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Résumé

La localisation dans les réseaux de capteurs sans fil (Wireless Sensor Networks, WSNs)
constitue une tâche fondamentale qui influence directement la précision et les perfor-
mances du réseau. Malgré les nombreuses techniques de localisation proposées dans la
littérature, plusieurs limitations subsistent, tandis que les algorithmes d’optimisation ins-
pirés de la nature ont démontré une grande efficacité dans ce domaine. Dans ce travail,
deux méthodes de localisation sont proposées afin d’améliorer l’estimation de la position
des nœuds inconnus. La première méthode, appelée SLnO-CLA, combine l’algorithme de
localisation par centroïde (Centroid Localization Algorithm, CLA) avec l’algorithme d’op-
timisation Sea Lion Optimization (SLnO). L’algorithme SLnO est utilisé pour affiner et
optimiser l’estimation initiale de position fournie par CLA, afin d’améliorer la précision
de localisation et d’accélérer la convergence. La seconde méthode, nommée IMP-SLnO
(Improved Sea Lion Optimization), représente une version améliorée de SLnO visant à
renforcer la stabilité et les performances globales grâce à plusieurs mécanismes d’amélio-
ration favorisant la diversité de la population, l’exploration de l’espace de recherche et
la rapidité de convergence. Les performances de SLnO-CLA sont évaluées et comparées
à celles de l’algorithme classique CLA à travers 30 exécutions indépendantes réalisées
sur des déploiements de réseau identiques. Les résultats montrent que SLnO-CLA réduit
l’Erreur Moyenne de Localisation (Mean Localization Error, MLE) de 93,7 % par rapport
à CLA utilisé seul. Les performances d’IMP-SLnO sont également évaluées et comparées
à celles de SLnO ainsi qu’à plusieurs algorithmes bio-inspirés bien connus, notamment
Grey Wolf Optimization (GWO), Particle Swarm Optimization (PSO), Firefly Algorithm
(FA) et SLnO-CLA. IMP-SLnO obtient une erreur moyenne de localisation de 0,2459 m,
représentant une amélioration de 82,1 % par rapport à SLnO, et surpasse l’ensemble des
algorithmes comparés selon tous les indicateurs de performance rapportés.

Mots-clés : Localisation, Réseaux de capteurs sans fil (WSNs), Algorithmes bio-
inspirés, Algorithmes d’optimisation, Sea Lion Optimization (SLnO), Localisation des
nœuds.



Abstract

Localization in Wireless Sensor Networks (WSNs) is a fundamental task that directly in-
fluences network accuracy and performance. Although many localization techniques have
been proposed, several limitations remain, while bio-inspired optimization algorithms have
shown strong effectiveness in this domain. In this work, two localization algorithms are
proposed to improve the positioning of unknown nodes. The first, SLnO-CLA, combines
the Centroid Localization Algorithm (CLA) with the Sea Lion Optimization (SLnO) al-
gorithm. SLnO is used to optimize and refine the initial position estimate provided by
CLA , improving localization accuracy, and accelerating the convergence. The second
algorithm, referred to as IMP-SLnO, is an enhanced version of SLnO that focuses on
improving stability and overall performance through multiple enhancement mechanisms
that increase diversity, strengthen exploration, and speed up convergence. The perfor-
mance of SLnO-CLA is evaluated and compared with the classical CLA algorithm across
30 independent runs using identical network deployments. Results show that SLnO-CLA
reduces the Mean Localization Error (MLE) by 93.7% compared to plain CLA. The per-
formance of IMP-SLnO is further evaluated against baseline SLnO and several well-known
bio-inspired algorithms including Grey Wolf Optimization (GWO), Particle Swarm Opti-
mization (PSO), Firefly Algorithm (FA), and SLnO-CLA. IMP-SLnO achieves an MLE
of 0.2459 m, representing an 82.1% improvement over baseline SLnO, and outperforms
all comparison algorithms across all reported metrics.

Keywords: Localization, Wireless Sensor Networks (WSNs), Bio-inspired Algorithms,
Optimization Algorithms, Sea Lion Optimization (SLnO), Node Localization.
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General Introduction

Wireless Sensor Networks (WSNs) have become an essential technology in many fields,
including environmental monitoring, healthcare, military operations, and disaster man-
agement. In most of these applications, knowing the exact location of sensor nodes is
crucial because the value of collected data depends on knowing where it comes from.
However, WSNs often contain large numbers of sensor nodes that are randomly deployed
in vast or hard-to-reach areas, making it difficult to determine their exact positions.

Although GPS provides a straightforward solution for localization, equipping every
sensor node with GPS is not practical. GPS modules consume too much energy, increase
costs significantly, and work poorly indoors or in obstructed environments. To overcome
these limitations, a common strategy is to equip only a small subset of nodes—called
anchor nodes—with GPS or known positions, while the remaining nodes estimate their
positions based on information received from these anchors through localization algo-
rithms.

In recent years, researchers have increasingly treated node localization as an optimiza-
tion problem. Bio-inspired algorithms, which imitate natural behaviors and work with
populations of candidate solutions, have shown strong potential for solving this problem.
These algorithms offer effective search capabilities, reasonable computational speed, and
improved accuracy, making them well-suited for handling the challenges of WSN localiza-
tion.

The main objective of this thesis is to develop effective bio-inspired localization meth-
ods that can accurately and reliably determine sensor node positions in WSNs. To achieve
this objective, two node localization methods based on the SLnO algorithm are proposed
for accurate and stable range-based localization in WSNs. SLnO was selected for three
main reasons. First, it is a relatively recent metaheuristic optimizer characterized by
a clear biological inspiration and a simple mathematical structure, making it suitable
for targeted modifications and hybridization strategies. Second, unlike well-established
algorithms such as GWO and PSO, which have been extensively investigated in WSN lo-
calization, SLnO has received comparatively limited attention in this domain, representing

9



GENERAL INTRODUCTION

a promising research opportunity. Third, although SLnO has demonstrated competitive
performance on several benchmark optimization problems, preliminary experiments con-
ducted in this work indicated that its localization accuracy in WSN environments could
still be improved, particularly when compared with strong optimizers such as GWO.

The first proposed method, SLnO-CLA, is a hybrid localization approach that com-
bines the Centroid Localization Algorithm (CLA) with the SLnO algorithm to improve
localization accuracy. The second proposed method, IMP-SLnO, is an enhanced version
of SLnO that incorporates several improvement strategies to increase population diversity,
strengthen exploration capability, and accelerate convergence. These enhancements make
the proposed algorithm more effective and stable for estimating node positions under
various network conditions.

To evaluate our proposed methods, we conducted comprehensive comparisons with
existing algorithms, including the classical CLA and several well-known bio-inspired op-
timization techniques. Performance was assessed using standard metrics such as average
localization error, success rate, and computation time, with all algorithms tested under
identical network conditions to ensure fair comparison.

This thesis is organized into four chapters. Chapter 1 provides an overview of Wireless
Sensor Networks, including their architecture, applications, and main challenges. Chapter
2 presents the localization problem in WSNs and reviews existing localization techniques.
Chapter 3 discusses optimization approaches, with particular focus on bio-inspired algo-
rithms and their application to localization problems. Chapter 4 describes our proposed
methods, presents the experimental results, and provides detailed performance compar-
isons. Finally, we conclude with a summary of our contributions and suggestions for
future research directions.
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Chapter 1

Wireless Sensor Networks: An
Overview

1.1 Introduction

Wireless sensor networks (WSNs) have emerged as an essential technology for surveillance
and data collection in diverse, complex, and dynamic environments. These networks are
made up of specially dispensed sensor nodes that collaboratively sense, process, and trans-
mit data to a central unit or base station. This chapter aims to present an introduction
to sensor nodes and provide a comprehensive overview of WSNs, covering their types,
topologies, applications, and the challenges they encounter.

1.2 Sensor Node

A sensor node is a compact, autonomous device designed to monitor various environmental
or physical conditions, such as temperature, pressure, and motion. It collects these data
and processes them locally before wirelessly transmitting them within the network [1–4].
Generally, a sensor node consists of a sensing unit, a processing unit, a communication
module (transceiver), and a power supply, representing the essential components of its
architecture [5, 6].

1. Sensing unit: This unit is responsible for capturing physical or environmental
phenomena. It comprises a sensor to detect these phenomena and an analog-to-
digital converter (ADC) that transforms the collected analog signals into digital
data [2].

2. Processing unit: The processing unit functions as the central component of the

11



CHAPTER 1. WIRELESS SENSOR NETWORKS: AN OVERVIEW

sensor node, responsible for data processing and enabling cooperation among sensor
nodes in the network to accomplish designated tasks. It often includes a micro-
controller and a memory unit for local data storage, which helps reduce the size of
transmitted messages and conserve energy.

3. Communication unit (transceiver): This unit is responsible for handling the
transmission and reception of data between nodes within the network. It generally
comprises a radio transceiver that enables wireless communication, allowing nodes
to interact efficiently within the network.

4. Power supply: It provides energy to all components of the sensor node, typically
through a non-rechargeable or a rechargeable battery. Efficient energy management
is essential for extending the node’s operational lifespan, particularly in environ-
ments where battery replacement is impractical.

In addition to these essential components, optional components such as localization
systems, mobility mechanisms, and energy harvesting devices can be integrated into sen-
sor nodes to further improve their functionality, introduce supplementary features, and
optimize their performance according to the application’s specific requirements. Local-
ization systems provide positional data, mobility mechanisms offer node movement for
necessary positioning, and energy harvesters convert environmental energy into usable
electric power.

These components collaborate to enable nodes to perform monitoring, processing,
and communication functions effectively within the limitations of restricted battery life,
memory capacity, and computation resources. Figure 1.1 illustrates the architecture of
a sensor node, showcasing both essential and optional components, whereas Table 1.1
provides a structured summary of each component, including the primary functions and
key components.

1.3 Wireless Sensor Networks

1.3.1 Definition

A WSN is a system of wirelessly connected sensor nodes that cooperate to monitor and
relay data on environmental and physical parameters [8, 9]. The architecture of a WSN is
depicted in figure 1.2, wherein data gathered by sensor nodes is transmitted either directly
to the base station (sink node) or through intermediary nodes, ensuring efficient coverage
even in extensive areas [10]. The base station serves as the central hub, consolidating and
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Figure 1.1: Essential and Optional Components of a Sensor Node [7]

Table 1.1: Summary of Node Components: Primary Functions and Key Elements [1–6]

Nodes components Primary function Key Components

Sensing unit Collects data from the envi-
ronments

Sensor, ADC

Processing unit Data computation, algorithms
execution, decision making

Microprocessor, Memory unit
(RAM, ROM)

Communication unit Transmission and reception of
data

Radio transceiver

Power supply Managing energy use Batteries, power manage-
ments circuit

Optional components Enhance functionality, adds
extra features

GPS positioning, energy har-
vesters, dynamic movement
for improved coverage

processing the incoming data. It also functions as the communication interface between
the sensor network and the user, utilizing satellite or internet connectivity. This structure
allows WSN to operate autonomously, requiring less human involvement [11].
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Figure 1.2: The architecture of WSNs [12]

1.3.2 Node Deployment in WSN

Deployment in WSN refers to the placement of sensor nodes within a designated area
to enable efficient monitoring and data acquisition [13]. The deployment strategy is
primarily contingent upon the application’s requirements and the prevailing environmental
conditions [14]. Two primary deployment strategies exist: deterministic and random [15]

• Deterministic deployment. In this strategy, sensor nodes are installed at fixed
and predefined locations. This approach simplifies localization and helps achieve
good area coverage. It is particularly suitable for scenarios where manual placement
is possible and precise coverage is critical.

• Random deployment. In contrast, random deployment involves distributing sen-
sor nodes without a fixed pattern, often using techniques such as aerial drops. This
strategy is cost-effective and well-suited for inaccessible or hard-to-reach areas. How-
ever, achieving complete coverage often requires deploying a higher density of nodes
to compensate for uneven distribution [16].

1.3.3 Types of WSNs

WSNs are categorized based on their deployment environments, which influence their
design and operational challenges [7, 17–20]. Figure 1.3 presents the five types of WSNs.

Terrestrial WSNs Terrestrial WSNs consist of sensor nodes deployed on land, either
systematically or randomly. Nodes are powered by limited batteries, often supplemented
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Figure 1.3: the Five Types of Wireless Sensor Networks [17]

with renewable energy sources such as solar panels to overcome the constraints of non-
rechargeable batteries.

Underground WSNs In underground WSNs, sensors are placed beneath the surface
to monitor soil, minerals, or underground activities. These networks require above-ground
sinks to facilitate data transmission. Underground WSNs face significant challenges in
wireless communication due to the high signal attenuation and loss caused by geologi-
cal materials such as soil and rocks. The inaccessibility of buried nodes makes battery
recharging nearly impossible, making energy-efficient communication protocols essential
for maintaining network longevity and reliable data transmission.

Underwater WSNs Underwater WSNs involve deploying sensor nodes beneath water
surfaces, often in deep ocean environments. These networks face unique challenges due
to the complexities of underwater operations. The high cost of underwater devices limits
node deployment, and data collection often relies on autonomous underwater vehicles
(AUVs). Communication is conducted using acoustic waves, which suffer from limited
bandwidth, long propagation delays, high latency, and signal degradation. Additionally,
underwater sensors typically have limited, non-rechargeable power sources, highlighting
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the need for energy-efficient communication techniques.

Multimedia WSNs Multimedia WSNs (MWSNs) are composed of cost-effective sensor
nodes equipped with audio, video, and imaging capabilities to monitor and record mul-
timedia data. These nodes are often deployed in a structured manner to ensure optimal
coverage and data acquisition. Despite their advantages, MWSNs encounter challenges
such as high energy consumption, data compression requirements, and quality of service
(QoS) considerations for reliable multimedia delivery.

Mobile WSNs Mobile WSNs feature sensor nodes capable of movement, allowing them
to navigate and interact dynamically with their surroundings. These movable nodes can
autonomously adjust their positions and reconfigure the network topology while perform-
ing sensing, processing, and communication tasks. However, mobile WSNs face challenges
including effective deployment, mobility control, accurate localization of mobile nodes,
movement regulation, ensuring adequate sensing coverage, minimizing energy usage dur-
ing movement, maintaining network connectivity, and efficient data distribution.

1.3.4 Topologies in WSNs

WSNs are commonly structured using three key topologies [21–24]: centralized, dis-
tributed, and decentralized. Figure 1.4 illustrates the structural design of these topologies.

Centralized topology in WSNs In a centralized topology, all nodes communicate
directly with a single central unit, commonly known as the base station or fusion center,
which processes and aggregates data received from all nodes. This topology simplifies the
network by centralizing control and data management and facilitates the identification of
data errors. However, all nodes must remain within the communication range of the base
station, which limits scalability. Additionally, continuous data transmission to the central
unit may cause excessive energy consumption, especially when much of the transmitted
data is redundant [26].

Distributed topology in WSNs In a distributed topology, all nodes operate equally,
performing computations and sharing data with neighboring sensors within their commu-
nication range. By distributing information processing across the network rather than
relying on a single unit, the system achieves greater resilience to failures.
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Figure 1.4: The three fundamental WSN topologies [25]

Decentralized topology in WSNs The decentralized, or cluster-based topology, com-
bines features of both centralized and distributed structures. The network is divided into
clusters, with each cluster managed by its own fusion center. Sensors within a cluster
share data locally, which is processed by the cluster’s central unit. The outcomes from
all central units are then consolidated to form the final decision [23].

1.3.5 Applications in Wireless Sensor Networks

WSNs are increasingly utilized in various fields due to their ability to collect and transmit
real-time data. The flexibility of WSNs allows them to tackle field-specific challenges,
harnessing their unique features to enhance processes and outcomes. Below, we high-
light some of the main applications that demonstrate the practical uses of WSNs, while
Figure 1.5 represents these different applications.

• Environmental applications
WSNs play a vital role in environmental applications by monitoring various conditions
such as air quality, soil moisture, water pH, and greenhouse gases. These networks are also
instrumental in tracking animal movements, detecting natural disasters like floods, fires,
and earthquakes, and supporting agricultural practices through the observation of plant
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Figure 1.5: Different Wireless Sensor Networks Applications

growth, irrigation, and nutrient levels [20]. Furthermore, WSNs are utilized in traffic
management, weather forecasting, and pollution monitoring, providing real-time data
that enhance decision-making and environmental management. By enabling efficient,
remote data collection, WSNs contribute significantly to the understanding of ecological
processes and the development of effective hazard response systems. Figure 1.6 depicts
several environmental applications of these networks.

• Health applications
WSNs have transformed healthcare by enabling advanced patient monitoring and diag-
nostics. These networks are used in wearable devices to track body movements, phys-
iological data, and overall health, as well as in implanted sensors for gathering critical
health information. They enable real-time telemonitoring of vital signs, facilitate precise
drug administration, and provide diagnostic support. WSNs are particularly effective in
monitoring patients with chronic conditions, disabilities, or diseases like Alzheimer’s. By
seamlessly transmitting data to healthcare providers, WSNs enhance care quality, enable
timely interventions, and support better health management across hospitals, homes, and
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Figure 1.6: Some of environmental applications of wireless sensor networks

emergency scenarios.
• Military applications

WSNs have become indispensable in military operations, providing real-time capabili-
ties for battlefield surveillance, intrusion detection, and monitoring critical parameters
[27]. These networks enable the detection of enemy movements, assessment of battlefield
damage, and tracking of friendly forces [3, 28], enhancing situational awareness and oper-
ational efficiency. Additionally, WSNs play a crucial role in identifying and responding to
threats such as Nuclear, Biological, and Chemical (NBC) attacks, as well as monitoring
sensitive areas, including borders and landmine fields [29, 30]. Their deployment facili-
tates robust intelligence gathering and supports strategic decision-making in complex and
dynamic scenarios.

• Home applications
WSNs serve a pivotal role in creating intelligent and interconnected home environments.
By embedding sensors into household devices such as refrigerators, air conditioners, and
lighting systems, WSNs enable seamless communication and control, allowing both local
and remote management by homeowners. These networks support functionalities such
as automated temperature regulation, motion-activated lighting, and advanced security
monitoring. Additionally, WSNs monitor device performance, detect anomalies, and pro-
vide timely alerts for potential hazards [3, 31, 32].

• Other applications
In addition to the fields mentioned above, these networks are also utilized in numerous
other areas, including transportation systems, security, emergency management, indus-
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trial automation, and entertainment such as theater production [33, 34].

1.3.6 WSNs challenges

The advancement of WSNs is hindered by various challenges [7, 12, 14, 18, 28, 34–36],
including the following:

Energy constraint WSNs operate under strict energy limitations, as sensor nodes
are typically equipped with finite power sources, primarily batteries, which are often
irreplaceable or non-rechargeable in remote locations such as forests, deserts, and military
zones. The operational lifespan of a sensor node is directly dependent on its battery life,
making efficient power management a critical concern.

Quality of service (QoS) requirements QoS in WSNs refers to the network’s capa-
bility to deliver accurate and timely information from the sensor node to the base station.
The QoS requirements vary across applications, encompassing factors such as data accu-
racy, transmission delay, and reliability. However, achieving QoS in WSNs is challenging
due to the inherent constraints of sensors, including limited energy, processing, and com-
munication capabilities.

Scalability Scalability is a crucial challenge in WSN design, as these networks can con-
sist of thousands of sensor nodes deployed across various environments. As the network
grows in size, the performance should scale proportionally without significant degrada-
tion. This requires the development of efficient algorithms and protocols that can handle
increasing communication costs and resource constraints while ensuring reliable and ef-
fective operation.

Dynamical topologies and challenging environmental conditions WSNs are
prone to dynamic topology challenges due to sensor node failure, which may arise from
hardware malfunctions, energy depletion, or physical damage. These networks are often
deployed in challenging and remote environments such as volcanic regions, underwater
locations, battlefields, and areas with hazardous biological or chemical exposure. Harsh
environmental factors, including extreme temperatures, high humidity, vibrations, and
dust, can further impact node performance and network stability. To ensure reliable op-
eration, sensor nodes must be designed to endure such demanding conditions and adapt
effectively to changes in network topology.
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Security WSNs are susceptible to a variety of security threats, which can broadly be
classified into passive and active attacks. Passive attacks involve eavesdropping on com-
munication, such as traffic analysis or content interception. Active attacks, on the other
hand, include actions such as data modification, fabrication, or disruption, including node
capture or routing attacks. Given that many WSNs are employed in sensitive applications
like military or surveillance systems, ensuring secure communication is critical to protect
against unauthorized access and denial-of-service attacks. The inherent limitations of
WSNs, including low energy and computational resources, further complicate the imple-
mentation of robust security measures. Therefore, designing effective security protocols
to ensure the confidentiality, integrity, and availability of data is essential for the reliable
operation of these networks.

Localization In many WSN applications, the value of collected data depends heavily on
knowing the precise location where the event or physical quantity was detected. Without
location information, the sensed data lacks context and relevance. Localization is therefore
a critical component in WSNs, as it ensures that the data can be accurately interpreted
and applied in the decision-making process. This will be explored in greater detail in
Chapter 2, where we delve into various methods and techniques for accurate positioning
in these networks.

Cost production In WSNs, a large number of nodes are typically deployed, making
cost a critical factor in their implementation. If the production cost per node is too high,
the network may become financially impractical compared to traditional sensing solutions,
making cost management a key consideration in WSN design.

Data compression Reducing the size of data before transmission can significantly
decrease communication time and conserve network resources. Incorporating data com-
pression or filtering techniques at the node level optimizes performance by lowering the
volume and frequency of transmitted data.

1.4 Conclusion

This chapter provided an overview of WSNs, emphasizing their significance in diverse
applications necessitating monitoring and data acquisition in complex environments. We
discussed the key aspects of WSNs, including the deployment of sensor nodes, which are
often placed randomly in many applications. Given the random deployment, the need
for an effective localization system becomes clear to ensure accurate data interpretation
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and optimal network operation. This review chapter sets the stage for the next chapter,
which delves into the concept of localization in WSNs, its importance, and the techniques
employed to achieve precise positioning of sensor nodes.
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Chapter 2

Localization Techniques in WSN

2.1 Introduction

In many WSN applications, it is not enough to simply collect data; the values of that data
are often closely linked to the location where it was gathered. Whether it’s monitoring
environmental changes, tracking movements, or detecting critical events, knowing where
something happens is as important as what is happening. For instance, in fire detection
scenarios, when a sensor detects a fire and sends a message to the base station, that
message must include the location of the detecting node. Without knowing where the
event occurred, the information becomes practically useless. Consequently, localization is
crucial for the efficient operation of WSs and the fulfillment of their intended function.

In this chapter, the localization challenge in WSNs is described, along with the key
features and limitations. Several methods used to estimate node position are summarized,
followed by the factors used to evaluate their performance.

2.2 Localization Fundamentals

2.2.1 Positioning of Nodes

The localization, or positioning, problem refers to the task of estimating the locations
of nodes that have been randomly deployed, without any prior knowledge of their posi-
tions, in a target area. At first glance, this might seem like a simple task, especially in
small, controlled environments. However, real-world deployments often occur over vast
or difficult terrains, where nodes are dropped from the air over forests, mountains, or
disaster zones. In such cases, determining where each node ends up is very difficult, and
it becomes a serious challenge in WSN.
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2.2.2 GPS in WSN localization

A straightforward solution to the node localization challenge in WSN is to equip each
sensor with a GPS module [37]. While GPS has long been used as a standard technique
for position estimation in various wireless systems [38], its application in WSNs is often
impractical due to several limitations. First, GPS units are relatively expensive, and
the incorporation of such a module into every node would make the overall deployment
significantly costly, which runs counter to the low-cost nature of WSNs [39, 40]. Second,
GPS devices consume substantial power, which can drastically shorten the operational
lifetime of battery-powered nodes. Third, the performance of GPS decreases in situations
with weak satellite signals or a complete lack of them, e.g., indoors, in dense forests,
or underground [41, 42]. Such limitations demonstrate the need for more scalable, cost-
effective, and energy-efficient alternative localization techniques.

2.2.3 System Model (Anchor Target Nodes)

In WSNs, nodes are generally categorized according to their knowledge of location infor-
mation:

Anchor Nodes (A)

Also known as reference, beacon, or landmark nodes, these nodes have prior knowledge of
their exact coordinates. This information is typically obtained through manual placement
or by equipping the nodes with GPS devices.

Target Nodes (T)

Occasionally referred to as unknown, dumb, or free nodes, these lack any prior knowledge
of their locations, which must be estimated through a localization process.

Consider a WSN deployed in a two-dimensional plane. The network is represented by
a graph G = (V,E), where V = {v1, v2, . . . , vn} is the set of all sensor nodes, and E is the
set of edges between nodes that can directly communicate with each other.

An edge e = (vi, vj) ∈ E exists if and only if the Euclidean distance between vi and
vj is less than or equal to a predefined communication range r. This condition indicates
that the nodes are neighbors:

(vi, vj) ∈ E ⇐⇒ distance(vi, vj) ≤ r
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If the distance between two nodes exceeds r, no direct connection is established be-
tween them, and they are not considered neighbors.

Each node vi has coordinates (xi, yi) ∈ R2. Let A ⊂ V denote the set of anchor nodes,
with known positions (xa, ya), and let T = V \ A denote the set of target (unknown)
nodes, whose positions (xt, yt) are to be estimated.

The aim of the localization task is to accurately estimate the coordinates (xt, yt) for
as many target nodes t ∈ T as possible.

2.3 Classification of WSN Localization Algorithms

Localization algorithms in WSNs are categorized based on several key aspects. These
include the presence or absence of anchor nodes, the location where the position cal-
culations are performed, the structure and mobility of the network, and the hardware
requirements [37, 39, 41, 43–46]. Figure 2.1 provides an overview of the key metrics
commonly used to classify and distinguish localization algorithms in WSNs.

2.3.1 According to the Calculation Location

There exist two main categories based on where the position estimation is carried out:
centralized and distributed methods.

Centralized Localization

In centralized approaches, sensor nodes report their measurements, such as distances to
nearby nodes, to a base station. This central unit collects the data from all nodes and
calculates their positions across the entire system before sending the estimated positions
back to the nodes[47].

Distributed Localization

In distributed approaches, each node estimates its own position independently. This
method relies solely on local information obtained from nearby anchor nodes or neighbor-
ing nodes, without involving a central authority.

Table 2.1 summarizes the main differences between centralized and distributed local-
ization methods. Centralized algorithms often achieve higher accuracy in small networks
due to their ability to perform comprehensive data analysis and global optimization. How-
ever, they suffer from limited scalability and high energy costs. In large networks, data

25



CHAPTER 2. LOCALIZATION TECHNIQUES IN WSN

loss caused by multi-hop communication to the sink node can further degrade localiza-
tion accuracy. On the other hand, distributed algorithms have higher scalability and
energy efficiency but tend to have lower accuracy and require more complex coordination
mechanisms [48, 49].

Table 2.1: Comparison Between Centralized and Distributed Localization Methods [47–49]

Feature Centralized Localization Distributed Localization
Energy and Complex-
ity

Higher Lower

Scalability Limited, not suitable for
large networks

Highly scalable, suitable for
large networks

Accuracy High, due to global data
availability

Lower

Reliability Prone to central point fail-
ures or disruptions in multi-
hop data flow

Resilient to individual node
failures and packet loss

Design Complexity Simpler algorithm design More complex
Suitability Small to medium networks

with sufficient resources
Large-scale, resource-
constrained WSNs

2.3.2 Mobility-Based Localization Algorithms

The majority of existing localization approaches are designed for static WSNs, where both
target and anchor nodes remain in fixed positions. However, the rise of applications such
as tracking moving objects or monitoring dynamic environments necessitates new types
of localization methods that can handle mobility.

Mobility introduces additional challenges in position estimation due to the constant
changes in node placement. At the same time, it offers advantages by enabling multiple
measurements during movement, thereby enhancing localization accuracy. Localization
methods that address mobility in WSNs are generally classified into three categories:

• Mobile target nodes with fixed anchor nodes

• Fixed target nodes with mobile anchor nodes

• Both mobile target and anchor nodes

2.3.3 According to Utilization of Extra Hardware

Considering the hardware requirements and the techniques applied to estimate measure-
ments between nodes, localization algorithms are commonly classified into range-based
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Figure 2.1: Overview of classification metrics for WSN localization algorithms [43]

and range-free methods. Table 2.2 summarizes the key differences between these two
classes.

Range-Based Methods

Range-based localization methods estimate node positions by measuring either the dis-
tance or the angle between sensor nodes. These measurements are typically obtained using
techniques such as Time of Arrival (TOA) [50], Time Difference of Arrival (TDOA) [51],
and Received Signal Strength (RSS) [52]. While these methods offer high accuracy, they
require additional hardware, which leads to increased computational and energy costs.
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Range-Free Methods

Range-free localization methods determine the positions of target nodes using connectivity
information and hop counts rather than relying on precise distance or angle measurements.
These techniques are easier to implement, do not require extra hardware, and impose
lower energy and computational demands. However, they typically offer lower localization
accuracy compared to range-based methods. Common examples of range-free techniques
include the Centroid [53] and DV-Hop [54] algorithms.

Table 2.2 summarizes the key differences between range-based and range-free localiza-
tion methods across several important aspects. The choice between these two approaches
depends on the application requirements and the available resources of the sensor nodes.

Table 2.2: Comparison Between Range-Based and Range-Free Localization Methods[50–54]

Aspect Range-Based Range-Free
Measurement Physical distance/angle

(ToA, AoA, RSS)
Connectivity and hop
counts

Hardware Additional ranging hard-
ware needed

Minimal

Accuracy High (fine-grained) Low to medium (coarse-
grained)

Energy and Complex-
ity

Higher Lower

Scalability Limited by hardware More scalable for large net-
works

Robustness Sensitive to environmental
factors

More robust

2.3.4 According to the Connectivity

Based on how unknown nodes connect with anchors, localization algorithms can also be
divided into one-hop and multi-hop methods.

One-Hop Methods

In one-hop localization methods, each unknown node must have direct connectivity with
multiple anchor nodes. It then estimates its position using the known coordinates of these
anchors, as in the Centroid method.
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Multi-Hop Methods

In contrast, multi-hop methods do not require unknown nodes to be in direct contact
with anchors. Instead, they receive information indirectly through intermediate nodes
and use this data to estimate their positions, as in the DV-Hop algorithm. Although
multi-hop methods are more scalable and require fewer anchors, they often suffer from
reduced accuracy due to the accumulation of errors across multiple hops.

2.3.5 According to the Granularity of Position Estimation

Localization techniques are commonly classified into coarse-grained or fine-grained ap-
proaches.

Coarse-Grained Localization

Coarse-grained localization methods aim to provide approximate position estimates with
limited accuracy, often sufficient for applications where exact coordinates are not essential.

Fine-Grained Localization

Conversely, fine-grained localization techniques aim to achieve high positional precision by
computing exact coordinates. This degree of precision typically requires increased com-
munication overhead, computational complexity, and reliance on detailed measurements.
Fine-grained methods often employ sophisticated algorithms to convert such measure-
ments into accurate position coordinates.

2.3.6 Anchor-Based vs. Anchor-Free Localization

Localization techniques can also be broadly classified according to the availability of
anchor nodes, resulting in anchor-based and anchor-free approaches.

Anchor-Based Localization

Anchor-based schemes utilize anchor nodes as spatial references to aid in localizing un-
known nodes within the network. The precision of such methods is significantly influenced
by both the number of deployed anchors and their spatial distribution.

Anchor-Free Localization

In contrast, anchor-free schemes function without relying on any anchor nodes. These
methods help reduce deployment costs and are particularly advantageous in environments
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where GPS signals are inaccessible or unreliable.

2.4 Localization Process: Main Phases and Methodolo-

gies in WSNs

The process of determining the accurate geographical locations of sensors in WSN is
generally divided into sequential phases, each with its own specific goals and techniques.
In this section, we focus on the two primary phases: Distance Estimation and Position
Estimation, and discuss the methods commonly used in each.

2.4.1 Distance Estimation Phase

The first step in many localization algorithms, especially range-based ones, is to estimate
the distance between unknown and anchor nodes. This is often the most important
step. The accuracy of the final position coordinates relies significantly on how well the
distances between the nodes are estimated. Several methods can be applied to compute
such distances, and the most commonly used techniques include RSSI, ToA, TDoA, and
AoA [55].

2.4.1.1 Time of Arrival

Time of Arrival (ToA), or Time of Flight (ToF), is a commonly investigated approach
to estimating the distance between two wireless sensor devices based on precise signal
timing. The basic rule behind ToA is straightforward: if the exact time at which a signal
is sent is known, and the exact arrival time at the receiver is also known, then the signal’s
propagation time can be calculated [56]. Since the propagation speed is known—for
example, a radio frequency signal travels at approximately 3 × 108 meters per second,
while an acoustic signal propagates at about 343 meters per second—the travel time can
then be directly converted into a distance estimate [44].

In real-life situations, the ToA measurements can be performed in two ways [42] as
illustrated in figure 2.2 :

• One-way ToA calculates the difference between the transmission time of a signal
and its arrival time at the receiver. This method requires the clocks of both the
transmitter and the receiver to be highly synchronized, normally to within microsec-
onds, to achieve a good distance reading.
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• Two-way ToA, also known as round-trip time determination, relaxes the strict
synchronization requirement by having the signal travel from the transmitter to
the receiver and then back again. By measuring the total round-trip time and
accounting for processing delays, the distance can be calculated.

Mathematically, the distance between two nodes, i and j, for one-way ToA is given
by:

dij = τ · v (2.1)

Where τ = t2− t1, with t1 and t2 being the transmission and reception times, respectively,
and v is the signal propagation speed.

For two-way ToA, the distance is determined by:

dij =
τ1 − τ2

2
· v (2.2)

Where τ1 = t4 − t1 and τ2 = t3 − t2.

While ToA can be highly accurate under ideal conditions, its demand for precise
synchronization and specialized hardware can make it less suitable for large-scale, low-
cost deployments or for networks with mobile nodes.

Figure 2.2: (a) one-way ToA ranging technique, (b) two-way ToA ranging technique.
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2.4.1.2 Time Difference of Arrival

Time Difference of Arrival (TDoA) ranging method estimates distance between nodes by
comparing two different signals’ time of arrivals that propagate at different speeds, usually
a radio wave and an acoustic (ultrasonic) wave. Unlike ToA, it does not require tightly
synchronized clocks between the transmitter and the receiver, because the same receiver’s
local clock measures the arrival times of both signals. Typically, an anchor node transmits
the radio and acoustic signals simultaneously or nearly simultaneously (see figure 2.3).
The receiving node then measures the difference in arrival times of these two signals
[57] and estimates distance using this time difference and the fixed delay [44]caused by
hardware or processing, as follows:

dij = (Tacoustic − Tradio − tdelay) · v (2.3)

Or more generally:

dij = τ · v where τ = Tacoustic − Tradio − tdelay (2.4)

Where,

• Tacoustic is the time when the acoustic signal arrives,

• Tradio is the time when the radio signal arrives,

• tdelay is the known fixed delay between the transmission of the two signals due to
hardware or system processing (often zero or negligible if signals are sent simulta-
neously),

• v is the speed of sound in the medium.

TDoA positioning can provide better ranging accuracy for shorter distances but needs
extra hardware such as speakers and microphones. It is also sensitive to environmental
conditions, such as temperature and humidity, which affect the speed of sound [58].

2.4.1.3 Received Signal Strength Indicator

Received Signal Strength Indicator (RSSI) is a cost-effective [59] and commonly utilized
technique for calculating the distance between sensors in WSNs. It measures the power
level of the received radio signal, which decreases as the distance between the transmitter
and the receiver increases due to signal attenuation. In other words, when a sensor node
transmits a signal, the strength of that signal decreases as it travels through space because
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Figure 2.3: The Principe of TDoA ranging technique.

of path loss. Therefore, it’s possible to estimate how far two nodes are from each other
by measuring how weak a signal is when it reaches the receiver node. This distance
is typically modeled using a path loss model [60, 61]. One widely used model is the
log-distance path loss model, which can be expressed as:

PL(d) = PL(d0) + 10n log

(
d

d0

)
+Xσ (2.5)

Where,

• PL(d) is the path loss at distance d (in dB),

• PL(d0) is the path loss at a known reference distance d0,

• n is the path loss exponent that depends on the environment,

• Xσ is a random variable representing shadowing effects,

• d is the distance between the transmitter and the receiver.

Since RSSI is the received power level, it is directly related to this path loss as:

RSSI(d) = Pt − PL(d) (2.6)
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Where Pt is the known transmit power.
By rearranging this model and ignoring shadowing for simplicity, the distance d be-

tween two nodes can be estimated as:

d = d0 · 10
(

Pt−RSSI(d)−PL(d0)
10n

)
(2.7)

However, RSSI is very sensitive to environmental factors such as obstacles and inter-
ference, which can cause large variations in measurements for the same distance. Another
challenge is that the assumption of uniform signal power decay often does not hold true in
real-world scenarios. Consequently, accurately estimating the path loss parameters, such
as the path loss exponent, becomes difficult in environments where signal propagation is
non-uniform.

2.4.1.4 Angle of Arrival

Instead of measuring distance like previous approaches, Angle of Arrival (AoA), which is a
direction-based method, works by detecting the angle from which a signal reaches a sensor
with a known position. This technique requires anchors to have antenna arrays [62] that
are capable of detecting the direction from which the signal comes relative to a known
reference, like true north or a local axis [63]. By combining angle measurements from at
least two or three anchors, the unknown node’s position can be computed using geometric
principles, typically through triangulation.

Though the results of the AoA-based method can be extremely precise [64], the method
depends on specialized hardware like antenna arrays, which increases cost and design com-
plexity. It is also subject to reflections, signal scattering, or non-line-of-sight conditions,
which can distort the true arrival angle.

A comparative summary of these ranging techniques, including their principles, ad-
vantages, disadvantages, accuracy levels, and typical use cases, is provided in Table 2.3,
adapted from [55, 58, 62, 65–69]

2.4.2 Position Estimation

After obtaining the approximate distance from the previous phase, the position estimation
phase uses these estimates along with the known locations of anchors to calculate the
precise location of nodes with unknown positions.
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Table 2.3: Range-Based Localization Techniques [55, 58, 62, 65–69]

Localization
Technique

Principle Advantages Disadvantages Accuracy Typical Use
Cases

RSSI Distance estima-
tion based on sig-
nal power attenu-
ation

Low cost, low
energy, no extra
hardware

Environmentally
sensitive, low
accuracy, needs
calibration

Low to
medium

Large-scale, low-
cost WSNs

ToA Measures signal
travel time from
sender to receiver

High accuracy in
LOS

Requires precise
synchronization,
complex hard-
ware

High LOS environ-
ments, industrial
settings

TDoA Measures time
difference of
arrival of two
signals (ra-
dio/acoustic)

No transmitter
clock sync needed

Needs additional
hardware (speak-
ers/mics)

High Indoor, NLOS en-
vironments

AoA Measures signal
arrival angle

Directional info,
fewer anchors

More expensive
and complex due
to antenna arrays

High (sub-
meter
w/UWB)

Robotics, drones,
directional apps

2.4.2.1 Trilateration

Trilateration is an often-utilized method for locating an unknown node’s position in the
network. It utilizes distance readings from three anchors whose locations are known and
are not in a direct line. Each of the unknown nodes falls somewhere on the perimeter of a
circle whose radius equals the measured distance from the anchor to the unknown node.

By drawing three such circles—one for each anchor—the estimated location of the
unknown node is where all three circles intersect, as shown in Figure 2.4. This forms a
set of three equations that can be solved to find the unknown node’s coordinates:

(x− x1)
2 + (y − y1)

2 = d21

(x− x2)
2 + (y − y2)

2 = d22

(x− x3)
2 + (y − y3)

2 = d23

Where (xi, yi) represents the coordinates of the three anchors (i = 1, 2, 3), and d1, d2,
d3 are the distances from the unknown node (x, y) to each anchor.

2.4.2.2 Multilateration

Multilateration extends the concept of trilateration by utilizing more than three anchor
nodes to find the location of an unknown sensor. Rather than depending on just three
points, the distance measurements from several anchors are combined to enhance the ac-
curacy of the location estimate. This technique is particularly popular for stationary node
networks due to its simplicity of implementation and relative cost-effectiveness compared
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A1

A3

A2

Anchor node

Unknown node

UN

Figure 2.4: Trilateration example showing intersection of three distance circles [5]

to techniques such as triangulation, as depicted in Figure 2.5.

A1

A3

A2

Anchor node

Unknown node

UN

A4

A5

Figure 2.5: Multilateration [5]

2.4.2.3 Triangulation

Triangulation is a positioning technique employed to determine the location of a sensor
node using angle measurements rather than distances. Angle information from at least
three reference anchor nodes is often required to execute this technique. Using each an-
chor’s Angle of Arrival (AoA) information, the node’s location is calculated by applying
basic trigonometric principles, specifically the laws of sines and cosines [70, 71]. The an-
chors and the unknown node form a triangle, as depicted in Figure 2.6, and the geometric
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relationships within this triangle allow the position of the unknown node to be found.
These relationships are mathematically expressed as:

Figure 2.6: Triangulation[5]

Law of sines:
A

sinα
=

B

sin β
=

C

sin γ
(2.8)

Laws of cosines: 
A2 = B2 + C2 − 2BC cosα

B2 = A2 + C2 − 2AC cos β

C2 = A2 +B2 − 2AB cos γ

(2.9)

Although triangulation offers exceptional location accuracy in optimal conditions, the
method is susceptible to environmental factors, such as signal reflections and obstructions,
which can skew angle measurements.

2.4.2.4 Bounding Box

Bounding box is a simple, range-based position estimation method [72]. Instead of calcu-
lating one exact point right away, it narrows down where the unknown node could be by
overlapping possible areas [42]. For each anchor, an approximate distance to the unknown
node is estimated using a ranging technique such as RSSI or ToA. Around each anchor,
a square (bounding box) is drawn with the anchor (xi, yi) at its center and side lengths
equal to twice the estimated distance di. This means the unknown node (xUN , yUN) is
assumed to lie somewhere inside this square, as shown in Figure 2.7. Mathematically,
each bounding box is defined as:
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xUN ∈ [xi − di, xi + di], yUN ∈ [yi − di, yi + di]

By overlapping the bounding boxes from all anchors, the intersection area defines the
zone where the unknown node (xUN , yUN) is most likely located. This intersection region
is computed by finding: 

xmin = max(xi − di)

xmax = min(xi + di)

ymin = max(yi − di)

ymax = min(yi + di)

If xmin > xmax or ymin > ymax, then the bounding boxes do not overlap, indicating
inconsistent distance estimates. Otherwise, the center of gravity (centroid) of the inter-
section rectangle is taken as the estimated position of the unknown node (xUN , yUN), and
it is given by:

xUN =
xmin + xmax

2
, yUN =

ymin + ymax

2

Figure 2.7: The concept of the bounding box method

This method does not require any complex calculation, but its accuracy depends on
the precision of the initial phase of distance estimates.

2.4.2.5 GPS-less / Centroid Localization Algorithm (CLA)

This method [53] is considered one of the simplest range-free position estimation tech-
niques in WSNs. It does not require any specific measurements of distance or angles
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between nodes. Instead, it estimates the position of an unknown node (xUN , yUN) using
only the known coordinates of surrounding anchor nodes.

The basic idea is that an unknown node estimates its location as the geometric centroid
(average) of the coordinates of all anchors within its communication range. This means,
if an unknown node can receive signals from m anchors at coordinates (xi, yi) for i =

1, 2, . . . ,m, then the estimated position (xUN , yUN) is calculated as:

xUN =
1

m

m∑
i=1

xi, yUN =
1

m

m∑
i=1

yi

Figure 2.8 illustrates the concept of the centroid (CLA). Particular attention is given
to the region marked by the red triangle, where the magenta star indicates the estimated
position of the unknown node calculated using CLA of unknown sensor node (depicted as
blue circles) number “3”, which has three anchor nodes (red squares) numbered “8”, “10”,
“3” within its transmission range.

Figure 2.8: Example of the Centroid Localization Algorithm (CLA)

2.4.2.6 The APIT

The APIT (Approximate Point-In-Triangulation) [45] is a range-free position estimation
method that estimates the position of an unknown node without requiring any specific
measurements. Instead, it relies on connectivity information and the relative positions of
anchors.

The algorithm starts by selecting all possible triangles formed by any three anchor
nodes within the communication range of the unknown node. If there are N anchors, the
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number of possible triangles is given by
(
N
3

)
.

For each triangle, the node uses an approximate point-in-triangulation test (PIT) to
decide whether it is inside or outside the triangle. This is done by observing how the
received signal strength changes as the node moves slightly. If moving in any direction
causes all distances from the node to the triangle’s corners to increase or decrease together,
the node is considered outside the triangle. Conversely, if moving in any direction causes
the node to get closer to some anchors but farther from others, the node is considered
inside.

After testing all triangles, the algorithm keeps only those where the node is estimated
to be inside. The intersection (overlapping area) of these triangles defines the possible
region where the node may be located [73]. Finally, the node’s estimated position is
computed as the center of gravity (centroid) of the intersection area.

The main concept of the APIT method is presented in Figure 2.9.

Figure 2.9: Concept of the APIT localization method.

2.4.2.7 DV-HOP

The DV-Hop algorithm, first introduced by Niculescu and Nath in 2003 [54], remains
the most used range-free position estimation method for localizing nodes in WSNs. It
operates in three main phases:

Phase 1: Determining Minimum Hop Counts
Initially, the anchor nodes begin by broadcasting packets containing their IDs, coordinates,
and a hop count initialized to zero. As these packets spread through the network, each
node records the coordinates and hop count from the first packets it gets from each anchor.
However, if a node receives multiple packets from the same anchor through different paths,
it applies the following rules to guarantee that the shortest path information is preserved:
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• If the hop count in the received packet is less than the currently stored hop count,
the node updates its record, increments the hop count by one, and rebroadcasts the
packet to its neighbors.

• Otherwise, the packet is discarded.

This flooding process ensures that every node learns the minimum number of hops
required to reach each anchor.

For instance, as shown in Figure 2.10, consider anchor nodes AN1, AN2, AN3, and an
unknown node UN. The true distance between AN1 and AN2, AN2 and AN3, and AN1
and AN3 are 30 m, 65 m, and 90 m, respectively. The connections between nodes are
depicted using red dashed lines. After the first phase, the unknown node determines its
minimum hop counts to AN1, AN2, and AN3 as 3, 2, and 3, respectively.

Figure 2.10: The concept of the DV-Hop method

Phase 2: Average Hop Size Calculation and Distance Estimation
This phase involves two main tasks: calculating the average hop distance and using it to
estimate the physical distance between nodes.

First, each anchor ANi computes its mean hop distance, denoted by AHopSizei, by
dividing the sum of actual distances to other anchors by the total hop counts to those
anchors. Once calculated, this value is broadcast throughout the network. The formula
used to calculate AHopSizei for anchor ANi is:

AHopSizei =

M∑
i ̸=j

√
(xi − xj)2 + (yi − yj)2

M∑
i ̸=j

Hi,j

Here, M is the total number of anchors, (xi, yi) and (xj, yj) are the coordinates of
anchors i and j, respectively, and Hi,j is the hop count between them.
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For instance, referring to the example in Figure 2.10, the AHopSizei for anchors AN1,
AN2, and AN3 are calculated as:

HopSizeAN1 =
30 + 90

2 + 6
= 15m

HopSizeAN2 =
30 + 65

2 + 5
= 13.5m

HopSizeAN3 =
90 + 65

5 + 6
= 14m

Next, each unknown node uses the AHopSize from the first anchor it receives, which
is typically the closest anchor. This value is then multiplied by the hop count between
the unknown node U and each anchor ANi to estimate the physical distances:

dUi = AHopSizeU ×HU,i

Where AHopSizeU is the average hop size assigned to the unknown node U , and HU,i

is the minimum hop count from the node U to anchor i.
Applying this to the example in Figure 2.10, the minimum hop counts from the node

UN to anchor AN1 is 3, to AN2 is 2, and to AN3 is 3. Since AN2 offers the shortest hop
path, its hop size (13.5 m) is used. The estimated distances are therefore:

dUN,AN1 = 13.5× 3 = 40.5m

dUN,AN2 = 13.5× 2 = 27m

dUN,AN3 = 13.5× 3 = 40.5m

Phase 3: Estimating the Positions of Unknown Nodes The goal of this phase
is to calculate the coordinates of each unknown node by applying the multilateration
technique. Each unknown node determines its location by using the estimated distances
to several anchors, obtained from the previous phase.

Let (xU , yU) be the coordinates of the unknown node U , while (xi, yi) denote the
coordinates of the ith anchor, where i = 1, 2, 3, . . . ,M . The distance from node U to each
anchor can be expressed by the following set of equations:

(x1 − xU)
2 + (y1 − yU)

2 = d2U,1

(x2 − xU)
2 + (y2 − yU)

2 = d2U,2

...
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(xM − xU)
2 + (yM − yU)

2 = d2U,M

To convert this nonlinear system into a linear form suitable for computation, the final
equation is subtracted from each of the preceding equations. This yields a linear system
of equations:

x2
1 − x2

M − 2(x1 − xM)xU + y21 − y2M − 2(y1 − yM)yU = d2U,1 − d2U,M

x2
2 − x2

M − 2(x2 − xM)xU + y22 − y2M − 2(y2 − yM)yU = d2U,2 − d2U,M

...

x2
M−1 − x2

M − 2(xM−1 − xM)xU + y2M−1 − y2M − 2(yM−1 − yM)yU = d2U,M−1 − d2U,M

This system can be compactly represented in matrix form as:

AX = B

Where:

A =


2(x1 − xM) 2(y1 − yM)

2(x2 − xM) 2(y2 − yM)
...

...
2(xM−1 − xM) 2(yM−1 − yM)

 (2.10)

X =

[
xU

yU

]
(2.11)

B =


x2
1 − x2

M + y21 − y2M + d2U,M − d2U,1
x2
2 − x2

M + y22 − y2M + d2U,M − d2U,2
...

x2
M−1 − x2

M + y2M−1 − y2M + d2U,M − d2U,M−1

 (2.12)

Finally, the coordinates (xU , yU) are then found by solving this system using the least
squares method:

X = (ATA)−1ATB

Where the superscript T denotes the matrix transpose.
Figure 8 depicts the overall DV-Hop algorithm workflow, illustrating its three core

phases.
Although its simplicity, low computational demand, and lack of additional ranging

hardware make DV-Hop cost-effective and suitable for large-scale WSNs—where energy
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efficiency and deployment cost are crucial—its accuracy can suffer, especially in small or
irregularly deployed networks. For instance, two nodes might have identical hop counts
to all anchors, resulting in the same estimated position, even though they may actually
be far apart. Consequently, much research since DV-Hop was proposed has focused on
enhancing DV-Hop to achieve higher accuracy [74].

2.4.2.8 MDS-MAP

MDS-MAP is an extension of classical multidimensional scaling (MDS), a data analysis
technique that originated in the fields of psychology and psychometrics, where it was
initially developed to visualize the similarity or dissimilarity between objects. In the
context of WSN localization, MDS-MAP adapts MDS to estimate the position of sensors
based on pairwise distance information [75].

The process begins by assembling a distance matrix that contains estimated distances
between every pair of nodes. Since it is rarely feasible to obtain direct distance measure-
ments for all pairs, MDS-MAP estimates those distances using techniques such as RSSI or
indirectly through shortest path algorithms like Dijkstra’s. Classical MDS is then applied
to this matrix to generate a relative map of the network, maintaining the overall topology
but without the absolute position.

To convert this relative configuration into absolute coordinates, a sufficient number
of anchors is required. This alignment is achieved by applying linear transformations,
including translation, rotation, and scaling. In a two-dimensional scenario, at least three
anchors are required, while four or more are needed for a three-dimensional scenario.
MDS-MAP is robust to incomplete or noisy distance data and naturally supports three-
dimensional deployments. However, it may become computationally intensive for large
networks, and its localization accuracy depends strongly on the quality and precision of
the estimated distances.

2.4.2.9 Sum Dist Min Max

In the SumDistMinMax method, the localization process unfolds in two main phases:
Sum-Dist and Min-Max. First, each anchor broadcasts a message containing its unique
identifier, known coordinates, and a path length that has been set to zero.

When a sensor node, let’s call it X, receives this broadcast, it measures the range
to the sender using, for example, RSSI or another ranging method. It then adds this
measured range to the path length carried in the message, updates the total path length,
and forwards the message to its neighbors only if the new path length is shorter than
previously recorded ones. This process allows each node to gather an estimated shortest
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distance to each anchor. Among multiple path estimates, only the minimum sum of range
(SumDist) for each anchor is retained.

Next, each node applies the Min-Max method to approximate its own coordinates.
The Min-Max method works by defining a box or interval within which the node must
lie, based on the estimated distances to multiple anchors. For each anchor, the node
calculates a possible range that accounts for measurement uncertainties. The overlapping
regions from all anchors form a confined area that is likely to contain the node’s true
position. The estimated location is then determined by calculating the centroid of this
intersection region.

2.5 Performance Metrics of Localization Algorithms

Evaluating the performance of a localization technique requires more than just examining
its accuracy. Since sensor nodes face several limitations—such as hardware costs, limited
energy supply, and restricted capabilities—other performance metrics like complexity,
convergence rate, coverage, scalability, and robustness should also be taken into account
[70, 71, 76–81].

Localization Accuracy

In the design of localization algorithms, achieving high positional accuracy is a primary
objective. This performance is typically evaluated based on the average error between
the estimated coordinates of target nodes and their real ones. To enhance accuracy,
algorithms must minimize this error. However, striving for higher accuracy may impact
other system parameters, making it necessary to carefully balance accuracy with other
operational requirements.

Complexity

The complexity metric reflects the algorithm’s requirements in terms of processing time
and memory usage. A good localization algorithm should be quick to execute, easy
to implement, and should not rely on heavy computations or large memory. Reducing
complexity helps extend the lifetime of battery-powered nodes, which in turn enhances
the overall network performance. Algorithms like centroid and trilateration address this
complexity challenge, albeit at the cost of increased localization errors.
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Computation Time

Computation time refers to the total amount of time sensor nodes spend performing the
calculations needed to estimate the positions of unknown nodes. These steps include
calculating distances between nodes, solving equations to compute positions, performing
mathematical operations such as matrix decomposition (used in methods like MDS), and
updating estimations in iterative algorithms. It only accounts for the time used in cal-
culations and does not include communication delays. Since sensor nodes typically have
limited battery and processing power, minimizing computation time is crucial to saving
energy and making the localization system faster and more practical for real-time use.

Convergence Rate

This metric measures how quickly a positioning method reaches a stable and accurate
solution—that is, how fast the estimated positions converge to the true node locations.
It is typically quantified by the number of iterations required to meet a defined accuracy
threshold. In simple terms, it reflects the algorithm’s efficiency in reaching a solution,
rather than its actual runtime.

Latency

Latency refers to the total time from the start of the localization process until the target
nodes determine their final estimated positions. This includes time spent on computa-
tion, communication delays, and synchronization overhead needed for coordination among
nodes.

Localization Success Rate

LSR in WSN localization refers to the percentage of sensor nodes in the network whose
positions are successfully estimated. For a network of 100 nodes, 100% success means all
nodes are localized, while 70% indicates 70 nodes have known positions.

Scalability

Scalability describes a localization scheme’s ability to maintain its performance as the
network size increases. It refers to how well the algorithm handles a larger number of
nodes or a larger deployment area without a significant rise in localization error, compu-
tational cost, or communication overhead. A scalable algorithm can localize large-scale
deployments efficiently and reliably.
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Robustness

Robustness refers to the ability of a localization algorithm to accurately estimate node
positions even under difficult conditions. In WSNs, signals may be noisy or obstructed
(e.g., indoors), and some nodes may become inactive due to battery depletion. Under
such circumstances, a robust algorithm can still estimate node positions using limited or
uncertain data [82].

2.6 Challenges in Wireless Sensor Network Node Lo-

calization

Despite the significant progress in WSN localization techniques and performance evalua-
tion methods, achieving reliable and accurate node positioning remains challenging due
to the inherent limitations of WSNs. These limitations arise from hardware constraints,
environmental factors, and network characteristics, which directly affect localization per-
formance and system efficiency. The principal challenges are outlined below [83].

1. Resource Constraints: Sensor nodes operate with minimal processing power,
limited memory, restricted communication capabilities, and finite battery energy.
These limitations require localization methods to be computationally efficient and
energy-aware so that accurate positioning can be achieved without exhausting node
resources .

2. Signal Behavior in Real Environments: Wireless signals are heavily influenced
by environmental conditions such as path loss, multipath propagation, interference,
and physical obstacles. These factors cause variations in measurements—such as
received signal strength, travel time, or angle estimation—which reduces localiza-
tion accuracy. Addressing these signal-related uncertainties is essential for reliable
positioning.

3. Non-Line-of-Sight (NLOS) Conditions: In many deployments, nodes may not
have a direct line-of-sight, and signals often reach receivers through reflections.
NLOS effects distort measurements and can introduce substantial localization er-
rors. Developing techniques capable of recognizing and mitigating NLOS conditions
remains a major challenge.

4. Large-Scale Deployment: WSNs often contain a high number of nodes dis-
tributed over large areas. As network size grows, localization algorithms must scale
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effectively while keeping computation and communication overhead manageable.
Ensuring timely and efficient localization across large deployments is therefore crit-
ical.

5. Mobility and Dynamic Topology: In some applications, nodes may move or the
network structure may change over time. Frequent updates to node positions and
connectivity complicate the localization process. Algorithms must adapt quickly to
maintain accurate estimates in dynamic environments.

2.7 Conclusion

This chapter elucidates the issue of node localization in WSNs and delineates the methods
employed by these networks to determine the positions of unknown nodes. First, we pre-
sented the general system model used in localization tasks, highlighting the role of anchor
nodes with known positions. We also discussed why relying on GPS is often impractical
in WSNs due to high energy consumption, signal unavailability in certain environments,
and additional hardware costs. Various classification approaches were discussed based
on the location of computation, the use of additional hardware, network connectivity,
localization granularity, and dependence on reference nodes. Performance metrics were
introduced to evaluate localization techniques. Metrics such as accuracy, complexity,
computation time, and scalability help determine the strengths and limitations of each
approach. Subsequently, the localization process was divided into two main phases: dis-
tance estimation and position estimation, highlighting common methods such as ToA,
RSSI, trilateration, DV-Hop, and others. However, after reviewing these techniques, it is
clear that no single method performs optimally across all performance metrics. For ex-
ample, range-based techniques offer high precision but often require additional hardware,
higher energy consumption, and increased computational complexity. Consequently, re-
searchers have focused on improving these algorithms to enhance localization accuracy
while maintaining acceptable computation time and system complexity. One promising
research direction is the use of bio-inspired optimization algorithms, which are inspired
by natural collective behaviors observed in biological systems. In the next chapter, we
will explore these bio-inspired methods and examine how they can improve localization
performance.
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Chapter 3

Localization Optimization Using
Bio-Inspired Techniques

3.1 Introduction

A continuation of the theoretical background on traditional localization schemes in WSNs
presented in the previous chapter, and recognizing their inherent limitations, researchers
have turned to alternative strategies, namely optimization algorithms, and in particular
bio-inspired techniques, which constitute the main focus of this chapter. These algorithms
have proven as a promising category of optimization strategies to solve the localization
problem in WSN, due to their ability to search effectively through complex solution spaces
and offer near-optimal position estimates of unknown nodes at a lower computation cost.
Their flexibility and efficiency have led to an increasing research focused on investigating
and expanding their potential in this field.

The purpose of this chapter is to introduce the general notion of optimization, provide
an overview of Bio-Inspired Algorithms (BIAs), highlight their categories and general
working mechanisms, and explain how these approaches have been applied by researchers
to address or enhance the localization problem in WSNs, as well as to handle its associated
challenges.

3.2 General Optimization Formulation

Optimization refers to the process of finding the best possible values for a set of deci-
sion variables so that a given objective function is minimized or maximized. Consider a
function

f : RD → R,
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which is to be minimized, where D represents the number of variables in the problem.
The goal is to identify a vector x0 ∈ RD such that

f(x0) ≤ f(x) ∀x ∈ RD,

while also satisfying the problem’s constraints.
These constraints may include:
Inequality constraints:

gp(x0) ≤ 0, p = 1, 2, . . . , P,

Equality constraints:

hq(x0) = 0, q = 1, 2, . . . , Q,

where P and Q are the numbers of inequality and equality constraints, respectively.
Additionally, each variable is restricted to lie within its allowable bounds:

xl
i ≤ xi ≤ xu

i , i = 1, 2, . . . , D,

where [xl
i, x

u
i ] defines the permissible interval for the i-th variable.

Many real-world problems, such as timetabling, path planning, packing, the traveling
salesman, trajectory optimization, and engineering design, can be formulated as opti-
mization problems. The complexity of these problems depends on factors like the number
of variables, the size of the solution space, and the specific constraints. Solving high-
complexity problems often requires more time and computational resources. Methods
for solving optimization problems are generally classified as deterministic or stochastic .
Metaheuristics are a group of stochastic optimization methods designed to tackle complex
and nonlinear problems by searching for high-quality solutions without guaranteeing the
global optimum [84]. They are widely used because they are flexible, easy to implement,
and can quickly produce good results across a broad range of applications.

These methods are organised into several families based on their underlying principles
or search mechanisms. Among these categories, bio-inspired algorithms (BIAs) form a
major group, drawing inspiration from natural processes and biological behaviours. This
class of metaheuristics is the focus of the current study.
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3.3 Bio-Inspired Meta-heuristic Techniques (BIAs)

BIAs have gained prominence as effective tools for solving complex optimization problems.
They are a subclass of metaheuristics that emulate strategies observed in nature, such
as evolutionary adaptation, swarm behavior, foraging strategies, and immune system
responses. BIAs are inherently stochastic, population-based, and adaptive, allowing them
to explore large and complex search spaces efficiently.

BIAs are commonly grouped into several major families. One widely referenced classi-
fication, presented by Somvanshi et al. [85], organises these techniques into eight overar-
ching categories. These include evolutionary-based algorithms, swarm intelligence-based
algorithms, plant or ecosystem-inspired algorithms, predator–prey and foraging models,
neural-inspired methods, physics-based approaches, human-inspired techniques, and hy-
brid models, as illustrated in Figure 3.1.

Figure 3.1: Classification of BIAs (adapted from Somvanshi et al. [85])

3.3.1 General Metalogy of BIAs

Although different BIAs may model nature’s behaviors differently, they usually follow
a similar step-by-step process [86]. Randomness plays a key role in these algorithms,
especially when starting the search with an initial group of candidate [87] solutions. the
general BIAs’s process is shown in Figure 3.2
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• Phase 1: Initialization of Candidate Solutions
At the very beginning, the algorithm creates a group (called a population) of possible
solutions. These solutions might be generated by randomly selecting values within
set boundaries or using specific mathematical rules to make sure the solutions are
valid. This initial group helps the algorithm explore many different parts of the
problem’s solution space, making it less likely to miss good solutions. Once the
population is ready, each solution is evaluated based on a fitness or objective function
that measures how good it is. The solutions are then ranked from best to worst. The
algorithm also sets criteria for when to stop searching, such as reaching a maximum
number of iterations or achieving a desired level of accuracy.

• Phase 2: Solution Generation and Improvement
Next, the algorithm produces new candidate solutions based on the existing ones.
This is done by combining information from previous solutions, adding random
variations, and applying algorithm-specific rules and parameters. This phase focuses
more on exploitation, which means improving solutions in promising regions while
still allowing some exploration with randomness. After generating new solutions, the
algorithm evaluates and ranks them again to see if it has found better candidates.

• Phase 3: Best Solution Selection and Stopping Criteria
Finally, the algorithm compares the current best solutions with those newly gener-
ated and selects the top-performing ones to form the population for the next round.
Then, it checks if the stopping criteria, like maximum iterations or sufficient solu-
tion quality, are met. If not, the process repeats by going back to generate new
candidates. If yes, the algorithm ends, returning the best solution it found.

3.4 A review of BIA based Localization Optimization

In this part, we review five widely used BIAs, highlighting recent relevant studies and
examining how researchers have applied these techniques—either in their original form or
through enhanced variants—to address the sensor node localization problem.

3.4.1 Particle Swarm Optimization

The algorithm was proposed by Kennedy and Elbehart [88].This algorithm is derived from
the collective behavior exhibited by birds when they flock together in nature. Since its
introduction, PSO has been improved and adapted for various environments and applied
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Figure 3.2: The BIAs general process

to solve optimization problems in many fields. To identify the best solution to a problem,
in the PSO algorithm, a group of particles travels through a search space. With a unique
position and velocity, every particle represents a possible solution to the problem. A parti-
cle’s velocity describes how it moves around the search space, whereas its position relates
to a possible solution. Then Particles update their velocities and positions iteratively,
influenced by their previous velocities, personal best positions (the stored best position
they have personally found), and global best positions (the best position found by the
entire swarm). This iterative process allowing particles to explore the search space and
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move toward the best solutions (positions). The position and velocity of each particle are
updating using:

vt+1
i = w · vti + c1 · r1 · (pbesti − xt

i) + c2 · r2 · (gbest− xt
i) (3.1)

xt+1
i = xt

i + vt+1
i (3.2)

where:

• vti and xt
i represent the velocity and position of the i-th particle at iteration t.

• pbesti is the local best position found by the i-th particle.

• gbest is the global best position found by the entire swarm.

• w, c1, and c2 denote the inertia weight, cognitive coefficient, and social coefficient,
respectively.

• r1 and r2 are random values in the range [0, 1] that introduce stochastic behavior
to diversify the search process.

This algorithm is simple to implement, computationally efficient, and capable of pro-
ducing high-quality solutions with relatively fast convergence [89], making it very suited
for optimizing node locations in WSNs.

The main steps of this algorithm are summarized in Algorithm 1, which presents its
pseudocode for clarity and better understanding.
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Algorithm 1 The pseudocode of PSO
1: Initialize particles with random positions and velocities
2: Evaluate fitness of each particle
3: Initialize personal best (pbest) and global best (gbest)
4: while (termination condition not met) do
5: for each particle i do
6: Update velocity:

vt+1
i = w · vti + c1 · r1 · (pbesti − xt

i) + c2 · r2 · (gbest− xt
i)

7: Update position:
xt+1
i = xt

i + vt+1
i

8: Update personal best (pbesti) if current fitness is better
9: end for

10: Update global best (pbesti) from all particles
11: end while
12: return Global best position found

3.4.1.1 Bio-Inspired Node Localization in Wireless Sensor Networks

In their study [90], the authors presented a decentralized iterative localization algorithm
by utilizing bioinspired algorithms to addresses the challenge of determining the positions
of randomly deployed sensor nodes in a WSN. Specifically, they investigate PSO and
bacterial foraging algorithms (BFA) to address the localization issue in WSNs. Their
study includes the examination of two cases. In the first one, every localizable node
utilizes PSO to determine its own localization. In the second, every localizable node uses
BFA to determine its own localization. Both PSO and BFA aim to identify the optimal
values for the coordinates x and y that minimize the objective function. Moreover, in
each iteration, the settled nodes act as references and send their location coordinates,
similar to how beacons (anchors) do. The finding indicates that the suggested algorithms
have a tradeoff problem. While the PSO method achieves approximately 3-4x faster
determination of node coordinates, the BFA approach accomplishes this task with greater
accuracy with fewer non-localized nodes and lower errors.

3.4.1.2 Particle Swarm Based Node Localization in Wireless Sensor Networks

Authors in [91] suggest PSO-IDV, an enhanced DV-Hop technique that utilizes PSO, to
reduce localization error and improve precision in locating unknown nodes in a WSN.
This is achieved by modifying the average hop size of the anchor node in the PSO-IDV
algorithm by appending a correction factor to the previous hop size value of a specific
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anchor node. The PSO is then used to further improve accuracy. The correction factor is
determined as the difference between the estimated distance calculated by the original DV-
Hop algorithm and the actual distance between two anchor nodes. Based on simulation
results, the PSO-IDV algorithm outperformed DV-Hop and DV-Hop based on Genetic
Algorithm (GADV-Hop) methods as well as DV-Hop utilizing PSO algorithms in terms
of convergence rates and accuracy in locating unknown nodes in WSNs.

3.4.1.3 A swarm intelligence based distributed localization technique for wire-
less sensor network

This work [9] by Ramesh et al. introduces a distributed method for localization in WSNs
that emphasizes energy efficiency. The first thing that the author did was a practical study
of the energy requirements for computation and transmission carried out in a typical sen-
sor node, where they found out that transmission is significantly more power-intensive
than computation. This finding motivated the authors to propose an energy-efficient
localization scheme that reduces communications overhead and makes more use of local
computation. The localization task was regarded as optimization problem and solved with
two swarm intelligence methods: PSO and Comprehensive Learning PSO. Findings from
simulations reveal that although PSO reaches a solution more quickly, CLPSO delivers
greater positional accuracy since precision is more critical than speed in one-time local-
ization processes, the study identifies CLPSO as the more suitable algorithm, particularly
in large-scale or challenging environments.

3.4.1.4 Distributed Localization for Wireless Sensor Networks Using Binary
Particle Swarm Optimization (BPSO)

Here [92], Zain et al. Present a distributed localization method for WSNs using BPSO and
its modified version. The paper thoroughly compare PSO algorithm with the proposed
ones algorithms through simulations conducted in Matlab, evaluating key metrics such as
localization errors and computation time. The results demonstrate that BPSO reduces
computation time by nearly 59% compared to PSO with only an 11% increase in error,
while the modified BPSO achieves a further 39% reduction in time over basic BPSO while
maintaining equivalent accuracy.
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3.4.1.5 A hybrid localization model using node segmentation and improved
particle swarm optimization with obstacle-awareness for wireless sen-
sor networks

This study [93] focuses on solving the profound issue of proper localization of sensor nodes
(SNs) in WSNs placed in obstructed environments, which causes significant deformation
of signal reading as well as the inaccuracy of localization. To overcome these difficul-
ties, the authors propose an innovative hybrid approach named Node Segmentation with
Improved PSO, called NS-IPSO. The main idea of this approach is to segment the de-
ployment area into smaller regions based on how often they appear in the shortest path
between anchor nodes. This segmentation enables nodes within the same group to com-
municate more directly, thereby reducing detours caused by obstacles and improving the
distance calculation accuracy. Then, the authors limit the localization search area using
the bounding box method. They also design a new fitness function that incorporates the
inverse of hop counts between anchor and unknown nodes. This weighting ensures that
anchors closer in terms of hops have a stronger influence on localization, which means it
yields more accurate distance estimates. Furthermore, PSO is improved by monitoring
particles whose positions remain unchanged over iterations and randomly repositioning
them within the defined search space (bounding box). This strategy reduces the likelihood
of particles being trapped in local optima, thus accelerating convergence and improving
solution quality. Numerical results across different sensor deployments (C-, H-, and S-
shaped node distributions) and varying anchor and unknown node counts, consistently
demonstrate that NS-IPSO outperforms existing algorithms, including HDPSO, Hybrid
PSO, ADNL, WSLA, and min-max PSO, in terms of mean location error, with improve-
ment reaching 91.12%.

3.4.1.6 DV-Hop localization methods for displaced sensor nodes in wireless
sensor network using PSO

The paper [94] proposes a new model for localizing the displaced nodes in WSNs based
on improved DV-Hop mechanism coupled with PSO. In their model, the authors suppose
a random of anchor and unknown nodes on a network of 100 x 100 m2, with a dislocated
subarea of 50 x 50 m2. The nodes, anchor or unknown, within this subarea need to be
re-localized when events cause their original locations to be change. To overcome it, the
framework uses selected anchors, which are nodes posed not change and credibly act as
a reference point after the displacement. The proposed model is organized into several
methods. The first restricts localization to displaced unknown nodes by using only anchor
nodes inside the displaced region. The second expands this by using all anchors in the
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entire network for displaced node localization. In later methods, the unknown nodes that
are successfully localized in the first round are promoted to act as reference points for
subsequent localization. To estimate the positions, DV-HOP first computes distances
using the corrected hop sizes, which are calculated by incorporating the error between
estimated and true anchor distances. PSO then is applied to find and optimize node
positions. After simulations, the results show that the promotion-based strategy records
nearly 81% less elapsed time and 67% lower energy consumption compared with the
traditional approaches, while keeping the localization error at a comparable level.

3.4.1.7 A sensor deployment approach for target coverage problem in wireless
sensor networks

The paper [95] addresses the sensor deployment problem in WSNs, which is a critical
pre-deployment challenge closely related to but distinct from the post-deployment lo-
calization problem. While localization seeks to discover unknown node positions after
random deployment, the deployment problem aims to determine optimal sensor node lo-
cations beforehand to ensure target coverage while maximizing network lifetime. The
authors focus on solving this problem under three coverage constraints: simple (each
target covered by at least one sensor), K-coverage (each target covered by at least K

sensors), and Q-coverage (each target Tj covered by at least qj sensors) by using two im-
proved versions of PSO: cooperative PSO (CPSO) and cooperative PSO enhanced with
fuzzy logic (CPSO_fuzzy). CPSO decomposes the n-dimensional optimization problem
into n one-dimensional problems, each optimized by a separate swarm, improving scala-
bility and solution quality. CPSO_fuzzy further refines CPSO by dynamically adjusting
acceleration coefficients in the velocity update equation using a fuzzy logic controller.
This dynamic adaptation balances global and local search capabilities during iterations,
thus avoiding premature convergence and leading to better quality solutions. The simu-
lations, performed on an area of 500 × 500m2 with 25 targets and a varying number of
sensor nodes (100–250), showed superiority of CPSO and CPSO_fuzzy over the existing
methods in terms of network lifetime across all versions of the coverage problem, with
CPSO_fuzzy consistently achieving the longest network lifetime.

3.4.2 Grey Wolf Optimizer (GWO)

The Grey Wolf Optimizer (GWO), introduced by Mirjalili and colleagues in 2014 [96],
takes inspiration from the social structure and hunting techniques of grey wolves (Canis
lupus). This algorithm, influenced by nature, replicates the leadership structure of wolf
packs (alpha, beta, and delta wolves) and their cooperative hunting tactics, including
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tracking, encircling, and attacking prey. By leveraging these principles, the GWO algo-
rithm can navigate candidate solutions in both the exploration and exploitation phases
of the search space.

The algorithm starts by generating a population of N grey wolves, where each wolf
corresponds to a candidate vector X⃗i in the n-dimensional search domain. According to
the fitness function, the best solution is identified as the alpha (X⃗α), the next as the beta
(X⃗β), and the third as the delta (X⃗δ). These three dominant wolves guide the rest of the
pack (omega) toward better positions. The distance between an individual and a leader
wolf is expressed as:

D⃗j =
∣∣∣C⃗j · X⃗j(t)− X⃗i

∣∣∣ (3.3)

where X⃗j(t) is the position of one of the j-th leading wolves (α, β, δ), X⃗i is the current
wolf’s position, and C⃗j = 2 · r⃗2 is a coefficient vector generated from a random vector
r⃗2 ∈ [0, 1].

Each wolf then adjusts its position based on the guidance of the three leaders in the
following way:

X⃗1 = X⃗α − A⃗1 · D⃗α (3.4)

X⃗2 = X⃗β − A⃗2 · D⃗β (3.5)

X⃗3 = X⃗δ − A⃗3 · D⃗δ (3.6)

X⃗i(t+ 1) =
X⃗1 + X⃗2 + X⃗3

3
(3.7)

where A⃗j = 2 ·α · r⃗1−α, and α decreases linearly from 2 to 0 over the iterations. This
parameter controls the coefficient A⃗j, which affects how wolves move toward or away from
the prey (candidate solution). Meanwhile, r⃗2 ∈ [0, 1] is a randomly generated vector.

This updating mechanism encourages the wolves to gather around the most promis-
ing candidate solutions while still maintaining diversity in their search through random
coefficients. The key steps of this algorithm are outlined in Algorithm 2, which provides
its pseudocode for clarity.
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Algorithm 2 The pseudocode of (GWO)
1: Initialize the grey wolf population Xi randomly
2: Initialize a, A and C
3: Determine the fitness of each wolf Xi

4: Xα = the best solution
5: Xβ = the second best solution
6: Xδ = the third best solution
7: while i ≤ MaxIter do
8: for each wolf Xi do
9: Update the position of the current wolf using equation 3.7

10: end for
11: Update a, A and C
12: Determine the fitness of each wolf Xi

13: Update Xα, Xβ and Xδ

14: i = i+ 1
15: end while
16: return Xα

3.4.2.1 A Novel Localization Algorithm Based on Grey Wolf Optimization
for WSNs

GWO-LA is the algorithm proposed in [97] that applies the bio-inspired GWO technique
directly to the problem of localization in WSNs. The authors detailed the mechanism
of GWO and explained how it is adapted for node localization. Simulation experiments
were used to evaluate and compare the suggested algorithms with the classical PSO-LA in
simulated network environments with varying parameters, such as ranging errors, anchor
node ratios, and communication radii. The results indicate that GWO-LA outperformed
PSO-LA in all performance metrics. In fact, the proposed GWO-LA improved the average
localization error by about 11% across different error scenarios. Plus, it needed fewer
anchor nodes and smaller communication radii to match the accuracy of PSO-LA. Overall,
this study highlights how effective and practical the GWO approach is for localization in
WSNs, presenting a promising alternative to conventional intelligent computing methods.

3.4.2.2 Localization for Wireless Sensor Networks Assisted by Two Mobile
Anchors with Improved Grey Wolf Optimizer

Cui et al. [98] introduced a clever localization algorithm for WSNs that effectively balances
accuracy with energy consumption by utilizing two mobile anchors that navigate along
a specially designed path known as Double Anchor SCAN (DASCAN) and an improved
GWO . The DASCAN splits the region-of-interest (ROI) into grids, allowing the two
mobile anchors to move simultaneously in a zigzag pattern along adjacent rows, creating
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virtual anchors arranged in equilateral triangles, which significantly improve distance es-
timation. They further proposed the Multiple-Disturbance Strategy GWO (MSD-GWO),
which enhances the classical GWO through nonlinear weight adjustments, random pertur-
bations, and mirror wolves to effectively steer the optimization away from local optima.
The energy consumption and localization rate of DASCAN were measured against other
well-known path panning algorithms (GTURNS, GSCAN, PP-MMAN, H-CURVES, M-
CURVES, SCAN) through extensive MATLAB simulations. For localization errors, MDS-
GWO was compared with PSO, trilateration, Whale Optimization Algorithms (WOA),
and the standard GWO. The results show that DASCAN consumes less energy (approxi-
mately 30.1%) than similar multi-anchor paths (GSCAN, GTURN, and PP-MMA), but
with about same accuracy. Despite the slightly higher energy consumption than that of
single-anchor paths (M-CURVES, H-CURVES, SCAN), DASCAN still leads to a 32.3%
reduction in localization error. Meanwhile, MDS-GWO is the top performer among com-
pared localization algorithms, with an average reduction of 25.5% in localization error.
In addition, the proposed method is robust to changes in radio irregularity, radio range,
and fading effects.

3.4.2.3 Repulsion-based grey wolf optimizer with improved exploration and
exploitation capabilities to localize sensor nodes in 3D wireless sensor
network

The article [99] proposes a practical and novel method for addressing the difficult task of
defining sensor locations in 3-dimensional spaces. The main contribution of the authors
is the creation of the Repulsion-based GWO (R-GWO), an enhanced GWO that signifi-
cantly outperforms the standard algorithm by incorporating the worst-performing solution
(omega wolf). This addition creates repulsion forces that guide the search away from non-
promising areas, allowing global or near-global solutions to be found more effectively. The
system uses just one physical anchor node equipped with GPS and then created six vir-
tual anchors that are projected in different orientations around it in an umbrella-shaped
projection (also referred to as a parasol projection). This setup is intended to alleviate
line-of-sight (LoS) issues and to satisfy the minimum anchor requirement for 3D local-
ization. These anchors then transmit signals to the target nodes, which are randomly
deployed within a three-layer cubic architecture, in order to estimate distances base on
received signal strength indicator (RSSI) values, while also considering signal irregularities
and fading. The results clearly show that R-GWO does better than several well-known
meta-heuristics, such as PSO, BBO, FA, FPA, adaptive FPA, and standard GWO, since
it reaches the lower average localization error and converges more quickly.
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3.4.2.4 Improved Grey Wolf Optimization Based Node Localization Approach
in Underwater Wireless Sensor Networks

This paper [100] presents the Improved Grey Wolf Optimization-Based Node Localiza-
tion (IGWONL-UWSN) technique, which is an innovative hybrid metaheuristic aimed
at solving the challenges of node localization in Underwater WSNs. The authors have
made a significant contribution by combining the Grey Wolf Optimizer with a Dimension
Learning-based Hunting (DLH) search strategy, which is specifically designed to improve
convergence and reduce localization errors. The simulation results highlight its effective-
ness, showing notable enhancements in both the number of localized nodes and accuracy
compared to existing algorithms. While the study presents some interesting findings, it
does come with some important limitations. The main "improvement" to the GWO al-
gorithm is somewhat of a mystery, as the way the DLH strategy is integrated isn’t clearly
explained or detailed. This raises questions about how reproducible the work is and its
overall scientific credibility. Additionally, the evaluation uses a basic static 2D model and
depends on RSSI-based ranging, which misses out on crucial real-world factors like 3D
dynamics, node movement, and the often unreliable nature of acoustic signal strength
in underwater environments. So, even though the results look promising, the practical
significance and validity of the proposed method are limited by these major oversights
and simplifications.

3.4.2.5 Wireless Sensor Network Localization Incorporating Gray Wolf Op-
timization and DV-Hop Algorithm

In this paper [101], the authors present a high-precision hybrid localization model for
WSNs, combining an improved version of the DV-Hop algorithm with an enhanced Grey
Wolf Optimization (GWO) method. The two main innovations introduced by the authors
systematically address the primary shortcomings of the traditional DV-Hop approach.
First, they optimize the distance estimation process by adopting hopping distance error
correction with the help of RSSI, applying dynamic communication radius adaptation
for fine-grained hop counting, and using centroid weighting calculations. The second
enhancement focuses on the coordinate calculation phase. Instead of sticking with the
traditional least-squares method, which can lead to errors in large-scale networks, the
authors opt for an improved version of the Grey Wolf Optimizer (GWO). To minimize the
chances of premature convergence, they incorporate elements from PSO, such as inertia
weights and a personal-best (pBest) memory component. Additionally, chaotic mapping
is used during the initialization phase to expand the search space and improve solution
diversity. According to the findings, the proposed model achieves an average localization
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error of less than 0.18 meters while maintaining reasonable computational costs.

3.4.2.6 GWO Model for Optimal Localization of IoT-Enabled Sensor Nodes
in Smart Parking Systems

The work [102] introduces an innovative multi-objective optimization model that employs
Grey Wolf Optimization (GWO) to determine the optimal placement of IoT-enabled wire-
less sensor nodes in smart parking systems. A key factor in these systems is the accu-
rate positioning of sensor nodes, particularly anchor nodes, as this directly influences
vehicle detection and ensures efficient communication within the network. Conventional
single-objective localization methods primarily focus on distance constraints while often
neglecting geometric topology constraints, which can lead to reduced localization accu-
racy. The proposed approach addresses the node localization problem as a multi-objective
optimization task by simultaneously considering both distance and geometric topology
constraints to minimize localization error. The Multi-Objective Grey Wolf Optimization
Localization Algorithm (MOGWOLA) integrates the hierarchical hunting strategies of
grey wolves with Pareto optimality principles to effectively reduce localization error and
minimize the number of anchor nodes required, thus lowering deployment costs. Exten-
sive simulations demonstrate that MOGWOLA outperforms existing techniques—such as
Generalized Regression Neural Network (GRNN), Particle Swarm Optimization-based Lo-
calization (PSONL), and Decision Theory-Based Localization Algorithm (DTBLA)—by
achieving up to a 26% reduction in localization error while exhibiting faster convergence
rates. Furthermore, the algorithm can localize a higher number of sensor nodes and adapts
effectively to varying transmission ranges and node densities, making it well-suited for
large-scale smart parking deployments.

3.4.3 Salp Swarm Optimization (SSA)

Salp Swarm Algorithm is a bio-inspired method that was inspired by the salps’ movements
and feeding behavior, which are transparent marine animals belonging to the Salpidae
family. These animals look like jellyfish in both shape and locomotion, and navigate
through the water by contracting their cylindrical bodies to push water behind them.
Even though there is little scientific knowledge on salps, largely due to their deep-sea
habitats that make them hard to study in labs, their amazing collective behavior prompted
the development of SSA.

Salps establish themselves in their natural habitat in organized groups called salp
chains which help them to move more easily and make better use of their energy in
foraging. The SSA captures this mechanism by categorizing individuals into types: Leader
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(head) and followers. The leader, positioned at the front of the chain, directs the motion
toward the food source, while the remaining salps follow sequentially. In the optimization
framework, each salp’s location is expressed in an n-dimensional search space according to
the problem variables. The leader then adjusts its coordinates relative to the food source
using the following expression:

x1
j =

Fj + c1 · [(ubj − lbj) · c2 + lbj] , if c3 ≥ 0

Fj − c1 · [(ubj − lbj) · c2 + lbj] , if c3 < 0
(3.8)

where x1
j represents the leader’s coordinate in the j-th dimension, and Fj denotes the

position of the food source in the same dimension. The symbols ubj and lbj correspond
to the upper and lower bounds of the search space, respectively. The terms c1, c2, and
c3 are random control parameters that determine the step size and movement direction.
Among these, c1 is particularly crucial because it balances exploration and exploitation.
Its value is adjusted dynamically throughout the iterations using:

c1 = 2 · e−(
4l
L )

2

(3.9)

where l is the current iteration index and L is the maximum number of iterations.
For the followers, the position is updated based on a simplified version of Newton’s

law of motion. Assuming the initial velocity is zero and the time between iterations is
one unit, the update equation is:

xi
j =

1

2

(
xi
j + xi−1

j

)
, i ≥ 2 (3.10)

Algorithm 3 provides the pseudocode representation of SSA.

64



CHAPTER 3. LOCALIZATION OPTIMIZATION USING BIO-INSPIRED TECHNIQUES

Algorithm 3 The pseudocode of SSA
1: Initialize the salp population randomly
2: Evaluate the fitness of each salp
3: while (termination condition not met) do
4: Identify the leader (best solution so far)
5: Update leader F (best position so far)
6: Update c1
7: for each salp i do
8: if i = 1 then
9: Update leader using equation 3.8

10: else
11: Update follower i using equation 3.10
12: end if
13: end for
14: Evaluate and update the food source (best position found so far)
15: Update convergence curve
16: end while
17: return Best position found

3.4.3.1 SALP Swarm algorithm for node localization in wireless sensor net-
works

In [8], SSA was applied to solve the problem of precise node localization in WSNs. The
authors compared the SSA-based approach with some of the most popular swarm intelli-
gence methods, namely PSO, FA, Butterfly Optimization Algorithm (BOA), and GWO.
The findings showed that SSA significantly boosted the accuracy of node positioning,
reduced the computation time, and increased the number of nodes that were successfully
localized compared to other algorithms. Moreover, the research emphasized how crucial
precise localization is for improving the overall efficiency of WSNs, positioning SSA as a
more effective method for achieving this goal.

3.4.3.2 Localization by Salp Swarm Optimization with Doppler Effect in
Wireless Sensor Networks

In this paper [103], the authors presents a novel node localization approach for WSNs
(WSNs) by integrating the Salp Swarm Optimization Algorithm with the Doppler Effect.
This method, called LOSSADE (Localization by Salp Swarm Optimization Algorithm
with Doppler Effect), takes advantage of the natural swarming behavior of salps along with
the principles of the Doppler effect to continuously improve the accuracy of localization.
In their hybrid method, they imagine the lead salp and the target location (the prey) are
like a moving observer and a sound source. As the lead salp moves, the "frequency"
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of the signals between it and the prey changes. This change in frequency gives the
algorithm intelligent information about the salp’s speed and direction relative to the
target. They use this Doppler frequency to create a new, smarter formula for updating
the salp’s position. Instead of just moving randomly, the salp’s movement is now scaled
by this frequency, which helps guide it more directly. The localization model starts with
computing unknown node positions via trilateration, then enhanced it by the optimization
process that minimizes localization error. The simulation results indicate that LOSSADE
outperforms other algorithms like SSA, GWO, BSA, EHO, and DV-Hop by achieving
lower localization errors, quicker convergence, and a higher localization rate.

3.4.3.3 A novel approach of localization with single mobile anchor using
quantum-based Salp swarm algorithm in wireless sensor networks

This study [104]introduces a novel range-based localization strategy for WSNs in smart
city mobility scenarios. The core of the proposed method leverages a single mobile anchor
node that traverses the network area following a deterministic Hilbert space-filling curve.
This specific trajectory is chosen for its properties of providing comprehensive coverage
without path repetition, thereby mitigating beacon signal collisions and reducing the im-
pact of Line-of-Sight propagation issues.The localization process is initiated when a target
node enters the communication radius of the mobile anchor. The distance between them
is first estimated using the Received Signal Strength indicator. To enhance localization
accuracy and overcome the limitation of having only a single physical anchor, the method
projects six virtual anchor nodes in a ring formation around the anchor node, each sepa-
rated by a 60-degree angle from the anchor. This configuration allows for the formation of
an equilateral triangle between the mobile anchor and a pair of virtual anchors, enabling
the application of the trilateration method to compute an initial centroid estimate of the
target’s position. Subsequently, the estimated position is refined using a metaheuristic
optimization algorithm to minimize localization error. The proposed method employs the
Quantum-based Salp Swarm Algorithm. QBSSA is utilized to optimize the estimated
coordinates by stochastically dispersing a population of salp particles around the calcu-
lated centroid and iteratively converging towards the most probable location of the target
node. The performance of this integrated system was evaluated through simulation and
benchmarked against established techniques like PSO and H-best Particle Swarm Opti-
mization. The results demonstrate that the proposed QBSSA-based outperformed both
PSO and HPSO by achieving higher accuracy, faster computation, and better localization
coverage. It achieved a localization error of 29%, significantly outperforming PSO (45%)
and HPSO (38%)., localized about twice as many nodes, and lowered computation time
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to 0.0294 seconds, proving it to be the most efficient and reliable approach among the
compared algorithms.

3.4.3.4 Large scale WSNs node localization based on salp swarm algorithm
using density peak clustering strategy

The article [105] titled “Large-scale WSNs Node Localization Based on Salp Swarm Algo-
rithm Using Density Peak Clustering Strategy” presents a comprehensive framework that
tackles one of the central issues in large-scale WSNs (WSNs): achieving accurate node lo-
calization while maintaining low energy consumption and communication overhead. The
study integrates two complementary mechanisms—an improved Density Peak Clustering
(IDPC) approach and an enhanced Salp Swarm Algorithm (ISSA)—to improve scalability,
convergence, and localization precision. The authors propose a block-based non-ranging
localization model that adaptively partitions the network into subregions of equal radius.
This adaptive division minimizes total communication hops by balancing intra-region
and inter-region data exchange. Through a detailed mathematical formulation, the pa-
per derives an optimization function that determines the ideal number of subregions and
the maximum communication hops per region, ensuring efficient energy distribution and
reduced network congestion. Within each subregion, localization is modeled as an opti-
mization problem, where the weighted distance error between location-aware and location-
unaware nodes serves as the objective function. The improved salp swarm algorithm is
then applied to solve this objective. However, the authors recognize the weaknesses of
standard SSA, notably its tendency toward premature convergence when facing complex,
multi-modal problems. To address this, the ISSA integrates clustering behavior inspired
by density peak analysis. The IDPC component adaptively determines hyperparameters
through an anomaly-based cutoff distance index and a two-stage approximation process,
which enhances clustering stability and accelerates computation. This mechanism dy-
namically identifies leader and follower agents within the salp population, allowing the
algorithm to better balance exploration and exploitation during the search process. The
proposed ISSA-based localization method showed clear improvements over existing algo-
rithms. It achieved faster convergence and significantly lower localization errors—reducing
them by about 65.83% and 23.93% compared to benchmark methods—while maintain-
ing stable accuracy even as network size, noise, and communication parameters varied.
Though slightly more computationally demanding, it delivered consistently higher preci-
sion across all large-scale WSN scenarios.
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3.4.3.5 DV-Hop Algorithm Based on Multi-Objective Salp Swarm Algorithm
Optimization

Over the past few years, localization has remained one of the most persistent challenges
in WSNs. This paper [106] tackles that issue by presenting an improved approach known
as the Improved Multi-Objective Salp Swarm Algorithm DV-Hop (IMSSA-DV-Hop). In
essence, the work builds upon the well-known DV-Hop technique — a range-free method
appreciated for its simplicity — but one that still struggles to deliver high positioning
accuracy. The authors attempt to close this gap by embedding a multi-objective opti-
mization framework into the DV-Hop process, supported by an enhanced version of the
Salp Swarm Algorithm (SSA). The IMSSA-DV-Hop algorithm features a subdivided hop
count that better reflects the distances between nodes. It also uses a weighted average
hop distance, adjusted by a minimum mean-square error criterion, and shifts the tradi-
tional single-objective DV-Hop model into a multi-objective optimization challenge. The
multi-objective salp swarm algorithm (MSSA) is refined with a solid point-set initializa-
tion strategy, fuzzy selection methods in the solution repository, Levy flight for updating
leader positions, and adaptive follower update strategies inspired by mayfly mating be-
havior. In order to evaluate its performance, the authors model two network topologies,
including a square random and C-shaped random deployment. In both, IMSSA-DV-Hop
has lower localization errors than classical DV-Hop and its variants which are better, in-
cluding SSA-DV-Hop, GWO-DV-Hop, and ISSA-DV-Hop. The error reduction depending
on the network conditions such as transmission range, node density and number of bea-
con nodes is in the range of 19 to 56 percent. In general, the results suggest that the
IMSSA-DV-Hop algorithm does not only improve accuracy but has a good stability in
different deployment conditions, which is why it is a viable improvement to offer to the
current WSN application.

3.4.3.6 Application on Target Localization Based on Salp Swarm Algorithm

This study [107] introduces a new approach to target localization for Time-Difference-of-
Arrival (TDOA) passive positioning problems, where the Salp Swarm Algorithm (SSA)
is employed as the main optimization tool. The central goal is to enhance both the ac-
curacy and the convergence reliability of source localization, addressing the well-known
shortcomings of traditional and intelligent optimization methods such as PSO and its
improved variant (IPSO). To achieve this, the paper first develops a clear mathematical
representation of the TDOA-based localization problem. It models the measurements
under Gaussian noise and formulates the estimation task within a maximum likelihood
framework. The SSA is then adapted to this nonlinear optimization environment by
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generating an initial population within defined search limits, allowing each salp to itera-
tively adjust its position, and progressively selecting the most promising candidates—or
“food sources”—according to their fitness values. A series of simulation experiments are
conducted to evaluate performance. Findings indicate that although PSO and IPSO con-
verge faster during the initial stages, they tend to converge early and slow down during
the latter stages. SSA on the other hand has a slower initial convergence but has a more
constant and predictable improvement over the course of the process, and reaches higher
fitness values. This indicates the successful global search and local refinement of SSA.
In terms of localization accuracy, SSA is always better in comparison to the rest of the
algorithms, particularly when the noise of measurements rises.

3.4.4 FireFly Algorithm (FA)

The algorithm (FA) was originally proposed by Xin-She Yang [11]. The algorithm takes
inspiration from the mesmerizing flashing patterns and behaviors displayed by fireflies
during the night. The FA is basically based on three main principles: First, all fireflies
in the algorithm are considered unisex, meaning that any firefly can be attracted to any
other firefly that seems brighter, irrespective of their gender. Secondly, the brightness of a
firefly is assessed by evaluating an objective function, which acts as a measure to quantify
its suitability or efficiency in solving the given problem. Lastly, the attractiveness between
fireflies is directly correlated with their brightness, and both quantities steadily decrease
as the distance between fireflies grows. The FA utilizes the principles to guide the search
for an optimal solution to an optimization problem. The pseudocode of this technique
is presented in Algorithm 4 below. The position update of a firefly i attracted to a
brighter firefly j is given by:

xt+1
i = xt

i + β0e
−γr2ij(xj − xi) + αϵi (3.11)

where:

• β0 is the attractiveness at distance r = 0,

• γ is the light absorption coefficient,

• rij is the distance between firefly i and j,

• α is a random parameter,

• ϵi is a vector of random numbers drawn from a uniform distribution.
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Algorithm 4 The pseudocode of FA
1: Initialize a population of fireflies with random positions
2: Evaluate the brightness (objective value) of each firefly
3: while (termination condition not met) do
4: for each firefly i do
5: for each firefly j do
6: if firefly j is brighter than firefly i then
7: Move firefly i towards j using equation 3.11
8: end if
9: end for

10: end for
11: Update brightness values of all fireflies
12: end while
13: return Best solution found

3.4.4.1 A K-means based frefly algorithm for localization in sensor networks

Liu and Chen proposed a K-means-based Firefly Algorithm (KFA) [108] aimed at enhanc-
ing localization accuracy in sensor networks. This research expands upon the multilat-
eration algorithm (MA), characterized by its simplicity and hardware efficiency, yet it is
limited by poor convergence and accuracy. The authors proposed a weighted K-means
method to enhance the fitness function of the MA and mitigate the impact of significant
distance errors among anchor nodes. Additionally, an inertia weight factor was intro-
duced to modulate the attractiveness of fireflies and improve search speed, while a novel
update strategy was formulated to enhance global exploration and mitigate premature
convergence. Simulation experiments were performed to assess the KFA in comparison
to MA, improved PSO (IPSO), improved GA (IGA), and standard FA. The results indi-
cate that the proposed algorithm exhibits superior convergence, enhanced stability, and
reduced localization error relative to alternative algorithms. The KFA demonstrated
consistent performance across different configurations of anchor nodes, communication
ranges, and measurement errors, indicating robustness in both sparse and dense network
environments. The study demonstrates that the KFA significantly enhances localization
precision and computational efficiency in sensor network applications.

3.4.4.2 Node Localization in Wireless Sensor Network using Firefly Algo-
rithm

The article [109] examines the utilization of the Firefly Algorithm (FA) for node local-
ization in WSN. Precise localization of nodes is crucial for the performance of WSN, and
the FA is introduced as a means to enhance both the accuracy and computing time of
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node localization. In this algorithm, the localization error is used as a fitness function,
aiming to minimize the computed distance between anchor nodes and nearby unknown
nodes, as well as their true distance. The algorithm starts by initializing a population of
fireflies, where each firefly represents a potential solution or location for a sensor node.
Fireflies move towards brighter fireflies, which represent better solutions. The brightness
is determined by the fitness function, with a lower localization error indicating brighter
fireflies. Through optimizing the positioning of sensor nodes using the FA, the proposed
approach endeavors to decrease the localization error and elevate the precision of node
localization in WSNs.

3.4.4.3 Optimized Range-Free 3D Node Localization in Wireless Sensor Net-
works using Firefly Algorithm

Kumar and Kaur have introduced a range-free 3D node localization technique for WSNs
using the FA combined with a Fuzzy Logic System (FLS) [110]. The study focuses on
overcoming the nonlinearity between received signal strength (RSS) and distance—a key
issue in localization accuracy—while keeping the hardware cost low. In their approach,
nodes are randomly deployed across three layers: the top layer contains anchor nodes
with known coordinates, while the middle and bottom layers contain target nodes. Edge
weights between anchors and targets are calculated and optimized using FLS to model
RSS-based uncertainty, then refined by the FA to minimize localization errors. Simu-
lations were conducted in a 101010 unit 3D environment, using 40 target nodes and 20
anchors. The proposed RFFA + Fuzzy method was benchmarked against conventional lo-
calization algorithms such as Centroid, Weighted Centroid, and a Hybrid Particle Swarm
Optimization (HPSO) combined with fuzzy logic. Results showed a significant reduction
in average localization error (0.0283), outperforming all compared approaches.

3.4.4.4 Parallel Firefly Algorithm for Localization Algorithm in Wireless Sen-
sor Network

Here, in [111], the authors suggest a method for localizing nodes in a WSN using mea-
surements of received signal strength (RSS) and the Parallel Firefly Algorithm (PFA).
The parallelized FA method is a revised iteration of the basic FA optimization algo-
rithm. In the parallelized version, the fireflies are partitioned into subgroups, and each
subgroup undergoes independent evolution using the FA optimization process. Every
subgroup possesses its own fireflies and the solution that is closest to being the greatest.
Once a predetermined number of iterations has been completed, communication is trig-
gered between subgroups. Better fireflies from one subgroup are exchanged with poorer
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fireflies from neighboring subgroups to improve the overall quality of the solution. The
experimental results of the proposed algorithm show that the proposed method with a
communication strategy increases accuracy in comparison with the original FA, PSO, and
GA methods for finding the best solution.

3.4.4.5 RSS-Based Indoor Positioning Utilizing FireFly Algorithm in Wire-
less Sensor Networks

Amer in [59] has introduced a novel indoor positioning system that leverages the Re-
ceived Signal Strength (RSS) measurements in ZigBee WSNs. The proposed system
addresses the critical challenge of dynamic path loss exponent (PLE) in complex indoor
environments by employing the Firefly Algorithm (FFA) for adaptive parameter estima-
tion. Moreover, the system integrates Kalman Filtering to perform noise reduction on
both the RSS data and barometric pressure sensor measurements, thereby enhancing the
robustness of the positioning solution. A significant advantage of the proposed approach is
that it operates effectively without the need for manual pre-data collection or exhaustive
radio surveys, which are typically required by fingerprinting methods. The author has
utilized the FFA to periodically estimate the PLE for each communication channel, which
allows for a more accurate construction of the distance matrix between mobile and anchor
nodes. Additionally, the barometer sensor found in commercial smartphones is employed
to estimate the altitude of the mobile node, providing crucial vertical positioning infor-
mation by calculating height based on atmospheric pressure changes. The experimental
evaluation has demonstrated that the proposed algorithm can determine the position with
an error of less than two and a half meters. The obtained results have verified that the
hybrid FFA/KF method provides superior performance and achieves a lower root mean
square error compared to traditional methods that rely on a constant PLE value.

3.4.4.6 Two Stage Wireless Sensor Node Localization Using Firefly Algo-
rithm

The authors describe an approach based on the FA to improve accuracy in WSNs [112].
The proposed method operates in two main stages. In the first stage, sensor nodes are
localized using four anchors placed at the corners of the 3D area. The FA is then used to
minimize the error between the calculated and measured distances obtained from RSSI. In
the second stage, these anchors are moved to new optimized positions to enhance geome-
try—ensuring wider angles between anchors and sensors and shorter distances to reduce
RSSI error. A final localization is carried out using both the original and new anchor posi-
tions, creating a virtual network of 8 anchors. This combination not only refines position
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estimates but also resolves the flip ambiguity problem, where a node’s estimated position
can be mirrored over a line of anchors, producing a false but mathematically plausible lo-
cation. Simulations show that the FA achieves higher localization accuracy than methods
like PSO and the Bat Algorithm, even when RSSI measurements are affected by Gaussian
noise. By dynamically repositioning anchors, the algorithm delivers more precise results
than setups that rely only on static anchors—even those using a larger number of them.

3.4.5 Artificial Bee Colony (ABC) Algorithm

The ABC algorithm is a bio-inspired optimization method inspired by the foraging be-
havior of honey bees. In this model, food sources represent possible solutions, and their
nectar amount indicates the fitness or quality of those solutions. The algorithm involves
three types of bees: employed, onlooker, and scout. Consider a space with D dimensions,
where SN denotes the total number of food sources. The position of the i-th food source
can be described as a vector xi = (xi1, xi2, . . . , xiD), with i ≤ SN .

The search begins with the scout bee phase, where initial solutions are generated
randomly within the given limits as:

xij = xmin
ij + rand(0, 1)× (xmax

ij − xmin
ij ) (3.12)

where xmin
ij and xmax

ij are the lower and upper bounds, respectively.

Next, the employed bee phase explores neighboring solutions by adjusting parameters
of the current solution according to:

vij = xij + ϕ× (xij − xkj) (3.13)

where xi and xk are two different food sources, and ϕ ∈ [−1, 1] is a random control
coefficient. The new candidate solution vi is compared to the original xi using a greedy
selection rule, which mean only the better (fitter) one is retained for the next cycle.

In the onlooker bee phase, bees select food sources based on their fitness probability
using the roulette wheel method defined as:

pi =
fit(xi)∑SN
j=1 fit(xj)

(3.14)

where the fitness value of the i-th food source, denoted as fit(xi), is computed based
on the objective function value Fi corresponding to the i-th food source. It is defined as:
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fit(xi) =


1

1 + Fi

, Fi ≥ 0,

1 + |Fi|, Fi < 0,

(3.15)

They then apply the same update rule described in Equation (3.13) to improve these
selected solutions. Solutions that fail to improve after a certain number of trials (called
the limit) are abandoned and replaced by new random ones through the Equation (3.12).

3.4.5.1 Centroid Based Localization Utilizing Artificial Bee Colony Algo-
rithm

The centroid localization technique (CLA) is a widely used technique for the localization of
sensors in wireless sensor networks. It is an inexpensive and easy-to-implement technique
that estimates the position of unknown sensor nodes based on the coordinates of reference
nodes. However, this technique suffers from a significant localization errors. To address
this issue, the ABC algorithm was utilized in this study [113] to evaluate the CLA in terms
of localization error. The ABC algorithm is used to optimize the CLA’s localization error.
Simulation results reveal that ABC and DE-based CLA have a lower localization error
than basic and PSO-based methods. In contrast to basic CLA, ABC-based CLA requires
seven times more computation time.

3.4.5.2 A Connectivity Weighting DV-Hop Localization Algorithm Using
Modified Artificial Bee Colony Optimization

In [114], the authors developed an enhanced DV-Hop algorithm for localizing unknown
nodes (UNs) in WSNs, called the connectivity weighting DV-Hop, which is further im-
proved by a modified ABC optimization. Traditional DV-Hop suffers from localization
errors mainly due to inaccurate AHD (average hop distance) estimation and distance
errors in multilateration. Therefore, the authors proposed three main improvements to
address these issues. First, they calculate the AHD of anchor nodes using the minimum
mean squared distance error instead of standard unbiased estimators, which gives more
accurate distance estimates. Next, for unknown nodes, they did not just take the AHD
from the nearest anchor as before. They developed a better method that uses information
from several nearby anchors. Each anchor’s importance (or weight) depends on how close
it is and how well it is connected to other nodes. Closer and more connected anchors
have a greater effect, giving a more balanced and realistic distance estimate. Finally, they
modified the ABC algorithm for optimizing the multilateral localization. The standard
ABC algorithm generates new solutions around the current food source and a randomly
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Algorithm 5 Artificial Bee Colony (ABC) Algorithm
Require: Number of food sources SN , Limit for abandonment, MaxIter
1: Initialize the population of food sources xi randomly using Eq. (3.12)
2: Evaluate the fitness fit(xi)
3: Initialize triali = 0 for each food source
4: iter = 0
5: while iter < MaxIter do
6: Employed Bee Phase:
7: for each employed bee do
8: Generate a new candidate vi using Eq. (3.13)
9: Evaluate the fitness fit(vi)

10: if fit(vi) > fit(xi) then
11: Replace xi with vi
12: triali = 0
13: else
14: triali = triali + 1
15: end if
16: end for
17: Onlooker Bee Phase:
18: Calculate probability pi for each food source using Eq. (3.14)
19: for each Onlooker Bee do
20: if rand(0,1) < pi then
21: Generate a new candidate vi using Eq. (3.13)
22: Evaluate the fitness fit(vi)
23: if fit(vi) > fit(xi) then
24: Replace xi with vi
25: triali = 0
26: else
27: triali = triali + 1
28: end if
29: end if
30: end for
31: Scout Bee Phase:
32: for each food source i = 1 to SN do
33: if triali > Limit then
34: Replace xi with a new random solution using Eq. (3.12)
35: Evaluate fitness fit(xi)
36: triali = 0
37: end if
38: end for
39: Memorize the best solution achieved so far (xbest)
40: iter = iter + 1
41: end while
42: return xbest
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selected neighbor, which can limit the search space and lead to premature convergence.
The authors changed the search equation so that it now uses a random individual from
the entire population as the search center rather than a local neighbor. This modifica-
tion substantially expands the search space and enhances global exploration capability.
The authors tested their improved DV-Hop method through simulations and found that
it performs better than other DV-Hop versions and optimization methods such as least
squares (LS), iterative nonlinear least squares (INLS), and standard ABC, providing more
accurate and reliable localization results.

3.4.5.3 Localization of Sensor Nodes in 3D Wireless Sensor Networks with a
Single Anchor by an Improved Adaptive Artifcial Bee Colony (iaABC)
Algorithm

Locating sensor nodes precisely without utilizing numerous expensive physical GPS-
equipped anchors is a major problem in three-dimensional WSNs, which this study [115]
aims to solve. With just one anchor, the authors provide innovative solution that can
determine the locations of one hundred target nodes. They achieve this by employing
an "umbrella projection" technique, where the single anchor creates a ring of six virtual
anchors around it. The core bio-inspired method employed is the iaABC algorithm. This
algorithm is an enhanced version of the classic ABC, which mimics the foraging behavior
of bees. The key weakness of the standard ABC is that its search direction is guided
by a random parameter, which can be inefficient. The authors first made the algorithm
"adaptive," dynamically adjusting its parameters to better balance the search between
exploring new areas and refining good ones. Their major innovation, the "improved"
iaABC, replaces the random parameter with an "intelligent coefficient." This smart pa-
rameter is calculated by a fuzzy PID controller that guides the search direction towards
better solutions. Experimental results on the CEC 2022 benchmark suite demonstrate
that iaABC surpasses state-of-the-art algorithms such as Co-PPSO, SSA, SCA, AFPA,
and other ABC variants in convergence and robustness. When applied to 3D WSN lo-
calization with one fixed anchor and six virtual anchors, iaABC accurately located all
100 moving target nodes, achieving the lowest average positioning error among its com-
petitors. Although slightly slower than the basic ABC, its substantial improvement in
accuracy makes it a strong choice for scenarios where precision is more critical than speed.
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3.4.5.4 Implementation of an Efcient Artifcial Bee Colony Algorithm for
Node Localization in Unmanned Aerial Vehicle Assisted Wireless
Sensor Networks

This research [116] tackles the challenge of pinpointing the location of sensor nodes using a
drone, formally known as an Unmanned Aerial Vehicle (UAV), to overcome challenges such
as high deployment costs and low accuracy in GPS-denied or obstructed environments.
The core innovation lies in a two-stage optimization strategy that significantly improves
accuracy. The key insight is that the drone’s flying height is not just an operational
detail but a critical parameter that systematically influences all distance measurements.
If the drone flies too low, signals can be obstructed; if it flies too high, small measurement
errors are greatly magnified. Therefore, the process begins by optimizing this flying height
before any attempt is made to locate the unknown sensors. In the first stage, the system
is calibrated using a single reference node placed at a known location in the center of
the area. The drone flies along its path, and the algorithm adjusts its hypothetical flying
height in a computer model. It seeks the one optimal height where the distance estimates
calculated from the drone’s signals most closely match the actual, known distances to
the reference point. This process identifies the perfect flying altitude that minimizes
systemic measurement error. Once this ideal height is determined and set for the drone’s
flight path, the second stage begins. Now, the algorithm focuses exclusively on finding the
unknown X and Y coordinates of the target sensor nodes. Using the pre-optimized height,
the system calculates much more accurate horizontal distances from the drone to each
unknown node. The proposed approach leverages metaheuristic optimization techniques,
particularly the ABC algorithm, to minimize localization errors effectively. Comparative
simulation results reveal that ABC consistently achieves lower Average Localization Error
(ALE) and Root Mean Square Error (RMSE) than DEA and classical multilateration.

3.4.5.5 Artificial Bee Colony Algorithm Based Multi-Objective Node Place-
ment for Wireless Sensor Network

R.K. Jena in [117] introduces a multi-objective optimization framework for efficient sensor
node placement using the Artificial Bee Colony (ABCMO) algorithm. Recognizing that
node placement directly influences coverage, connectivity, and energy consumption, the
author formulates a model that simultaneously optimizes these conflicting objectives. The
proposed method considers three sensor modes (X, Y, and Z), each with varying sensing
and energy parameters, to ensure balanced monitoring of a two-dimensional field. By inte-
grating multiple performance metrics—field coverage, energy consumption, and clustering
efficiency—into a single fitness function, the ABCMO algorithm identifies Pareto-optimal
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solutions that best satisfy diverse network requirements. An external archive is employed
to store non-dominated solutions, maintaining diversity through a comprehensive learning
strategy and crowding distance control. Simulation results on a 1010 grid of 100 nodes
reveal that ABCMO achieves faster convergence and superior performance compared to
PSO, ACO, and TPSMA. Overall, the study demonstrates that the ABCMO approach
effectively enhances WSN deployment by maximizing coverage and minimizing energy use
through an intelligent, adaptive optimization process.

3.4.6 Discussion

To summarize the research papers reviewed in this chapter, Table 3.1 compiles the essen-
tial information for each bio-inspired localization approach. The entries are organized by
algorithm, outlining the core innovation introduced in each study, the deployment sce-
nario considered (i.e., whether localization was carried out in a 2D or 3D environment
and under static or mobile node conditions), the evaluation metrics employed (see ab-
breviations below), and the primary performance claim, which captures the main result
demonstrating the method’s effectiveness—such as improved accuracy, faster convergence,
reduced computation time, or higher energy efficiency.

The evaluation metrics used across the surveyed works are abbreviated as follows:
ALE (Average Localization Error), APT (Average Processing Time), CR (Convergence
Rate), CT (Computation Time), EC (Energy Consumption), ET (Elapsed Time), LE
(Localization Error), LR (Localization Rate), LSR (Localization Success Ratio), MLE
(Mean Localization Error), NL (Number of Localized Nodes), and RMSE (Root Mean
Square Error).
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CHAPTER 3. LOCALIZATION OPTIMIZATION USING BIO-INSPIRED TECHNIQUES

From Table 3.1, it is evident that a predominant focus of bio-inspired localization
research has been on static, two-dimensional (2D) deployments. Algorithms such as PSO
[90]–[94], GWO [97], Salp Swarm Algorithm (SSA) [8], [106], [104], [103], and ABC [114],
and others were initially tested in 2D environments.

While directly applying these algorithms often produced promising results [8],[91], [95],
and [109], the most notable improvements arise from hybrid approaches that combine
algorithmic strengths or integrate AI techniques to overcome challenges such as local
optima, high-dimensional search spaces, and environmental obstacles.

Across the reviewed studies, enhanced bio-inspired algorithms consistently achieve
lower localization errors than both their basic counterparts and traditional techniques such
as trilateration, least-squares estimation, and standard DV-Hop. Some studies combine
multiple bio-inspired algorithms to leverage their respective advantages. For example, the
Improved Grey Wolf Optimizer with PSO concepts (IGWOA) [101] incorporates inertia
weight and personal best into GWO to enhance convergence and avoid local optima.
Other studies integrate AI or machine-learning components, such as LOSSADE [103],
which employs the Doppler Effect to guide salp movements more intelligently.

Despite the significant advancements achieved through bio-inspired and hybrid local-
ization approaches, several methodological limitations can be observed across the reviewed
studies.

First, many works evaluate algorithm performance using a single execution or a very
limited number of runs. Since metaheuristic algorithms are inherently stochastic, their
results may vary across independent executions due to random initialization and proba-
bilistic search mechanisms. Consequently, performance assessments based on only a few
trials may not accurately reflect algorithm stability, convergence consistency, or overall
reliability.

Second, a noticeable variation exists in the deployment configurations adopted in dif-
ferent studies. In many cases, anchor nodes and unknown nodes are randomly positioned
for each algorithm independently, leading to non-identical spatial distributions across
experiments. Because localization accuracy is strongly influenced by network geometry,
anchor placement, and node distribution, results obtained under different deployment real-
izations cannot be directly compared. Variations in spatial configuration may significantly
affect connectivity structure, distance relationships, and error propagation behavior, po-
tentially introducing evaluation bias.

These observations indicate that, although bio-inspired methods demonstrate promis-
ing localization capabilities, a rigorous evaluation framework based on controlled deploy-
ment scenarios and statistically reliable performance analysis remains necessary.
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CHAPTER 3. LOCALIZATION OPTIMIZATION USING BIO-INSPIRED TECHNIQUES

3.5 Conclusion

To conclude this chapter, we presented the basic idea of optimization and gave an overview
of the main bio-inspired algorithms used for localization in WSNs. From the studies re-
viewed, it is clear that these algorithms are widely used because they can explore the
search space efficiently and provide good estimates of unknown node positions. Their
flexibility and ability to deal with complex problems explain why they have become an
important research direction in WSN localization. This chapter also showed how differ-
ent researchers have applied these algorithms, either in their original form or through
improved versions, to solve or enhance the localization process. The examples discussed
here help to give a complete picture of how bio-inspired methods are being used in this
field. However, the stochastic nature of metaheuristic algorithms and the influence of
deployment configurations highlight the importance of using multiple independent runs
and consistent experimental settings to obtain more reliable and comparable results.

Based on this background, the next chapter, we will introduce the two improved local-
ization methods proposed in this thesis, both based on the Sea Lion Optimization (SLnO)
algorithm. The proposed methods are evaluated using a unified deployment configura-
tion and multiple independent experimental runs to ensure fair and consistent comparison
with existing techniques. This allows a clearer demonstration of the effectiveness of the
proposed approaches in WSNs localization.
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Chapter 4

The Proposed Node Localization
Methods

4.1 Introduction

Over the previous chapters, we discussed the fundamental concepts of WSNs and the
importance of accurate localization. In Chapter 3, we reviewed different bio-inspired
optimization algorithms and how they have been applied to solve the localization problem,
while also identifying some limitations in existing studies.

To address these challenges, in this chapter we propose two improved localization meth-
ods based on the Sea Lion Optimization (SLnO) algorithm. The first method, SLnO-CLA,
combines the Centroid Localization Algorithm with SLnO to help guide the search pro-
cess and improve localization accuracy. The second method, IMP-SLnO, is an improved
version of the standard SLnO algorithm, designed to further enhance performance and
stability. In the following sections, we present the details of the proposed methods and
evaluate their performance through simulations under the same experimental conditions
and multiple independent runs.

4.2 Sea Lion Bio-inspired Optimization Technique

The Sea Lion Optimization Algorithm (SLnOA) is a bio-inspired metaheuristic optimiza-
tion algorithm designed to emulate the distinctive hunting behaviors of sea lions. It was
initially introduced by Raja Masadeh and associates in 2019 [118]. It’s important to high-
light that SLnOA is not the same as the Lion Optimization Algorithm (LOA), which was
developed earlier in 2016 [119]. In this section, we’ll break down the core mechanisms of
SLnOA and share its pseudo-code in Algorithm 6.
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CHAPTER 4. THE PROPOSED NODE LOCALIZATION METHODS

Algorithm 6 Sea Lion Optimization Algorithm (SLnO)
Initialize Sea Lions Population Xi (i = 1, 2, 3, ..., n)
Calculate the fitness of each search agent and select the best agent
Xbest = best search agent
while Current iteration < Max iterations do

Update parameter C (decreases linearly from 2 to 0)
Calculate Leader Sound using Eqs. ((4.3)-(4.5))
for each search agent do

if Leader Sound < 0.25 then
if |C| < 1 then

Update the position of the current search agent by Eq. ((4.2))
else

Select a random search agent (Xrand)
Update the position of the current search agent by Eq. ((4.8))

end if
else

Update the position of the current search agent by Eq. ((4.6))
end if
Check if any search agent goes beyond the search space
Calculate the fitness of each search agent
Replace the old solution if the new solution has better fitness.

end for
Update Xbest with the best current solution.
Current iteration = Current iteration + 1

end while
return Xbest

4.2.1 Detecting and Tracking Phase

Sea lions can sense where a prey is and then signal the rest of their group to help with
the chase. The one that spots the prey first naturally takes the lead. In SLnOA, this
idea is modeled by treating the best solution found at the current iteration as the “prey,”
meaning it represents the most promising point in the search space. Once this best search
agent is identified, the remaining agents adjust their positions relative to it. This process
is described using the following equations:

D⃗ist =
∣∣∣2B⃗ · P⃗ (t)− S⃗L(t)

∣∣∣ (4.1)

S⃗L(t+ 1) = P⃗ (t)− D⃗ist · C⃗ (4.2)

where t and t + 1 refer to the current and next iterations. The vector C⃗ decreases
linearly from 2 to 0 throughout the algorithm, and B⃗ is a random vector within [0, 1].
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Here, P⃗ (t) is the position of the best solution so far, S⃗L(t) is the position of a sea lion
agent, and D⃗ist represents the distance between them. Using Eq. ((4.2)), each agent
moves closer to the best candidate, allowing the population to search around the most
promising area.

4.2.2 Vocalization Phase

As noted earlier, the sea lion that first detects the prey becomes the leader of the hunt.
To gather the rest of the group, it produces vocal signals while moving toward the target.
SLnOA represents this behavior mathematically using Eqs. ((4.3)), ((4.4)), and ((4.5)):

S⃗Pleader =

∣∣∣∣∣ V⃗1(1 + V⃗2)

V⃗2

∣∣∣∣∣ (4.3)

V⃗1 = sin θ (4.4)

V⃗2 = sinϕ (4.5)

In this model, S⃗Pleader represents the leader’s sound speed. The term V⃗1 corresponds
to the sound generated underwater, while V⃗2 refers to sound produced in air. The value
sinϕ represents the portion of the sound reflected in the air, and sin θ describes the part
refracted in the water. The angles ϕ and θ denote the reflection and refraction angles.

Attacking Phase (Exploitation Phase)

To model how sea lions attack their prey, SLnOA considers two main behaviors:
a. Dwindling encircling technique: This behavior is controlled by the parameter

C in Eq. ((4.2)). As the iterations progress, C decreases linearly from 2 down to 0. When
this value becomes smaller, the leader moves closer to the prey, trying to surround it.
Because of this, a sea lion (search agent) can update its position anywhere along the line
between its current location and the position of the best agent.

b. Circle-based position updating: In nature, sea lions often attack schools of
fish by circling around them and striking from the edges. SLnOA captures this action
using Eq. ((4.6)). Here, |P⃗ (t) − S⃗L(t)| is the distance between the agent and the best
solution (the prey), and m is a random number in the range [−1, 1]:

S⃗L(t+ 1) = |P⃗ (t)− S⃗L(t)| · cos(2πm) + P⃗ (t). (4.6)
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Searching for Prey (Exploration Phase)

In contrast to the attacking phase, where sea lions adjust their positions based on the best
agent, during exploration each agent moves according to a randomly chosen sea lion. This
encourages the group to look for new prey, or in optimization terms, to explore different
regions of the search space. When the parameter C is larger than 1, the algorithm
performs a wide-ranging search to help find the global best solution. The process is
described by the following equations:

D⃗ist =
∣∣∣2B⃗ · S⃗Lrand − S⃗L(t)

∣∣∣ , (4.7)

S⃗L(t+ 1) = S⃗Lrand − D⃗ist · C⃗ (4.8)

where S⃗Lrand is a randomly selected sea lion from the current population, SL(t) is the
current position of the agent, and Dist measures the distance between them.

4.3 The proposed SLnO-CLA node localization

To achieve accurate node position estimation in WSNs, this thesis proposes SLnO-CLA,
a hybrid localization approach that combines the computational simplicity of the Cen-
troid Localization Algorithm (CLA) with the optimization capability of the Sea Lion
Optimization (SLnO) algorithm.

In the proposed SLnO-CLA framework, the conventional CLA (described in detail in
Chapter 2, Section 4) is first applied to obtain an initial estimate of the target node’s
coordinates based on the positions of neighboring anchor nodes. This initial estimate
provides a coarse but computationally efficient approximation of the node location.

The SLnO algorithm is then employed to refine and optimize this initial estimate by
minimizing a localization objective function based on distance measurements between
the target node and its neighboring anchors. In this refinement phase, the CLA-based
position is used as the center of the SLnO search space, around which the population of
sea lion agents is initialized and iteratively updated to obtain a more accurate location
estimate.

The mathematical formulation of the localization problem, including the system archi-
tecture, distance calculation model, optimization objective, and the detailed step-by-step
SLnO-CLA localization procedure, is presented in the following section.
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4.4 Localization Model

4.4.1 System Architecture

Our study focuses on a monitoring region that is square, with dimensions X×Y . A total
N = M + T sensor nodes are scattered randomly across this region. Among them, M
nodes know their exact locations and are referred to as anchor nodes. The positions of
the remaining T nodes are unknown and are estimated through the localization process.

Every sensor node is assumed to have the same transmission range, denoted by R,
which means it can send and receive data to any node within a distance of R units. The
M anchors periodically broadcast messages containing both their positions and unique
node IDs. This allows nearby unknown nodes to identify which anchors they can receive
signals from. Each anchor node is assigned its ID at the time of deployment. When
an unknown node receives these broadcast messages, it measures its distance from each
anchor.

4.4.2 Distance Calculation Model

Each unknown node estimates its distance to the anchor nodes within its communica-
tion range. Following a common assumption in many WSN studies, these distances are
estimated using an RSSI-like model. Instead of real hardware measurements, the true
distances are computed and Gaussian noise is added to reflect the uncertainty normally
found in RSS-based ranging. This approach allows realistic measurement errors to be
simulated in a simple and controlled way.

For an unknown node positioned at (x, y) and an anchor node i located at (xi, yi), the
actual distance is computed using the Euclidean formula:

di =
√

(x− xi)2 + (y − yi)2. (4.9)

The corresponding measured distance d̂i is simulated by adding zero-mean Gaussian
noise:

d̂i = di + ni, (4.10)

where ni is a random variable drawn from a normal distribution N(0, σ2
i ). The noise

variance σ2
i is chosen to be proportional to the true distance, reflecting the practical

observation that measurement uncertainty tends to increase as nodes are farther apart:

σi = γ · di, (4.11)
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with γ representing the noise factor. This approach ensures that the distance estimates
realistically reflect measurement uncertainties, providing the optimization algorithm with
input data similar to what would be obtained in an actual deployment.

4.4.3 Localization Optimization Formulation

The localization problem is formulated as an optimization task in which the objective is
to minimise the discrepancy between the measured distances and the distances computed
from candidate coordinates. Let (xi, yi) represent the candidate location of the unknown
node, and let (xj, yj) denote the coordinates of the j-th anchor within its communication
range. The objective function is defined as the mean squared error over all available
anchors:

Obj(xi, yi) =
1

M

M∑
j=1

(√
(xi − xj)2 + (yi − yj)2 − d̂ij

)2

. (4.12)

Only cases with M >= 3 are considered, as an unknown node requires at least three
anchors within its transmission range to be localizable. The coordinate pair (xi, yi) that
yields the smallest value of this objective function is taken as the estimated position of
the unknown node.

4.4.4 The detailed SLnO-CLA node localization

The proposed SLnO-CLA localization framework operates according to the following se-
quence of steps and the overall flowchart is illustrated in Figure 4.1.

Step 1: Network Deployment N target nodes with unknown positions and M anchor
nodes with known coordinates are randomly deployed over the monitoring region.
All nodes are assumed to have an identical communication range R.

Step 2: Distance Measurement For each target node, distance measurements to neigh-
boring anchor nodes are obtained according to the distance calculation model de-
scribed in Section 4.4.2. These measurements incorporate Gaussian noise to emulate
RSSI-based ranging uncertainty.

Step 3: Localizability Check A target node is considered localizable if it has at least
three anchor nodes within its communication range.

Step 4: Initial Estimation (CLA) For each localizable node, the Centroid Localiza-
tion Algorithm (CLA) is applied to compute an initial position estimate based on
the coordinates of the neighboring anchors.
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Step 5: Population Initialization The initial population of sea lion agents is gener-
ated around the CLA-based estimate, which serves as the center of the search region.

Step 6: Optimization (SLnO) The Sea Lion Optimization (SLnO) algorithm refines
the initial estimate by minimizing the localization objective function defined in
Eq. (4.12), which quantifies the mismatch between measured and estimated dis-
tances to the anchors.

Step 7: Best Solution Selection After reaching the maximum number of iterations,
the best-performing sea lion agent is selected as the estimated position of the target
node.

Step 8: Reference Set Update Once a target node is successfully localized, its esti-
mated position is added to the reference set and can be used as an additional anchor
in subsequent localization iterations.

Step 9: Iterative Localization Steps (3) through (8) are repeated until all target nodes
are localized or no further nodes satisfy the localization condition.

Step 10: Performance Evaluation The localization process is evaluated using the
Mean Localization Error (MLE) and the Localization Success Ratio (LSR), which
are presented and discussed in the experimental results section.

4.5 Experimental Results for SLnO-CLA

In this section, the performance of the proposed SLnO-CLA localization algorithm is
evaluated and compared with the classical Centroid Localization Algorithm (CLA). The
main objective of this comparison is to demonstrate the benefit of integrating the Sea
Lion Optimization (SLnO) algorithm with CLA in order to improve localization accuracy
and reliability under identical network conditions.

In all simulations, the deployment of anchor and target nodes is identical for the two
algorithms to ensure a fair comparison. Therefore, any observed differences in performance
can be attributed solely to the localization algorithms themselves.

4.5.1 Evaluation Metrics

The following performance metrics are used to evaluate and compare the proposed local-
ization algorithms.
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Figure 4.1: Flow chart of SLnO-CLA for node localization process.
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4.5.1.1 Localization Error (LE)

Localization Error (LE) measures the accuracy of the estimated position of each target
node. It is defined as the Euclidean distance between the true position and the estimated
position of a target node, as given in Equation (4.13):

LEi =
√

(Xi − xi)2 + (Yi − yi)2 (4.13)

where (xi, yi) represents the true coordinates of the i-th target node, and (Xi, Yi)

denotes its estimated position.

4.5.1.2 Mean Localisation Error (MLE)

MLE reflects the overall localization accuracy of the algorithm. It is computed as the
average of the localization errors over all successfully localized nodes, as expressed in
Equation (4.14):

MLE =
1

NL

NL∑
i=1

√
(Xi − xi)2 + (Yi − yi)2 (4.14)

where NL is the number of localized nodes, (xi, yi) denotes the true position, and
(Xi, Yi) represents the estimated position of each target node.

4.5.1.3 Localisation Success Ratio (LSR)

LSR indicates the percentage of target nodes that are successfully localized and is calcu-
lated using Equation (4.15):

LSR =
Number of target nodes localized

Total number of target nodes
× 100% (4.15)

A higher LSR value indicates better localization capability and reliability.

4.5.2 Simulation Parameters

The proposed localization approach is implemented in MATLAB R2013b on a computer
equipped with an Intel Core i5 processor, 8 GB RAM, and running Windows 10. The
simulation parameters used in all experiments are summarized in Table 4.1.
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Table 4.1: Simulation Parameters

Parameter Value

Simulation area 100 × 100 m²
Transmission range (R) 25 m
Anchor nodes 25
Target nodes 100
noise 2%
population size 30
Maximum iterations 50

4.5.3 Experimental Analysis

To analyze localization accuracy, a two-dimensional WSN consisting of 100 target nodes
and 25 anchor nodes is considered. All nodes are randomly deployed within a 100 × 100
m² area, the transmission range of each node is fixed at 25 m, and and a 2% measurement
noise level is considered. The population size along with the maximum iteration are 30
and 50, respectively.

Figure 4.2: Comparison of localization error for each target node for CLA and SLnO-CLA.

Figure 4.2 presents the localization error of each target node obtained using CLA and
SLnO-CLA. It can be seen that CLA produces large localization errors for many target
nodes. In several cases, the error is greater than 10 m, and for some nodes it exceeds
20 m. High error values are observed at target nodes 16, 26, 55, 64, 67, 87, and 89, where
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the localization error reaches approximately 23.44 m, 21.03 m, 21.28 m, 21.26 m, 22.21 m,
19.34 m, and 20.39 m, respectively.

On the other hand, SLnO-CLA shows much better accuracy for almost all target
nodes. The localization error of SLnO-CLA remains below 7.5 m for all nodes, and most
errors lie in the range of 0.5–3 m. For the nodes where CLA shows the largest errors
(nodes 16, 26, 55, 64, 67, 87, and 89), SLnO-CLA reduces the error to about 2.32 m,
2.03 m, 2.35 m, 0.89 m, 1.28 m, 3.70 m, and 5.71 m, respectively.

The visualization of the real positions of target and anchor nodes, as well as the
estimated positions using CLA and SLnO-CLA algorithms, is shown in Figures 4.3 and
4.4, respectively. The connecting purple lines are used to highlight the significant error
between the real positions and the estimated ones.

Figure 4.3: Position estimated by CLA algorithm

To provide a quantitative performance comparison between the classical CLA and
the proposed SLnO-CLA, a comprehensive statistical analysis across 30 runs is presented
in Table 4.2. This table reports the Mean Localization Error (MLE) and Localization
Success Ratio (LSR) for both algorithms. In addition, the variations of MLE and LSR are
illustrated graphically in Figures4.5 and 4.6 to better visualize the performance differences
between the two methods.
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Figure 4.4: Position estimated by SLnO-CLA.

Metric CLA SLnO-CLA
Mean Error 10.0256 0.6339
Success Rate 94.7% 99.9%

Table 4.2: Performance comparison between CLA and SLnO-CLA algorithms

From Table 4.2 and Figure 4.5, it can be noticed that CLA produces a high MLE of
10.03 m. In contrast, SLnO-CLA achieves a significantly lower MLE of 0.6339 m. This
represents a remarkable error reduction of 93.7% compared to CLA.

Regarding the LSR shown in Figure 4.6, both algorithms achieved good results in
terms of the percentage of localized nodes. However, SLnO-CLA algorithm attained a
higher LSR of 99.9% compared to CLA with LSR of 94.7%.

To study the effect of the number of anchor nodes, we tested different anchor counts
using 100 sensor nodes deployed in a 100 m 100 m area with a communication radius of
25 m. The number of anchors starts at 25 and increases by 3 up to 40. The resulting
MLE for each anchor setting is shown in Table 4.3 and Figure 4.7.

From Figure 4.7, it can be observed that the MLE decreases as the number of anchor
nodes increases. This behavior is expected, since having more anchors increases the
probability that each target node is connected to three or more nearby anchors, which
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Figure 4.5: MLE for both CLA and SLnO-CLA

Figure 4.6: LSR for both CLA and SLnO-CLA algorithms

MLE (m) SLnO-CLA CLA
A=25 0.6339 10.0256
A=28 0.6175 9.3399
A=31 0.6245 9.8468
A=34 0.6419 9.5019
A=37 0.4577 9.2807
A=40 0.3421 8.7328

Table 4.3: The MLE for SLnO-CLA and CLA under different numbers of anchors
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Figure 4.7: The MLE vs number of anchors

improves the accuracy of position estimation. Nevertheless, for all anchor ratios, SLnO-
CLA consistently achieves a lower MLE compared to the classical CLA.

Notably, SLnO-CLA with 25 anchors (0.6339 m) achieves better accuracy than CLA
with 40 anchors (8.7328 m), demonstrating that algorithmic optimization provides greater
benefit than simply increasing hardware resources. This 92.7% improvement in accuracy
with 37.5% fewer anchors highlights the cost-effectiveness of the proposed approach.

To assess how transmission range (TR) affects WSN localization, both SLnO-CLA
and CLA were evaluated in a simulation using 100 target nodes and 25 anchors. The
communication radius R was varied from 20 m to 40 m with increments of 5 m. Table
4.4 and Figure 4.8 summarize the resulting average localization errors (MLE).

From the results shown in Figure 4.8, both algorithms benefit from increased transmis-
sion range, as larger coverage radius improves node connectivity. However, SLnO-CLA
achieves consistently lower MLE than CLA across all tested transmission ranges.

MLE (m) SLnO-CLA CLA
TR=20 0.6767 9.1817
TR=25 0.6339 10.0256
TR=30 0.5021 10.6534
TR=35 0.5289 12.5036
TR=40 0.4724 11.4215

Table 4.4: The MLE for SLnO-CLA and CLA under different Transsmission Range
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Figure 4.8: The MLE vs transsmission range

4.6 The proposed Improved SLnO (IMP-SLnO)

Although the SLnO algorithm is effective as an optimization technique, it still shares some
common limitations like many bio-inspired algorithms, such as the tendency to become
trapped in local optima and the need for a large number of iterations to reach stable
solutions. To overcome these issues in the context of node localization, we propose an
enhanced version called IMP-SLnO. This algorithm introduces four main enhancements.
First, an Opposition-Based Learning (OBL) strategy is applied to generate more diverse
initial positions, allowing the algorithm to explore the search space more effectively from
the beginning of the optimization process. Second, adaptive parameter control is incor-
porated to dynamically balance exploration and exploitation during the search process.
Third, Levy flight-based exploration is used to strengthen the global search capability,
helping the algorithm escape local optima and cover the search space more efficiently. Fi-
nally, a PSO-based strategy is occasionally used to help the algorithm focus on promising
solutions and speed up convergence. The key procedures of the IMP-SLnO are outlined
in the pseudocode in Algorithm 7, while its operational flow is illustrated in Fig. 4.10

4.6.1 Population Initialization with the half OBL Strategy

In our proposed method, the Opposition-Based Learning (OBL) strategy is adapted to
maintain a diverse population while keeping computational cost low. Unlike the classi-
cal OBL introduced by Tizhoosh [120], this adaptation preserves exploration capability

100



CHAPTER 4. THE PROPOSED NODE LOCALIZATION METHODS

without introducing additional overhead.
Let a candidate solution in an n-dimensional search space be defined as

p = (x1, x2, . . . , xn), xi ∈ [LB,UB], i = 1, . . . , n. (4.16)

The classical OBL defines the opposite point popp by reflecting each component within
its bounds:

xopp
i = LB + UB − xi. (4.17)

Both p and popp are evaluated using the fitness function f(·), and the one with better
fitness is retained for the next generation:

p←

popp, if f(popp) < f(p),

p, otherwise.

In our adaptation, instead of generating an entire population and evaluating all oppo-
sites for selection, the initial population of size N is divided into two equal halves. The
first half (N/2) is generated randomly. For each randomly generated solution, its opposite
is computed and assigned directly to the second half of the population.

Through this construction, the population becomes

{p1, p2, . . . , pN/2, p
opp
1 , popp2 , . . . , poppN/2},

ensuring that the search covers both sides of the domain in a well-balanced manner from
the very beginning. This approach preserves the fundamental spirit of OBL by promot-
ing strong initial exploration while avoiding the computational burden of evaluating and
ranking all candidates at this stage. As a result, the method achieves diversity and broad
coverage of the search space at a lower computational cost, making it particularly suitable
for large-scale WSN localization scenarios.

4.6.2 Adaptive Control Parameter C

In the original SLnO algorithm, exploration is allowed only when the Sound Pressure
(SP) value is below a certain threshold, specifically SP < 0.25. This stochastic generation
introduces variability into the search behavior, allowing the algorithm to probabilistically
enter the exploration phase.

Within this exploration-allowed region, the control parameter C determines whether
the algorithm performs exploration or exploitation. In the original SLnO, C decreases
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linearly from an initial value of 2 to 0 according to

C = 2− t

(
2

max_iterations

)
, (4.18)

where t denotes the current iteration. Exploration occurs when |C| ≥ 1, while exploitation
occurs when |C| < 1. Since C decreases linearly, the condition |C| ≥ 1 holds only during
the first half of iterations, limiting the duration of exploration.

To enhance exploration, we introduce a nonlinear, quadratic adaptation of C:

C = Cinitial − (Cinitial − Cfinal)

(
t

max_iterations

)2

. (4.19)

Because the squared term (t/max_iterations)2 increases slowly at the beginning, C de-
creases minimally during early iterations. Solving C = 1 for this nonlinear form gives

t

max_iterations
=
√
0.5 ≈ 0.707, (4.20)

indicating that |C| ≥ 1 is maintained for a longer portion of the exploration-allowed region
compared to the linear case. This extension allows the algorithm to perform exploration
for a significantly longer period, improving its ability to investigate the search space before
committing to local refinement.

The nonlinear adaptation thus produces a more natural transition from exploration to
exploitation: the algorithm spends more time performing global search initially and grad-
ually focuses on local refinement as promising areas are identified. This improved balance
supports better convergence, reduces stagnation, and enhances localization accuracy in
dense and noisy WSN deployment scenarios.

4.6.3 Enhanced Exploration with Lévy Flight

To further improve the global search ability and reduce the risk of premature convergence
in our proposed IMP-SLnO algorithm, we incorporate a population-splitting levy mecha-
nism.Lévy flight represents a stochastic movement pattern characterized by frequent short
steps and occasional long jumps [121] (see Figure 4.9). This mechanism is inspired by
the foraging behavior of predators, which often encounter few and scattered targets and
must balance local search with long-distance moves. In optimization, Lévy flights help
search agents explore the solution space more efficiently and avoid becoming trapped in
local minima, improving both diversification and exploitation [122].

In our approach, and rather of applying Lévy flight to all search agents at every
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Figure 4.9: Lévy flights tracks.

repetition [123], we divide the population of n sea lions into two equal groups: Group
A = {1, 2, . . . , ⌊n/2⌋} and Group B = {⌊n/2⌋ + 1, . . . , n}. In each repetition, Group A
updates its positions using only the original IMP-SLnO rule, while Group B uses the
IMP-SLnO update combined with a Lévy flight step. In the next repetition, the roles are
switched, so the agents that used Lévy flight now apply the normal IMP-SLnO rule, and
the others use the IMP-SLnO update plus the Lévy step. The mathematical expression
of this strategy is given as follows.

For even iterations (t even):

Xcandidate
i =

IMP_SLnO(X t
i , X

t
best) + α · L, i ∈ Group A

IMP_SLnO(X t
i , X

t
best), i ∈ Group B

(4.21)

For odd iterations (t odd):

Xcandidate
i =

IMP_SLnO(X t
i , X

t
best), i ∈ Group A

IMP_SLnO(X t
i , X

t
best) + α · L, i ∈ Group B

(4.22)

where X t
i is the position of agent i at iteration t, X t

best is the global best position
found so far, IMP_SLnO(·) denotes the IMP-SLnO update rule, L is the Lévy flight step
vector, α is the Lévy scaling factor, and f(·) is the fitness function

This mechanism allows the search to benefit from both exploration and exploitation
in each repetition, making it easier for the algorithm to escape local minima while main-
taining stable convergence behavior
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The Lévy flight step vector L can be generated using Mantegna’s algorithm as follows:

s =
µ

|ν|1/β
, µ ∼ N(0, σ2

µ), ν ∼ N(0, σ2
ν), β = 1.5, (4.23)

where the variables µ and ν are drawn from normal distributions with

σν = 1, σµ =

[
Γ(1 + β) · sin(πβ/2)

Γ((1 + β)/2) · β · 2(β−1)/2

]1/β
. (4.24)

This design allows sea lion agents to perform occasional long-distance moves while
mostly making small adjustments, enhancing diversification and increasing the probability
of finding the global optimum.

4.6.4 Probabilistic strategy-selection mechanism

The final improvement in the proposed IMP-SLnO is the integration of a PSO-based
refinement step. PSO is known for its fast convergence because each particle updates its
position based on its personal best and the global best positions. To take advantage of
this behavior without reducing the exploratory strength of SLnO, a probabilistic strategy-
selection mechanism is used. In each iteration, for each agent, the SLnO update rule
(incorporating OBL, adaptive C, and Lévy flight) is applied with a probability of 0.8,
while the PSO velocity update is applied with a probability of 0.2. The PSO update
follows Equation (3.2), as presented in the previous chapter. This design keeps IMP-SLnO
as the main search engine, preserving wide exploration through Levy flights and natural
movement patterns, while PSO is applied only occasionally to improve exploitation. Using
PSO too often could lead to early convergence, which is undesirable in WSN localization.
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Algorithm 7 IMP-SLnO Algorithm
1: Initialization
2: Generate Prand of size N/2 randomly
3: Compute opposite population Popp via Eq. (4.17)
4: Population← [Prand, Popp]
5: Evaluate fitness of all individuals, set Xbest as best individual
6: Split population into GroupA and GroupB of equal size
7: Initialize pbesti ← Xi for all i
8: while iter < Tmax do
9: Compute C via Eq. (4.19) and SP via Eq.(4.5)

10: for each agent Xi in population do
11: Draw r1 ∼ U(0, 1)
12: Xtemp ← Xi

13: if r1 ≤ 0.2 then
14: Update Xtemp using PSO rule Eq. (3.2)
15: else
16: if SP < 0.25 then
17: if |C| < 1 then
18: Update Xtemp using Eq. (4.2)
19: else
20: Select Xrand randomly from population
21: Update Xtemp using Eq. (4.8)
22: end if
23: else
24: Update Xtemp using Eq. (4.6)
25: end if
26: if (iter even and Xi ∈ GroupB) or (iter odd and Xi ∈ GroupA) then
27: Generate Lévy step L
28: Xtemp ← Xtemp + α · L
29: end if
30: end if
31: Enforce boundary constraints on Xtemp

32: if f(Xtemp) < f(Xi) then
33: Xi ← Xtemp

34: if f(Xi) < f(pbesti) then
35: pbesti ← Xi

36: end if
37: if f(Xi) < f(Xbest) then
38: Xbest ← Xi

39: end if
40: end if
41: end for
42: iter ← iter + 1
43: end while
44: return Xbest
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Restricting PSO to 20% of agents per iteration provides controlled exploitation without
causing stagnation, ensuring that the algorithm maintains a productive balance between
exploration and convergence accuracy.

4.7 IMP-SLnO node localization

To gain the main goal of WSN localization, the IMP-SLnO node localization process is
carried out in the following steps, which are also summarized in Figure 4.11:

1. N target nodes and M anchor nodes are placed randomly within the network area.
As mentioned earlier, all nodes, whether targets or anchors, have the same commu-
nication range R.

2. Each target node calculates its distance to each anchor node using Eqs (4.9) and
(4.10).

3. When a target node has three or more anchors within its transmission range, this
node is called a localisable node.

4. Every localizable node runs the IMP-SLnO algorithm independently to determine
its position.

5. The algorithm identifies the best positions for all localisable nodes by minimizing
the ranging error, as defined by the objective function in Equation (4.12). Once a
node is localized, it functions as an anchor, helping other nodes to localize.

6. Steps 3–5 are repeated until all the target nodes get localized or no more target
node can be localized.

7. The localization process is evaluated using the Mean Localization Error (MLE) and
the Localization Success Ratio (LSR).

4.8 Experimental Results for IMP-SLnO

To evaluate performance, our analysis begins by comparing the proposed IMP-SLnO al-
gorithm with the baseline SLnO. Afterward, the comparison is extended to other classical
optimisation methods to demonstrate the improvements achieved by the enhanced version.
In additionally, the same experimental setup described earlier is adopted for IMP-SLnO,
where each algorithm is run 30 independent times using identical network deployments.
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Start 

initialize the population of sea lions based on halF OBL

Calculate the fitness of each sea lion 

While t < max_iteration

Select best sea lion with best fitness 

Calculate the C based on Eq. 13 

Stop

If |C| < 1  choose a random sea lion 
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NO

Figure 4.10: The IMP-SLnO algorithm’s Flowchart
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Figure 4.11: Node Localization General Process in WSNs

4.8.1 Comparison of Initial Population Diversity Between SLnO

and IMP-SLnO

Before comparing the performance of both algorithms, we first examine the diversity
and coverage of their initial populations. Figure 4.12 illustrates the initial population
distributions generated across four different runs. The SLnO algorithm (left) begins with
random random initialization, whereas IMP-SLnO (right) uses a half-OBL.

Across the runs, the IMP-SLnO initialization produces a noticeably wider and more
even spread of individuals. In the SLnO case (left), the randomly generated individuals
often cluster together, leaving some regions of the search space, especially the edges, less
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(a) Run 1

(b) Run 2

(c) Run 3

(d) Run 4

Figure 4.12: Initial population distribution comparison across four runs: SLnO with random
initialization (left) versus IMP-SLnO with half opposition-based initialization (right).

covered.In contrast, the half-OBL initialization (right) distributes the population more
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uniformly. This happens because each randomly generated position is paired with its
opposite position, which helps fill areas that would otherwise remain unexplored. As
a result, IMP-SLnO starts the optimization process with a more diverse and better-
distributed population. This gives it a stronger initial exploration capability compared to
the standard SLnO.

4.8.2 Experimental Analysis IMP-SLnO vs. SLnO

Here, all sensor nodes were randomly placed within a 100 × 100 area, consisting of 25
anchor nodes and 100 unknown nodes. The transmission range for all nodes was fixed
at 25 meters and remained unchanged throughout the experiments. The population size
and maximum number of iterations were set to 30 and 50, respectively. The parameters
of the deployment setup are summarized in Table 4.1, and the results are presented using
both tables and graphical illustrations.

Based on this setup, Figure 4.13 illustrates an example of a randomly generated de-
ployment scenario along with the estimated positions of the unknown nodes. The random
deployment of anchor and unknown nodes is shown in Subfigure 4.13a, while Subfig-
ures 4.13b and 4.13c display the positions estimated by IMP-SLnO and basic SLnO,
respectively, providing a visual comparison of their localization accuracy, where the con-
necting lines in red serve to emphasize the significant discrepancy between the real posi-
tions and the estimated positions. Meanwhile, the localization error (LE) for each target
node is depicted in Figure 4.14, and the detailed numerical values of the LE are compre-
hensively presented in Table 4.5. To improve visual clarity and allow detailed analysis,
any localization errors (LE) shown in Figure 4.14 exceeding 5 meters are capped at this
threshold. This ensures that smaller errors remain visible and are not overshadowed by
extreme outliers, making it easier to observe variations among most target nodes.

Table 4.5: Localization Errors (LE) Comparison of SLnO and IMP-SLnO

Algorithm Min LE Max LE AVR LE
SLnO 0.0073 16.7627 1.0028
IMP-SLnO 0.0040 4.0831 0.1828

Since a lower localization error (LE) reflects higher accuracy, the figure shows that
our IMP-SLnO algorithm achieves smaller errors for most target nodes when compared
with the basic SLnO. As we can see, about 25 nodes have localization errors larger than
1m with SLnO, and 3 nodes (nodes: 45, 54, and 66) even exceed 5m. In comparison,
with IMP-SLnO, only 1 node has an error above 1m, and none reach 5m. Nevertheless,
it is important to note that the localization error of IMP-SLnO is not the smallest for
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(a) Random deployment of anchor and un-
known nodes.

(b) Estimated positions using IMP-SLnO.

(c) Estimated positions using basic SLnO.

Figure 4.13: Example of node deployment and localization results. Subfigure (a) shows the
random placement of anchor and unknown nodes. Subfigures (b) and (c) show the estimated
positions obtained using IMP-SLnO and basic SLnO, respectively.

all target nodes. For example, for target nodes 32, 62, and 81, the localization error
obtained with SLnO is smaller than that calculated by IMP-SLnO. It can be seen from
Table 4.5 that SLnO exhibits large fluctuations in localization errors across nodes (range:
0.0073–16.763 m), while IMP-SLnO keeps the errors much smaller (range: 0.004–4.083 m).
On average, IMP-SLnO achieves a localization error of 0.1870 m, representing an 81.8%
reduction compared to SLnO’s 1.0028 m.

To conduct a thorough evaluation of the proposed algorithm in terms of mean local-
ization error (MLE), experiments were performed by varying both the transmission range
and the anchor density. The same experimental settings used for evaluating SLnO-CLA
were adopted to ensure a fair comparison. Tables 4.6 and 4.7, together with Figures 4.15
and 4.16, present the results of this comparative analysis.
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Figure 4.14: Comparison of localization error for each target node for IMP-SLnO and SLnO

Figure 4.15: The Mean Localization Error vs. Number of Anchors

From Figure 4.15 the MLE decreases for both algorithms as the anchor density in-
creases.

A notable observation in Figure 4.15 is that SLnO with 40 anchors (MLE = 0.5888
m) still does not reach the accuracy achieved by IMP-SLnO with only 25 anchors (MLE
= 0.1871 m). This indicates that IMP-SLnO can achieve accurate localization even with
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Table 4.6: The MLE for SLnO and IMP-SLnO under different number of anchors

MLE (m) IMP-SLnO SLnO
A=25 0.1871 1.0029
A=28 0.1061 0.8029
A=31 0.0988 0.7106
A=34 0.0503 0.6940
A=37 0.0314 0.6151
A=40 0.0219 0.5888

fewer anchors, which suggests the potential to reduce the number of required anchor
nodes. Furthermore, the IMP-SLnO consistently maintains lower error values across all
configurations, reflecting its stable performance.

Figure 4.16: The Mean Localization Error vs. different Transmission Range

From Figure 4.16, it is clear that increasing the transmission range improves localiza-
tion accuracy for both algorithms. At the same time, Table 4.7 shows that IMP-SLnO
consistently achieves the lowest errors, with its MLE reduced by more than 75% across
all tested ranges compared to SLnO.
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Table 4.7: The MLE for SLnO and IMP-SLnO under different Transsmission Range

MLE (m) IMP-SLnO SLnO
TR=20 0.3953 1.6202
TR=25 0.1871 1.0029
TR=30 0.1129 0.9310
TR=35 0.0987 0.8051
TR=40 0.0499 0.6413

4.8.3 Experimental Analysis of IMP-SLnO vs. Multiple Algo-

rithms

In this part, we further evaluate the performance of the IMP-SLnO algorithm by com-
paring it with several classical bio-inspired optimisation methods, including FA, PSO,
GWO, and our previously proposed SLnO-CLA. The heuristic parameters used for each
comparison algorithm are listed in Table 4.8. All algorithms were executed 30 indepen-
dent times under the same network settings and on the same deployment of target and
anchor nodes to ensure a fair comparison. The sensor nodes were randomly placed in a
100× 100 area containing 10 anchor nodes and 50 unknown nodes. A fixed transmission
range of 25 meters was used for all nodes and a noise measurement of 2%, while each
optimisation method operated with a population size of 30 and a maximum of 50 itera-
tions. The statistical summary of all runs is reported in Table 4.9. To provide a clearer
interpretation of these quantitative results, several figures are included. Figure 4.17 com-
pares the MLE values across the thirty runs for all algorithms. The range of minimum
and maximum errors is illustrated in Figure 4.18, giving a better view of how widely each
method can fluctuate in accuracy. The computation time for each algorithm is presented
in Figure 4.20, highlighting the differences in speed between the optimisation methods.
Finally, Figure 4.19 displays the localisation success rate (LSR) across of the six algorithm,
showing how reliably each algorithm manages to localise the unknown nodes.

4.8.3.1 Mean Localization Error and Standard Deviation Analysis

Table 4.9 and Figure 4.17 summarize the average localization performance of all tested
algorithms. Among them, IMP-SLnO achieves the lowest mean localization error (MLE)
of 0.2459 m, which indicates the highest accuracy. This represents a significant improve-
ment over the other algorithms: 55.9% better than GWO (0.5582 m), 91.1% better than
PSO (2.7530 m), 68.3% better than FA (0.7752 m), and 59.2% better than SLnO-CLA
(0.6027 m). These results demonstrate that the proposed IMP-SLnO provides substan-
tially more precise position estimates than other bio-inspired methods under identical
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Table 4.8: Algorithm-Specific Heuristic Parameters

Algorithm Parameter Value

PSO Inertia weight w 0.7
Cognitive coefficient c1 1.4
Social coefficient c2 1.4

GWO Control parameter a Decreases linearly 2→0

FA Attractiveness βmin 0.2
Absorption γ 1.0
Randomness α 0.5

IMP-SLnO Inertia weight w 0.7
PSO coefficients c1, c2 1.5
PSO probability 0.2
Cinitial 2
Cf inal 0
β 1.5
α 0.1× (UB− LB)

Table 4.9: Comprehensive Statistical Comparison Over 30 Independent Runs

Algorithm MLE Std Error Min Error Max Error SRL (%) CT
GWO 0.5582 0.5039 0.0237 33.6397 99.4 1.5
PSO 2.7530 1.5591 0.0159 27.8894 66.4 0.47
FA 0.7752 0.5709 0.0133 28.0654 99.6 5.24
SLnO-CLA 0.6027 0.3690 0.0393 7.4129 99.2 1.98
Imp-SLnO 0.2459 0.2025 0.0330 4.9376 99.4 2.77
Centroid 13.0966 0.0000 2.8507 22.0011 54.0 0.01

simulation conditions.
In addition, IMP-SLnO records the smallest standard deviation of 0.2025 m, which

reflects very stable performance. This represents a 59.8% improvement in stability com-
pared to GWO (0.5039 m), 87.0% better than PSO (1.5591 m), 64.5% better than FA
(0.5709 m), and 45.12% better than SLnO-CLA (0.3690 m). The low standard deviation
confirms that IMP-SLnO produces consistent localization results and is significantly less
sensitive to randomness in the search process compared to other algorithms.

4.8.3.2 Minimum–Maximum Error Range Analysis

The minimum and maximum localization errors reported in Table 4.9 and Figure 4.18
provide further insight into algorithm stability. Imp-SLnO maintains a low maximum
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Figure 4.17: MLE comparison across 30 runs

Figure 4.18: Min-Max Error Range Visualization

error of 4.9376, which is much smaller than the maximum errors of GWO (33.6397), PSO
(27.8894), and FA (28.0654). This indicates that Imp-SLnO effectively escape the local
optima.

SLnO-CLA also shows a clear improvement compared to classical bio-inspired algo-
rithms, with a maximum error of 7.4129. However, Imp-SLnO further reduces this value,
demonstrating better control over extreme error cases. Overall, the narrow error range of
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Figure 4.19: The LSR for all algorithms

Figure 4.20: The computation time average (CT(s)) across 30 runs
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Imp-SLnO confirms its robustness and stable behavior across all localized nodes.

4.8.3.3 Localisation Success Rate (LSR) Analysis

The localization success rate (LSR) results presented in Table 4.9 and Figure 4.19 show
that most bio-inspired algorithms achieve high success rates. FA achieves the highest LSR
of 99.6%, followed by GWO and IMP-SLnO at 99.4%. SLnO-CLA also performs well with
an LSR of 99.2%, while PSO records a lower value of 66.4%. In contrast, the Centroid
method achieves only 54.0%.

Overall, IMP-SLnO combines a high success rate with the lowest localization error and
strong stability, making it the most effective method among the compared algorithms.

4.8.3.4 Computation Time Analysis

In terms of computation time, Figure 4.20 shows the computation time of the compared
methods. The Centroid method is the fastest (0.01 s), but its localization accuracy is
very low (MLE = 13.0966 m) and the success rate is limited (54.0%).

Among the optimization-based methods, PSO is the fastest (0.47 s), followed by GWO
(1.5 s). However, this faster execution comes with reduced accuracy, especially for PSO,
which shows higher localization error and lower success rate. GWO provides better accu-
racy than PSO but still does not match the performance of the proposed method.

FA requires the highest computation time (5.24 s), making it the slowest among the
compared algorithms, while its accuracy (0.7752 m) remains lower than that of GWO,
SLnO-CLA, and Imp-SLnO.

SLnO-CLA requires 1.98 s and achieves reasonable accuracy (0.6027 m) with a high
success rate (99.2%). The proposed Imp-SLnO requires 2.77 s, which is slightly higher
than SLnO-CLA, but it provides significantly better accuracy (0.2459 m) and lower stan-
dard deviation (0.2025 m).

Although Imp-SLnO is slower than simpler algorithms such as PSO and GWO, the
additional computation time remains acceptable and is compensated by the clear improve-
ment in localization accuracy and stability.

4.9 Conclusion

In this chapter, two new localization algorithms for WSNs were proposed, namely SLnO-
CLA and IMP-SLnO. Both approaches are based on the bio-inspired SLnO algorithm and
aim to improve the accuracy of node localization.
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The first approach, SLnO-CLA, combines the centroid localization method with SLnO
in order to enhance the accuracy of classical centroid-based localization. The second ap-
proach, IMP-SLnO, introduces several improvement strategies to strengthen the explo-
ration ability and stability of the basic SLnO algorithm.

Simulation results show that SLnO-CLA provides better localization performance than
the classical centroid method, while IMP-SLnO further improves accuracy and stability
compared to SLnO-CLA and other existing bio-inspired algorithms. These results confirm
the effectiveness of the proposed approaches for localizing unknown nodes in WSNs.

119



General conclusion

Localization plays a central role in the effectiveness of Wireless Sensor Networks,
especially when nodes are randomly deployed and precise position information cannot be
obtained using GPS. Traditional localization techniques often suffer from limited accuracy
and sensitivity to noise, which motivates the use of optimization-based approaches.

In this thesis, localization in WSNs was addressed using bio-inspired metaheuristic
algorithms. Two algorithms were proposed. The first one, SLnO-CLA, combines the
simplicity of the Centroid Localization Algorithm with the exploration capability of the
Sea Lion Optimization algorithm in order to improve centroid-based localization accu-
racy. The second contribution, IMP-SLnO, is an enhanced version of the original SLnO,
designed to provide better exploration, improved stability, and faster convergence when
estimating unknown node positions.

Different simulations were conducted under identical deployment conditions and re-
peated over multiple independent runs to account for the stochastic nature of metaheuris-
tic algorithms. The results showed that SLnO-CLA significantly improves the accuracy of
classical centroid localization, while IMP-SLnO achieves the lowest localization error and
the most stable performance among all compared methods. Although some algorithms of-
fer lower computation time, they generally exhibit higher variability, whereas IMP-SLnO
provides a better balance between accuracy, stability, and efficiency.

Despite these promising results, this work is limited to two-dimensional static net-
works. Future work may extend the proposed algorithms to three-dimensional environ-
ments, mobile sensor networks, and more realistic energy models.

Overall, this thesis confirms that bio-inspired metaheuristic algorithms are effective
tools for localization in Wireless Sensor Networks and that the proposed SLnO-CLA and
IMP-SLnO algorithms provide reliable and accurate solutions under various deployment
scenarios.
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Contributions

This appendix summarizes the scientific contributions produced during the course of
this thesis.

Journal Articles

• A. Tabbi and S. Rabhi, “Optimization of Centroid-Based Location Using Sea Lion
Optimization Algorithm in Wireless Sensor Networks,” Automatic Control and Com-
puter Sciences, vol. 59, pp. 610–622, 2025. doi:10.3103/S0146411625701172.

International Conference Papers

• A. Tabbi and S. Rabhi, “Localization in Wireless Sensor Networks Using Bio-Inspired
Techniques: A Survey,” presented at the 15th International Hybrid Conference on
Science, Computing, Chemistry & Management (ICSCCM 2024).

National Conference Papers

• A. Tabbi and S. Rabhi, “A Review on the Application of Metaheuristic Algorithms
in WSN Localization,” presented at the Second National Conference on Applications
of Artificial Intelligence (A2I-25).

• A. Tabbi and S. Rabhi, “Grey Wolf Optimizer-Based Accurate Node Localization
in WSNs,” presented at the First National Conference on Artificial Intelligence and
Socio-Economic Applications (AISEA’25).
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