updated until stable clusters are formed. This process minimizes intra-cluster distances and
reduces communication overhead within clusters. Once clusters are established, the fuzzy logic
system is applied to select the most suitable node in each cluster to act as the CH. The selection
process is based on four input parameters: Residual Energy (RE), Distance to BS (D2BS), Node
Density (Den), and Cluster Status (CS). These parameters are converted into linguistic values
(such as low, medium, high, near, far, yes, and no) and processed through fuzzy inference rules
to calculate each node’s chance of becoming a CH. Nodes with higher residual energy, closer
proximity to the BS, higher local density, and that have not previously served as CHs are given
a higher selection chance. The node with the maximum fuzzy output value in each cluster
is elected as the CH. After CH selection, intra-cluster communication is managed efficiently
using a TDMA scheduling scheme, where each node transmits data during its assigned time
slot, reducing collisions and unnecessary retransmissions. The CH aggregates the collected
data and transmits it to the BS either directly or via multi-hop communication, depending
on network distance. By combining the structural clustering capability of k-means with the

adaptive decision-making power of fuzzy logic, FEECS effectively balances energy consumption,
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reduces communication cost, and significantly prolongs the network lifetime.

2.6.3 Fuzzy Logic LEACH Technique-Based Particle Swarm Opti-
mization

The system described is the Fuzzy Logic (FL) LEACH Technique-Based PSO [92] protocol
proposed by M. Gamal et al. in their work “Enhancing the Lifetime of WSNs Using Fuzzy
Logic LEACH Technique-Based Particle Swarm Optimization” [19]. This hybrid protocol aims
to extend the lifetime and improve the throughput of WSNs by integrating K-means clustering,
PSO optimization, and fuzzy logic-based CH selection. The method operates in two intercon-
nected phases (Figure 2.8): cluster formation and steady-state communication. In the setup
phase, the BS is responsible for forming clusters at the beginning of the network operation,
assuming static sensor node positions. The optimal number of clusters is determined using the
gap statistic evaluation method, which identifies the configuration that minimizes intra-cluster
variation. Once the number of clusters is set, K-means clustering is applied to partition the
sensor nodes using Euclidean distance as the similarity measure. The output of K-means, rep-
resenting the initial cluster centers, is treated as one of the particles in the PSO population,
while the remaining particles are initialized randomly. PSO then refines the cluster formation
by iteratively updating the cluster centers based on a following fitness function designed to
minimize quantization error and balance the energy distribution across nodes. T

2 (Zoeo, Se)

= 2.1
J = (219)

the particle achieving the best fitness defines the final cluster configuration and clustering is
done only once at the begining of the network. Where:

o J : Objective function value (average intra-cluster distance).

e N¢ : Total number of clusters in the network.

o C;j : The j-th cluster (group of sensor nodes).

e |Cjj| - Number of sensor nodes (cardinality) in cluster Cj;.

« 5, : Any sensor node that belongs to cluster Cj;.

e ¢; : CH or centroid of cluster j.

 d(sp,c;) : Distance between sensor node s, and its CH ¢;.
After cluster formation, the network operates in rounds consisting of CH selection and data
transmission. During each round, two types of CHs are selected: the Primary CH (PCH) and
the Secondary Cluster Head (SCH). The PCH is responsible for transmitting aggregated data

to the BS, while the SCH collects and aggregates data from cluster members before forwarding
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it to the PCH. Both selections are performed using fuzzy logic inference systems executed at
the BS. For PCH selection, the fuzzy system uses three input parameters: residual energy,
distance to the cluster center, and distance to the BS. The system applies twenty-seven fuzzy
rules defined using the Mamdani model and defuzzifies the result using the centroid of area
method to determine each node’s chance of becoming a PCH. The node with the highest
chance is elected. The SCH selection uses two fuzzy inputs—residual energy and distance to
the PCH—and applies eight rules to determine the node most suitable for this role. This
dual-level CH selection effectively balances energy consumption between nodes near the cluster
center and those handling data aggregation or transmission. In the steady-state phase, data
transmission proceeds in three stages: sensor nodes send their data to the SCH according to
a TDMA schedule, the SCH aggregates the data and forwards it to the PCH, and finally, the
PCH transmits the aggregated data to the BS through single-hop communication. This layered
communication reduces the load on individual CHs and prevents premature energy depletion in
nodes close to the BS. Reported findings indicate that the protocol enhances network lifetime
and energy efficiency compared to conventional clustering methods. However, the authors did
not clearly articulate the specific contribution of integrating K-means with PSO during cluster
formation, nor did they clarify whether the PSO particles were derived from K-means-generated
cluster centers or initialized randomly. Despite this ambiguity, the combination of clustering
techniques, optimization, and fuzzy decision-making offers a promising direction for improving

energy balance and prolonging the operational stability of WSNs.

Setup phase

Cluster Formation
using Hybrid PSO Round1 | Round2 |  ......... Round r

and K-Means clustering

,/"Step’l Step 2 Step 3 IR

PCH Selection using FL{ SCH Selection using FL| Intra-cluster data
communication

< Steady phase >
PSO : Particle Swarm Optimization SCH : Secondary Cluster Head
PCH : Primary Cluster Head FL : Fuzzy Logic

Figure 2.8: Phases of the protocol [92].
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2.6.4 Particle Swarm Optimization Based K-means

In [93], Sun et al. proposed a centralized clustering protocol for WSNs that aims to balance
energy consumption and select optimal CHs to extend network lifetime. The approach combines
PSO with K-means clustering, where the number of clusters k is fixed and determined during
network initialization. After node deployment, each sensor sends its ID and location to the
BS, which then applies PSO to optimize the positions of cluster centers. In this method,
PSO initializes a population of particles, each representing a candidate set of k cluster centers.
Particles are iteratively updated based on a fitness function that measures the total distance
between all nodes and their corresponding cluster centers. Each particle tracks both its personal
best and the global best, with velocity and position updates calculated using Euclidean distance.
Once PSO converges, the global best particle is used as input to the K-means algorithm, which
refines the cluster centers and assigns nodes to their nearest cluster. CH election occurs in
every round. In the first round, the node closest to each cluster center is selected as CH. In
subsequent rounds, CH selection is guided by a fitness function that accounts for both residual

energy and distance from the cluster center:

f(@) = a(@) f1(i) + 0(0) f2(0), (2.20)
Eres(i)
7 2jmt Pres(7)’

dmax — d(x;, ceny)

’
dmax - dmin

fi(i) =

(2.21)

fo(i) =

(2.22)

where F,.(i) is the residual energy of node i, d(z;,cen;) is the distance between node i and
its cluster center, and a(i), b(i) are adaptive weights that depend on the node’s residual en-
ergy. After CH selection, member nodes transmit data to their CHs according to a TDMA
schedule and enter sleep mode. CHs aggregate the collected data and forward it directly to the
sink. However, this study raises a question regarding the necessity of applying K-means after
PSO, as both algorithms perform similar clustering tasks, potentially introducing redundant

computation.

2.6.5 hybrid clustering approach integrates the Harmony Search
with K-means

The hybrid clustering approach integrates the Harmony Search (HS) meta-heuristic method

with the conventional K-means algorithm[94]. This combination is designed to overcome the

52



Chapter 2 Literature Review

fundamental limitation of the K-means algorithm, which often converges to a locally optimal
solution due to the random selection of initial centroids. By using Harmony Search to generate
optimized initial CH positions, the algorithm enhances the accuracy and efficiency of K-means,
leading to improved energy conservation in WSNs. In the first phase, Harmony Search is
applied to determine the approximate positions of CHs. Harmony Search is a population-based
optimization algorithm inspired by musical improvisation, where musicians adjust pitches to
achieve better harmony. In this context, each harmony vector in the Harmony Memory (HM)
represents a potential set of CH locations. The Harmony Memory is initialized with randomly
generated solutions, and algorithm parameters such as the Harmony Memory Consideration
Rate (HMCR) and the Pitch Adjustment Rate (PAR) are defined. During improvisation,
a new harmony vector is generated either by selecting values from existing solutions in the
Harmony Memory with probability HMCR, or by generating random values with probability
(1 - HMCR). If a value is chosen from the Harmony Memory, it may be further modified with
probability PAR. The newly improvised solution is then evaluated using the objective function,
and if it has a lower energy cost than the worst solution in the Harmony Memory, it replaces it.
This process is repeated for a predefined number of iterations. The final output of the Harmony
Search phase is a set of optimized CH positions, which are then used as the initial centroids
for K-means. The fitness or objective function minimized by the Harmony Search algorithm

represents the total communication energy in the network and is expressed as:

ng k

f - Z [E‘ilec i €fs - L d?j} + Z [Eelec L+ Emp * [- d?BS} (223)

=1 j:l =1

where k is the number of clusters, n; is the number of member nodes in cluster 7, F,. is the
energy required for electronic circuitry, [ is the size of the transmitted data in bits, €75 and €,
denote the amplifier energy for free-space and multipath models, d;; is the distance between
node 7 and its CH, and d;gg is the distance between CH 7 and the BS. This function accounts for
both intra-cluster energy consumption and the energy used by CHs to transmit aggregated data
to the BS. In the second phase, the K-means algorithm refines the CH positions obtained from
Harmony Search. Sensor nodes are assigned to the nearest CH based on Euclidean distance.
New centroids are then recalculated as the mean position of all nodes within each cluster. This
process is repeated until the centroids no longer change, indicating convergence. By combining
the global search capability of Harmony Search with the fast convergence of K-means, the

hybrid approach achieves energy-efficient clustering and prolongs the network lifetime.
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2.6.6 Cluster Based Energy Efficient Routing Protocol using SA-
LEACH to WSNs

The SA-LEACH protocol presented in [95], enhances the conventional LEACH algorithm by
introducing SA to refine the CH selection process. LEACH initially selects CHs randomly, often
resulting in nodes with low residual energy being chosen, which accelerates energy depletion
and degrades overall network performance. SA-LEACH first forms clusters using the LEACH
mechanism, then applies SA to explore neighboring nodes and identify a better CH candidate
by minimizing the total energy consumed during each transmission cycle. The optimization
is based on the first-order radio model, and the remaining network energy after each cycle is

evaluated using the objective function:

CH, CHp,
f(.Il) = f(CEz;l) — Z ETX(Si — CHn) —+ Z ECHZ'
=1 =1 (2.24)

+ Erx(CH, — SN)+ Y Erx(S; — SN).

i=1
which accounts for the transmission energy of cluster members, the reception energy of CHs,
and the energy of isolated nodes communicating directly with the sink. By probabilistically
accepting better or slightly worse solutions, the SA process avoids local minima and converges

toward a CH configuration that yields lower overall energy consumption.
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Table 2.1: Summary of clustering protocols
Protocol CH Selection Routing Parameters Notes (Advantages
/ Limitations)

LEACH Probabilistic; Single-hop R, P Simple  and  dis-

threshold-based tributed; random
CHs; weak in large
networks.

LEACH-C BS computes  Single-hop Energy, coordi- Balanced CH count;
CHs via en- nates Stable then LEACH;
ergy /positions Centralized cost.

MR As LEACH Multi-hop CH Hop levels, CH Good for large fields;

LEACH relays distance bottleneck near BS.

TL- Primary + sec- Two-level rout- Signal strength, Reduced distance;

LEACH ondary CHs ing TDMA/CDMA more overhead.

W- Weighted (en-  Single-hop Energy, density Balanced CHs; cen-

LEACH ergy—+density) tralized work.

DBCH Threshold uses en-  Single-hop Energy, D;_,pg Better balance; still
ergy + BS distance limited by single-hop.

LEACH- CH + vice-CH Single-hop by Residual energy More reliable; extra

VH backup backup VCH cost.

CHEF Fuzzy: energy + lo-  Single-hop Energy, distance, Uniform  clustering;
cal distance fuzzy rules high computation.

EAUCF Fuzzy competition  Single-hop Energy, BS dis- Reduces hotspot; ex-
radius tance tra messages.

DUCF Fuzzy (energy, de-  Single-/multi- Energy, degree Good balancing; or-
gree, BS dist.) hop phan CHs possible.

EEDCF Distributed fuzzy Single-hop Energy, degree, Efficient clusters; ig-

neighbor energy

nores BS distance.
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Protocol CH Selection Routing Parameters Notes

EETPF Fuzzy CH + fuzzy  Multi-hop Energy, BS dist., Reduced cost; CH
routers neighbors load increases.

FBCR BS fuzzy CH selec- Single-hop Energy, CH  stability; BS
tion BS/regional workload high.

distance

FBECS Decentralized fuzzy  Single-hop Energy, density, Improved lifetime;
logic BS dist. more control traffic.

FEEC Threshold + fuzzy Two-level rout- Energy, density, Strong performance;
super-CH ing link quality SCH overload.

MOFCA Fuzzy multi-  Single-/multi- Energy, density, Longer lifetime; clus-
objective radius hop BS dist. ter overflow near BS.

Soft K- Density peaks  Single-hop Density, member-  Balanced clusters;

means + KDE + soft ship heavy BS computa-
membership tion.

OPSKC K-means +  Single-hop Energy, center  Good throughput; re-
weighted CH distance ply overhead.
score

KICMH K-means + energy- Multi-hop (Di- Energy, d(-) Energy-aware routing;
based CH update jkstra) scalability limits.

DDBSCAN DBSCAN + core- Single-hop Energy, core den-  Adaptive; fails if core
node fitness sity nodes die.

Improved Entropy-weighted +  Single-hop Energy, BS dis- Better CH selection;

DBSCAN TOPSIS tance, reliability later-rounds unclear.

AEOWSNC AEO global opti- Single-hop Node-CH, CH- Efficient; ignores
mization BS distances residual energy.

SHO-CH Hyena-based opti- Multi-hop Energy, distances  Robust; tuning re-
mization quired.
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Protocol CH Selection Routing Parameters Notes

AVOACS Vulture multi-  Single-/multi- Energy, distance, Energy balanced;
objective fitness hop CMD heavy computation.

DEAI- Adaptive inertia  3-tier routing Energy, dis- No early convergence;

PSO PSO tance, inertia  parameter sensitive.

parameters

OFCA Fuzzy CH + PSO  Multi-hop Energy, BS dist., Mitigates hotspot;
routing density computational cost.

FEECS K-means + fuzzy Single-/multi- Energy, density, Balanced clusters;
logic hop BS dist. more overhead.

FL- K-means + PSO + Two-level rout- Energy, dis- High lifetime; com-

LEACH- fuzzy PCH/SCH ing tances, fuzzy  plex.

PSO rules

PSO-K- PSO centers + K-  Single-hop Energy, centroid Stable clusters; redun-

means means refinement distance dant steps.

HS + K- Harmony Search  Single-hop Energy (Eeec, Better initial centers;

means initialization €fs) HS tuning needed.

SA- Random + SA Single-hop Energy Better energy balance

LEACH routing

2.7 Conclusion

This chapter presented a comprehensive survey of the clustering techniques and routing

strategies that served as the foundation for this study. The reviewed works covered a wide

range of approaches, including classical LEACH-based protocols, fuzzy-logic methods, machine

learning techniques such as K-means and DBSCAN, as well as metaheuristic and hybrid op-

timization models. Each category introduced different mechanisms for CH selection, cluster

formation, and data forwarding, showing how energy efficiency, stability, and scalability are

addressed using various design principles.

The analysis highlighted how different protocols attempt to balance residual energy, com-

munication distance, node density, and routing structure. Some methods favored simplicity and

distributed operation, while others relied on centralized decision making or optimization driven
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selection processes. Machine learning and metaheuristic algorithms brought adaptiveness and
stronger optimization capabilities, whereas fuzzy logic improved decision quality in uncertain
environments. Hybrid approaches integrated multiple techniques to enhance clustering accu-
racy and data transmission efficiency, especially in large-scale or heterogeneous deployments.

The insights obtained from this review guided the motivations and design choices of the
proposed methodology in the next chapter. By examining the advantages and limitations of
existing solutions, we identified key factors; such as balanced cluster formation, energy aware
CH selection, and efficient multi hop routing that are essential for improving overall network
performance.

The following chapter builds upon this foundation and presents the proposed protocol,
developed to address the gaps observed in the literature and achieve more sustained and energy-

efficient operation in WSNs.
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3.1 Introduction

The Puma Optimizer (PO) [90] is a recently developed metaheuristic algorithm proposed by
Abdollahzadeh et al. (2024). It is inspired by the intelligent hunting strategies and adaptive
behavior of pumas, also known as cougars or mountain lions. PO models the natural balance
between two critical phases of optimization: exploration (searching new areas) and exploitation
(refining promising areas). Unlike traditional optimizers with fixed transition rules, PO intro-
duces an intelligent phase-changing mechanism that allows it to automatically switch between
exploration and exploitation based on past performance and learning experience. This mecha-
nism enables the algorithm to escape local minima, preserve diversity, and converge effectively
toward the global optimum. Each individual in the population represents a puma that searches
within a multidimensional space for prey (optimal solution). The best performing individual
at each iteration is called the male puma and serves as the leader, while the rest are female
pumas that explore or exploit according to the phase control mechanism.

In the following chapter, we will explore the detailed functioning of the PO, examining how
its biologically inspired strategies translate into a powerful optimization algorithm for solving
complex problems. This chapter explains the algorithm’s key components, including population
structure, phase-changing mechanism, and the balance between exploration and exploitation,
highlighting how the adaptive behavior of pumas is modeled to achieve efficient and robust

convergence.

3.2 Biological Inspiration

In nature, pumas are solitary, intelligent predators capable of both long-distance roaming
and short, powerful attacks. They rely on memory to revisit successful hunting grounds while
also exploring new regions when prey availability changes. These behavioral traits inspired the
PO’s design, where:

» Exploration simulates wide territorial roaming to discover new prey regions (global

search).

o Exploitation simulates ambush and sprint hunting to capture prey in promising zones

(local refinement).

o Memory and experience correspond to adaptive phase switching between exploration and

exploitation.

This dynamic and self-learning behavior is the foundation of the PO algorithm.
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3.3 Mathematical Model and Search Phases
3.3.1 Initialization

At the start, the algorithm generates a population of N,,, pumas (solutions) randomly

distributed within the search bounds:
X; = Ly +rand(0,1) x (U, — Ly) (3.1)

where L, and U, are the lower and upper limits of the search space. Each puma’s fitness value is
computed using the problem’s objective function (for example, energy-based fitness in WSNs).

The best puma, with the lowest cost or highest fitness, is assigned as the male puma.

3.3.2 Unexperienced Phase

At the beginning of the optimization process, pumas are considered unexperienced because
they have no prior knowledge about the search space. During the first few iterations (typically
three), the algorithm performs both exploration and exploitation simultaneously to gather ex-
perience. Two scoring functions are defined for each phase based on the cost improvements
obtained at each iteration. These scores quantify how effective each phase has been in im-
proving fitness. During these early iterations, PO alternates between both phases to collect
comparative data on their effectiveness. Mathematically, the unexperienced phase calculates
phase performance indicators (for example, fePore, feeploit - gerplore - gexploity yiging the improve-
ment in fitness values between consecutive iterations. After the third iteration, the phase with
the higher accumulated score is favored in subsequent iterations, marking the transition to the

experienced phase. This learning strategy ensures that PO begins without bias and gradually

learns which phase contributes more effectively to progress in the current problem landscape.

3.3.3 Experienced Phase

After the initial learning period, pumas gain experience, and the algorithm intelligently
decides at each iteration whether to explore or exploit using a phase change mechanism. This
mechanism employs three control functions to evaluate and score the two phases:

1. Improvement function (intensification) measures the magnitude of fitness improvement

between successive iterations.

2. Consistency function (resonance) evaluates performance stability over several past itera-

tions.

3. Diversity function rewards phases that have been inactive for several iterations to main-

tain exploration diversity.
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At every iteration, these three functions are combined to compute an overall exploration
score and exploitation score. If Scorecypioir > ScOreegpiore, the algorithm enters the exploitation
phase; otherwise, it continues exploring. The scores are dynamically updated, ensuring the
algorithm remains adaptive throughout the optimization process. This mechanism represents
the intelligence of the puma, enabling it to balance memory-based revisiting (exploitation)
and curiosity driven searching (exploration). The PO adaptively updates the exploration and
exploitation scores according to the quality of the generated solutions and the improvement
rate achieved during the search process.

The exploration and exploitation scores are computed as:

Scoregzpiore = (PF1 X flgapiore) + (PF2 X f2E54p10r¢) (3.2)

SCOT@Emploit = (PFl X f]-Ea:ploit) —+ (PF2 X f2Emploit) (33)

The cost-based improvement functions are defined as:

. Costdd . — Cost™
exploi exploit exploit
fLEPet = PR1 meploit £ (3.4)
t
explore OOStg;lz:C;iJlore - OOStZ;;ﬁore
f1777 = PF1 ; (3.5)
Tewp ore
t
To avoid premature convergence, a penalty term is introduced for non-selected phases:
The final adaptive exploration and exploitation scores are then updated as:
Ftemplore _ (0415 « flfxplore) + (at « f2§:vplare) + (515 « fgfxplore) (37)
Ftexploit _ (at > f].:xploit) + (at > f2§xploit> + (6t « f?):xploit> (38)
where:
5t =1- (0% (39)

This adaptive scoring mechanism enables the Puma Optimizer to dynamically balance global

exploration and local exploitation during the optimization process.
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Algorithm 1 illustrate how puma operates and algorithm 2 indicates how scores are computed.

Algorithm 1 Puma Optimizer (PO)

Require: Population size N, maximum iterations 7},,., parameter settings
Ensure: Best solution X2 and fitness value

1: Initialize a population of N pumas X; within [LB, U B]
2: Evaluate the fitness of all pumas

3: Identify the best solution X 55

/* Unexperienced Phase */
4: for t =1 to 3 do
5: Apply Exploration Phase
6: Apply Exploitation Phase
7: end for

/* Experienced Phase */
8: for t =4 to T),,, do
9: if Scoregzpiore > Scoregapirir then
10: Apply Exploration Phase
11: if new solution improves X 2¢* then
12: Update X Best
13: end if
14: else
15: Apply Exploitation Phase
16: if new solution improves X 2¢* then
17: Update X Pest
18: end if
19: end if
20: Update control parameters ( fxplore’ Qexplore, ;xplore’ fxploit’ Qexploit’ 3exploit)
21: Recompute Scoreggpiore and Scoregypioit
22: end for

23: return X Pest
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Algorithm 2 Adaptive Phase Scoring Mechanism in the Puma Optimizer (PO)

Require: Current iteration ¢, maximum iterations MaxIter
Ensure: Selected phase for the next iteration

/* Exploration Function Updates */
1: Update immediate exploration improvement:

old new
COSterplore —Cos explore

flfxplore — PF1

explore
T
t

2: Update cumulative exploration improvement:

S22 (Cost?ld — Costley )

explore,i explore,i

explore
Zz 1 T

f2§zplore — PF?

3: Update exploration penalty function:

f3explm«e 0, if exploration is selected
fagmplore L pE3. otherwise

/* Exploitation Function Updates */
4: Update immediate exploitation improvement:

old new
COStemploit - COSte:vploit

flfxploit — PF1

exploit
T

5: Update cumulative exploitation improvement:

S22 (Costdd . — Costle )

exploit,i exploit,i

f2§xpl0it = PF2 exploit
27, 1 T P

6: Update exploitation penalty function:

fgezplmt 0, if exploitation is selected
f3emloit L PR3 otherwise

7. Update adaptive parameters (ay, d;)
8: Compute exploration score:

Ftezplore _ (Oétflzfxplore) + (ath:xplore) (5 fSexplore)

9: Compute exploitation score:

Fea;plozt ( flexplozt) (O{th?CplOit) + (5tf3?xploit>

10: if F*™P fore FfP "I then

11: Select Exploration Phase
12: else

13: Select Exploitation Phase
14: end if
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3.3.4 Exploration Phase

The exploration phase is modeled after the roaming behavior of pumas as they traverse vast
territories in search of prey. Its primary purpose is to investigate new and unexplored regions of
the search space, increasing solution diversity and reducing the risk of premature convergence
to local optima.

In this phase, each search agent acts as a puma that moves either randomly or by interacting
with other agents. This dual exploration strategy helps maintain diversity within the population
and ensures a balanced search across the optimization landscape.

Each puma either performs:

« Random Jump (rand; > 0.5)

A random global move, representing long-range territorial search.

» Searching Between Pumas (otherwise)

A directed move influenced by other pumas’ positions, representing learning from the
community and a gain factor G.

A simplified model of exploration movement is:

p Randgim x (Uy — Ly) + Ly, if rand;, > 0.5,
Xoe+G- (Xo—Xp)+ G- (Xo— Xp) — (Xe — Xg) + (Xe — Xg)(Xe — Xy))), otherwise
(3.10)
G=2xrandy —1 (3.11)

where X,, Xy, X, X4, Xc, Xy are random pumas, G' controls the degree of exploration, and
Randg;,, is a random vector generated with the same dimension as the Puma solution vector..
After new positions are generated, fitness is evaluated, and improved solutions replace their
predecessors. This dual mechanism provides a good balance between random discovery and
guided exploration.

Adaptive Solution Update

The generated position Z; is used to produce a candidate solution X, as follows:

Zi,  if § = Jranag or rands < U,
Xpow = ’ (3.12)

X,, otherwise.

Here, j,ang represents a randomly selected dimension, rands is a random number, and U is

an adaptive control parameter within [0,1]. The parameter U increases dynamically when
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an improved solution is found, allowing greater exploration as the optimization progresses.
Initially, U is small, meaning high-quality solutions undergo minor changes, while lower-quality
ones experience larger updates.

If the new candidate X, has a better fitness value than the current solution Xj;, it replaces
it in the population. The operational steps of the exploration phase are detailed in Algorithm 3.
Exploration Control and Phase Switching

The decision to execute the exploration phase is determined by a phase-switching mecha-
nism inspired by the puma’s intelligence and memory. This mechanism compares two scores:
ScoreEzplore and ScoreExploit, computed using functions (f1, f2, f3) that evaluate performance
escalation, consistency, and diversity.

If ScoreEzxplore > ScoreFxploit, the algorithm prioritizes exploration, ensuring sufficient
diversity and reducing the risk of local entrapment. This adaptive mechanism enables PO to
dynamically balance between exploration and exploitation, achieving efficient global optimiza-

tion performance, especially in multimodal problems.

Algorithm 3 Exploration Phase of the Puma Optimizer (PO)

Require: Population size N,,, lower and upper bounds (Ly, Up)
Ensure: Updated population X

/* Exploration Phase */
1: for each puma ¢ =1 to NN,,, do
2: Generate a random number rand; € [0, 1]
if rand; > 0.5 then
/* Random exploration within the search space */
Zi — Randdim X (Ub — Lb> + Lb
else
/* Guided exploration using peer information */
Select random pumas X,, Xy, X¢, X4, X¢, X7
Zi+ Xa+ G (Xo— Xp) + G- (Xo — Xp) — (Xe — Xg) + ((Xe — Xa)(Xe — X))
end if
Update the current solutions
/% Evaluate the fitness of the new candidate */
10: Evaluate f(Z;)
11: if f(Zz) < f(Xz) then
/* Update the position if the new candidate is better */

12: Xz — Zz
13: end if
14: end for

15: return Updated population X
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3.3.5 Exploitation Phase

In the exploitation stage, the pumas refine the best solutions using two hunting-inspired
operators: The exploitation phase represents one of its two core mechanisms, working alongside
the exploration phase to achieve superior optimization performance. This stage focuses on
intensification, refining the best solutions discovered so far and accelerating convergence toward
global optima. It is inspired by the intelligence and memory of pumas, which revisit previously
successful hunting areas to maximize their chances of success.

The exploitation phase is guided by two primary behavioral models derived from puma
hunting strategies ambush and sprinting. Within this framework, the algorithm introduces
adaptive mechanisms to enhance local search efficiency. The best-performing solution in the
population is referred to as the Pumamale, symbolizing the leader in the group.

Each puma either performs:

1. Fast Running / Ambush (rand, < 0.5)

This mode simulates a puma’s rapid chase toward prey or a sudden ambush. The ambush
includes short leaps toward nearby prey (neighboring solutions) and long jumps toward
the best puma’s prey (Pumamale).

2. Secondary Ambush / Sprinting Mode (rand, > 0.5)

This strategy is divided into two subcases based on a random number randg and a static
parameter L:

e Sub-case 2a (randg < L): The update process involves the Pumamale and incor-
porates exponential functions to perform a fine-tuned local search around promising
regions.

» Sub-case 2b (Otherwise): A more complex search mechanism is applied, combin-
ing multiple adaptive parameters to balance intensification around the best solution
and exploration of new regions.

The general form of exploitation movement is:

(
X.
Sloa —Xrl— _1b _—Z
mean (Soliogal) (1-(=1)") 1+ a x rands’

KXnew = { Xale + 27“and7 erandny (XT — Xz) , if TCL?’LdG < L, (313)

if randy < 0.5,

2randg (Fy — RX; + F»(1 — R) Xiae) otherwise.
\

where X is the best solution guiding the others, mean(Sol;,q;) represents the mean value
of all solutions in the current population, X, denotes a randomly selected solution from the

population, Fj is an adaptive exploitation coefficient controlling the local refinement intensity,
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and R is a randomization factor within the range [—1, 1] used to balance stochastic movements
during the search process. These operators ensure both local refinement and controlled random
perturbation, preventing premature convergence.

After computing X, it replaces the current solution X; only if it yields a lower fitness value,
ensuring that only improved solutions are retained. The sequence of operations carried out

during the exploration phase is illustrated in Algorithm 4.

Algorithm 4 Exploitation Phase of the Puma Optimizer (PO)

Require: Population size N,,,, control parameters a, b, L, Fy, I, and R
Ensure: Updated population X

/* Exploitation Phase */
1: for each puma ¢ =1 to NV, do

/% Select the reference pumas */
2: Choose a random puma X, and the best puma X,,q.

/* Case 1: Local refinement using average-based movement */
3: if rand, < 0.5 then

4: Xnew < mean(Solita) — X (1 — (=1)%) —

else
/* Case 2: Controlled movement toward best or random solution */

X
14+ a x rands

o

6: if randg < L then

7: Xnew  Xmale + 2 X rand; x er™mdm (X, — X;)

8: else

9: Xnew 2 X rands(Fy — R x X; + F5(1 — R) X Xynaie)
10: end if

11: end if

/* Bvaluate and update if improvement is found */
12: Evaluate fitness f(X,ew)
13: if f(Xnew) < f(X;) then

14: Xz — Xnew
15: end if
16: end for

17: return Updated population X

3.3.6 Updating and Termination

After completing the operations of the selected phase, each puma’s new position is evaluated.
The male puma is updated if a better fitness value is found. The process continues until
the maximum iteration number MaxIter is reached or another termination criterion (such as
convergence tolerance) is met. Algorithm 2 describes the update process used to determine
whether the algorithm performs exploration or exploitation. Figure 3.1 provides an overview

of the Puma Optimizer (PO) methodology, highlighting its main operational phases.
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No ¢
Generate the initial Yes
< ; i > e
suiikoatelyopalafion Iter <3 Apply exploration phase Apply exploitation phase
Yes
No Scoreg piore > SCOreg i Apply experienced Phase Iter < Maxlter Apply Unexperienced Phase [€—
| Yes No |
APPLY EXPLOITATION PHASE APPLY EXPLORATION PHASE
; . !
No No
Update Scoreg, ., and Scorep i, — < NewBest X; < Puma,,,, > e -< NewBest X; < Puma,, >
Yes Yes
¥ 4
Puma,,,, = NewBest X; Puma,,,;, = NewBest X;
. s Return the best |
m optimal solution | 3 3

Figure 3.1: The Puma Optimization Method [90]

3.4 Computational Complexity

Although the algorithm includes multiple sub-mechanisms (exploration, exploitation, and
phase switching), its total computational complexity is comparable to other swarm-based meth-

ods:

O(T x N x D)

where T is the maximum number of iterations, N the population size, and D the problem
dimension. The adaptive phase mechanism adds only minor overhead while significantly im-

proving convergence speed.

3.5 Advantages and Features

The main advantages of the Puma Optimizer are:

« Adaptive phase control that automatically balances exploration and exploitation.

Learning-based evolution using past performance to guide future behavior.

High convergence accuracy due to efficient exploitation.

Strong global search ability preventing premature convergence.

Ease of adaptation to both continuous and discrete optimization problems.
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3.6 Conclusion

The PO demonstrates strong optimization capability through its adaptive balance between
exploration and exploitation. Its dynamic search mechanism enables efficient global explo-
ration while maintaining accurate local refinement around promising solutions. By alternating
between experienced and unexperienced phases, the optimizer improves convergence speed,
preserves population diversity, and reduces the risk of premature convergence toward local op-
tima. In addition, PO provides stable performance and strong adaptability in complex and
dynamic optimization environments. These characteristics make it a reliable and intelligent
metaheuristic optimizer for solving challenging optimization problems with high efficiency and
solution quality. Building upon these advantages, the next chapter presents the integration
of the Puma Optimizer into Wireless Sensor Network clustering. The proposed method ex-
ploits the optimizer’s adaptive search behavior to enhance Cluster Head selection and cluster
formation by considering important network metrics such as residual energy, communication
distance, and load balancing. Through the combination of exploration and exploitation mech-
anisms, the proposed approach aims to achieve energy-efficient clustering, prolonged network
lifetime, and improved overall network stability.

The next chapter presents the adaptation of the Puma Optimizer for CH election in WSNs,

detailing its implementation, parameter tuning, and performance evaluation.
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4.1 Introduction

WSNs play a critical role in applications ranging from environmental monitoring to smart
cities. However, they face significant challenges, including limited energy resources, dynamic
topologies, and the need for efficient data delivery. Clustering strategies are essential to ad-
dress these issues, as they can improve network lifetime, reduce communication overhead, and
enhance overall performance.

Despite numerous protocols proposed in the literature, no approach guarantees an optimal
clustering solution, and mathematical proof of global optimality is absent, highlighting the need
for adaptive, energy-aware, and intelligent methods.

This chapter presents the adaptation of the Puma Optimizer for WSNs, focusing on CH
selection, cluster formation, and energy-efficient routing. By leveraging PUMA’s exploration
and exploitation capabilities, the proposed method dynamically selects CHs to balance energy
consumption. Subsequently, clusters are formed to optimize intra-cluster communication, and

routing strategies are designed to minimize transmission distances and prolong network lifetime.

4.2 Proposed Method: PUMA-GRID — PUMA based
Clustering with Grid k-NIN Routing

The proposed protocol, PUMA-GRID, integrates two complementary intelligent compo-
nents: a metaheuristic optimizer for CHs selection and a machine learning inspired routing
strategy for energy efficient data forwarding. PUMA serves as the metaheuristic engine re-
sponsible for exploring and refining CH configurations, while a k-Nearest Neighbors (k-NN)
mechanism provides a learning based routing strategy that selects forwarding CHs based on
spatial similarity and proximity patterns. This dual integration aligns with the central theme
of the thesis combining machine learning with metaheuristics to enhance energy efficiency in
WSNE.

In this study, PUMA-GRID assumes a single BS located either inside or at the edge of
the monitored area, which serves as the central data collection point. This assumption aligns
with most benchmark WSN configurations and facilitates consistent performance comparison.
Although deploying multiple BSs could further reduce communication dis-tances and balance
network load, the proposed framework was designed and evaluated under a single-BS scenario.
To complement clustering, the approach incorporates a grid based, machine learning inspired
multi-hop routing mechanism. Grid based routing divides the WSN into uniform virtual cells,

facilitating energy efficient data forwarding through structured multi hop paths and localized
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packet transmission. As high-lighted in [38], this approach enhances scalability and ensures
predictable communication costs, although its performance depends on appropriate grid con-
figuration to prevent problems such as empty cells and uneven node distribution. This design
explicitly combines a metaheuristic component (PUMA for CH selection) with a machine learn-

ing inspired component (grid k-NN routing).

4.2.1 Initialization

In the initialization phase, the clustering process is prepared by setting up candidate solutions
for CH selection. In the proposed protocol, the CH selection process is not predetermined within
each grid cell but dynamically optimized through the PUMA algorithm. All sensor nodes
are initially eligible to become CHs, and their selection depends on the fitness function that
considers residual energy, distance to the BS, and intra-cluster communication distance. After
random deployment of nodes in the target area, each node transmits its position information
to the BS, which then begins executing the PUMA algorithm. A population of m individuals
(candidate solutions) is generated, where each individual is represented as an n-length binary
vector. In this encoding, a value of 1 denotes that the node is selected as a CH, while 0 indicates
a regular sensor node. The desired number of CHs is specified as a user defined percentage of
the total nodes. This binary representation, consistent with classical metaheuristic clustering
approaches, enables flexible exploration of CH configurations and establishes a solid foundation

for the optimization process.

4.2.2 PUMA-Based Clustering and Fitness Evaluation

PUMA balances exploration and exploitation through adaptive control mechanisms embed-
ded in its search dynamics. During the exploration phase, candidate solutions undergo wide,
randomized position adjustments that preserve diversity and help the algorithm avoid prema-
ture convergence. As optimization progresses, PUMA transitions into the exploitation phase,
where updates become more focused, favoring local improvements around the current best so-
lution. The number of CHs is not strictly enforced during this process, allowing the search
to flexibly explore a broader range of configurations. This hyper heuristic switching mech-
anism, as demonstrated in recent applications of the Puma Optimizer, dynamically adjusts
the exploration—exploitation ratio according to the optimization context, enabling progres-
sive refinement of clustering results while avoiding local optima. The fitness function used in
PUMA-GRID integrates three key metrics:

1. The total distance between each regular node and its nearest CH.

73



Chapter 4 Proposed Method

2. The distance from each CH to the BS.
3. The residual energy of the selected CHs.
These components are combined using a set of weighted coefficients wq, and wy, whose values

are specified in the experimental setup. The objective function is formulated as follows:
Fitness = wl.fl + wg.fg (41)

The sub-objectives are defined as follows:

New N [ dist(CH;,S;), if S; belongs to CH; Nen
1 1S 32 R2%) i g J .
h=Svio Z Z | + Z dist(CH;, BS)
j=1i=1 \ 0, otherwise j=1
(4.2)
Ncu
- Eres i
fo = L (4.3)

Nen - Bt
noindent where:
e N is the total number of nodes in the network,
e Ncp is the total number of cluster heads,
o S; denotes sensor node 1,
o CH; denotes cluster head j,
o dist(CH,,S;) is the Euclidean distance between node S; and its corresponding cluster
head C'H; (intra-cluster communication),
 dist(CHj, BS) is the Euclidean distance between cluster head C'H; and the BS (inter-
cluster communication),
o dpay is the maximum distance between any two nodes in the network, used for normal-
ization,
o FE,e j is the residual energy of cluster head j,
o FEii is the initial energy of each node,
o w; and wy are weighting coeflicients satisfying wy + wo = 1.
The PO Algorithm operates in a continuous domain, while the problem of CH selection is
inherently binary: a sensor node i is either a CH (1) or a non-CH (0). To bridge this gap, a
simple two-step conversion mechanism is applied after each continuous position update of the
Pumas.
Although the initial bounds for the Puma positions are set to LB = 0 and UB = 1, the
mathematical operations within the PUMA updates (such as the movement towards the best
solution) can result in continuous position values (X;) that fall outside this [0, 1] range (i.e.,

negative values or values greater than 1). To ensure the search space remains valid for binariza-
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tion, a min—max normalization is first applied to the entire position vector X. The normalized

position value X[°™ is then converted into a binary decision b; using a fixed threshold of 0.5:
X; — min(X)
max(X) — min(X)’

norm __

1, if Xrom > 0.5 (4.4)

0, if Xpom <0.5
After applying normalization and threshold based binarization, the updated binary vectors
represent the next generation of Pumas. These newly generated solutions are then evaluated
through the objective function to determine their fitness and guide the subsequent search steps.
After evaluating all candidate solutions in the PUMA population using the objective function,
the individual with the minimum cost value is chosen as the best solution. This puma represents
the most energy efficient clustering configuration for the current round, achieving the optimal
trade off among intra-cluster communication, CH to BS transmission, residual energy, and the
cluster count penalty. In this context, a round refers to a complete operational cycle consisting
of cluster formation, data sensing, aggregation by CHs, and data transmission to the BS.

Algorithm 5 illustrates how PUMA operates in se-lecting CHs.

4.2.3 Machine learning inspired grid based multi hop routing via
K-NN

The routing component of PUMA-GRID employs k-NN[97, 9%] technique as a lightweight,

non-parametric learning mechanism. Instead of relying on rigid geometric rules, k-NN[99]
enables each CH to select a next hop relay based on local spatial similarity specifically, proximity
and directional relevance toward the BS. This preserves the essence of k-NN: decisions are made
by examining the closest neighbors in feature space and choosing the one that best advances
the objective (minimizing transmission cost).
Motivation for integrating k-NN into routing: since metaheuristics are already used
for CH selection, the next relay CH must be chosen using a simple and low cost method to
avoid adding extra computation time. For this reason, k-NN is integrated as a straightforward
decision mechanism that can quickly select the next relay CH based on distance and proximity
information without requiring heavy processing. It is:

e local and distributed: only nearby CHs are considered,

« memory efficient: requires storing only a small neighbor list,

» distance driven: decisions reflect spatial similarity and energy cost,

« adaptive: CH selection changes every round, so the neighbor set adapts automatically.
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Algorithm 5 Binary Puma Optimization Algorithm for WSN Clustering

1:

@

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:
27:
28:
29:

Inputs: Number of sensors N, sensor positions (X;,Y;), residual energy, BS position
(BS;, BS,), maximum iterations Ti,.x, weighted coefficients w;, ws
Output: Optimal binary vector of CHs best fitness value
Fitness Function: Weighted sum of residual energy, distance to cluster center, and dis-
tance to BS
Initialize a random population of pumas Z;, where i =1,2,..., N
Evaluate fitness of each puma based on clustering quality and energy metrics
Identify the best solution as the male puma (leader)
Apply Unexperienced Phase
for iteration = 1 to 3 do
Apply Exploration Phase
Apply Exploitation Phase
end for
Apply Experienced Phase
for iteration = 4 to T;,,x do
Apply Experienced Phase
if Scoregzpiore > Scoregapiir then
Apply Exploration Phase
if New best X; (from exploration) is better than current male puma then
Update best puma
end if
else
Apply Exploitation Phase
if New best X; (from exploitation) is better than current male puma then
Update male puma
end if
end if
Update adaptive parameters of PO
Adjust exploration and exploitation rates accordingly
end for
return Best CH selection (male puma) and corresponding fitness value

Thus, k-NN allows CHs to behave as “local learners,” where each forwarding step selects the

neighbor that most closely matches the desired direction toward the BS under minimum ex-

pected energy cost.

k-NN based multi hop forwarding rule: routing begins with a grid-based search for

possible relay CHs. For each C'H;:

1. If the BS lies in an adjacent grid cell, C'H; sends directly to the BS.
2. Otherwise, the BS inspects the adjacent grid cells that lie closer to the BS (Manhattan

distance = 1). If one or more CHs exist in these cells, they form the candidate set.

3. If no CH is found, the search is expanded outward in a Manhattan-like pattern:

dgrid == 2, 3, 4, e
until at least one candidate CH is discovered. This guarantees that routing continues
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even when some grid cells are empty.

4. Once the candidate CHs are collected, distances are computed:
C; = Dist(CH;,CH;) + Dist(CH;, BS) (4.5)

where Euclidean distance is used for both terms.
5. The k-NN rule is then applied by selecting the k candidates with the smallest values of
C;. The neighbor with the minimum distance sum becomes the next relay.

This two stage mechanism (Manhattan grid expansion + k-NN distance evaluation) ensures
relay selection is both geometrically efficient and learning inspired, while remaining compatible
with the grid structure. Figure 4.1 illustrates the operation of the multi-hop routing mechanism.

Practical choice of k: in the proposed implementation, & = 1 was found to provide the
most stable and energy efficient performance. This value minimizes computation and commu-
nication overhead while still preserving the k-NN logic, because:

» candidates are first filtered through the grid expansion mechanism,

« then the closest relay is selected based on the minimized distance sum Cj.

Thus, even with &k = 1, the routing process follows the k-NN principle by always choosing the

relay that is most spatially relevant and energetically efficient.
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Figure 4.1: Grid-based routing.
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Algorithm 6 Grid-Based Multi-Hop Routing Algorithm

1: Input: CH positions, BS position, grid size G, network dimensions, parameter k
2: Output: Next relay for each CH (either BS or another CH)
3: Divide the network area into grid cells of size G x G
4: Assign each CH to its corresponding grid cell
5: Determine the grid cell containing the BS
6: for each C'H; not located in the BS grid cell do
7 Let cell; be the grid cell of C'H; and cellgg the grid cell of the BS
8: if ManhattanDistance(cell;, cellps) = 1 then
9: Set next relay of C'H; to BS (direct transmission)
10: else
11: Initialize search radius R < 1
12: Initialize candidate set C < ()
13: while C = () do
14: Identify all grid cells cell such that:
ManhattanDistance(cell;, cell) = R and cell is closer to the BS than cell;
15: Collect all CHs located in these cells and add them to C
16: Increase search radius R <+ R+ 1
17: end while
18: for each candidate CH; € C do
19: Compute Euclidean distance d; = Dist(CH;, CH,;)
20: Compute Euclidean distance dy = Dist(C'H;, BS)
21: Compute total cost
Oj == dl + d2
22: end for
23: Select the k candidates with smallest C; values
24: In the proposed implementation, set £ = 1 and choose
CHpext = arg C%;Iglc C;

25: Set next relay of C'H; to C' Hpext
26: end if
27: end for
28: Each CH forwards its aggregated data hop by hop using the same rule until the BS is

reached

4.2.4 Adaptive Operation and Steady-State Execution

Upon determining the best individual (lowest-cost solution), PUMA-GRID organizes clus-
ters by enabling CHs to broadcast advertisements. Ordinary nodes join their closest CH, and
a time-division schedule is established. In the steady-state phase, regular nodes sense data
and transmit to their CH, which then aggregates data and forwards it through the grid-based
multi-hop path toward the BS. Re-clustering is triggered when CH residual energy falls below
thresholds or when load imbalance arises, ensuring sustained energy-aware operations. Fig-

ure 4.2 depicts the flowchart of the proposed method, while Figure 4.3 offers a general overview
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of PUMA-GRID.

Iteration > =4

Iteration <4

Figure 4.2: Flowchart of the proposed method.

PUMA-based cluster head
selection (binary encoding + fitness)

Y

[Grid partitioning of the sensing ﬁeld]

Y
Grid-based kNN multi-hop routing
(Manhattan expansion + Euclidean nearest neighbor)

Figure 4.3: Global view of the PUMA-GRID contributions: metaheuristic clustering, grid
structure, and kNN-based routing.

4.2.5 Complexity Analysis of PUMA-GRID

The computational behavior of PUMA-GRID can be understood by analyzing its two main
components separately: the PUMA based CH selection process and the grid assisted k-NN
routing mechanism. Evaluating these stages independently clarifies how the protocol maintains

global optimization capability while keeping routing overhead low and compatible with WSN
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constraints.

4.2.6 Clustering complexity

In the clustering phase, the Puma Optimizer evaluates a population of P candidate solutions,
each representing one possible CH configuration over N sensor nodes. Computing the fitness of a
single candidate requires evaluating intra cluster distances, CH to BS distances, and CH residual
energy values; this results in a cost of O(V) per candidate. Across I optimization iterations,
the overall clustering complexity becomes O(P x N x I), which is typical for metaheuristic
clustering methods. This cost remains practical for WSNs because PUMA converges rapidly
and its operations can be parallelized conceptually. The clustering stage therefore dominates

the computational burden of the protocol.

4.2.7 Routing complexity

The routing stage is intentionally designed to remain lightweight. After clustering, the
monitored field is divided into G grid cells and each CH is assigned to the cell it occupies. When
selecting a relay, a CH does not inspect all other CHs. Instead, it searches only the grid cells
located in the direction of the BS. This spatial filtering restricts the search to a very small, fixed
set of neighboring cells. Because the Manhattan expansion examines only adjacent or second
layer grids until at least one candidate relay is found, the cost of discovering relay candidates
is effectively O(Gocal) = O(1), where Giocal denotes the number of locally inspected grid cells.
Once the candidate CHs are found, the k-NN mechanism computes Euclidean distances for
at most K possible relays. The k-NN evaluation step therefore has complexity O(K'), which
remains small because the grid structure ensures that the candidate set is always limited. Thus,

one forwarding decision incurs routing overhead proportional only to the number of filtered

candidate CHs.

4.2.8 Overall complexity of PUMA-GRID

When the clustering and routing components are considered together, the total compu-
tational effort per operational round is dominated by the PUMA based CH selection, while
routing contributes only a minor additive cost. In simplified form, the overall complexity can
be expressed as the clustering term P x N x [ plus a small routing term proportional to K.
Because route construction can also be performed centrally at the BS using CH coordinates
already known after clustering the energy burden on CHs remains minimal. This extended

analysis shows that PUMA-GRID integrates global optimization with lightweight routing. The
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clustering stage performs the heavy computation, while the routing stage relies on grid filtering
and nearest neighbor evaluation to maintain low complexity and strong scalability. Together,
these properties confirm that PUMA-GRID remains compatible with WSN resource constraints

while still delivering optimized clustering and energy aware multi hop forwarding.

4.3 Conclusion

This chapter presented the methodological framework used to adapt both the PUMA op-
timization process and the grid KNN routing strategy to the specific requirements of WSNs.
The adaptation was carried out in a centralized manner, ensuring that CH selection and rout-
ing decisions are optimized globally while respecting WSN constraints such as limited energy,
communication range, and the spatial distribution of nodes. The chapter described how the
solution representation, the objective function, and the grid structure were redesigned so that
PUMA and KNN can operate efficiently and coherently within the same architecture. Beyond
the individual components, the methodology highlights how the two elements complement each
other. PUMA provides an intelligent clustering mechanism that distributes energy consumption
by selecting suitable cluster heads, while the KNN routing layer introduces a simple learning
inspired decision rule that guides data forwarding through locally optimal paths. Although
routing must remain lightweight due to the limited capabilities of sensor nodes, the use of KNN
allows each relay decision to mimic a small classification step based on spatial similarity and
direction toward the BS. In this way, the routing phase builds on the structure formed during
clustering and further strengthens the link between metaheuristic optimization and machine
learning concepts. The entire framework demonstrates how clustering and routing can be in-
tegrated into a unified design that takes advantage of adaptive search, neighborhood learning,
grid organization, and spatial filtering. This integration ensures predictable communication
patterns, reduces energy waste, and preserves network lifetime under different deployment con-
ditions.

The next chapter will evaluate the performance of the proposed approach. It will examine the
influence of different weight combinations in the objective function under three BS placement
scenarios (inside, at the edge, and outside the network). The obtained results will then be
compared with several well known clustering and routing protocols to assess the improvements

introduced by the proposed method.
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5.1 Introduction

This chapter presents a comprehensive simulation study and performance evaluation of the
proposed PUMA-Grid protocol. The objective is to examine its energy efficiency, clustering
effectiveness, routing stability, and overall operational robustness across a variety of network
conditions.

The first phase of the study involves an intensive analysis to determine the optimal weights
for the multi objective fitness function used in PUMA. Since the fitness function integrates
two key factors distance (intra and inter cluster) and residual energy a wide range of weighted
combinations was tested. These evaluations were conducted under three different BS locations
(inside, at the edge, and outside the sensing field) to ensure that the selected weights remain
effective across diverse topologies and communication constraints.

After identifying the optimal weight configuration, it was integrated into the complete
PUMA-GRID protocol, combining the optimized clustering process with the proposed grid
k-NN multi-hop routing strategy. The enhanced protocol was then benchmarked against sev-
eral state of the art clustering and routing schemes to evaluate performance in terms of network
lifetime, residual energy consumption, packet delivery efficiency, and coverage preservation.

In addition to routing performance comparison, the study also includes an analysis of
execution time for each protocol to assess computational cost and practical feasibility. Finally,
a scalability evaluation was carried out using large-scale networks with higher node densities

to examine how well the proposed approach adapts to more demanding deployment scenarios.

5.2 Simulation Setup and Energy Consumption Model

In real world WSN deployments, sensor nodes determine their geographic locations using a
variety of localization methods, chosen based on application requirements and cost considera-
tions. Outdoor networks often employ GPS modules, whereas signal-based techniques such as
Received Signal Strength Indication, Time of Arrival, or Time Difference of Arrival are suitable
when GPS is unavailable. Alternatively, anchor based or centroid localization approaches can
be used, leveraging a few reference nodes with known positions. Typically, the BS location is
predefined and communicated to all nodes during network setup, allowing each node to store
the information locally for use in clustering and routing decisions.

For energy modeling, this study uses the first-order radio model, summarized in Equa-
tion 5.1. Here, transmitting a packet of L bits over a distance d consumes Erx(L,d) energy,

while receiving the same packet requires Erx (L) energy.
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The transmission energy is determined according to the channel model:

L-Eueet L -gp-d?, d<do
Erx(L,d) = (5.1)

L'Eelec+L'5mp'd4u dZdO
where E... is the per-bit energy required for transmission or reception. The critical distance

dy that separates free-space and multi-path propagation is:

Efs
dy = ¢ 5.2
o= /2= (5:2)
Receiving an L-bit message consumes:
ERX(L) =L- Eelec (53)

The simulations were carried out in MATLAB to assess node level and network wide energy
performance. A set of n nodes was randomly deployed within the monitoring area. Nodes
collected data continuously, aggregated it at CHs, and then forwarded it to the BS either
directly or via multi-hop communication through other CHs. Table 5.1 presents the simulation

parameters and the various BS positions considered.

5.3 Choosing the Optimal Weights for the Fitness Func-
tion

To enhance the energy efficiency of the proposed PUMA-WSNC protocol, a simplified multi-
objective fitness function was utilized, combining two key factors: distance and residual energy.
The fitness function considers:

» Distance factor: accounts for both intra-cluster distances (sensor nodes to their respec-

tive CHs) and inter-cluster distances (CHs to the BS),

» Residual energy factor: reflects the remaining energy of the cluster heads.

Each factor is associated with a weighted coefficient, w; for distance and wy for residual energy.
The fitness function is designed to be minimized, and the PUMA solution with the lowest
cost is considered the most optimal CH configuration for that iteration. To determine the
most suitable weight combinations, comprehensive simulations were conducted under three
deployment scenarios of the Base Station:

 Located inside the sensor field (center position),

o Placed at the edge of the sensor field,

» Situated outside the network boundary.
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A full factorial exploration would involve multiple combinations of the two weighted coeffi-
cients. Nonetheless, all combinations were simulated and analyzed. The simulation parameters
listed in Table 5.1 were selected based on widely adopted configurations in WSN studies to
ensure fair comparison and reproducibility. The evaluation of each configuration was based on
the following performance indicators:

« FND, HND, LND: Respectively, the rounds when the first, half, and last nodes die, used

to estimate network lifetime and stability.

o Live Nodes per Round: Tracks the network’s vitality across simulation time.

o Number of Packets Sent to the BS: Indicates the data delivery capability.

» Coverage Fairness Index (CFI): In many real-world WSN applications (e.g., environmental
monitoring, area surveillance, disaster detection), maintaining even spatial distribution
of live nodes is just as important as node count. A network where 20 live nodes are
spread across the entire area provides much better sensing coverage and reliability than
one where 30 live nodes are clustered in just one corner. How CFI Works:

1. Divide the network into equal-sized grid cells (e.g., 10 x 10 m, 20 x 20 m). We choose
Grid Size = 20 m
2. At each round, count:
— OccupiedClells = number of cells with at least one live node.
— TotalCells = total number of grid cells.

3. Compute:
OccupiedCells

CFT= TotalCells

(5.4)

4. Interpretation: CFI = 1 (perfect spatial fairness), CFI ~ 0 (poor distribution).

Table 5.1: Simulation Parameters

Simulation and Parameters Parameter Value

Network size 100 x 100 m?2,200 x 200 m?
Initial energy of each node 0.1J

Number of nodes 200

CH 5%

Packet size 500 bytes

FEelee 50 nJ/bit

Eys 10 pJ/bit/m?

Ep 0.0013 pJ/bit,/m*

do 10 m

Epa 5 pJ/bit/signal
BaseStationPosition (50,50), (150,50), (0,0).
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The simulation parameters presented in Table 5.1 were chosen according to commonly
adopted settings in WSN research to facilitate reproducibility and fair comparison. The network
area of 100 x 100 m? with 200 sensor nodes represents a moderate-density deployment suitable
for evaluating scalability. The proportion of CHs was set to 5%, consistent with protocols
like LEACH and its variants, providing a balance between energy efficiency and communica-
tion overhead. Standard benchmarks were also followed for the initial node energy (0.1 J)
and packet size (500 bytes). The energy model parameters (Eeec, €fs, and &,,,) correspond
to the first-order radio model, while the threshold distance dy = 10 m separates free-space
and multi-path propagation regions. Prior to simulation, each node is initialized with essential
network information, including total node count, grid dimensions, and the BS location, which
is broadcast once at setup. These parameters enable accurate computation of distances and
support cluster formation and routing processes. Although fixed weights are used in the fitness
function for this study, the framework can be extended to support adaptive weight adjustment.
In such a case, weights could be updated dynamically in real time based on network condi-
tions, including average residual energy, local node density, or communication cost, to enhance

performance under varying scenarios.

5.3.1 Impact of Weight Combinations on Different metrics (BS in-
side the Network)

The results in figure 5.1 illustrate how the FND, HND, and LND metrics vary across different
combinations of the weighting coefficients. Higher values of w;, which emphasize intra and
inter cluster distance minimization, consistently produce higher FND values. By prioritizing
shorter distances, early communication becomes more energy efficient and delays the first node
death. However, when w; dominates excessively, CH selection becomes biased toward spatially
favorable nodes, causing these nodes to be used more frequently and deplete their energy faster,
which explains the weaker HND performance.

In contrast, higher values of wsy, which prioritize residual energy, significantly improve HND.
By selecting CHs with higher remaining energy, the protocol distributes the energy consumption
more evenly across the network, thereby delaying the point at which half of the nodes die. This
comes at the cost of slightly lower FND values, since the energy rich candidates are not always
the closest in terms of distance.

The most favorable LND values are obtained when both weights take moderate values. In
this balanced configuration, the protocol benefits simultaneously from distance efficient com-

munication and energy-aware CH selection. Communication distances remain low, while the
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residual energy is preserved across nodes. This balance leads to more uniform energy consump-

tion and extends the overall network lifetime.
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Figure 5.1: Impact of weight configurations on FND, HND, and LND with BS inside the
network area.

Overall, when the BS is located inside the monitored region, a balanced weighting such as

wy; = 0.6 and wy = 0.4 offers the best compromise. It improves both the early- and mid-life
stability while preserving the already strong LND performance characteristic of PUMA.
The results clearly show that increasing the distance weight w, leads to a substantial increase
in the number of delivered packets. A higher emphasis on distance optimization encourages
the selection of CHs that are not only closer to surrounding nodes but also better positioned
with respect to the BS. This spatial advantage shortens communication paths and reduces
transmission energy, enabling nodes to participate in a larger number of communication rounds
before their energy is depleted.

Figure 5.2 illustrates the total number of packets successfully transmitted to the BS for
different weight combinations (w;,ws) when the BS is positioned inside the network field.
As wy decreases and more importance is assigned to the residual energy factor ws, the total
number of transmitted packets gradually declines. Although prioritizing residual energy helps
balance energy consumption across nodes, it reduces the spatial optimality of CH selection.
Energy rich nodes may be chosen as CHs even when they occupy less favorable geographic

positions, which increases communication distances and reduces overall forwarding efficiency.
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Furthermore, when wy dominates, CH selection becomes strongly energy dependent, resulting
in a smaller number of CHs being elected in several rounds. Fewer CHs directly translate into

fewer aggregated data packets, further contributing to the reduction in total packet delivery.
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Figure 5.2: Evaluation of data delivery under various weight schemes with internal BS place-
ment.

Despite these variations, the results indicate that both distance and energy parameters play
essential yet complementary roles in sustaining communication efficiency. Distance optimiza-
tion enhances throughput by forming short, efficient communication links and maintaining an
appropriate number of CHs, while the energy component ensures fair participation and avoids
premature node depletion.

In conclusion, when the BS is located inside the network, assigning greater weight to the
distance factor (wy) increases throughput due to shorter transmission paths and more effective
CH placement. At the same time, incorporating the energy factor (ws) maintains long term
balance among nodes. Therefore, a moderate and well balanced configuration between the
two objectives yields the most favorable performance in terms of data delivery and energy
sustainability.

Figure 5.3 illustrates the variation of CFI with respect to the number of rounds for different
weighting combinations (wy,ws) when the BS is positioned at the center of the sensing area.
The CFI metric evaluates the uniformity of node deaths across the monitored region, where

the field is divided into subregions of size 10m x 10m.
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Figure 5.3: Effect of weight combinations on CFI with BS inside the network.

Initially, all configurations start with a CFI equal to 1, as all nodes are alive and uniformly
distributed. As the number of rounds increases, the CFI gradually decreases, reflecting the
progressive death of nodes in specific regions. The results show that configurations emphasizing
the distance factor (e.g., (w; = 0.9, w9 = 0.1) and (w; = 0.8, ws = 0.2)) maintain a higher CFI
over a longer duration. This behavior confirms that minimizing intra and inter cluster distances
helps distribute the communication load more evenly, reducing early energy depletion in isolated
areas.

In contrast, when the energy weighting factor wy dominates , the CFI declines more rapidly
after approximately 150 rounds. Although these configurations extend the survival of certain
high energy nodes, they create spatial energy imbalance, as distant or low energy nodes deplete
earlier. This leads to localized node failures and coverage gaps in regions farther from the BS.

The balanced configuration (w; = 0.6, we = 0.4) achieves the best compromise, maintaining
high fairness in node distribution until around 350 rounds, after which the CFI drops more
gradually. This confirms that combining both distance and residual energy metrics in the
clustering process leads to better spatial energy distribution and more homogeneous coverage
degradation across the network.

In summary,,,,, when the BS is located inside the network, distance-aware configurations
(high w,; values) ensure smoother coverage decay, while energy-aware configurations (high ws)

delay individual node deaths but cause uneven coverage. A balanced weighting strategy main-
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tains uniform node death progression and reduces the risk of early coverage holes, reinforcing
the efficiency of the proposed PUMA-based clustering mechanism.

Since the FND, HND, and LND metrics were already examined earlier, figure 5.4 presents
only the initial segment of the live-nodes evolution, where the slight variations between the
weight combinations are most visible. The overall decrease in the number of active nodes is
highly similar across all nine configurations, which indicates that the general energy consump-
tion pattern remains almost identical regardless of the chosen (w;,ws,) pair. Because the full
curves follow nearly the same trajectory, only the first rounds are plotted to highlight the minor
early differences.
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Figure 5.4: Effect of weight combinations on live nodes with BS inside the network.

A closer look at the curves shows that configurations with higher distance weight (w;)
experience a slightly slower decline in the early phase, consistent with their improved FND
performance. In contrast, configurations with higher energy weight (ws) exhibit a marginally
faster reduction in the first rounds, reflecting their earlier FND values. Despite these small
deviations, the live node profiles remain very close to one another, confirming that PUMA
maintains balanced and uniform energy depletion for all tested weight combinations. This
reinforces the earlier conclusion that PUMA is robust inside the network field and performs
consistently well across all distance energy trade offs. Despite these small differences, the overall
decrease remains almost identical for all nine weight configurations, indicating that the PUMA-

based clustering mechanism achieves highly uniform energy consumption across the network.
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The near parallel slopes of the curves confirm that the weighting strategy affects only the early
round behavior, while the general rate of node depletion remains stable and consistent across

all scenarios.

5.3.2 Impact of Weight Combinations on Different metrics (BS out-
side the Network)

Figure 5.5 illustrates the effect of the weighting parameters (w;,ws) on the FND, HND,

and LND metrics when the BS is placed outside the sensing area.
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Figure 5.5: Impact of weight configurations on FND, HND, and LND with BS outside the
network area.

In this scenario, CH must transmit over longer distances, which increases energy consump-
tion and accelerates battery depletion. As a result, the relative influence of distance and energy
weighting becomes more critical for achieving balanced performance. When the distance weight
wy is dominant (e.g., wy = 0.8-0.9), the network demonstrates better early round stability, with
slightly delayed FND values compared to energy focused configurations. This behavior arises
because minimizing inter cluster and CH to BS distances reduces the transmission energy per
round, helping postpone the first node death. However, placing excessive emphasis on w; cre-
ates uneven energy consumption among CHs, particularly those positioned farther from the
BS, which must handle long range transmissions. As a result, the network deteriorates more

rapidly in the later stages, and the HND and LND values remain nearly constant across all
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distance heavy configurations. As the energy weight wo increases (e.g., wy = 0.6-0.9), CH se-
lection shifts toward nodes with higher residual energy. This produces a more balanced energy
distribution and improves fairness across the network. Nevertheless, this strategy does not ex-
tend the stability period, because many CHs still face the high energy cost of transmitting over
long distances to reach the BS. Consequently, both FND and HND occur slightly earlier than
in distance focused cases, as long range communication remains the dominant source of energy
depletion. Despite these differences, the total network lifetime (LND) stays relatively stable,
fluctuating around 395400 rounds for all configurations. A moderate combination of distance
and energy weights achieves the most balanced trade off, preserving reasonable stability (FND
and HND) while maintaining fair energy consumption across nodes, even under the challeng-
ing condition of an external BS. In summary, when the BS is located outside the network, a
moderate emphasis on distance-related parameters (w;) is essential to mitigate the energy cost
of long-range transmissions, while incorporating the energy factor (ws) ensures fairness and
prevents premature CH exhaustion.

Figure 5.6 presents the total number of packets successfully transmitted to the BS under

different weight combinations (wy,ws) when the BS is positioned outside the network area.
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Figure 5.6: Evaluation of data delivery under various weight schemes with external BS place-
ment.

The results show that increasing the importance of the distance factor (w;) leads to a

noticeable improvement in the number of packets delivered to the BS. The highest throughput
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is achieved when w; = 0.9 and wy = 0.1. This occurs because a strong emphasis on minimizing
transmission distances reduces the energy cost per packet and allows CHs to forward data more
efficiently.

When the energy component ws is increased (e.g., ws = 0.6-0.9), the protocol prioritizes the
selection of nodes with higher residual energy during CH formation. Although this approach
improves energy fairness across the network, it reduces the total number of transmitted packets
because some energy rich nodes may be positioned far from the BS or cluster members. These
nodes require longer transmission distances, which increase communication cost and limit the
total data forwarded to the BS. The lowest throughput is observed at (w; = 0.1, wy = 0.9).

Overall, the results demonstrate that both parameters have complementary effects on
throughput performance. The distance related factor (w;) enhances network throughput by
promoting shorter transmission paths and higher communication efficiency, whereas the en-
ergy factor (wsy) ensures a more balanced energy depletion pattern but slightly reduces packet
forwarding intensity. When the BS is located outside the sensing area, higher emphasis on
the distance factor is necessary to reduce transmission costs, but integrating the energy factor
remains essential to preserve long term network balance.

Figure 5.7 shows the evolution of CFI over the simulation rounds for different weighting

combinations (wy,wy) when the BS is positioned outside the sensing field.
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Figure 5.7: Effect of weight combinations on CFI with BS outside the network.

At the start of the simulation, all configurations maintain a CFI of 1, indicating equal
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energy distribution across the network. However, as rounds progress, the CFI declines more
rapidly. This faster decline results from the higher communication distances required for data
transmission to the BS, which intensifies the energy disparity between near and far nodes.
Configurations that emphasize the distance component (e.g., (w; = 0.9,ws = 0.1) and
(wy = 0.8, wy = 0.2)) achieve relatively smoother CFI decline patterns, as minimizing intra and
inter cluster distances mitigates excessive communication overhead. Nevertheless, the overall
coverage fairness still deteriorates sooner than in previous BS placements due to unavoidable
long range transmissions toward the BS.

In contrast, energy oriented combinations such as (w; = 0.2, ws = 0.8) and (w; = 0.1, wy =
0.9) exhibit a steeper CFI decline beginning around 150 rounds. These configurations tend to
preserve high energy nodes, but the increased distance penalties associated with their spatial
positions lead to uneven node depletion and region specific coverage gaps.

Among all configurations, the balanced weighting (w; = 0.6, ws = 0.4) again provides the
most stable CFI trajectory. It achieves gradual coverage degradation and maintains spatial
fairness longer, effectively balancing distance minimization and energy preservation. This con-
firms that under harsh communication conditions, such as when the BS is located outside the
network, balanced weighting enables the PUMA-based clustering scheme to sustain fairness
and reduce premature regional coverage loss.

In summary, the outside BS scenario demonstrates that the increase in communication range
accelerates energy heterogeneity and uneven node deaths. Although distance dominant con-
figurations delay the first coverage holes, balanced weight settings remain the most effective
strategy for achieving prolonged spatial uniformity and minimizing the rate of coverage decay.

Figure 5.8 illustrates the variation in the number of live sensor nodes over time for different
weighting combinations of w; and wy when the BS is positioned outside the sensing field.
As the simulation progresses, the number of active nodes steadily decreases due to the higher
energy expenditure required for long distance transmissions to the external BS. Compared to the
scenario where the BS is located inside the network, node deaths begin earlier, and the decline
is noticeably steeper, indicating accelerated energy depletion. This behavior is expected, as the
increased CH to BS communication distance significantly amplifies transmission energy losses.
Although all weighting configurations follow a similar, nearly linear downward trend, slight
differences are evident. Configurations that prioritize residual energy (e.g., w; = 0.1, we = 0.9)
retain a marginally higher number of live nodes during the early rounds. This indicates that
energy aware CH selection partially mitigates the negative impact of the external BS by favoring

nodes with sufficient energy reserves for demanding transmission tasks.
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Figure 5.8: Effect of weight combinations live nodes with BS outside the network.

In contrast, distance-dominant configurations (e.g., w; = 0.8 or w; = 0.9) experience a
faster reduction in active nodes, as many CHs are forced to transmit over long distances to
reach the BS. The balanced case (w; = wy = 0.5) exhibits an intermediate behavior, offering a
compromise between spatial optimization and energy preservation. Overall, assigning a higher
weight to residual energy (wsq) helps counteract the increased communication distances, post-
pones early node deaths, and promotes more uniform energy consumption across the network.
This highlights the importance of energy-aware clustering strategies in challenging deployment

environments where the BS lies outside the monitored region.
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5.3.3 Impact of Weight Combinations on Different metrics (BS at
the edge the Network)

Figure 5.9 presents the impact of the weighting factors (wy, wy) on the FND, HND, and LND

metrics when the BS is positioned at the edge of the sensing field.
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Figure 5.9: Impact of weight configurations on FND, HND, and LND with BS at the edge
the network.

Placing the BS at the boundary creates a moderately challenging communication environ-
ment: some CHs are located close enough to transmit with low energy cost, while others remain
relatively distant and must expend more energy to reach the BS. This configuration therefore
represents an intermediate case between the BS inside and BS outside scenarios.

The results indicate that when the distance weight w; dominates—most notably for the
configuration (w; = 0.9, we = 0.1)—the network achieves a longer overall lifetime but exhibits
a slightly shorter FND compared to energy focused configurations. Prioritizing distance mini-
mization reduces the transmission cost for many CHs, allowing them to operate efficiently over
time, though it does not fully prevent early individual node deaths.

As the weighting factors become more balanced, particularly around (w; = 0.6,wy = 0.4)
and (w; = 0.5, wy = 0.5), both FND and HND improve. These balanced weight pairs provide an
effective compromise between spatial efficiency and energy awareness, enabling CHs to conserve
energy while maintaining reasonable transmission distances. This leads to more uniform energy

depletion across the network. For energy dominant configurations such as (w; = 0.2, ws = 0.8)
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and (w; = 0.1, we = 0.9), FND decreases slightly, while LND remains comparable to the other
weight combinations. This shows that emphasizing residual energy alone does not significantly
extend the total network lifetime in edge deployments, as distant CHs still incur higher trans-
mission costs regardless of their initial energy level. Overall, the network maintains a stable
lifetime across all weight configurations, with only minor variations in LND, demonstrating that
the edge based BS placement produces consistent performance under a wide range of distance
energy weighting strategies.

Figure 5.10 shows the variation in the total number of packets transmitted to the BS for
different weight combinations (w;,ws) when the BS is positioned at the edge of the sensing

area.
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Figure 5.10: Evaluation of data delivery under various weight schemes with Edge BS place-
ment.

In this topology, communication distances are moderate: CHs located near the BS benefit
from short transmission paths, while those farther away must expend more energy. As a result,
the energy consumption pattern falls between that of the “inside” and “outside” BS scenarios.
The highest throughput is obtained for the configuration (w; = 0.9, ws = 0.1). With a strong
emphasis on distance minimization, the protocol selects CHs that are both spatially advan-
tageous and produced in an appropriate number, allowing more packets to be successfully
delivered before nodes deplete their energy. This occurs because communication overhead per

transmission is reduced, enabling more rounds of stable data delivery.
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When w, is slightly reduced and the energy term w, becomes more influential—such as in
(wy = 0.7,wy = 0.3) and (w; = 0.6, wy = 0.4)—the number of transmitted packets remains
relatively high while energy consumption becomes more balanced across nodes. These inter-
mediate weight combinations achieve a favorable trade off between transmission efficiency and
fairness, preventing excessive dependence on CHs located closer to the BS.

For higher wy values (e.g., (w; = 0.3,wy = 0.7) and below), the total packet delivery
decreases more sharply. In these energy dominant configurations, CHs are chosen primarily
based on residual energy rather than spatial suitability. This may result in selecting CHs that
are farther from the BS, increasing communication distances and per transmission energy costs.
Additionally, the number of CHs selected becomes smaller and less optimal, further reducing
data forwarding capacity and overall throughput.

Overall, placing the BS at the edge yields better throughput than the outside scenario, but
results remain lower compared to the case where the BS is located inside the network.

Figure 5.11 depicts the evolution of the CFI for different weight combinations (wy, ws) when

the BS is positioned at the edge of the sensing field.
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Figure 5.11: Effect of weight combinations on CFI with BS at the edge the network.
At the beginning of the simulation, all weight configurations maintain a CFT of 1, confirm-
ing complete coverage uniformity. As the rounds progress, differences between configurations

emerge. The edge placement of the BS introduces moderate communication costs, where nodes

and CHs closer to the BS consume less energy than those farther away. This spatial imbalance
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leads to gradual declines in the CFI as coverage fairness deteriorates.

For distance-dominant configurations, such as (w; = 0.9, wy = 0.1) and (w; = 0.8, ws = 0.2),
the CFI remains higher over more rounds compared to other combinations. This indicates that
when intra and inter cluster distances are heavily prioritized, the clustering structure reduces
excessive communication distances, allowing a smoother and more balanced depletion of energy
among regions. These configurations therefore preserve fair coverage for a longer time before
the first regional coverage holes appear.

In contrast, energy dominant combinations, such as (w; = 0.2, wy = 0.8) and (w; = 0.1, wy =
0.9), exhibit an earlier decline in CFI after approximately 150-200 rounds. This faster drop
indicates that although nodes with higher residual energy are selected more often as CHs,
distant nodes must still expend more energy to transmit data to the BS, leading to uneven
depletion rates and spatial imbalance in node deaths.

The figure 5.12 illustrates the variation in the number of live sensor nodes with respect to
the number of rounds for different combinations of weighting coefficients (wy, wy), when the

BS is placed at the edge of the sensing field.
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Figure 5.12: Effect of weight combinations live nodes with BS at the edge the network.
When the BS is positioned at the edge of the network, the influence of the weighting
coefficients w; and wy on node survival becomes evident. Larger distance weights (w; = 0.8—

0.9) produce a slower initial decline in live nodes and maintain a more stable reduction during

the first 70-100 rounds. This is because prioritizing shorter intra cluster and CH-BS distances
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lowers communication energy consumption and distributes the workload more evenly across
the network. Increasing the energy weight (wy = 0.9) makes the CH selection process highly
energy oriented, preventing low energy nodes from becoming CHs and slightly postponing the
first node death while promoting balanced energy usage early on. However, deprioritizing
distance occasionally results in CHs forming farther from the BS, leading to costly long range
transmissions that accelerate energy depletion in later rounds. Thus, although high ws improves
early stage stability, its advantage diminishes over time. Overall, in edge based deployments,
giving more emphasis to distance (w;) yields more sustained network stability, whereas energy
focused weighting is beneficial mainly at the beginning but becomes less effective as rounds

progress.

5.3.4 Sensitivity Analysis of the Weighted Fitness Function

To assess the robustness of the fitness formulation used in PUMA, a qualitative sensitivity
analysis was conducted. The objective is to examine how small variations in the weighting coeffi-
cients w; (distance component) and wy (residual-energy component) influence network behavior
across the three base-station placements. This complements the previous detailed evaluations
by providing a global interpretation of how each metric reacts to incremental changes in the
weights.

Sensitivity to the Distance Weight w;:

Increasing w; in small steps produces a noticeable improvement in metrics related to spatial
efficiency, particularly the First Node Dies (FND) and the total number of packets delivered to
the BS. Even slight increments such as w; = 0.6 — 0.7 or w; = 0.7 — 0.8 reduce average intra-
cluster and CH-BS distances, lowering transmission energy per round. As a result, early-stage
stability increases and throughput rises. However, when w; becomes too dominant, the effect
becomes non-linear: spatially advantageous CH candidates are selected repeatedly, causing
them to deplete their energy faster in the later rounds. This limits improvements in HND
and LND and sometimes even degrades them. Overall, FND and packet delivery are the most
sensitive metrics with respect to variations in w;.

Sensitivity to the Energy Weight w,:

Incremental increases in ws shift the CH selection toward nodes with higher residual energy:.
This adjustment immediately enhances mid life stability, reflected in higher HND values and a
smoother decline in the number of live nodes. The energy component therefore supports more
balanced usage of CHs and reduces early energy imbalance. However, when w, becomes too

large (typically above 0.6), packet delivery decreases due to the selection of energy-rich nodes
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located in spatially suboptimal regions. This increases communication distances and reduces
throughput. HND and the CFI are the most sensitive metrics with respect to variations in ws.
Sensitivity Across BS Placements:

The three base-station placements respond differently to weight variations. When the BS
is located inside the network, performance is most sensitive to changes in wy, since even small
spatial improvements immediately reduce communication costs. In contrast, when the BS is
located outside the sensing field, performance becomes more sensitive to changes in wy, as long-
distance CH transmissions require nodes with sufficient energy reserves. The edge-based BS
configuration exhibits intermediate sensitivity: both weights influence performance moderately,
reflecting the mixed communication environment.

Global interpretation:

Across all scenarios, the fitness function remains stable for moderate weight values but
becomes highly sensitive when either w; or wy dominates the decision process. The analysis
confirms that:

o FND and throughput are most sensitive to spatial efficiency (wy),

o HND and LND are most sensitive to residual energy (ws),

o CFT is sensitive to both components, especially when one weight becomes extreme.

These observations justify the optimal moderate combinations identified earlier, such as
(wy = 0.6,wy = 0.4) for the BS inside the network, (w; = 0.3, ws = 0.7) for the BS outside,
and (w; = 0.7, ws = 0.3) for the BS at the edge. Such balanced configurations maximize the

complementary contributions of distance efficiency and residual-energy preservation.

5.3.5 Objective Function for Optimal Weight Selection

All three deployment scenarios, the weighting factors w; and w, influenced the evaluated
metrics differently. Selecting the optimal combination is therefore objective dependent. For
instance, if the goal is to maximize the number of packets successfully delivered to the BS,
the combination w; = 0.9 and wy = 0.1 consistently provides the best performance in every
scenario. In contrast, maximizing the Last Node Dies (LND) metric is more scenario dependent,
as the optimal weights vary with the BS position and the resulting communication pattern. The
same applies to maintaining high coverage, which is strongly shaped by network geometry and
topology.

In this study, the overarching objective is to achieve strong performance across all metrics
simultaneously: longer FND, HND, and LND values, a higher number of delivered packets,

and sustained coverage throughout the network lifetime. To accomplish this, an objective
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function was designed to combine all these metrics into a unified performance measure. Each
metric was first normalized, and then the optimal weights were determined for each scenario to
balance their contributions. The resulting unified objective function enables a comprehensive
evaluation, aiming to maximize network lifetime indicators while also increasing data delivery
and preserving coverage as nodes gradually deplete their energy. Each network lifetime metric
is normalized using min-max normalization:

FND; —min(FND)

FND; = 5.5
max(FND) —min(FND) (5:5)

. HND, — min(HND)
HND,; = 5.6
max(HND) — min(HND) (5.6)

LND; — min(LND)
max(LND) — min(LN D)

LND; = (5.7)

The number of packets sent and the CFI are also normalized using min-max normalization:

Packets; — min(Packets)
max(Packets) — min(Packets)

P = (5.8)

CFI;, —min(CFI)
max(CFI) — min(CFI)

CFI; = (5.9)

For the CFI metric, we consider the first round in which the ¢cCFI drops below 1, representing
the point where coverage begins to degrade due to node deaths. This ensures that the evaluation
focuses on the onset of coverage imbalance rather than later rounds where collapse is expected.
The overall objective function, combining all normalized metrics with weighted contributions,

is expressed as:
Obj; = 0.5 - avg(FND;, HND;, LND;) +0.25 - P, + 0.25 - CFI; (5.10)

The weighting coefficients for the unified objective function were selected to ensure a bal-
anced contribution between network lifetime indicators and communication reliability metrics.
A higher weight (0.5) was assigned to the average of FND, HN D, and LN D because network
lifetime represents the primary optimization objective in WSN routing and clustering prob-
lems. These metrics collectively reflect the stability, durability, and energy sustainability of
the network. The remaining weights were equally distributed between packet-related perfor-
mance (P;) and the Cluster Fitness Indicator (CFI;), with coefficients of 0.25 each, to maintain

a compromise between data delivery efficiency and cluster quality without dominating the life-

time objective. The adopted weighting strategy follows the common practice in multi-objective
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optimization for WSNs, where the principal objective receives a dominant coefficient while
secondary objectives are incorporated with moderate influence to avoid bias toward a single
performance criterion. Furthermore, preliminary empirical experiments showed that assigning
a larger weight to the lifetime component improves the global stability of the network while
preserving acceptable packet transmission performance and clustering efficiency.

The optimal weight set is determined as the configuration that maximizes the objective
function. The results presented in Table 5.2 show how different combinations of the weighting
coefficients w; (intra/inter-cluster distance) and wy (residual energy) affect the overall objective
function under three distinct BS placements: inside, outside, and at the edge of the sensing
area.

Table 5.2: Objective Function Values for Different Weight Combinations and BS Positions

Weights Combination BS Inside BS Outside BS at the Edge

w; = 0.1,wy =0.9 0.1414 0.5154 0.2

w; = 0.2, wy = 0.8 0.3517 0.7828 0.4246
wy = 0.3, wy = 0.7 0.6072 0.9095 0.7369
w; = 0.4, wy = 0.6 0.7664 0.7114 0.4394
wy = 0.5, wy = 0.5 0.3811 0.4697 0.6015
wy = 0.6, wy = 0.4 0.7207 0.6578 0.6610
wy; = 0.7, wy = 0.3 0.7238 0.7582 0.8278
w; = 0.8, wy = 0.2 0.8250 0.7029 0.5154
w; = 0.9,wy = 0.1 0.4317 0.7500 0.5736

When the BS is located inside the network, the objective function increases steadily with
higher values of w;, reaching its maximum of 0.825 at (w; = 0.8, ws = 0.2). This indicates
that, in this configuration, the intra- and inter-cluster distances play a more dominant role
in improving performance, as communication costs are relatively low and balancing energy
consumption becomes less critical.

For the BS placed outside the network, the optimal result of 0.9095 occurs at (w; = 0.3, wy =
0.7). This highlights the importance of emphasizing residual energy in the fitness function when
communication distances are longer. A higher weight on residual energy ensures that energy-
rich nodes are more frequently selected as CH, thereby extending network lifetime.

In the case where the BS is positioned at the edge of the monitored region, the highest
objective value (0.8278) is observed for (w; = 0.7,ws = 0.3). This configuration represents a
trade-off between minimizing transmission distance and maintaining sufficient residual energy

across CHs. It suggests that when the BS is not centrally located, the clustering process benefits
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from giving slightly more priority to distance while still considering energy balance.

Overall, these results demonstrate that the optimal weighting factors depend strongly on BS
placement. Networks with centrally located BSs benefit from distance-focused optimization,
whereas networks with peripheral or external BSs require greater emphasis on energy awareness
to mitigate the effects of increased transmission range. The identified optimal weights were
subsequently used in the final evaluation phase, where the PUMA-GRID protocol was compared

against other clustering and routing schemes.

5.4 Comparison of Different Routing Protocols

To assess the effectiveness of the proposed PUMA-GRID protocol, its performance was
evaluated against several widely used clustering and routing schemes, including LEACH, MR-
LEACH, SA-LEACH, AEO-SH, AEO-GRID, and both single hop and grid-based implemen-
tations of PUMA. The evaluation relied on a comprehensive set of performance metrics that
jointly describe network longevity and operational efficiency: FND, HND, and LND; the total
number of packets successfully delivered to the BS; the evolution of the number of live nodes
over time; the residual energy progression; and the CFI, which captures the spatial uniformity
of active nodes throughout the simulation. All protocols were tested under three deployment
scenarios, with the BS located inside, at the edge of, or outside the sensor field, allowing a
clear analysis of their behavior under different communication constraints. The simulation
parameters are presented in 5.3.

Table 5.3: Simulation parameters for comparing routing protocols.

Simulation Parameters Values / Ranges
Network Size 200 x 200 m?

BS Position (0,0), (100, 100) (250, 100)
Number of Nodes 300

Node’s Initial Energy 0.5J

Percentage of Clusterheads 5%

Packet Size 500 Bytes

Eetec 50 nJ/bit

Efs 10 pJ/bit/m?

Emp 0.0013 pJ/bit/m*
dy 10 m

Grid Size 40 m

We selected a grid size of 40 m based on both empirical evaluation and structural consid-
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erations of the 200 x 200 m sensing field. Experimental tests with grid dimensions of 20 m,
30 m, and 40 m resulted in maximum network lifetimes of approximately 355, 367, and 367
rounds, respectively. Since both 30 m and 40 m achieved the best performance, the 40 m grid
was chosen for the comparative analysis because it offers the largest dimension that still main-
tains optimal stability while minimizing grid management overhead. This configuration keeps
communication distances between adjacent CHs moderate preventing overly long transmissions
while also supporting efficient and structured multi-hop routing. Consequently, the 40 m grid
size provides a balanced trade off between spatial resolution, energy consumption, and overall

routing performance.

5.4.1 Comparison of Different Routing Protocols when BS is inside
the network

A comparison of FND, HND, and LND values across all routing protocols is presented in
figureb.13, highlighting how each method manages energy consumption and extends network
lifetime when the BS is located inside the sensing field.
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Figure 5.13: Comparison of FND, HND, and LND across different routing protocols with BS

inside.

Traditional LEACH performs poorly in terms of FND, as its probabilistic and fully random
CH selection leads to unstable cluster formation and early node deaths. MR-LEACH slightly

improves this behavior: although it uses the same random CH selection, its multi-hop CH to
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CH relaying reduces long range transmissions to the BS, resulting in marginally better FND
and LND values. Nevertheless, both LEACH and MR-LEACH maintain only moderate HND
and weak LND performance, indicating that routing enhancements alone cannot compensate
for poor CH selection. SA-LEACH achieves the highest FND of all protocols, demonstrating
excellent early round stability. This improvement stems from the application of SA, which
replaces poorly chosen LEACH CHs with better positioned alternatives, resulting in a more en-
ergy balanced initial configuration. However, despite its strong beginning, SA-LEACH exhibits
weaker HND and LND results. Once the first nodes die, the protocol struggles to maintain
uniform energy distribution, leading to a rapid decline in network stability and premature life-
time termination. AEO-based protocols show a different behavior pattern. In AEO-SH, FND
remains moderate because the algorithm tends to maintain the initially elected CH as long
as it remains alive. However, AEO achieves very high HND performance, reflecting balanced
mid stage energy usage, and its LND surpasses all LEACH-based approaches. AEO-GRID
further amplifies these strengths: by enabling CHs to relay data through the nearest neighbor-
ing CHs, it shortens communication distances and preserves CH energy more effectively. As
a result, AEO-GRID achieves some of the strongest HND and LND values in the BS-inside
scenario. PUMA-SH and PUMA-GRID deliver the best overall results. PUMA-SH provides
a balanced performance with moderate FND and strong HND, while its LND is significantly
higher than that of traditional or AEO-SH methods. PUMA-GRID, strengthened by distance
aware grid routing and PUMA’s fitness based CH selection, achieves the longest LND among all
protocols. The structured multi-hop routing grid k-NN reduces communication overhead and
prevents energy hotspots, allowing the network to sustain connectivity far longer than compet-
ing approaches. Overall, the results show that while SA-LEACH excels in initial stability, it
cannot maintain long-term energy balance. LEACH and MR-LEACH suffer from fundamental
limitations due to random CH selection. AEO and PUMA protocols clearly outperform clas-
sical approaches, with grid based k-NN variants providing the most substantial improvements.
Among all evaluated schemes, PUMA-GRID achieves the longest network lifetime, followed
closely by AEO-GRID, confirming them as the most energy efficient and robust choices for BS
inside deployments.

In Figure 5.14, where the BS is positioned inside the network, both LEACH and MR-
LEACH exhibit low packet delivery performance, highlighting their inability to balance energy
consumption and sustain long term communication. LEACH’s fully probabilistic CH election
and MR-LEACH’s simple multi-hop extension lead to premature energy depletion among CHs,
which limits overall throughput. SA-LEACH delivers the fewest packets of all protocols; al-
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Figure 5.14: Comparison of the number of packets delivered to the BS across different routing
protocols with BS inside.

though it achieves the highest FND and maintains excellent early round stability, the network
deteriorates rapidly after the first node deaths. This abrupt collapse significantly shortens the
effective operational lifetime, resulting in very limited packet delivery to the BS. AEO-SH and
AEO-GRID perform better, with noticeable gains in packet delivery compared to LEACH,
but their performance remains moderate and unable to match the more advanced designs. In
contrast, the PUMA based approaches clearly dominate. Both PUMA-SH and PUMA-GRID
deliver more than the number of packets compared to AEO and LEACH, with PUMA-GRID
producing the highest values among all protocols. This emphasizes the advantage of combining
PUMA’s adaptive CH election with grid based K-NN multi-hop routing, which reduces energy
consumption and ensures more balanced utilization of resources.

Figure 5.15, which shows the results with the BS located inside the network.
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Figure 5.15: Comparison of the number of live nodes across different routing protocols with
BS inside.

LEACH and MR-LEACH protocols exhibit very short lifetimes, with both the first and
last nodes dying much earlier than in other protocols. This outcome is consistent with their
limited energy awareness and reliance on probabilistic CH selection. SA-LEACH keeps all
nodes alive the longest at the start thanks to improved CH selection, but once deaths begin,
it collapses rapidly, giving it excellent early stability but poor mid- and late-stage lifetime.
In contrast, the AEO protocols (both single hop and grid-based) extend the network life-time
considerably, with the last node surviving much longer than in LEACH and MR-LEACH.
However, while AEO demonstrates strong stability and balanced perfor-mance, the PUMA-
based protocols, particularly PUMA-GRID, show the best performance overall. PUMA-GRID
maintains live nodes for the longest duration, indicating that the combination of adaptive CH
selection and grid-based k-NN routing significantly reduces energy imbalance and delays node
deaths. PUMA-SH also performs strongly, maintaining a higher number of live nodes than
AEOQO protocols, though it falls slightly behind PUMA-GRID in sustaining the final rounds of
operation.

In Figure 5.16, where the BS is located inside the network, the residual energy trends high-

light clear differences between the protocols.
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Figure 5.16: Residual energy comparison across different routing protocols with BS inside .

LEACH, MR-LEACH and SA-LEACH deplete their energy rapidly, confirming their limited
capacity to distribute communication loads evenly across the network. Both protocols reach
near zero energy in significantly fewer rounds, reflecting their vulnerability to hotspot issues and
lack of energy aware clustering. With SA-LEACH surpassing them slightly in the beginning,
it maintains full stability a bit longer before its performance drops rapidly afterward. In con-
trast, AEO-SH and AEO-GRID extend energy sustainability further, with nodes maintaining
moderate reserves across more rounds. This outcome is consistent with their energy oriented
cluster formation, which postpones full depletion. However, the best performance is observed
in PUMA based protocols, especially PUMA-GRID, which conserve energy most effectively.
The balanced incorporation of residual energy, intra cluster distance, and grid based K-NN
routing mechanisms enables slower depletion, maintaining higher energy levels through later
rounds. This indicates that PUMA’s design succeeds in spreading energy consumption evenly
while preventing premature exhaustion of CHs.

Figure 5.17 depicts the evolution of CFI for different Routing Protocols.
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Figure 5.17: CFI comparison across different routing protocols with BS inside .

LEACH and MR-LEACH form the weakest group in terms of preserving coverage fairness.
Their CFI drops early and rapidly, reflecting the instability of random CH selection. As nodes
die unpredictably, spatial gaps appear quickly across the field, resulting in uneven coverage.
Although MR-LEACH slows this decline slightly through multi-hop communication, it still
inherits the fundamental randomness of LEACH.

SA-LEACH performs noticeably better during the initial rounds. By refining LEACH’s
early CH selection using SA, it maintains full sensing coverage longer than both LEACH and
MR-LEACH. However, this improvement is short lived. Once the earliest nodes begin to
die, SA-LEACH’s CFI falls sharply. Its optimization enhances early performance but fails to
sustain long term spatial balance, placing it between the basic LEACH type protocols and more
advanced approaches.

AEO-SH and AEO-GRID form the next stronger tier. Their optimization-based CH selec-
tion distributes the sensing and communication load more evenly, helping maintain uniform
coverage through the middle rounds. The grid based version extends this stability further; by
routing through the nearest relay CH, it reduces local overload and postpones the appearance
of coverage holes. Consequently, their CFI declines more gradually compared to SA-LEACH
and other LEACH based variants.

The PUMA protocols, particularly PUMA-GRID, achieve the highest and most stable CFI

values. Their fitness driven CH selection and structured grid k-NN routing ensure balanced
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energy consumption across the network, preventing premature node depletion in any specific
area. As a result, both PUMA versions sustain near perfect coverage for the longest duration,

with PUMA-GRID providing the best spatial fairness among all evaluated methods.

5.4.2 Comparison of Different Routing Protocols when BS is outside
the network

Figure 5.18 presents the FND, HND, and LND performance of all routing protocols when
the BS is located outside the sensing field.

SA-LEACH W 1290
AEO-GRID m* 1603
AEO-SH IIS* 1183
PUMA-GRID -58* 1687
PUMA-SH m? 1704

P 729
MR-LEACH
B 66

Routing Protocols

I 351
LEACH
4970

0 200 400 600 800 1000 1200 1400 1600 1800
Rounds

ELND =HND =mFND

Figure 5.18: Comparison of FND, HND, and LND across different routing protocols with BS
outside the network.

In this scenario, communication distances become significantly larger, making efficient clus-
tering and energy aware routing essential for sustaining network lifetime. LEACH shows the
weakest results across all metrics, mainly because its random CH election leads to poorly po-
sitioned CHs that must transmit over very long distances, rapidly exhausting their energy.
MR-LEACH improves slightly over LEACH, as its multi-hop forwarding reduces transmission
distances for CHs, allowing them to survive a bit longer, although its gains remain limited due
to the inherited randomness in CH selection. SA-LEACH performs better than both LEACH
based schemes; however, its FND improvement is not as pronounced as when the BS is at the
center. The larger communication distances reduce the benefit of its early round optimization,

but its moderate HND and LND values indicate that SA still manages to refine LEACH’s CH
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choices and distribute energy more evenly than the baseline methods.

AEO-SH performs well in this scenario, as the optimization mechanism behind AEO en-
sures more balanced CH placement and effective cluster formation, enhancing network stability.
AEO-GRID further strengthens these advantages: by using grid based multi-hop routing, it
significantly reduces transmission distances and energy consumption, resulting in HND and
LND values up to 50% higher than those achieved by the single hop version.

PUMA-based protocols deliver the strongest overall performance. The weighted objective
function and the PUMA metaheuristic produce well distributed CHs and highly efficient clus-
tering, enabling substantial extensions of FND, HND, and LND. The grid based k-NN variant
provides even greater improvements: grid routing nearly doubles the FND compared to PUMA-
SH and increases HND by approximately 50%. However, its LND gain is less pronounced, as
CHs located closer to the BS tend to become overloaded with forwarded traffic, creating hotspot
regions that reduce late stage survivability.

Figure 5.19 shows the total number of packets delivered to the BS when the BS is located

outside the sensing field.
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Figure 5.19: Comparison of the number of packets delivered to the BS across different routing
protocols with BS outside the network .

In this scenario, packet delivery decreases for all protocols because transmitting over long
distances requires significantly higher energy, causing nodes—especially CHs to deplete their

batteries more quickly. LEACH and MR-LEACH still achieve relatively high throughput in the
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early rounds, primarily because their CH selection mechanism produces many CHs regardless
of their position. This results in a large number of packets during the initial phase, but at the
cost of a much shorter network lifetime. MR-LEACH performs slightly better than LEACH,
as its multi-hop forwarding reduces the transmission burden on CHs.

SA-LEACH also delivers a good number of packets: the SA step improves CH selection and
reduces the inefficiencies inherited from LEACH, enabling the protocol to send more data while
slightly extending network stability. In contrast, AEO-SH and PUMA-SH record the lowest
number of packets. Although these protocols achieve long lifetimes, their strict optimization
based on distance and residual energy results in fewer overall transmissions, since they prioritize
energy preservation and balanced CH distribution over high packet generation.

Grid based versions of AEO and PUMA significantly increase packet delivery, improving
performance by more than 50% compared to their single hop counterparts. By reducing long
distance transmissions through structured multi-hop routing, the grid k-NN mechanism en-
ables nodes to preserve energy while still sending large amounts of data, demonstrating the

effectiveness of grid assisted routing in BS outside deployments.
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Figure 5.20: Comparison of the number of live nodes across different routing protocols with
BS oustide the network.

When the BS is located outside the sensing field, the long communication distances required
for data transmission accelerate energy depletion dramatically, particularly for CHs operating

under random or single hop schemes. Consequently, all protocols experience faster node death
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compared to BS inside or BS edge settings. Figure 5.20 illustrates these trends clearly, showing
the rapid decline in live nodes across the different routing strategies.

LEACH exhibits the earliest and steepest degradation, with the first nodes dying extremely
early and the entire network collapsing soon afterward. Its lack of intelligent CH selection, com-
bined with long single hop transmissions to an external BS, makes it the weakest performer in
this scenario. MR-LEACH also performs poorly: although it introduces multi-hop routing, its
CH selection remains random and produces highly unbalanced communication loads, resulting
in a similarly steep decline. PUMA-SH and AEO-SH offer moderate improvements. Their opti-
mized CH selection delays the first node deaths relative to classical protocols; however, because
they rely on single hop transmission to an external BS, CHs located far from the BS are forced
to expend very high energy to transmit data over long distances. This heavy transmission cost
accelerates their depletion, causing a steady decline and earlier network termination compared
to their grid based counterparts. PUMA-GRID achieves the best performance of all protocols
in this deployment. Its decline is slow and uniform, maintaining a large number of live nodes for
the longest duration. The combination of PUMA’s balanced CH selection and grid based k-NN
multi-hop routing enables efficient, distributed energy usage, even under the strain of long dis-
tance communication. SA-LEACH displays a distinctive behavior: it maintains excellent early
round stability, delaying the first node death more effectively than most protocols. However,
its advantage diminishes rapidly as the rounds progress. Although it initially surpasses both
PUMA-SH and AEO-SH, it cannot match the robustness of grid based methods, which are
better suited for handling external BS communication.

Figure 5.21 shows the residual energy decay of all routing protocols when the BS is placed
outside the sensing field. In this configuration, long distance transmissions dominate energy
consumption, especially for CHs forced to communicate directly with the external BS. LEACH
exhibits the steepest and fastest energy decline. Its randomly selected CHs often end up far
from the BS and must transmit over long distances, consuming large amounts of energy per
round. This leads to an early and abrupt depletion of the total energy of the network. MR-
LEACH performs only slightly better: although multi-hop forwarding reduces the CH to BS
distance, the randomness in CH selection still causes unbalanced cluster formation. Energy
drains rapidly in overloaded regions, resulting in one of the shortest lifetimes among all proto-
cols. SA-LEACH initially conserves energy better than LEACH and MR-LEACH because of
improved CH selection through SA. This produces a smoother, slower drop in residual energy
during the early rounds. However, once long range CH transmissions accumulate, the advantage

of the protocol fades away. Its energy curve drops sharply in the mid phase, showing that early
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Figure 5.21: Residual energy comparison across different routing protocols with BS outside
the network .

optimization does not guarantee long term balance when the BS is far away. AEO-SH main-
tains energy more efficiently than all LEACH based methods thanks to AEO’s optimization
mechanism, which selects balanced CH positions that minimize unnecessary long transmissions.
Still, the single hop nature of AEO-SH forces far CHs to consume significant energy, creating a
noticeable decline in later rounds. AEO-GRID delivers a stronger performance: multi-hop grid
routing distributes the transmission load, significantly reducing the energy required for long
distance communication. This results in a more gradual decay and noticeably extended en-
ergy availability compared to the single hop version. PUMA-SH performs well, showing slower
energy depletion than AEO-SH due to PUMA’s fitness based CH selection, which effectively
balances energy and distance. However, it still suffers from the limitations of single hop trans-
mission toward an external BS. PUMA-GRID achieves the best residual energy performance
of all protocols. Its energy curve declines the slowest, remaining consistently above all other
approaches. The combination of balanced CH selection and grid based k-NN multi-hop rout-
ing minimizes long range transmission costs and evenly distributes the energy load across the
network. This allows nodes to retain energy for far longer, even under the demanding external
BS setting.

Figure 5.22 illustrates the variation of CFI with respect to the number of rounds for different

routing protocols when the BS is placed outside the sensing field.
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Figure 5.22: CFI comparison across different routing protocols with BS outside of the network

LEACH and MR-LEACH lose coverage the earliest. Their CH selection causes nodes in dis-
tant regions to die quickly, creating coverage gaps almost immediately. MR-LEACH slows this
drop slightly, but the improvement is limited. SA-LEACH maintains full coverage a bit longer
due to improved early CH selection, but once node deaths begin, its CFI declines sharply. Its
early advantage does not translate into sustained coverage under long-distance communication.
AEO-SH and AEO-GRID provide more stable coverage. AEO-SH delays the decline, while
AEO-GRID goes further by reducing long transmission distances through structured multi-
hop routing, resulting in a smoother, slower CFTI fall. PUMA-SH and especially PUMA-GRID
maintain the most uniform coverage. PUMA’s balanced CH selection distributes the load ef-
fectively, and grid k-NN routing minimizes long distance transmissions, allowing PUMA-GRID

to preserve coverage fairness longer than all other protocols.

5.4.3 Comparison of Different Routing Protocols when BS is at the
edge of the network

When the BS is placed at the edge of the sensing field, all protocols experience moderate
communication costs higher than the BS inside case but not as severe as when the BS is
completely outside. Figure 5.23 illustrates the FND, HND, and LND values across the different

routing protocols.
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Figure 5.23: Comparison of FND, HND, and LND across different routing protocols with BS
at the edge of the network.

LEACH and MR-LEACH show limited performance, with early FND and relatively weak
HND/LND due to unbalanced CH selection. SA-LEACH achieves a very strong FND but its
improvement does not extend fully into HND and LND. AEO-SH and AEO-GRID perform
noticeably better, with AEO-GRID benefiting from shorter multi-hop transmissions, resulting
in higher HND and LND. PUMA-SH and PUMA-GRID achieve the best overall lifetimes.
PUMA-SH shows strong FND and HND, while PUMA-GRID delivers the highest LND among
all protocols, confirming that combining PUMA’s optimized CH selection with grid based k-NN
routing provides the most stable and long lasting operation near the network edge.

Figure 5.24 shows the total number of packets delivered to the BS when it is placed at the
edge of the sensing field. In this configuration, protocols with more balanced clustering and
shorter routing paths naturally achieve higher throughput.

LEACH and MR-LEACH deliver a moderate number of packets, limited by their random CH
selection and uneven load distribution. SA-LEACH improves slightly over them but remains
constrained by its rapid decline after the early stable phase. AEO-SH and AEO-GRID achieve
significantly higher packet delivery, with the grid version benefiting from shorter multi-hop
transmissions that reduce CH energy consumption. PUMA-SH and PUMA-GRID provide the
highest throughput overall, with PUMA-GRID delivering the maximum number of packets.
This highlights the effectiveness of combining optimized CH selection with grid based k-NN
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Figure 5.24: Comparison of the number of packets delivered to the BS across different routing
protocols with BS at the edge.

routing for improved communication efficiency near the network edge.

Figure 5.12 shows how the number of live nodes decreases over time when the BS is placed
at the edge of the sensing field. In this setting, node death occurs faster than in the BS
inside case but remains more gradual than when the BS is fully outside. LEACH and MR-
LEACH experience the steepest decline, with nodes dying rapidly due to random CH placement
and unbalanced energy load. SA-LEACH delays the first few deaths but then drops sharply,
showing that its early optimization does not sustain long term balance. AEO-SH and AEO-
GRID exhibit smoother decay curves; the grid version extends node survival longer thanks
to shorter multi-hop transmissions. PUMA-SH maintains a more gradual decline than AEO-
SH, while PUMA-GRID achieves the slowest and most uniform decrease, keeping nodes alive
significantly longer than all other protocols. Overall, the comparison shows that the grid based
k-NN versions decline slower, optimization based protocols decline moderately, and LEACH
type protocols decline the fastest under edge based communication.

Figure 5.26 shows the residual energy evolution when the BS is positioned at the edge of the
field.
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Figure 5.25: Comparison of the number of live nodes across different routing protocols with
BS at the edge of the network.
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Figure 5.26: Residual energy comparison across different routing protocols with BS outside

the network .

In this scenario, energy consumption increases moderately compared to the BS inside case.
LEACH and MR-LEACH lose energy the fastest, with their curves dropping almost immedi-
ately. SA-LEACH lasts slightly longer but still converges quickly in the mid rounds. AEO-SH

and AEO-GRID exhibit smoother and more controlled energy decay, with the grid version main-
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taining higher energy levels for a longer period. PUMA-SH shows an even slower decline, while
PUMA-GRID retains the highest residual energy throughout most of the simulation. PUMA-
GRID provides the best energy preservation, followed by AEO-GRID, while LEACH type
protocols deplete energy the fastest under edge based communication.

Figure 5.27 shows how coverage fairness degrades across protocols when the BS is placed at

the network edge.
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Figure 5.27: CFI comparison across different routing protocols with BS at the edge of the
network .

LEACH and MR-LEACH lose coverage almost immediately, indicating very weak spatial
balance. SA-LEACH performs slightly better but still drops early due to limited sustainability
after the first failures. AEO-SH and PUMA-SH maintain fairness longer thanks to more struc-
tured CH selection, though the single hop constraint accelerates decline in later rounds. The
grid based versions of AEO and PUMA clearly outperform all others. AEO-GRID prolongs
fairness substantially, while PUMA-GRID maintains the highest CFI for the longest period,

showing the best ability to preserve uniform coverage even under edge based communication.

5.4.4 Runtime Evaluation of Clustering and Routing Mechanisms

Table 5.4 presents the computation time required by each protocol to complete CH selection,
cluster formation, and routing path determination in the early round where all nodes are still

alive.
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Table 5.4: Runtime for Routing Protocols

Routing Protocols LEACH MR-LEACH PUMA-SH PUMA-GRID AEO-SH AEO-GRID SA-LEACH

Runtime (seconds) 0.022537 0.016993 1.432768 1.543625 16.323490 16.522147 0.023767

Evaluating runtime at this stage ensures that no protocol is penalized by reduced node
availability or topology changes. These values therefore represent the intrinsic computational
complexity of each algorithm and highlight their suitability for real-time or large-scale WSN
deployments. LEACH and MR-LEACH achieve the lowest execution times (0.0225 s and 0.0170
s), owing to their simple, probabilistic CH selection that requires no iterative search or opti-
mization. SA-LEACH remains similarly lightweight (0.0238 s), as SA operates on a limited
neighborhood and adds only minimal overhead to the basic LEACH structure. PUMA-SH
and PUMA-GRID show moderate execution times (1.4328 s and 1.5436 s). The main compu-
tational complexity of PUMA actually comes from generating new Pumas from the previous
population, recalculating the fitness value for each updated solution, evaluating the exploration—
exploitation functions, and updating the internal PUMA parameters at every iteration. Impor-
tantly, PUMA does not rely on complex mathematical operators, derivative computations, or
heavy metaheuristic structures, which keeps the algorithm efficient. Although the grid based
K-NN approach requires slightly more time than the direct version, this additional cost remains
minimal because forming the grid and applying K-NN searches are simple and lightweight op-
erations.

AEO-SH and AEO-GRID exhibit the highest execution times (16.323 s and 16.522 s). This is
because AEO performs multiple iterative updates, computes attraction—repulsion forces, evalu-
ates full populations of candidate solutions, and requires derivative based calculations within its
equations. These numerous mathematical operations significantly increase computational cost.
The grid based k-NN version adds only minor overhead, but the overall complexity remains

substantially higher than all other protocols.

5.4.5 Impact of BS placement on multi-hop grid k-NN routing

To further examine the behavior of the proposed protocol and specifically evaluate the impact
of the grid k-NN routing mechanism, we conducted an additional analysis of routing perfor-
mance under the three BS placement scenarios. This evaluation focuses on routing structure
and efficiency by measuring metrics such as average hop count, average hop distance, and load
distribution among CHs. These indicators provide deeper insight into how grid adjacency and

nearest neighbor selection influence path length, forwarding balance, and overall energy expen-
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diture. As illustrated in Table 5.5, routing behavior is strongly dependent on BS placement.
When the BS is located inside the sensing field, most CHs require only two or three hops to
reach the destination, and hop distances remain short due to the symmetrical grid structure.
This results in low per CH forwarding load and high routing efficiency. In edge deployments,
path lengths increase and hop distances become moderately longer, yet the k-NN mechanism
significantly reduces detours by prioritizing forward direction neighbors. This produces a more
balanced routing load compared to traditional geometric forwarding. In outside placements,
routes become naturally longer due to the greater separation between CHs and the BS. How-
ever, the Manhattan grid expansion combined with k-NN selection helps distribute the load
across multiple relay candidates, preventing premature depletion of specific CHs. Overall, the

table highlights the robustness of grid assisted k-NN routing under diverse topological scenarios.

Table 5.5: Routing behaviour across BS placements

BS Place- Avg. Hop Avg. Hop Max Routing Efficiency and Behavior
ment Count Distance Load per
(m) CH
Inside 1-2 hops 20-35 m Low— Very high efficiency. Grid adjacency
Moderate keeps forwarding strictly directional,

producing the shortest paths. k-NN
rarely needs expansion because almost
all CHs fall in adjacent cells. Load re-
mains well balanced.

Edge 2-3 hops 30-55 m Moderate Routing remains efficient. k-NN signif-
icantly reduces detours by selecting the
closest forward CHs. Some CHs at the
far side handle slightly more load, but
grid filtering prevents overload.

Outside 3-5 hops 45-75 m Moderate~  Paths become longer because all data

High must move outward first. k-NN with

grid expansion distributes forwarding
more evenly across multiple CH corri-
dors, lowering congestion but increas-
ing hop count.

5.5 Discussion

This section provides an integrated discussion of the performance of all evaluated routing and

clustering protocols: LEACH, MR-LEACH, SA-LEACH, AEO-SH, AEO-GRID, PUMA-SH,
and PUMA-GRID under the three base-station (BS) placement scenarios: inside the network,

at the edge, and outside the sensing field. The analysis synthesizes results from all performance
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metrics, including FND, HND, LND, residual energy, number of packets delivered, and the
CFL.

LEACH consistently shows the weakest results in all scenarios. Its random CH selection pro-
duces unbalanced clusters and forces many nodes; especially those far from the BS to transmit
over long distances. As a result, LEACH experiences early instability, fast energy depletion,
and poor coverage preservation regardless of BS placement. MR-LEACH offers only a small
improvement. Although multi-hop forwarding slightly reduces the transmission load on distant
CHs, the protocol still inherits LEACH’s fundamental limitation: random CH placement. This
leads to uneven cluster sizes, hotspot formation, and rapid decline once nodes near the BS
become overloaded. SA-LEACH performs noticeably better in the early stages. SA corrects
the weak CH choices made by LEACH and produces well-positioned, energy efficient clusters
during initial rounds. However, its improvements are short lived. After the first node dies, SA-
LEACH deteriorates rapidly because it optimizes CHs locally per round without maintaining
long term balance. Thus, its early stability does not translate into extended lifetime.

AEO-SH achieves a substantial increase in lifetime compared to LEACH-based protocols.
Its fitness function based on distances and residual energy—generates more compact, balanced
clusters and strategically positions CHs. This reduces transmission cost, improves early and
mid stage stability, and enhances energy distribution. However, AEO-SH still relies on single
hop communication, so when the BS is positioned at the edge or outside the field, CHs far
from the BS consume energy quickly and shorten the late stage lifetime. Integrating grid-based
routing changes this behavior significantly. AEO-GRID benefits from structured, short range
forwarding between grid cells, preventing CHs near the BS from being overloaded and equal-
izing transmission cost across the network. This upgrade boosts HND, LND, CFI, and packet
delivery—especially in edge/outside scenarios—showing how routing structure is as important
as CH selection quality.

PUMA-SH delivers consistently strong performance thanks to its meta-heuristic design. It
selects CHs intelligently without complex mathematical operations, derivatives, or heavy com-
putation. This makes PUMA efficient, fast, and able to form balanced clusters with minimal
overhead. As a result, PUMA-SH achieves excellent FND, HND, and energy distribution,
outperforming both AEO-SH and SA-LEACH across most metrics.

PUMA-GRID further enhances performance by integrating optimized CH selection with an
energy aware, grid based k-NN multi-hop routing scheme. The use of k-NN within the grid
structure provides several advantages: it ensures that each CH selects its next hop among

the closest and suitable neighbors, reduces the probability of long distance transmissions, and

123



Chapter 5 Simulation Setup, Results, and Discussion

naturally balances traffic across the network. By constraining routing decisions to local grid
cells, k-NN also prevents routing bottlenecks and spreads forwarding load more uniformly,
which helps delay early node depletion around the BS. This combination enables the protocol
to achieve the longest overall lifetime particularly the highest LND when the BS is located inside
the network; while also providing superior HND and sustained network stability. Furthermore,
PUMA-GRID consistently delivers the highest number of packets to the BS across nearly all
deployment scenarios and maintains the best CFI, preserving uniform sensing coverage for a
significantly longer duration compared to all other evaluated protocols. The synergy between
structured grid partitioning, local K-NN decisions, and optimized CH selection is ultimately
what allows PUMA-GRID to outperform all other approaches in both energy efficiency and
data delivery reliability. In scenarios where the BS is at the edge or outside the sensing field,
PUMA-GRID still remains the best performing protocol overall. However, its LND becomes
shorter than PUMA-SH. This is expected: nodes near the BS shoulder most of the forwarding
load in multi-hop routing, causing them to drain faster than in the single hop version. Even
with this limitation, PUMA-GRID continues to outperform all other protocols in coverage,

throughput, stability, and long term operation.

5.6 Scalability Analysis of the Protocols

To investigate the scalability of the proposed routing protocols, the previously used network
configurations were repeated with a higher node density. Each scenario was expanded to 600
sensor nodes, and the initial energy of every node was set to 0.1 joules. Since the purpose of
this section is to provide a global view of scalability rather than a full round by round analysis,
the results are presented directly in a summary table that highlights the key performance
indicators under the enlarged network size. Tables 5.6, 5.7, and 5.8 assess the scalability of all

Table 5.6: Performance comparison for N = 600 nodes with the BS inside the network.

Metric LEACH MR-LEACH PUMA-SH PUMA-GRID AEO-SH AEO-GRID SA-LEACH
FND 20 3 18 20 12 21 28
HND 64 24 200 203 240 260 160
LND 192 272 384 391 380 398 348
Packets to BS  5.66 x 107 5.03 x 107 5.43 x 107 4.67 x 108 1.9 x 107 3.3 x 107 1.86 x 107
CFI <1 39 ) 107 190 55 90 72

CFI < 0.5 67 236 320 333 225 240 224
Time need (s) 0.028 0.010 3.19 3.21 210.38 210.4 0.03

protocols under a higher node density of 600 sensors and three BS placement scenarios. Several
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Table 5.7: Performance comparison for N = 600 nodes with the BS outside the network.

Metric LEACH MR-LEACH PUMA-SH PUMA-GRID AEO-SH AEO-GRID SA-LEACH
FND 20 3 4 4 8 ) 16
HND 64 27 124 178 190 170 157
LND 205 224 376 381 360 380 343
Packets to BS ~ 4.81 x 107 3.36 x 107 2.85 x 107 3.45 x 107 2.15 x 107 2.16 x 107 1.78 x 107
CFI <1 40 4 %) 59 40 60 71

CFI < 0.5 179 179 239 307 280 266 210
Time Need (s) 0.042 0.010 6.94 7.28 130.89 134.46 0.04

Table 5.8: Performance comparison for N = 600 nodes with the BS at the edge of the network.

Metric LEACH MR-LEACH PUMA-SH PUMA-GRID AEO-SH AEO-GRID SA-LEACH
FND 20 2 3 10 20 21 27
HND 64 24 142 192 180 198 160
LND 192 272 375 382 350 366 348
Packets to BS  5.66 x 10° 5.03 x 108 2.74 x 108 3.27 x 108 1.26 x 10° 1.60 x 10° 1.86 x 106
CFI <1 40 4 71 143 95 100 71

CFI1 < 0.5 67 29 268 319 220 240 224
Time Need (s) 0.008 0.004 3.78 4.02 128.31 129.04 0.037

performance metrics are used to capture how each protocol behaves as the network grows. The
FND, HND, and LND indicators describe the stability period, mid lifetime, and overall lifetime
of the network, revealing how energy depletion patterns change when the number of nodes
increases. The total number of packets sent to the BS reflects the throughput capacity of each
protocol under heavy communication load. CFT is monitored until it drops below 1 and then
below 0.5, showing how uniformly the sensing area remains covered as energy becomes scarce.
Finally, the time required for CH selection, cluster formation, and routing path construction
quantifies the computational scalability of each algorithm in a dense 600 node environment.

Classical clustering methods such as LEACH, MR-LEACH, and SA-LEACH do not scale
effectively. As network density increases, these protocols suffer from short stability periods,
accelerated energy depletion, and inconsistent packet delivery due to their heuristic or random
CH selection strategies. Their routing becomes increasingly inefficient, leading to early node
deaths and uneven load distribution, especially under edge and outside BS placements.

In contrast, metaheuristic based protocols; PUMA and AEO demonstrate far stronger scal-
ability because they adapt CH selection to energy and distance conditions. However, the two
families differ significantly in computational behavior. In their single hop versions, PUMA-SH
maintains a strong balance between lifetime, packet delivery, and execution time: it offers com-
petitive stability while keeping computation within only a few seconds. AEO-SH achieves longer

lifetimes, but at the cost of extremely high execution times exceeding 200 seconds, making it
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unsuitable for large or dynamic deployments where re-clustering must occur frequently.

When grid based multi-hop routing is introduced, both optimization families benefit from
more balanced energy consumption. Yet the scalability trade offs become even more pro-
nounced. PUMA-GRID achieves the most practical large scale performance: it extends life-
time, improves fairness, and increases throughput while keeping execution time low and stable,
maintaining the same order of magnitude as PUMA-SH. AEO-GRID provides the longest life-
time overall, but again its computational overhead exceeds 100 seconds per round, rendering it
impractical for real time or energy constrained applications despite its endurance advantage.

Overall, the scalability analysis demonstrates that PUMA-GRID is the most balanced and
operationally viable solution. It consistently provides strong lifetime, high packet delivery,
stable fairness, and acceptable execution time across all BS placements. By comparison, AEO-
GRID excels in lifetime but becomes computationally prohibitive, while classical LEACH based
methods fail to scale effectively at high node densities. These findings confirm that combin-
ing lightweight k-NN routing with PUMA-based CH selection provides an efficient, scalable

approach suitable for dense and dynamic WSN environments.

5.7 Global Discussion

The results presented throughout this chapter highlight a clear and consistent relationship
between the clustering mechanism, the underlying routing structure, and the overall energy
balance of the network. Although each set of experiments was examined individually, weight
analysis, protocol comparison, and scalability evaluation,their combined interpretation reveals
several unifying principles that explain why certain strategies are more effective than others.

A first observation concerns the fundamental role of the clustering process in determining
the early and mid stage performance of the network. The fitness based formulation of PUMA,
which integrates spatial efficiency and residual energy, produces well distributed CHs with
balanced workloads. As shown in the weight combination analysis, small variations in the
distance or energy weights significantly influence FND, HND, and LND. High w; values improve
early stability by minimizing transmission distances, while high w, values promote fairness and
prolong mid life operation. These trends demonstrate that clustering is not merely a structural
step but a primary driver of energy consumption patterns.

However, clustering alone is not sufficient to guarantee long term performance. The routing
strategy plays an equally decisive role, especially in later rounds when energy becomes scarce

and communication distances increase. Random single hop protocols such as LEACH and SA-
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LEACH illustrate this limitation: even when a round begins with a favorable CH configuration,
the lack of routing structure leads to energy hotspots, premature CH exhaustion, and rapid
network collapse once the first deaths occur. In contrast, grid k-NN based multi-hop routing
provides a stable and efficient relay architecture that prevents overloaded regions and distributes
forwarding tasks across multiple CHs. This structural advantage explains why both AEO-
GRID and PUMA-GRID consistently outperform their single-hop counterparts across all BS
placements.

A third insight emerges when considering the influence of BS location. When the BS is
centrally positioned, distance minimization enhances throughput and delays early node deaths,
making the clustering process highly sensitive to w;. When the BS is placed outside the
sensing field, long communication distances amplify the importance of energy aware selection,
and routing becomes the dominant source of energy expenditure. In this scenario, protocols
with structured multi-hop routing (AEO-GRID and PUMA-GRID) maintain balanced energy
usage and achieve the longest lifetimes, while single hop protocols deteriorate rapidly. The
edge based configuration naturally exhibits intermediate behavior, showing that clustering and
routing contribute jointly to energy preservation.

Across all experiments, a unifying conclusion becomes evident: energy efficiency in WSNs
cannot be achieved by optimizing clustering or routing in isolation. The earliest phase of
network operation is governed mainly by clustering decisions, but as rounds progress, routing
structure increasingly determines whether energy is consumed uniformly or concentrated in
a few critical nodes. Protocols such as PUMA-GRID succeed because they harmonize both
aspects: the fitness based clustering provides spatially efficient and energy aware CHs, while
the grid k-NN based routing ensures that data forwarding remains balanced, predictable, and
insensitive to network irregularities.

Finally, the scalability experiments demonstrate that the advantages of structured clustering
and routing become even more pronounced as node density increases. Although higher density
intensifies competition for CH roles and increases communication activity, grid based routing
maintains its robustness by shortening hop distances and distributing relaying tasks. This
behavior confirms that the proposed approach is suitable not only for moderate size networks
but also for larger deployments where uncontrolled energy imbalance typically emerges more
quickly.

These results show that the interplay between clustering and routing forms the core of
energy management in WSNs. Approaches that coordinate both mechanisms; particularly

combining weighted fitness functions with structured routing, achieve superior longevity, higher
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throughput, and more uniform coverage, regardless of deployment topology or BS placement.

5.8 Limitations

While the proposed PUMA-GRID protocol demonstrates significant improvements in energy
efficiency, stability, and coverage fairness compared to existing methods, several limitations
should be noted.

First, the evaluation was conducted in an idealized simulation environment, where effects
such as interference, packet loss, retransmissions, and signal fading were not modeled in detail.
The use of a free space propagation model provided a simplified framework to assess the opti-
mization behavior of PUMA, but it does not capture the full complexity of real world wireless
channels. Future work should incorporate more realistic communication stacks and physical
channel models to validate performance under practical conditions.

Second, the grid based routing framework was primarily designed to complement the PUMA
optimization mechanism rather than serve as a fully dynamic routing method. Although the
grid k-NN approach effectively reduces long distance transmissions and balances the load among
CHs, it does not adapt to variations in node density, node failures, or irregular spatial deploy-
ments. Empty grid cells or uneven node distributions may lead to temporary disconnections
or routing inefficiencies. Nevertheless, the simplicity and scalability of the grid structure make
it suitable for evaluating the energy optimization capability of PUMA based clustering. Fu-
ture enhancements could include adaptive grid resizing and density aware routing to improve
resilience in heterogeneous networks.

Third, the current design assumes all nodes are static and homogeneous in terms of initial
energy and communication capability. While the residual energy metric allows PUMA-GRID to
adapt to energy decay, the assumption of uniform initial energy does not always hold in practical
deployments, and the static grid structure may not handle highly variable node densities or
irregular topologies effectively. Extending the protocol to support mobile or heterogeneous
nodes through adaptive mechanisms; such as node specific weight tuning or grid resizing would
increase its applicability.

Finally, the fitness function weights are determined through simulation rather than through a
real time adaptive process. Although effective weight combinations were identified for different
BS placements, these values are dependent on the specific network scale and density considered.
Real time adaptation based on current network conditions such as remaining energy, node

distribution, or traffic patterns could further enhance performance and reliability, particularly
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for networks with varying size or density.

Regarding the k-NN component of the routing mechanism, several limitations remain. First,
forwarding decisions are primarily based on distance, without explicitly considering residual
energy of relay CHs or link quality, which may reduce reliability in dynamic environments.
Second, while grid expansion ensures relay discovery, it may occasionally select sub optimal hops
when the nearest CH is not the most energy efficient choice. Finally, centralized computation
at the BS simplifies node operations but relies on node positions remaining relatively stable
between rounds.

Future improvements could include extending the k-NN scoring function to incorporate resid-
ual energy and link quality metrics, adapting the value of k according to local network density,
or integrating lightweight prediction models to anticipate relay availability. Such enhancements
would maintain the simplicity and low overhead of k-NN while improving routing robustness

and adaptability in larger or more dynamic WSN deployments.

5.9 Conclusion

This work introduced PUMA-GRID, an enhanced clustering and routing protocol that in-
tegrates the Puma Optimization Algorithm with a grid based k-NN multi-hop communication
structure. The proposed framework was designed to tackle two fundamental challenges in
WSNs: extending network lifetime and maintaining balanced energy consumption across sen-
sor nodes. By leveraging the adaptive exploration exploitation balance of the Puma Optimizer,
the protocol achieved more effective and stable CH selection than traditional and contemporary
approaches. Simultaneously, the structured grid based k-NN routing minimized long distance
transmissions by intelligently selecting intermediate relays, thereby reducing communication
overhead and alleviating the hotspot problem.

Extensive simulations conducted under multiple BS placements inside, at the edge, and
outside the sensing field demonstrated the robustness of PUMA-GRID across all major perfor-
mance metrics. The protocol consistently delayed the first, half, and last node deaths, ensured
higher packet delivery, maintained more live nodes throughout execution, preserved residual
energy more effectively, and maintained superior coverage fairness compared to LEACH vari-
ants and AEO-based protocols. The study of weight combinations further confirmed that the
balance between intra cluster distance, distance to the BS, and residual energy must be adapted
to deployment conditions for optimal performance. Comparative analysis also highlighted the

importance of routing structure: while AEO based protocols benefit from grid k-NN routing,
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PUMA remained the most stable and well balanced solution across all scenarios. PUMA-SH
achieved efficient CH selection with minimal computational cost, whereas PUMA-GRID deliv-
ered the highest overall performance, achieving longer lifetimes, superior throughput, and the
best coverage fairness. Even under the challenging edge and outside placements; where routing
load increases and relay distances grow PUMA-GRID remained the most energy efficient and
resilient option, although its LND decreased slightly compared to the single hop version due to
additional relay burdens near the BS.

Despite these strong results, several limitations remain. The current framework assumes a
static deployment and fixed grid size, which may not be optimal for heterogeneous or dynamic
networks. Hotspot formation near the BS persists in distant configurations, indicating the
need for improved load balancing strategies. Future research may explore mobility support for
both nodes and the BS, dynamic weight learning using reinforcement or deep learning, hotspot
mitigation techniques, and real hardware implementation to further validate, optimize, and

expand the applicability of PUMA-GRID in large scale and real world WSN environments.
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General Conclusion

WSNs represent an essential technological foundation for modern sensing and intelligent
monitoring systems. Despite their broad applicability, these networks remain constrained by
limited energy resources, which directly impacts operational lifetime, data reliability, and overall
performance. Improving energy efficiency therefore remains a central research priority. In this
thesis, the focus was placed on designing and optimizing clustering and routing strategies that
reduce energy consumption while maintaining robust network performance.

The proposed method, PUMA GRID, integrates the Puma Optimization Algorithm for adap-
tive CH selection with a grid based routing strategy inspired by a k nearest neighbor decision
rule. Through the intelligent search behavior modeled by the PUMA algorithm, CHs are se-
lected in a manner that balances exploration and exploitation. This selection process uses a
fitness function that incorporates residual energy, intra cluster distance, and distance to the
BS. The use of adjustable weighting parameters allows the protocol to adapt to different de-
ployment scenarios and network topologies, resulting in improved fairness and more balanced
energy use.

The routing phase complements the clustering mechanism by constructing multi hop com-
munication paths across a grid partition of the sensing field. Instead of relying on complex
or computationally heavy routing models, the protocol applies a k nearest neighbor decision
rule to select efficient relay nodes among neighboring grid cells. This simple learning inspired
process enables each CH to forward data through shorter paths while avoiding unnecessary long
transmissions. As CH positions change each round, routing decisions naturally adapt without
introducing additional burden on sensor nodes.

A comprehensive simulation study was conducted to evaluate the performance of the pro-
posed protocol under different BS placements and combinations of weighting factors. The
results confirmed that PUMA GRID achieves consistent improvements in energy efficiency and
network lifetime compared to conventional protocols such as LEACH, AEO based schemes, and

other PUMA variants. The protocol demonstrated longer stability periods, higher packet de-
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livery, reduced communication overhead, more uniform coverage, and improved residual energy
preservation. These outcomes underline the effectiveness of combining metaheuristic optimiza-
tion with a lightweight k nearest neighbor routing rule in energy constrained environments.

Beyond the numerical results, this work highlights the importance of adaptive optimization
and topology aware routing in the design of efficient WSNs. The framework introduced in
this thesis is flexible and can be extended to different architectures or integrated with machine
learning models that support local decision making or global optimization. Several future
directions can be explored, including extension to heterogeneous networks, incorporation of
reinforcement learning or graph based neural models for routing and clustering, and real world
deployment in application domains such as smart agriculture, environmental monitoring, or
industrial supervision.

In conclusion, PUMA GRID offers an effective and scalable approach to improving energy
efficiency and extending the operational lifetime of WSNs. The combination of adaptive CH
selection and grid assisted k nearest neighbor routing provides a practical and conceptually

sound contribution to the development of sustainable and autonomous communication systems.

Limitations

Despite its advantages, the proposed PUMA GRID protocol presents certain limitations.
The optimization process increases computational complexity compared to purely distributed
schemes. The use of fixed weighting parameters may not guarantee optimal performance un-
der highly dynamic network conditions. Additionally, the protocol has been validated through
simulation only, and real-world deployment constraints such as hardware limitations and envi-

ronmental interference were not considered.

Future Work

Several promising research directions can further enhance the proposed PUMA GRID frame-
work. First, integrating advanced machine learning techniques such as graph neural networks
or reinforcement learning could enable fully adaptive and context-aware cluster head selection
and routing decisions in dynamic environments.

Second, extending the protocol to heterogeneous wireless sensor networks, where nodes pos-
sess different energy levels and capabilities, would improve its applicability to real-world de-
ployments. Incorporating mobility-aware mechanisms to support mobile base stations or sensor

nodes also represents an important extension.
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Additionally, dynamic adjustment of the weighting parameters during network operation
may further improve energy balance under varying densities and traffic conditions. Hybrid op-
timization models that combine PUMA with other metaheuristic algorithms could be explored
to enhance convergence speed and global search performance. Finally, implementing and vali-
dating the proposed protocol on real sensor platforms would provide valuable insights into its

scalability, robustness, and practical feasibility.
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