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Abstract

This dissertation addresses the fundamental challenge of energy constraints in

Wireless Sensor Networks (WSNs) that limits their operational lifetime in Internet

of Things (IoT) applications. The research develops two innovative routing proto-

cols that leverage machine learning to optimize energy utilization: (1) RL-AEBRP

(Reinforcement Learning-based Adaptive Energy Balancing Routing Protocol) for

conventional battery-powered WSNs, and (2) EH-RL-AEBRP (Energy-Harvesting

RL-AEBRP) for networks with energy harvesting capabilities.

The proposed framework introduces three key innovations: (i) a Q-learning based

adaptive routing mechanism that dynamically adjusts to node energy levels and

network conditions, (ii) an integrated energy harvesting prediction model, and

(iii) a mathematical formulation for energy consumption optimization. Extensive

simulations in MATLAB demonstrate significant improvements over state-of-the-

art protocols (RL-EBRP) across multiple metrics:

The protocols particularly excel in dynamic IoT environments, maintaining stable

performance under varying network densities and traffic loads. Theoretical analy-

sis proves the convergence of the Q-learning algorithm, while simulation results val-

idate the framework’s effectiveness in realistic scenarios. This work provides both

theoretical foundations and practical solutions for sustainable WSN deployments,

with direct applications in smart city infrastructure, precision agriculture, and

remote health monitoring systems. The proposed energy-aware routing paradigm

opens new research directions for machine learning in resource-constrained net-

works.
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Chapter 1

Introduction

1.1 Background

WSN (Wireless Sensor Network) form the backbone of numerous upcoming ap-

plications, i.e. smart city, smart homes, healthcare monitoring, environmental

monitoring, disaster management, etc. These networks contain a multitude of

sensor nodes distributed over an area of interest to wirelessly gather and dissemi-

nate a wide array of information. Such a deployment, as illustrated in Figure 1.1

[1, 2]. WSNs are especially prominent in applications where human involvement

is difficult or impractical, for instance, monitoring wilderness or dangerous factory

settings .

Figure 1.1: Sensor node deployment in an area of interest.

1
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A typical sensor node (SN) is composed of sensing, processing, communication

and power supply modules. These nodes transmit the collected data to a Base

Station (BS) or a sink node, either directly or through multi-hop communication

[3]. In most real-world applications, sensor nodes (SN) rely on a restricted energy

supply, often in the form of non rechargeable batteries [4, 5]. Consequently,

they operate under strict energy constraints, making efficient energy management

essential. To ensure the effective execution of fundamental tasks such as sensing,

processing, and communication, energy consumption must be carefully optimized

[4–6]. Structure of wireless sensor node (WSn) is give in Figure.1.2.

Figure 1.2: Wireless Sensor Node Structure.

While WSNs offer immense utility, the limited energy sources of sensor nodes (SN)

are a major bottleneck. In many deployments, replacing batteries is impractical

due to cost, accessibility, or environmental factors. To address this issue, energy

harvesting (EH) techniques have emerged as a promising solution. EH enable

sensor nodes (SN) to produce energy from ambient energy sources such as sun

light, Heat, or radio frequency (RF) signals. By integrating energy harvesting
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mechanisms with efficient data routing protocols, the longevity and performance of

WSN systems can be significantly improved. So energy efficient routing protocols

are designed to prolong the operational lifetime of the network [7].

Energy harvesting technologies have gained traction as a means to mitigate energy

constraints in WSNs. For instance, solar power is ideal for outdoor deployments

with ample sunlight, while thermal energy converts heat differences into usable

power. Vibrational energy, on the other hand, can be harvested from mechani-

cal vibrations in industrial environments. Although EH extends the operational

lifetime of sensor nodes, incorporating harvested energy into routing protocols

remains a challenge. An efficient routing protocol must dynamically adapt to fluc-

tuating energy availability while balancing the communication load across nodes

[8].

Wireless Sensor Networks (WSNs) are used over many domains to facilitate real

time monitoring and decision making. This includes healthcare monitoring, pre-

cision agriculture, industrial automation, environmental monitoring, and smart

cities. In the domain of healthcare supervision, wearable sensors play a pivotal

role in tracking patient vitals, allowing patients to be monitored from a distance

while also facilitating the continuous monitoring of heart conditions leading to

early detection of such cases [9]. Precision agriculture benefits from WSNs by

monitoring soil moisture, temperature, and crop health, optimizing farming effi-

ciency, while WSN-based irrigation systems enhance water usage [10]. Industrial

automation relies on WSNs for monitoring machinery health, predicting failures

to minimize downtime, and providing real-time alerts for hazardous conditions to

improve worker safety [11]. Environmental monitoring applications include de-

tecting and tracking natural disasters such as floods and forest fires, as well as

monitoring air and water quality in urban areas. In smart cities, WSNs enable

traffic monitoring, smart parking systems, and efficient energy management [12].

These applications underline the need for robust, energy efficient WSN protocols

that ensure reliable data transmission over extended periods.

Machine Learning (ML), Deep Learning (DL), and Deep Reinforcement Learn-

ing (DRL) enhance Wireless Sensor Network (WSN) performance by optimizing

energy efficiency, routing, and data management.
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ML and DRL, subsets of Artificial Intelligence (AI), enable data-driven decision-

making. ML includes supervised, unsupervised, and DRL methods. DRL, using

Artificial Neural Networks (ANNs), extracts patterns from data, benefiting appli-

cations like image recognition and predictive analytics.

For WSNs, DRL trains networks using historical data to optimize channel alloca-

tion and routing. However, model training demands high computational power,

limiting feasibility in some cases.

WSNs integrate modern technologies for efficient sensing and computation. ML

and DRL enhance WSNs in several ways:

i. Energy-efficient routing: ML predicts energy consumption, optimizing data

transmission paths.

ii. Object detection & tracking: DRL aids in monitoring vehicles and intruders

for security.

iii. Anomaly detection: ML identifies sensor data anomalies, enabling early in-

terventions.

iv. Predictive maintenance: ML forecasts node failures, reducing downtime.

v. Resource allocation: ML assigns tasks based on node capabilities, maximiz-

ing efficiency.

These techniques improve WSN reliability and efficiency. Future research should

enhance accuracy while maintaining coverage, connectivity, and computational

efficiency [13].

WSN design depends on coverage, connectivity, and power allocation. Transmis-

sion power affects coverage, but reducing it extends node lifespan [14]. Proba-

bilistic modeling optimizes energy use and coverage, balancing connectivity and

power savings.

Routing is critical for reliable data transfer in WSNs. Challenges include:

i. Addressing: Large sensor deployments make global addressing impractical.
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ii. Data streaming: Continuous data transmission conflicts with standard net-

works.

iii. Redundancy: Multiple sensors generate similar data, increasing energy and

bandwidth use [15].

1.2 Problem Statement

Routing in WSNs involves determining the optimal path for transmitting data

from sensor nodes to the sink. Energy-efficient routing is critical because commu-

nication consumes a significant portion of a node’s energy. In multi-hop routing,

intermediate nodes relay packets on behalf of others, reducing the transmission

distance for individual nodes. However, this approach introduces several chal-

lenges:

1.2.1 Dynamic Adaptability

WSNs operate in dynamic environments where node failures, energy depletion, or

environmental interference frequently occur. Most existing protocols are static,

failing to adapt to these changes effectively. This leads to dropped packets, in-

creased energy consumption, and reduced network reliability [16].

1.2.2 Energy-Efficient Routing

The energy consumed for transmitting a packet over a distance d can be modeled

as follows:

Etx = k · Eelec + k · ϵ · dn (1.1)

where k is the packet size in bits, Eelec represents the energy consumed per bit for

processing, ϵ is the amplifier energy constant, d is the transmission distance, and n

is the path-loss exponent, typically n = 2 for free space but varying between 3 and

4 in urban environments. This model highlights the exponential impact of distance

on energy consumption, emphasizing the importance of multi-hop communication
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in energy-constrained wireless sensor networks (WSNs). Instead of direct long-

range transmissions, multi-hop routing reduces the required transmission power

per hop, thereby prolonging network lifetime. Since energy harvesting in WSNs

is limited and unpredictable, reducing transmission distance through multi-hop

communication helps optimize energy consumption and enhances overall network

performance [16]. To minimizing the transmitting energy Etx a balance is required

between direct and multi-hop communication intermediate nodes in multi-hop

paths deplete their energy quickly and die out that create break in path called

hot-spot that fragment the network and reduce the network lifetime [17].

1.2.3 Integration of Energy Harvesting

While energy harvesting offers additional energy resources, existing protocols often

fail to utilize harvested energy effectively. Routing decisions should prioritize nodes

with surplus energy while avoiding nodes nearing depletion [18].

1.2.4 Load Balancing

Without proper load balancing, intermediate nodes in heavily used paths deplete

their energy faster. Uneven energy consumption across the network reduces the

overall network lifetime, particularly in high-traffic scenarios [19].

1.3 Research Objectives

This research aims to develop an Energy-Efficient Multi-Hop Routing Protocol

using RL for energy-harvesting WSNs. The key objectives are:

i. To design a reinforcement learning-based routing protocol that dynamically

adapts to network conditions.

ii. To integrate energy harvesting into routing decisions, maximizing the uti-

lization of harvested energy.
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iii. To evaluate the protocol against existing solutions in terms of network life-

time and energy consumption.

1.4 Contributions

The primary contributions of this research are:

i. A novel reinforcement learning-based routing protocol that optimizes energy

efficiency in multi-hop WSNs.

ii. Integration of energy harvesting models to dynamically adapt to available

energy resources.

iii. Comprehensive simulation and performance evaluation demonstrating sig-

nificant improvements over state-of-the-art protocols.

1.5 Thesis Organization

This thesis investigates energy-efficient routing in Wireless Sensor Networks with

energy harvesting.

i. Chapter 1: Introduction outlines the energy challenges in WSNs, defines the

research problem, and presents EH-RL-AEBRP’s objectives.

ii. Chapter 2: Background Study covers WSNs, IoT, Q-learning, and energy

harvesting, establishing foundational concepts.

iii. Chapter 3: Literature Review evaluates prior routing protocols (e.g., RL-

EBRP), highlighting gaps addressed by EH-RL-AEBRP.

iv. Chapter 4: Proposed Model describes RL-AEBRP and EH-RL-AEBRP Q-

learning framework, energy models, and MATLAB simulation setup.

v. Chapter 5: Results and Performance Evaluation presents simulation results

(network lifetime, packet delivery ratio) compared to benchmarks and con-

cludes with RL-AEBRP and EH-RL-AEBRP contributions and limitations.
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Background Study

2.1 Overview

This chapter gives an overview of the fundamental problems of Wireless Sensor

Networks (WSNs), specifically energy harvesting WSNs, and applying Reinforce-

ment Learning (RL) to this field. The chapter first introduces the fundamental

features of WSNs, with special focus on the potential and issues of energy har-

vesting methods. The chapter then provides a concise overview of Reinforcement

Learning (RL), detailing its basic concepts, categories, and well-known algorithms

applicable to adaptive and dynamic systems.

Finally, the chapter summarizes the pros and cons of leveraging RL application in

energy harvesting WSNs, as well as its role in extending a life-time of the network

and maximizing its performance in energy-limited scenario.

2.2 Wireless Sensor Networks

Wireless sensor networks (WSNs) are one of the most promising and evolving

technologies that are used in various real-time applications in diverse domains

such as military, automation, vehicle tracking, environmental, wildlife tracking,

agriculture, etc [7].WSNs have several merits including; low cost, small in size,

easy of deployment, self-organization, and low maintenance cost [20]. They include

8
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small sensor nodes, deployed randomly over a specific domain for measurement and

data collection. The essential hardware of a sensor node consists of a sensing unit,

transceiver, processing unit, battery, and memory unit.

WSNs can include Mobile Wireless Sensor Networks (MWSNs), which have broad

applications in various fields. In a mobile wireless sensor network, the sensor

nodes can move within the network. The rapid growth of mobile technology and

the Internet has made MWSNs a popular research area in WSNs.

2.2.1 Potential Benefits of WSNs

One of the primary benefits of WSNs is their flexibility and adaptability. Sensor

nodes can be deployed in remote or hard-to-reach areas, allowing for the monitor-

ing of locations that are otherwise inaccessible [21] this is due to the self-organizing

and ad-hoc nature of these networks. Moreover, WSNs are more economical than

wired sensor systems, and thus more affordable for a wide range of applications

[22].

Another major benefit of WSNs is that they can provide continuous data and

consistent monitoring. Sensor nodes can be programmed to gather data periodi-

cally and send it to a central processing unit for immediate analysis and action.

In addition, growing advancements in energy-harvesting technologies enable sen-

sor nodes to extract energy from their environment, be it from solar, thermal or

kinetic sources, thus, providing an extra layer of sustainability and longevity to

WSN deployments at the cost of frequent battery replacements during the WSN

lifetime [23].

Besides this, wireless sensor networks are also utilized in many areas, equally

healthcare, agronomy, smart cities, and the industry.

2.2.2 Possible Applications of WSNs

The versatility of WSNs has led to their adoption in a wide range of applications,

each with its unique set of requirements and challenges some application are as

follows.
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2.2.2.1 Military Applications

WSNs have found applications in the military domain, where they can be used

for battlefield surveillance, reconnaissance, and targeting systems. Sensor nodes

can be deployed in remote locations to monitor troop movements, equipment, and

vehicle activity, providing valuable intelligence to military personnel [24, 25].

2.2.2.2 Environmental Monitoring

WSNs have been successfully deployed for environmental monitoring applications,

such as forest fire detection, water quality monitoring, and wildlife tracking. In

such cases, sensor nodes are deployed in the environment to monitor specific pa-

rameters, including temperature, humidity, soil moisture and pH levels. WSNs

can also be embedded with IoT technology to facilitate smart city functionality by

supervising environmental conditions [26]. as ensures interfacing with other urban

instrumentation and expands the capacities for real-time analysis of air pollution,

noise, and traffic conditions.One specific example of environmental monitoring us-

ing WSNs is deploying sensor nodes on agricultural fields to monitor soil moisture

and humidity levels. Farmers can optimize irrigation schedules, reduce water con-

sumption, and improve crop yields by collecting and analyzing this kind of data.

2.2.2.3 Healthcare and Assisted Living

Adoption of WSNs has also extended to the medical and healthcare sector.For ex-

ample, sensor nodes can monitor patient indicators, including heart rate and blood

pressure, blood oxygen levels, enabling early identification of health problems and

the capability to conduct remote patient monitoring. Wireless sensor networks

(WSNs) can also be used to track the location and movement of patients, se-

niors, or healthcare workers, enhancing safety and efficiency in healthcare settings

[27].WSNs are also used in the field of assisted living, where WSNs continuously

monitor the activity of the elderly or disabled individuals and notify caregivers

about any behavioral changes or potential emergencies. This can allow these in-

dividuals to remain independent at home for a longer period while providing even

greater safety and support [28].
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2.2.2.4 Transportation and Logistics

Data for transportation and logistics Vehicle tracking, traffic, and supply chain are

some of the applications where WSNs have been used.For example, sensor nodes

can be deployed in vehicles, or alongside transport routes to gather information on

traffic flow, road conditions, and vehicle telemetry. By computing this information,

administrators will be able to route delivery trucks more efficiently, help keep

congestion at bay, and ensure that transportation and logistics operations run

smoothly [29].One example of WSN application in this domain has sensor nodes

that monitor the condition of heavy machinery such as construction or mining

equipment. This ability to monitor variables such as vibration, temperature, and

oil quality in real time empowers operators to introduce predictive maintenance,

mitigate the risk of sudden breakdowns, increase operational efficiency, and reduce

costs [30].

2.2.3 Wireless Sensor Networks Classifications

Due to the diversity of application used for wireless sensor networks, there are

different types of wireless sensor networks classified based on their architecture.

2.2.3.1 Structured WSNs

They are characterized by a fixed placement of sensor nodes, usually in a regular or

clustered structure as depicted on Figure 2.1. This creates more effective routing

of data and improved management and maintenance of the network [31].

2.2.3.2 Unstructured WSNs

which are depicted in Figure 2.2, unstructured networks have a more random

node distribution and are usually deployed randomly [32].

This can serve as an advantage in case the configuration has to be done in the de-

ployment area and accessibility is limited like in the mountains or extreme weather

[25].
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S1 S2

S3 S4

Sink

Structured Grid

Efficient Routing

Figure 2.1: Structured WSN Layout

S1

S2

S3

S4

Sink

Random Deployment

Ad-hoc

Figure 2.2: Unstructured Wireless Sensor Network Deployment

2.2.3.3 Static Wireless Sensor Network

A key class of WSN is the static wireless sensor network in which sensor nodes are

spread out over a predetermined location.

These networks are commonly applied in environmental monitoring, military surveil-

lance, and industrial sensing [33, 34]. This means the routing protocols in static

WSNs must ensure the efficiency of transmitting data from the sensor node to the

sink to gather information and process it further [35].

Routing protocols at this level of network must take into account issues including

energy efficiency and reliability of the data since the nodes are required to use

limited battery resources [36, 37].
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S1

S2

Gear

S3

S4

Sink

Tower

Fixed Positions

Energy-Efficient

Figure 2.3: Static Wireless Sensor Network with Fixed Nodes

2.2.3.4 Mobile Wireless Sensor Networks

in MWSN, sense nodes are fixed to mobile objects that are mobile inside the

networks. This mobility improves the coverage and adaptability of the network,

making it appropriate for mobile applications, such as either wildlife monitoring or

disaster recovery scenario [38]. Mobile sinks are nodes that go around collecting

the data from stationary sensors, and their integration can enhance data collection

efficiency significantly by minimizing data transmission energy [37], [33, 35].

S1 S2

M1
M2

Sink

Static Nodes

Mobile Coverage

Figure 2.4: Mobile Wireless Sensor Network with Dynamic Nodes

2.2.3.5 Hybrid WSNs

HWSNs consist of static and moving nodes, which use the feature of both types

of configurations. The above yields a potential application in smart agriculture

and animals tracking, where a stable backbone of static sensors interrogates, to

maximize the data acquisition and monitoring [38].
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By combining the best features of static and mobile networks, the hybrid approach

provides flexibility and efficiency for data collection.

Hybrid Wireless Sensor Networks combine both static and mobile nodes, leveraging

the strengths of each configuration. This architecture is beneficial for applications

like smart agriculture and animal tracking, where a stable backbone of static

sensors interacts with mobile nodes to optimize data collection and monitoring.

A hybrid method overcomes the challenges associated with static or mobile-only

networks, offering improved flexibility and efficiency in data collection.

S1 S2

M1

M2

Sink

Tower

Static Backbone

Mobile Optimization

Figure 2.5: Hybrid Wireless Sensor Network Architecture

2.2.3.6 Wireless Body Area Networks

WBANs are a type of WSN focused on medical applications, which involve sensors

being mounted on or adjacent to the human body to track vital signs and health

statistics.

These networks have low power consumption and high qualities to deliver real-time

data in reading of tele-medicine and personal health monitoring [39].
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Considering the unique challenges associated with human body motion such as

mobility etc, the design of WBANs should also comply with continuous monitoring

requirements but not at the cost of user’s comfort.

S1
S2

Pulse

S3
S4

Low Power

Real-Time Monitoring

Sink

Figure 2.6: Wireless Body Area Network on Human Body

2.2.3.7 Multimedia Wireless Sensor Networks

WSN that is defined as MWSN often consists of a network of sensors that can

capture and convey multimedia data like video, audio, and images.

They are ideal for use in applications needing higher levels of detailed and contin-

uous analysis, like surveillance, traffic observation, and environmental monitoring

[40].

S1

Cam S2

Mic
S3

Img
S4

Sen

Sink

Video

Audio

Image

Data

Multimedia Sensors

Continuous Monitoring

Figure 2.7: Multimedia Wireless Sensor Network Data Flow
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2.2.3.8 Wireless Sensor Network Underwater and Underground

Highly specialized WSNs exist for difficult-to-access environments like underwater

or underground. UW-WSN are used for applications like ocean exploration, pol-

lution monitoring, and disaster prevention [41], while UG-WSN are employed in

applications like mining, soil monitoring, and infrastructure monitoring.

S1
S2

Sink

S3
S4

Sink

Underwater

Underground

Figure 2.8: Underwater and Underground WSN Deployment

2.2.3.9 Aerial WSNs:

Aerial Wireless Sensor Networks, which utilize drones or other aerial platforms

to deploy sensor nodes, have also been explored for applications such as precision

agriculture, disaster response, and environmental monitoring.

S1 S2

UAV1
UAV2

Ground Sensors

Aerial Coverage

Figure 2.9: Aerial Wireless Sensor Network with UAVs
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2.3 Static Wireless Sensor Network

Static Wireless Sensor Networks find use across many deployment settings but face

distinct problems and barriers when placed in land, underground, and underwater

conditions. Sensor networks have different types depending on their location type

which includes terrestrial nodes overground and underground devices.

Sensor nodes in static WSNs stay in place after installation because their fixed

deployment proves useful for environmental monitoring industrial control and mil-

itary watch duties [42].

2.3.1 Network Topology and Routing Protocols

The working of static WSNs is heavily affected by their network topology, which

determines how data packets are routed from sensor nodes to the sink. Common

topologies used in static WSNs include flat/unstructured, chain, tree, and cluster-

based configurations.

Each topology has its advantages and limitations:

i. Flat/Unstructured Topology: All nodes have equal roles, making it simple

to deploy but less scalable for large networks [43].

ii. Chain Topology: Nodes are connected in a linear sequence, which is energy-

efficient but vulnerable to node failures [44].

iii. Tree Topology: Nodes are organized hierarchically, enabling efficient data

aggregation but requiring careful management of parent-child relationships.

iv. Cluster-Based Topology: Nodes are grouped into clusters, with cluster heads

responsible for data aggregation and transmission.

This approach offers better scalability and energy efficiency while incurring

overhead for cluster formation and maintenance.

Hybrid topologies mixing different configurations (e.g, star, tree, mesh, etc.) are

commonly adopted for large scale static WSNs.
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N4 N5

Sink

Figure 2.10: Flat/Unstructured Topology: All nodes connect directly to the
sink.

N1 N2 N3 N4 Sink

Figure 2.11: Chain Topology: Nodes are connected in a linear sequence to
the sink.

Sink

N1 N2

N3 N4 N5 N6

Figure 2.12: Tree Topology: Nodes are organized hierarchically with parent-
child relationships.
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Sink

CH1

N1 N2

CH2

N3 N4

Figure 2.13: Cluster-Based Topology: Nodes are clustered with cluster heads.

As a result, hybrid topologies improve the performance of the network and help bal-

ance energy consumption while ensuring communication reliability. These topolo-

gies and resource constraints of SN must be taken into account for routing pro-

tocols for static WSNs so that the data we send reaches its intended destination

efficiently.

2.3.2 Challenges in Static WSNs

Routing the key in static WSNs, so designing an effective routing protocol is crucial

for reliable data delivery. Key challenges include:

i. Energy Efficiency: In static WSNs, each node is typically battery-powered,

so energy conservation becomes a critical issue. keeping the network and

routing protocols working and maintaining as low energy consumption as

possible.

ii. Data Aggregation: They are the techniques that are required to aggregate

the data efficiently such that the redundant transmissions can be reduced

and which can prolong the network lifetime.

iii. Network Scalability: The routing protocol needs to scale efficiently with the

increasing number of nodes without degrading performance.

iv. Limited resources: Static WSNs are often used under strict resource con-

straints, including limited memory, computing, and bandwidth. These con-

straints need to be considered in routing protocols for reliable operation.
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2.3.3 Unique Characteristics of Static WSNs

No node mobility issues are faced by static WSNs, unlike mobile WSNs. Nonethe-

less, the fixed nature of these types of content also has curated complexities,

including:

i. Deployment of nodes: Static nodes need to be deployed in a manner that

improves coverage and connectivity .

ii. Fault Tolerance: In a static WSN, failure of individual nodes can result

in coverage holes and network partitioning; thus, a robust fault-tolerance

mechanism is mandatory.

iii. Network Lifetime: static nature of the network provides that the failure of

nodes due to battery depletion and/or hardware issues might significantly

affect the overall network lifetime.

iv. Network Maintenance: Static nodes, once deployed, cannot readily be repo-

sitioned to fix coverage holes, or other node failures.

v. Environmental Factors: Static WSNs in extreme environments (e.g., under-

ground or underwater) need to face the signal attenuation, interference and

physical damages.

To summarize, static wireless sensor networks(WSNs) consist of sensors that are

immobile, making it well-suited for applications that require long-term data col-

lection and monitoring.

Yet, these challenges, such as limited data efficiency, scalability, and computational

restrictions, pose important issues and need to be addressed for the growth and

evolution of.

2.3.4 Energy Harvesting Static Wireless Sensor Networks

Wireless Sensor Networks (WSNs) are deployed in various environments, including

terrestrial, underground, and underwater settings, each presenting unique chal-

lenges and constraints.
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Energy Harvesting Wireless Sensor Networks (EH-WSNs) are a specialized cate-

gory of WSNs that utilize energy harvesting technologies to power sensor nodes.

Unlike traditional WSNs, which rely on finite battery resources, EH-WSNs harvest

energy from ambient sources such as solar, thermal, vibration, or radio frequency

(RF) signals, enabling sustainable and long-term operation.

Energy harvesting mechanisms play a crucial role in the design and deployment

of EH-WSNs.

2.3.4.1 Energy Harvesting Sources and Mechanisms

Common energy harvesting sources for EH-WSNs include [23]:

i. Thermal Energy:Thermoelectric generators can harvest energy from temper-

ature differences, such as those found in industrial settings or human body

heat.

Heat Source

TEG

Cold Sink

Node

Heat

Cooling

Electricity

Figure 2.14: Thermal Energy Harvesting: Thermoelectric generators (TEG)
convert temperature differences into electrical energy.

ii. Vibration Energy: Piezoelectric, electromagnetic, or electrostatic transduc-

ers can convert mechanical vibrations into electrical energy, suitable for EH-

WSNs installed on machinery or structures.
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Figure 2.15: Vibration Energy Harvesting: Piezoelectric transducers convert
mechanical vibrations into electrical energy.

iii. Radio Frequency Energy: Ambient RF signals, such as those from wireless

communication networks, can be harvested using RF energy harvesters and

used to power sensor nodes [23, 45].

RF Source

RF Harvester

Node

RF Signals

Electricity

Figure 2.16: Radio Frequency Energy Harvesting: RF harvesters convert
ambient RF signals into electrical energy.

The choice of energy harvesting source depends on the specific application, envi-

ronmental conditions, and energy requirements of the EH-WSN.

Energy harvesting mechanisms in EH-WSNs typically involve the following com-

ponents:
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i. Energy Harvesting Unit: Responsible for converting the ambient energy

source into electrical energy, such as photovoltaic cells, thermoelectric gen-

erators, or piezoelectric transducers.

ii. Energy Storage Unit: Stores the harvested energy for future use, typically

in the form of rechargeable batteries or supercapacitors.

iii. Power Management Unit: Manages the flow of energy from the harvest-

ing unit to the storage unit and the sensor node, ensuring efficient power

utilization.

The process of solar energy harvesting is shown in Figure 2.17 .

Figure 2.17: Solar Energy Harvesting Process.

Thus, the design of the energy harvesting mechanisms should be conducted with

regards to energy conversion efficiency, power density, form factor, and cost to

optimize the overall performance of the EH-WSNs. [23, 46, 47].

2.3.5 Routing in EH-WSN

A key challenge in EH-WSN is designing efficient routing protocols that can adapt

to the dynamic energy availability of the sensor nodes. Routing protocols in EH-

WSNs should consider the following factors:

i. Residual Energy: The residual energy in the SNs energy storage should be a

primary factor in routing decisions to ensure balanced energy consumption

and network lifetime.
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ii. Energy Harvesting: The current EH rate of every node should be considered

to prioritize nodes with higher energy harvesting capabilities.

iii. Energy Consumption: The energy required for data transmission and other

node activities should be minimized to avoid depleting the node’s energy

reserves.

Many routing protocols have been proposed for EH-WSNs, such as energy-efficient

clustering algorithms [48] and reinforcement learning-based approaches [45] to

optimize the selection of cluster heads and communication routes.

2.4 Artificial Intelligence

Applying the concepts of Artificial Intelligence (AI) and Machine Learning (ML),

particularly Reinforcement Learning (RL), to static Energy Harvesting

Wireless Sensor Networks (EH-WSNs) presents a unique set of opportunities

and challenges. Unlike Mobile WSNs, static EH-WSNs consist of stationary nodes

that rely on harvested energy (e.g., solar, thermal, or RF energy) to operate. The

primary focus in such networks is on energy efficiency, energy-aware routing,

and maximizing network lifetime.

Below is a detailed discussion of how AI and RL can be applied to static EH-WSNs:

One of the key issues addressed in this domain is the autonomous configuration

and adaptation of sensor nodes to their environment [49]. Existing solutions

either rely on manual configuration or use static heuristics, which fail to adapt

to changes in environmental conditions that affect energy harvesting. To address

this, researchers have proposed the use of Reinforcement Learning, where the

sensor nodes can learn and adapt their operational parameters like sensing rate,

communication intervals, and computation tasks to maximize energy utilization

and application utility [49] [50] .

Another critical aspect is the design of routing protocols for energy-efficient data

delivery. Conventional routing algorithms do not account for the dynamic nature of

energy availability in EH-WSNs. Reinforcement Learning-based approaches have
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been developed that enable nodes to intelligently select cluster heads and routing

paths, balancing energy consumption and network lifetime. For example, one

study proposed a RL-based energy-aware clustering algorithm, where neighboring

nodes select an optimal cluster head by observing factors like energy consumption

and distance to the base station [51]. A two-layer RL network was also framed by

anotherwork to optimize the sum rate and energy prediction error simultaneously

in IoT networks [45].EH-WSNs will be a promising solution for IOT and other

data traffic applications with higher energy efficiency and longer network lifetime

leading to better performance by integrating the AI and RL techniques.

2.4.1 Contribution of AI and RL in Static EH-WSNs

i. Adaptive Decision-Making: The learning capability of Reinforcement Learn-

ing allows the sensor nodes to autonomously update their operational param-

eters, which include duty-cycling, sensing rate and communication intervals,

to optimally respond to the dynamic environmental conditions as well as en-

ergy harvesting patterns without human intervention or the need for a static

heuristic [49] [51].

ii. Energy aware routing: RL-based routing protocols may select energy-efficient

paths and cluster heads, striking a trade-off between energy consumption and

maximizing the network lifetime [52] [45].

To this end, RL based clustering algorithms have been designed for EH-

WSNs based on the interaction of adjacent nodes to select the most suitable

cluster head by taking into account their energy levels and distances from the

base station, thus maximizing their network lifetime and energy efficiency.

iii. Smart Resource Management: Reinforcement Learning methods can help in

managing the available energy in such a way that it is consumed in the most

efficient way that meets the application’s Quality of Service requirement

by employing techniques to optimize resource allocation in terms of energy,

computation, and communication for EH-WSNs [53].

iv. Adaptive Energy Harvesting: On top of this, RL can also be applied to al-

low the sensor node to adapt their energy harvesting and storage strategy
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dynamically given the predicted energy availability and application require-

ments, improving the overall energy efficiency and reliability of the EH-WSN

[54].

In conclusion, integrating Artificial Intelligence, particularly Reinforcement Learn-

ing, has significant potential to address the unique challenges faced by static En-

ergy Harvesting Wireless Sensor Networks.

Leading to improved energy efficiency, prolonged network lifetime, and enhanced

application performance.

2.5 Machine Learning

Machine learning is a field within Artificial Intelligence that enables computers

to learn patterns from data and make predictions or decisions without explicit

programming [55]. Machine learning algorithms involve feeding computers with

large amounts of data, rather than following rigid instructions. By analyzing the

data, machine learning algorithms can identify patterns and make predictions.

But it is all automated, which is more efficient, reliable, and cost-effective than

people writing code to do the same, because algorithms learn how to do the job

better over time without any need for ongoing human involvement. Recently, the

use of ML has proliferated, all the more with the availability of large data sets

with the Big Data era [56].

Machine learning has found applications in various area’s, including computer

vision, NLP, and robotics, among others [57, 58]. Various techniques can be em-

ployed in machine learning, including supervised, unsupervised, and reinforcement

learning approaches. Supervised learning: it is a type of learning in which the algo-

rithm is trained on labeled data, i.e. the desired output is known. This allows the

algorithm to predict on new data that it has not seen before[59]. Unsupervised

learning is concerned with discovering patterns and structures in data without

labels or a predefined output [60]. Machine learning algorithms become more ef-

fective as they are exposed to larger datasets, making them well-suited for complex

and diverse data [61]. Reinforcement learning is a machine learning approach that



Background Study 27

involves an agent learning by interacting with an environment. The agent takes

actions and receives rewards or penalties, which guide its learning process [62, 63].

In addition to supervised, unsupervised, and reinforcement learning, there are also

hybrid approaches that combine these techniques. Machine learning have become

increasingly popular in classification, regression and density estimation problems,

to name a few cutting-edge research has occurred in fields such as engineering, com-

puter science, bioinformatics, computer vision and graphics processing. Wireless

Sensor Networks (WSNs) and Internet of Things (IoT) have been the subject of a

significant number of studies to apply machine learning techniques for their fields

[12]. These applications have enhanced the energy harvesting, data processing,

fault tolerance, security and network’s self-organizing within WSNs, removing the

necessity for manual reprogramming. These progresses resulted in development of

more efficient, robust and intelligent wireless sensor networks which can now be

adapted to various applications. As wireless sensor networks are often battery-

powered, they use duty cycling to conserve energy. This means that the nodes are

in a idle state and only active when some event occur. This approach enables the

prolongation of the network’s operational duration [64, 65].

Various WSN applications necessitate the achievement of distinct performance ob-

jectives, including low latency, good energy efficiency, and energy balance. These

metrics often involve inherent conflicts; for example, emphasizing energy conser-

vation typically leads to nodes spending more time in dormant mode, which can

elevate response times. Such delays can be especially harmful in applications that

are sensitive to latency [66, 67]. Thus, striking an optimal equilibrium among these

performance metrics is crucial for satisfying the distinct requirements of varied ap-

plications. Nevertheless, achieving this balance represents a formidable challenge

in duty-cycled wireless sensor networks.where the dynamic activity patterns of

nodes and energy limitations further complicate the design and management of

the network.

2.5.1 Methods of Machine Learning

A review of literature shows that many researchers have employed machine learning

algorithms to solve issues related to WSNs [68].
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The taxonomy of ML techniques is shown in figure 3.3.

Figure 2.18: Taxonomy of machine learning algorithms.

2.5.2 Supervised Learning

One of the key areas of machine learning is supervised learning. Algorithms are

trained using labeled datasets to find class of data or estimate output.

The task is to infer a function g : a → b that describes the best possible approx-

imation of the output given the input. The supervised learning algorithms have

an important role in developing a model that learns the mapping between the

input features and the target outputs by capturing the relations and dependencies

between this sets.

The model learns the relationship of prior datasets for predicting a new data. The

main purpose of supervised learning is to create an accurate and precise prediction

fro unseen data based on the model, through the use of the learned function [69],

[70].

Supervised learning can help to solve number of problems in WSNs, which are

given below:

i. Node Localization: Improving Positioning Precision [71].

ii. Coverage: Improving the spatial coverage area of distribution of sensor

nodes.
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iii. Routing: Optimizing the paths of data packets [72].

iv. Data Aggregation: Aggregating and consolidating data efficiently.

v. Congestion Control: Monitoring and controlling network traffic to avoid

congestion.

vi. Energy Harvesting: Ensure energy efficient and sustaining energy harvesting.

supervised learning approaches have been used for solving these challenges in

WSNs [73]. The usage of supervised learning algorithms, including decision trees,

NN, and SVM, has provided good results in WSN studies [73]. Indeed, most of

these algorithms are able to learn from labeled data and transfer knowledge to un-

seen scenarios, making them increasingly popular for improving the performance

and reliability of wireless sensor networks.

2.5.3 Unsupervised Learning

Unsupervised learning refers to a type of machine learning where the model learns

patterns and relationships within the input data without predefined output labels.

Unlike supervised learning, where the model is trained using labeled data, unsu-

pervised learning explores the underlying structure of the dataset without prior

knowledge of the expected outcomes. This approach is commonly used for tasks

such as anomaly detection, clustering, and dimensionality reduction.

In the context of wireless sensor networks (WSNs), unsupervised learning plays a

crucial role in addressing key challenges such as connectivity, routing, and data

aggregation [73–75].

One of the most frequently used clustering techniques in WSNs is the k-means

clustering algorithm, particularly within the LEACH (Low-Energy Adaptive

Clustering Hierarchy) protocol. The equation for centroid update in k-means

clustering is shown in equation 2.1.

µi =
1

|Ci|
∑
xj∈Ci

xj (2.1)
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with µi being the new centroid of the ith cluster, and Ci the set of points belonging

to that cluster.

PCA is another common technique exposure through unsupervised learning that

is used, primarily for dimensionality reduction / feature extraction. PCA com-

presses the high dimension information to low dimensional plane while retaining

the highest variance of the data.

This process removes duplicated features by helping those more significant features

of the dataset to become evident and makes the data easier, especially for better

visualization and computation.

PCA does dimensionality reduction by projecting the data into its principal com-

ponents The covariance matrix needed in PCA is defined through equation 2.2.

S =
1

n− 1

n∑
i=1

(xi − x̄)(xi − x̄)T (2.2)

The eigen functions, or principal components, are found by solving the eigenvalue

equation 2.3.

Sv = λv (2.3)

Here v are the eigenvectors and λ are the eigenvalues. These eigenvalues represent

the variance explained by each principal component and can be used to identify

the most meaningful dimensions of the data. By leveraging unsupervised learning

techniques such as clustering and dimensionality reduction, WSNs can enhance

their efficiency in data processing, energy conservation, and network optimization.

2.5.4 Reinforcement Learning

RL is based on the ability of an agent to learn to behave optimally through in-

teraction with some sort of environment, in a reward-based manner as opposed

to a human-defined behaviour. This process is similar to how a beginner learns

a skill from practice and feedback, adjusting by the nuances of challenges over
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time. Reinforcement learning is particularly valuable in aspects of Wireless Sen-

sor Networks (WSNs) collections of distributed sensors to measure variables such

as temperature or movement. These networks suffer from lasting constraints (es-

pecially limited energy) that must be managed intelligently in order to maintain

performance. In Energy Harvesting WSNs (EH-WSNs), the complexity increases

due to the variability in the power supply available as nodes harvest energy from

random ambient sources like solar energy or radio frequency energy. The strength

of RL is in its ability to handle such uncertainty and optimize decisions on-the-fly.

This part explores RL’s fundamentals, mathematical framework, and its utility in

WSNs and EH-WSNs, using recent literature to demonstrate its effectiveness.

Q-learning, a widely adopted algorithm, refines the Q-function iteratively:

Q(st, at)← Q(st, at) + α[Rt+1 + γ(max
a′

Q(st+1, a
′)−Q(st, at))] (2.4)

Here, α governs the learning rate, enabling adaptation to evolving conditions—a

critical feature for WSN applications. Figure 2.19 It depicts an agent (a sensor

node) within an environment (the WSN). The agent observes its current state st,

such as battery level or data backlog, and selects an action at, like transmitting

or idling. The environment sends two arrows back: one with reward rt+1 ( e.g.,

Positive for efficient transmission; Negative for overuse) and another with the next

state st+1. The loop shown represents the agent continuously improving its policy

over iterations, indicating the iterative approach to learning in RL the process is

illustrated in figure 2.19.

2.6 Applications of Machine Learning in WSNs

Here we show the application of machine learning (ML) techniques and algorithms

in case of wireless sensor networks (WSNs). In summary, we have discussed how

ML can be helpful in solving these issues in WSN. It investigates the appropriate-

ness or requirements of different ML techniques for several WSN tasks.

Machine learning (ML) has surfaced as a game-changer for wireless sensor networks

(WSNs) by providing compelling solutions for fundamental challenges such as
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Figure 2.19: Reinforcement Learning.

energy constraints, data processing and dynamism adaptability. Let’s take a look

at how ML techniques are leveraged to tackle various WSN challenges, backed by

the recent research data.

2.6.1 Energy Management

Due to the limited power supply with the sensor nodes, energy management is an

essential aspect of WSNs.

Reinforcement Learning (RL) algorithms like the Q-learning are used to allow the

nodes to learn a sleep schedule and/or a transmission schedule dynamically that

minimizes their energy consumption during the Packet Transmission.

In a review [76], demonstrate how.deep learning (DL) techniques, consisting of RL,

minimize the computational complexity while maximizing energy consumption in

WSNs, at the expense of increasing the training time.

The clustering methods (e.g., the k-means) are significant as they push the nodes

into energy-efficient clusters, reducing communication.expenses. As depicted in

Figure 2.20, there are three sensor nodes with their respective battery indicators

which report back energy metrics to the Q-learning agent to make.the optimiza-

tions that can potentially redistribute energy resources and ultimately enforce

sleep mode.
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Figure 2.20: Energy management using RL in WSNs, showing optimized
energy distribution and sleep mode.

2.6.2 Data Aggregation and Compression

Data aggregation and compression tackle the issue of redundant data in WSNs,

a common problem due to spatial and temporal correlations. Techniques like

principal component analysis (PCA) and autoencoders compress data effectively.

A 2024 study by Chen et al. proposes a convolutional neural network (CNN)

and attention-based joint source-channel coding approach for semantic communi-

cations in WSNs, achieving efficient data transmission with reduced bandwidth

needs [77].

This process is depicted in Figure 2.21, where two sensor nodes send raw data

(wavy blue lines) to a CNN block, which compresses it (narrower wavy line) before

forwarding it to a base station, visually emphasizing the reduction in data size.

2.6.3 Anomaly Detection

Anomaly detection ensures WSN reliability by identifying faulty readings or se-

curity threats. Supervised learning methods like support vector machines (SVM)

and decision trees excel when trained on labeled data. For instance, a 2024 paper
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Figure 2.21: Data aggregation and compression using CNN, illustrating data
reduction in WSNs.

by Al-Qurishi et al. demonstrates Random Forest achieving a 98% accuracy in

detecting cyberattacks in IoT-based WSNs, outperforming SVM (90%) and k-NN

(95%) [78]. Unsupervised techniques like DBSCAN are valuable when labeled data

is scarce. Figure 2.22 shows this process, with a cluster of blue ”Normal Data”

points separated by a dashed decision boundary (Random Forest Classifier) from

a red ”Anomaly” point, highlighting the classification mechanism.

Normal Data

Anomaly

Random Forest Classifier

Figure 2.22: Anomaly detection using Random Forest, showing normal cluster
and anomaly separation.

2.6.4 Routing and Network Optimization

Routing and network optimization adapt to changing conditions like node failures

or interference. Genetic algorithms and neural networks optimize paths dynami-

cally. A 2023 study by Singh et al. explores ML-based routing protocols, showing

how neural networks predict traffic patterns to balance network load [79]. Fig-

ure 5.12 depicts this, showing a network with multiple possible paths (gray dashed

lines) and an optimized blue path selected by a neural network, connecting a source

to a destination node efficiently.
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Figure 2.23: Routing optimization using neural networks, showing an opti-
mized path in WSNs.

2.6.5 Suitability of ML Techniques

The suitability of ML techniques varies by application. Lightweight algorithms

like decision trees or naive Bayes are ideal for resource-limited WSNs [76].

High-stakes applications, such as healthcare monitoring, may leverage deep learn-

ing for precision, despite higher energy costs [77]. Real-time needs favor fast

methods, while predictive tasks might use recurrent neural networks (RNNs).

In summary, ML empowers WSNs to overcome energy, data, and adaptability chal-

lenges, tailoring solutions to specific needs, as supported by recent research [76–80].

2.7 Benefits and Drawbacks of ML in WSN

Integrating ML into WSNs can supercharge their capabilities, but it also comes

with some challenges. Let’s break it down.

2.7.1 Benefits of ML in WSNs

i. Smarter Data Processing: ML can analyse sensor data on the fly, identifying

patterns or anomalies like detecting a forest fire from temperature spikes
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without needing constant human oversight. This reduces latency and makes

the network more autonomous [81].

ii. Energy Efficiency: By optimizing how sensors communicate or sleep (e.g.,

predicting when data collection isn’t needed), ML can extend battery life,

which is critical since these devices often run on limited power in remote

areas [82].

iii. Improved Accuracy: ML algorithms can filter out noise or calibrate sensor

readings, making the data more reliable. For instance, they might distinguish

between a real event and a glitch in a seismic monitoring system [83].

iv. Adaptability: WSNs often operate in dynamic environments. ML lets them

adapt to changes like adjusting to new weather patterns or network failures

without requiring manual reprogramming [84].

v. Predictive Capabilities: ML can forecast trends, like predicting equipment

failure in industrial WSNs, enabling proactive maintenance and reducing

downtime [81].

2.7.2 Drawbacks of ML in WSNs

i. Resource Constraints: Sensor nodes have limited processing power, memory,

and energy.

Running complex ML models on them is tough[82].

ii. Complexity and Cost: Developing and deploying ML models for WSNs re-

quires expertise and can increase the overall cost of the system, which might

not suit low-budget deployments [83].

iii. Communication Overhead: If ML processing is offloaded to a central server

(to save sensor energy), it means more data transmission, which can clog the

network and drain power anyway [85].

iv. Security Risks: ML models can be vulnerable to attacks, like data poisoning,

where bad inputs trick the system. In a WSN, this could mean false readings

compromising an entire application, like a smart grid [84].
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v. Training Challenges: ML needs data to learn, but WSNs might not always

have enough high-quality, labeled data, especially in real-time or remote

setups. Plus, retraining models on-the-go is tricky with limited resources

[86].



Chapter 3

Literature Review

A brief introduction to Reinforcement Learning is provided in this chapter, along

with its significance in the proposed work. This chapter start with the intro-

duction, and conjuncture of routing protocols for Energy Harvesting WSN’s, and

then describes different types of routing protocols. It focuses especially on energy-

efficient routing protocols. Then, brief discussions of RL research in the WSN

domain followed by an overview of some existing RL-based routing protocols in

the literature. Finally, the chapter presents details on the performance metrics

used to evaluate various routing protocols in the context of EH-WSNs and the

specific metrics selected to evaluate the routing protocol.

3.1 Introduction

Reinforcement Learning (RL) is a branch of machine learning that focuses on

learning optimal decision-making strategies through interaction with an environ-

ment. Unlike supervised learning, which relies on labeled data, RL enables an

agent to learn by receiving feedback in the form of rewards or penalties for its

actions. The objective of RL is to determine a policy that maximizes long-term

cumulative reward through trial-and-error interactions [87]. RL is fundamentally

different from artificial neural networks (ANNs); however, neural networks can be

employed as function approximators within RL frameworks, particularly in deep

reinforcement learning (DRL).

38
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Inspired by behavioral psychology and biological learning processes, RL models

decision-making as a sequential process under uncertainty, making it well suited for

dynamic and resource-constrained environments such as wireless sensor networks

(WSNs) [88]. In such networks, nodes must continuously adapt routing decisions

based on residual energy, traffic conditions, and network topology changes.

Recent advances in RL and deep learning have attracted significant attention from

WSN researchers due to their ability to autonomously learn efficient routing poli-

cies without requiring explicit network models. RL-based approaches have been

successfully applied to several WSN challenges, including routing [89], localization,

data aggregation, intrusion detection, and energy management. In particular, the

integration of RL with energy harvesting wireless sensor networks (EH-WSNs)

has emerged as a promising solution to address the stochastic nature of harvested

energy and the limitations of traditional static routing protocols.

3.2 Routing Protocols For WSNs

Routing protocols are often classified based on diverse features, including network

topology and application requirements, indicating that a single routing approach

may not be universally suitable or efficient for all types of WSN applications [72].

3.3 Network Architecture Protocols

The network architecture based approach has diverse path selection methodolo-

gies, including flat network path selection, which is well suited for large scale

networks with many sensor nodes where assigning unique identifiers to each node

is impractical [90].

As a result, content based path selection methodologies are employed, where all

nodes in the network are regarded as equal and execute the same functions. Some

widely recognized flat-based routing protocols are Flooding [91], Gossiping, and

Sensor Protocols for Information via Negotiation (SPIN). [92]. The network

architecture-based protocols can be devided into three following types.
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3.3.1 Flat Routing Protocols

Flat routing protocols operate by treating all nodes in the network uniformly

without assigning distinct roles or hierarchies. Two widely recognized examples

are Flooding and Sensor Protocol for Information via Negotiation (SPIN).

3.3.1.1 Flooding Routing Protocol

Flooding is a straightforward mechanism where a node transmits data packets

to all its neighboring nodes. This process continues until the packet reaches its

destination or a maximum transmission limit is reached. Briefly, the work [91]

proposed an improved flooding protocol, called NC-Flooding, for Wireless Sensor

Networks (WSNs), which incorporates network coding to solve energy efficiency

and reduce redundant transmissions. They innovate the protocol by employing

mechanisms like active XOR coding, redundancy packet suppression, and local

priority broadcasting to make the process of data dissemination efficient. Some

advantages of NC-Flooding are energy saving, enhanced network throughput and

increased lifetime of wireless sensor nodes in comparison to simple flooding strate-

gies. Such enhancements have made it very applicable for power-limited WSNs.

Nonetheless, the protocol comes with drawbacks, such as the overhead in computa-

tion and storage, due to network coding mechanisms used, and may not be suitable

for sensor nodes that are resource-constrained. In addition, the performance of

the method in highly dynamic or sparse networks is uncertain. Nonetheless, NC-

Flooding holds significant potential for the design of energy-efficient WSNs and

merits further exploration to reduce the gap between practical systems operating

in diverse environments.

3.3.1.2 Sensor Protocol for Information via Negotiation

SPIN uses a data negotiation approach to optimize energy usage. before transmis-

sion Nodes share metadata to identify relevant data, ensuring that only necessary

information is exchanged. The authors of SPIN [93] this improves the efficiency

of data propagation through exploiting metadata negotiation to process infor-

mation subsequently reducing energy wastage from redundant transmissions [94]
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the authors highlight its data-centric routing approach, which minimizes network

overhead by transmitting only to interested nodes. SPIN offers advantages such as

energy efficiency, adaptability to dynamic conditions, and reduced overhead, but

it also has notable disadvantages, including vulnerability to security threats like

replay and modification attacks, limited scalability in large networks, and reduced

robustness in attack-prone environments [95]. Despite these limitations, SPIN

serves as a foundational protocol with significant potential for improvements in

scalability and security.

3.3.2 Hierarchical Routing Protocols

Hierarchical routing schemes serve to reduce communication overhead as well as

improve energy efficiency by using a clustering-based approach. Their clustering

structure allows for easier data transmission and prolongs the lifetime of the net-

work. Some well-known hierarchical protocols include LEACH, EM-LEACH, Mob

M-LEACH, EEHC and HEED.

3.3.2.1 Low-Energy Adaptive Clustering Hierarchy

Heinzelman et al. [16] introduced the Low-Energy Adaptive Clustering Hierarchy

(LEACH)—an energy-efficient protocol for wireless sensor networks (WSNs) based

on altering cluster-head status among nodes using adaptive clustering. The pro-

tocol further incorporates local data fusion at cluster-heads to reduce the volume

of data discouraging transmission to the base station. The protocol is staged over

rounds, where each round contains a Setup Phase, in which a random selection of

cluster heads (CHs) are generated, and a Steady Phase, where data is sent and

aggregated. LEACH’s most remarkable features are energy-efficient, which is re-

alized through the data aggregation at the CH level, and load-balancing method,

which rotates the role of CH among the nodes to equalize the energy consumption.

This methodology decreases direct transmissions to the base station so much that

the network lifetime is increased.

Using TDMA scheduling reduces the amount of communication, increasing scala-

bility for larger networks.
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3.3.2.2 LEACH Protocol Energy Model

The LEACH (Low-Energy Adaptive Clustering Hierarchy) protocol optimizes en-

ergy usage in wireless sensor networks (WSNs) through dynamic clustering and

adaptive role rotation. The probability of a node n becoming a cluster head in

a given round is determined by the equation (3.1). Where p is the desired per-

centage of cluster heads, r is the current round, and G is the set of eligible nodes.

This ensures equitable distribution of cluster head roles across rounds, balancing

energy consumption among nodes.

P (n) =


p

1−p·(r mod 1
p
)

if n ∈ G

0 otherwise
(3.1)

Energy dissipation for data transmission is modeled as given in equations (3.2) and

(3.3), where k is the data packet length, Eelec is the energy dissipation per bit, and

ϵfs and ϵmp are coefficients for free-space and multipath propagation models. The

threshold distance d0 distinguishes between the two propagation models based on

the energy required.

Etx(k, d) = Eelec · k + ϵfs · k · d2 for distance d < d0 (3.2)

Etx(k, d) = Eelec · k + ϵmp · k · d4 for distance d ≥ d0 (3.3)

The threshold distance is expressed in equation (3.4) below:

d0 =

√
ϵfs
ϵmp

(3.4)

The energy required to receive data is given by equation (3.5) below, where Eelec

remains constant for each bit:

Erx(k) = Eelec · k (3.5)
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A single communication round involves a total energy dissipation modeled as in

equation (3.6), where m is the number of cluster heads, N is the total number of

nodes, ECH is the energy consumed by a cluster head, and EnonCH is the energy

consumed by non-cluster head nodes:

Eround = m · ECH + (N −m) · EnonCH (3.6)

The energy consumed by a cluster head is further detailed in equation (3.7), where

dto BS is the distance to the base station, Ncluster is the number of nodes in a cluster,

and EDA is the energy needed for data aggregation per bit:

ECH = Etx(k, dto BS) + Erx(k ·Ncluster) + EDA · k ·Ncluster (3.7)

All equations from (3.1) to (3.7) model the energy dynamics of LEACH, enabling

efficient clustering and communication to extend the network operational lifetime.

3.3.2.3 Enhanced Multi-Hop LEACH

The authors in [96] propose EM-LEACH, an enhanced LEACH-based proto-

col incorporating multi-hop routing, adaptive cluster-head (CH) selection based

on residual residual energy, and dynamic round time computation to address

LEACH’s limitations, such as single-hop communication and random CH selec-

tion. Simulations demonstrate improvements in energy efficiency, reliability, and

network lifetime compared to LEACH and MR-LEACH. Key advantages include

better energy efficiency through residual energy-based CH selection, improved re-

liability with higher packet delivery ratios, and dynamic adaptation that ensures

fair energy distribution. However, the added complexity of multi-hop routing

and adaptive mechanisms increases computational overhead, and assumptions like

static nodes and homogeneous energy levels may limit real-world applicability. Ad-

ditionally, the protocol’s effectiveness is validated only through simulations, with

no hardware testing. Overall, EM-LEACH significantly enhances energy efficiency

and reliability, albeit with increased complexity and limited practical validation

[96].
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3.3.2.4 Model of the EM-LEACH Protocol

The proposed Enhanced Multi-hop LEACH (EM-LEACH) algorithm improves the

LEACH protocol by optimizing energy efficiency, extending network lifetime, and

increasing data throughput.

Cluster Head (CH) selection combines fairness and energy awareness, using a

threshold P (n) defined in Equation (3.8). Let β = Eresidual

Einitial
, where p is the de-

sired percentage of cluster heads, r is the round number, and G includes nodes

that have not been cluster heads in the last 1
p
rounds.

P (n) =


β·p

1−p×(r mod 1
p)

+ (1− β) · Eresidual

Einitial
, if n ∈ G

0, otherwise

(3.8)

Initially, β = 1, prioritizing fairness (p), while subsequent rounds dynamically

adjust β, balancing cluster head selection between fairness and residual energy.

EM-LEACH also introduces a variable round length to adapt energy consumption,

as given in Equation (3.9), where γ = 1.5 yields the best results.

The initial round time is fixed to 150% of the LEACH round time, then decreases

progressively to a minimum of 50% of the LEACH round time.

Round Length = Initial Round Length ·
(
1− 1− Energy Rates

γ − Energy Rates

)
(3.9)

Multi-hop routing mitigates energy losses by assigning levels to nodes, creating

a tree-based routing structure where packets traverse from higher to lower levels

toward the sink, as shown in Figure 3.1.

During setup, nodes broadcast advertisements, form clusters, and organize multi-

hop connections. In the steady state, TDMA schedules reduce energy use by

enabling nodes to sleep when idle. Cluster Heads (CHs) aggregate and forward

data, dynamically updating residual energy for subsequent round computations.

These integrated processes reduce overhead, improve energy efficiency, and prevent

network partitioning, with the complete process illustrated in Figure 3.2.
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Figure 3.1: Tree-based routing structure in EM-LEACH:(a) Sink at the corner
of Network. (b) Sink at the center of the network [96].

Figure 3.2: Complete process of the EM-LEACH protocol [96].
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3.3.2.5 Mobility-Induced Multi-Hop LEACH Protocol

The authors in [97] classified nodes as normal, advanced, and super nodes based

on energy levels and used residual energy and mobility parameters for dynamic

CH selection, the proposed method outperformed the existing protocols.

3.3.2.6 Energy-Efficient Hierarchical Clustering

EEHC improves upon LEACH by introducing a hierarchical structure where sub-

cluster heads aggregate data before forwarding it to the main cluster head [8]. This

structure reduces energy consumption but increases latency, making it unsuitable

for delay-sensitive applications.

3.3.2.7 Hybrid Energy-Efficient Distributed Clustering

HEED selects cluster heads based on residual energy and intra-cluster commu-

nication cost. Unlike LEACH, HEED adapts to dynamic network conditions,

achieving better energy balancing. However, its iterative clustering process incurs

higher computational overhead [98].

3.3.3 Location-Based Routing Protocols

Location-based routing protocols utilize the geographic positions of nodes to make

routing decisions, aiming to optimize energy consumption and improve efficiency.

These protocols are particularly useful in scenarios where node location infor-

mation is readily available. Two notable examples are Geographic Routing and

Energy-Aware Routing.

3.3.3.1 Geographic Routing

Geographic routing relies on the physical location of nodes to determine the opti-

mal path for data transmission. By leveraging node coordinates, the protocol aims

to minimize the path length and reduce energy consumption. Enhances routing
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efficiency by selecting shorter and more direct paths. Requires accurate location

information, which might involve additional hardware or computational costs.

3.3.3.2 Energy-Aware Routing

Energy-aware routing integrates geographic information with the energy status

of nodes to distribute the communication load evenly. This prevents nodes with

low energy levels from being overutilized [99] prolongs the network lifetime by

balancing energy usage across nodes. Increases protocol complexity due to the

need for continuous monitoring of node energy levels.

3.3.4 Reinforcement Learning-Based Routing Protocols

Recent studies have demonstrated that reinforcement learning (RL) offers a pow-

erful framework for designing adaptive and energy-efficient routing protocols in

wireless sensor networks, particularly in energy harvesting environments. Tradi-

tional routing protocols often rely on static heuristics and fixed energy assump-

tions, which limit their effectiveness under dynamic energy availability. RL-based

routing protocols address this limitation by enabling sensor nodes to autonomously

learn optimal routing decisions based on residual energy, network topology, and

traffic conditions. Early RL-based schemes primarily focused on minimizing en-

ergy consumption or hop count using Q-learning, achieving notable improvements

in network lifetime compared to conventional protocols. However, many of these

approaches assumed non-harvesting energy sources and lacked long-term sustain-

ability considerations. More recent research has extended RL-based routing to

energy harvesting wireless sensor networks (EH-WSNs), incorporating stochastic

energy arrival models and adaptive reward functions. Multi-agent reinforcement

learning (MARL) approaches further enhance scalability and robustness by allow-

ing distributed cooperation among nodes. Despite these advancements, existing

protocols often overlook critical aspects such as energy neutrality, node death and

revival dynamics, and explainable convergence behavior. These limitations mo-

tivate the development of advanced EH-aware RL-based routing protocols that

jointly consider energy harvesting dynamics, distributed learning, and long-term
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network sustainability. Routing protocols in Energy Harvesting Wireless Sensor

Networks (EH-WSNs) must address the unique challenges of intermittent energy

availability and resource constraints.

Reinforcement Learning (RL) has emerged as a powerful approach to design adap-

tive, energy-efficient routing strategies,This section reviews key studies on RL-

based routing protocols for EH-WSNs, focusing on energy efficiency, adaptive

power management, multi-objective optimization, clustering.

3.3.4.1 Energy-Efficient Routing Protocols

Energy efficiency is critical in EH-WSNs to maximize network lifetime under vari-

able energy conditions.

Mutombo et al. [100] propose EER-RL (Energy-Efficient Routing based on Rein-

forcement Learning), a protocol for IoT networks that balances energy dissipation

using residual energy and hop count to the sink as reward parameters.

Through a feedback mechanism, EER-RL enables nodes to learn optimal routing

paths dynamically. Similarly, Mutombo et al. [52] introduce EBR-RL (Energy Bal-

ancing Routing based on Reinforcement Learning), which employs a comparable

reward function to optimize energy efficiency in WSNs.

Ding et al. [101] provide a broader perspective, reviewing machine learning-based

routing algorithms and emphasizing RL’s role in achieving energy-efficient path

selection through local node interactions.

More recently, Abuhamdah et al. [102] present DOS-RL (Dynamic Objective Se-

lection RL), an energy-efficient routing protocol for Software-Defined WSNs (SD-

WSNs), leveraging Q-learning with dynamic objective selection to adapt to net-

work changes and energy constraints.

3.3.5 Reinforcement Learning Approaches

RL facilitates decentralized routing by enabling nodes to adapt based on envi-

ronmental feedback. Mutombo et al. [100] highlight how nodes in EER-RL share
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local information (e.g., energy levels, traffic load) to collaboratively refine routing

decisions.

Al-Tous and Barhumi [103] apply the SARSA algorithm to minimize transmission

delay in multi-hop EH-WSNs, balancing energy availability and latency.

Barat et al. [104] propose a cooperative energy management scheme in EH-WSNs

using MARL, where nodes share local knowledge to optimize throughput under

varying energy conditions, demonstrating improved coordination over single-agent

RL.

3.3.5.1 Q-Learning-Based Routing

Q-learning-based protocols dynamically optimize routing paths by learning the

Q-values for state-action pairs.

Nodes select actions (routing decisions) based on the Q-value, which is updated

iteratively:

Q(s, a)← Q(s, a) + α
[
r + γmax

a′
Q(s′, a′)−Q(s, a)

]
(3.10)

where:

� s: Current states

� s′: Next states

� a: Current actions.

� a′: Next actions.

� α: Learning rate.

� γ: Discount factor.

� r: Reward.

This approach is adaptable but struggles with scalability in large networks due to

the exponential growth of state-action pairs [17].
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3.3.5.2 Multi-Agent Reinforcement Learning

In MARL, nodes act as agents that collaboratively optimize routing decisions.

This distributed approach improves scalability and robustness but increases com-

munication overhead for inter-agent coordination [105].

3.4 Wireless Sensor Networks and Their Limita-

tions

Wireless Sensor Networks are comprised of sensor nodes that communicate wire-

lessly to collect data for various applications. These networks are typically de-

ployed in distributed, often remote environments, making them prone to energy

limitations. Sensor nodes are powered by small batteries, which have a limited

lifespan, and replacing or recharging these batteries is often impractical due to the

nodes’ locations.

Sah and Amgoth (2020) provide an overview of the challenges related to energy

management in WSNs, discussing several techniques that aim to extend the life-

time of sensor nodes. They highlight the importance of energy-efficient communi-

cation protocols that minimize power consumption during data transmission and

ensure reliable operations across the network [106].

3.5 Energy Harvesting in Wireless Sensor Net-

works

Energy harvesting is a promising solution that allows sensor nodes to capture and

store energy from ambient sources, such as solar, thermal, wind, or vibrational

energy. By harvesting energy, WSNs can operate autonomously without frequent

battery replacements, making them more sustainable for long-term deployments.

Among these techniques, solar energy harvesting is one of the most widely used

due to its availability, cost-effectiveness, and low maintenance. Dvir et al. (2024)
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explore the potential of energy harvesting in WSNs, noting that it plays a cru-

cial role in mitigating energy depletion. Their study focuses on a cooperative

reinforcement learning approach that helps distribute energy requirements across

sensor nodes, thereby improving the overall energy efficiency and reliability of the

network [105]. This approach is particularly beneficial for WSNs that rely on so-

lar energy harvesting, as it ensures that nodes balance their energy use to extend

operational life.

3.6 Solar Energy Harvesting

Solar energy harvesting involves capturing sunlight using solar panels and convert-

ing it into electrical energy to power sensor nodes. This method is particularly

suited for outdoor WSNs where sunlight is abundant. However, the effectiveness

of solar energy harvesting is influenced by factors such as weather conditions,

geographical location, and the orientation of the solar panels.

Hao et al. (2022) propose an energy-efficient routing algorithm based on a greedy

strategy designed for energy harvesting WSNs. This algorithm optimizes routing

decisions based on the energy harvested through solar energy, ensuring that data is

transmitted with minimal energy consumption [107]. Their approach is especially

useful in scenarios where solar energy is the primary source of power for the nodes.

3.7 Multi-Hop Routing Algorithms in Wireless

Sensor Networks

Due to the limited communication range of individual sensor nodes, data in WSNs

often needs to be routed through multiple hops to reach the base station or sink

node. Multi-hop routing protocols are used to efficiently route data across the

network, ensuring that energy consumption is minimized and data is successfully

transmitted.

Zeb et al. (2024) focus on energy-aware multi-hop routing protocols that con-

sider the energy levels of the nodes when selecting the optimal paths for data
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transmission. Their research emphasizes the importance of balancing the energy

consumption across nodes, which helps extend the network’s operational lifetime.

These protocols are particularly advantageous in large-scale WSNs where direct

communication from source nodes to the base station is not always feasible.

3.8 Multi-Hop Routing Algorithms Using Ma-

chine Learning

Machine learning (ML) techniques have been increasingly applied to improve

multi-hop routing in WSNs. By allowing nodes to make decisions based on real-

time data, ML algorithms can dynamically adjust routing decisions to optimize

energy consumption and enhance network performance.

Bouzid et al. (2020) present a reinforcement learning-based (RL) routing proto-

col that adapts to both the energy states of the nodes and the topology of the

network [108]. This protocol uses RL to determine the best routing paths, min-

imizing energy consumption while ensuring efficient data delivery. The ability of

RL to learn optimal routing decisions in real-time makes it a promising solution

for energy-aware multi-hop routing in WSNs.

3.9 Reinforcement Learning in Multi-Hop Rout-

ing

Reinforcement Learning (RL) has proven to be an effective tool for optimizing

multi-hop routing in energy-harvesting WSNs. By using RL, sensor nodes can

make informed decisions based on the network’s current state and their own energy

levels, which helps in selecting the most energy-efficient routing paths.

Zhao et al. (2020) apply Q-learning, a type of RL, to optimize the routing paths

in WSNs with energy harvesting capabilities and dual alternative batteries [17].

This approach ensures that the network can maintain a steady power supply by

distributing energy use between the two batteries.
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The use of RL allows the network to adapt its routing strategy dynamically to

avoid premature energy depletion.

Zhang et al. (2021) further extend this concept by incorporating Deep Reinforce-

ment Learning (DRL) into multi-hop routing [109].

DRL combines the strengths of deep learning and RL, allowing nodes to process

high-dimensional data and make more complex routing decisions.

Their approach enables the network to learn optimal routing strategies in real-time,

even in dynamic and large-scale environments, improving the overall efficiency and

robustness of the network.

3.10 Conclusion

Energy harvesting, particularly solar energy harvesting, offers a sustainable solu-

tion to the energy limitations of WSNs. However, efficient energy management

is crucial to ensure the long-term operation of these networks. Multi-hop routing

protocols are essential for ensuring that data is transmitted across the network

in an energy-efficient manner. The integration of machine learning, especially

reinforcement learning, has significantly improved the performance of multi-hop

routing by enabling nodes to adapt their routing decisions based on real-time

network conditions.

The work of Sah and Amgoth (2020), Dvir et al. (2024), and others illustrates the

importance of combining energy harvesting with intelligent routing algorithms.

As WSNs become more complex, the integration of machine learning techniques,

particularly reinforcement learning, will continue to enhance the adaptability, ef-

ficiency, and sustainability of these networks.

3.10.1 Key Insights from the Literature

i. Energy-Centric Design: Studies emphasize that trade-offs in EH-WSNs re-

volve around energy availability, with techniques aiming to maintain neu-

trality while optimizing other metrics.
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Table 3.1: Comparison of RL-Based Routing Protocols and Strategies for
EH-WSNs

Study Objective RL
Method

Focus EH Key Findings Limitations

Mutombo
et al. [100]

Energy-
efficient rout-
ing

Q-learning Routing
(EER-RL)

Yes Balances energy,
extends lifetime
via optimal
paths

High comp.
overhead; no
real EH valida-
tion

Mutombo
et al. [52]

Energy balanc-
ing

Q-learning Routing
(EBR-RL)

No Maximizes ef-
ficiency with
residual energy,
hops

Limited scalabil-
ity; uniform EH
assumed

Al-Tous &
Barhumi [103]

Delay mini-
mization

SARSA Routing Yes Reduces delay
in multi-hop
EH-WSNs

Delay-focused;
simulation-only

Shresthamali
et al. [110]

Adaptive
power mgmt

SARSA(λ) Power
mgmt

Yes Adapts power
to EH, improves
sustainability

Single-node; no
routing integra-
tion

Shresthamali
et al. [111]

Multi-obj.
scheduling

RL (un-
spec.)

Res.
scheduling

Partial Balances energy,
tasks in IoT

Limited EH fo-
cus; vague RL
details

Kaur &
Aulakh [51]

Energy-
efficient clus-
tering

RL (un-
spec.)

Clustering No Enhances life-
time via cluster-
ing

Not EH-specific;
vague RL details

Ding et
al. [101]

ML-routing
overview

Various RL Survey Partial RL effective for
WSN routing

Broad scope;
lacks EH depth

Godfrey et
al. [102]

Energy-
efficient rout-
ing

Q-learning
(DOS)

Routing
(DOS-RL)

Yes Adapts to
changes with
dynamic obj.

Complex trade-
offs; simulation-
only

Barat et
al. [104]

Coop. energy
mgmt

Q-learning
(MARL)

Energy
mgmt

Yes Improves
throughput
via coop. learn-
ing

High comm.
overhead; small-
scale

Figure 3.3: Taxonomy of WSN Routing Protocols
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ii. Mathematical Modeling: Models provide a quantitative framework, with

time-dependent metrics (e.g., Eharv(t)) often integrated over intervals, and

some (e.g., scalability) requiring simulation.

iii. Practical Application: These findings inform protocol design, hardware se-

lection, and deployment strategies for applications like environmental mon-

itoring.

Table 3.2: Comparison of Metrics, Trade-offs, Techniques, and Mathematical
Models in EH-WSNs

Metric Trade-offs Techniques to Balance Mathematical Model

Energy

Harvesting

Efficiency

High efficiency in-

creases hardware

cost/portability issues

Adaptive circuits (e.g.,

MPPT); optimize har-

vester size

η = Pharv
Pamb

Energy Neu-

trality

May lower throughput

or increase latency

Dynamic duty cycling;

energy-aware scheduling

Eharv(t) ≥ Econs(t)

Network Life-

time

Perpetual operation

may reduce data

rate/coverage

Energy storage buffers; re-

dundant nodes

Tlife = Etotal∑
Pavg

Latency Low latency increases

energy use, risking neu-

trality

Prioritize critical packets;

energy-aware multi-hop

routing

L =
∑h

i=1(Tproc,i +

Ttrans,i)

Throughput High throughput

drains energy, reducing

lifetime

Adaptive data aggregation;

compression

S = Nsucc·B
T

Packet Deliv-

ery Ratio

High PDR increases

energy via retransmis-

sions

Error correction codes

(e.g., FEC); efficient

retransmission

PDR = Ndeliv
Nsent

Energy

Consump-

tion/Packet

Low energy may reduce

quality or increase la-

tency

Optimize power control;

low-power protocols (e.g.,

BLE)

Epkt = Esense + Eproc +

Etx

Coverage Full coverage increases

energy; sparse coverage

risks event misses

Dynamic node activation;

energy-aware clustering

C = Acov
Atotal

Reliability High reliability raises

energy/cost via redun-

dancy

Fault-tolerant routing; pe-

riodic health checks

R = 1− Pfail

Scalability Large scale causes con-

gestion/interference

Distributed protocols (e.g.,

LEACH); adaptive channel

allocation

Sc = f(N,Pint)

Data Accu-

racy

High accuracy in-

creases energy via

frequent sampling

Adaptive sampling; predic-

tive algorithms

A = 1− |Dmeas−Dtrue|
Dtrue

Energy Stor-

age Efficiency

High capacity increases

cost/size; low capacity

risks outages

Hybrid storage; energy-

aware management

ηstor = Estor
Eharv

Robustness

to Variability

Robustness may re-

duce throughput in

low-energy periods

Predictive models; oppor-

tunistic transmission

Rv =
σperf

σenv
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3.10.2 Summary of Key Literature Findings

i. Most works such as in table 3.1 focus on hierarchical clustering for reduc-

ing energy consumption but assume static nodes and non-harvesting energy

sources.

ii. Recent approaches integrating Reinforcement Learning (RL) (e.g., [17, 112])

improve dynamic adaptability but lack realistic energy harvesting.

iii. Dynamic reward weight adjustment can improve the performance.

iv. EH-aware routing protocols (e.g., [103]) address partial aspects of EH mod-

eling but often neglect reinforcement driven long term optimization.

v. Few works combine distributed RL, dynamic clustering, and energy harvest-

ing based stochastic modeling simultaneously, leaving a gap for multi agent

energy harvesting WSN protocols.

3.10.3 Identified Research Gaps

To clearly illustrate the existing gaps, Table 3.1 summarizes major research find-

ings and their corresponding limitations.

3.10.4 Narrative Gap Discussion

From the synthesized findings, it is evident that:

i. Existing clustering and routing mechanisms perform well in static or battery-

powered WSNs but fail under fluctuating energy conditions caused by har-

vesting dynamics.

ii. Energy harvesting has been modeled simplistically or deterministically in

most prior works, ignoring stochastic EH generation and battery constraints.

iii. Centralized learning-based models are not scalable or fault-tolerant in dis-

tributed, large-scale EH-WSNs.
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iv. Few studies integrate dynamic clustering, multi-agent RL and energy har-

vesting aware optimization together.

3.10.5 Motivation for the Proposed Model

To address these limitations, this thesis proposes an enhanced Reinforcement

Learning-based Energy Efficient Routing framework that:

i. Integrates stochastic EH modeling and realistic Energy Harvesting.

ii. Adopts distributed RL (D-SARSA) for scalable and cooperative learn-

ing.

iii. Introduces dynamic weight adjustment to adapt to varying energy and

traffic conditions.

iv. Evaluates multiple performance metrics including energy consumption,

energy balance, and network lifetime.

These identified gaps form the foundation and motivation for the development of

the proposed Energy Harvesting Reinforcement Learning-based Routing Protocol

(EH-RL-AEBRP) discussed in the next chapter.



Chapter 4

Proposed Model

4.1 Introduction

Wireless Sensor Networks (WSNs) consist of a large number of low-power sensor

nodes collaboratively monitoring physical or environmental phenomena. A fun-

damental limitation of WSNs is the restricted energy availability of sensor nodes,

which directly constrains network lifetime and reliability.

Energy harvesting (EH) has emerged as a promising solution by enabling sensor

nodes to replenish energy from ambient sources such as solar, vibration, or thermal

gradients. However, the stochastic and intermittent nature of harvested energy

introduces significant challenges in routing protocol design.

Conventional routing protocols and many reinforcement learning (RL)-based ap-

proaches assume static battery depletion and permanent node death.

Such assumptions are unsuitable for EH-enabled WSNs, where nodes may tem-

porarily exhaust their energy and later revive once sufficient energy is harvested.

Furthermore, static reward formulations fail to adapt routing behaviour to dy-

namically changing energy availability, network connectivity, and traffic load.

This chapter proposes an Adaptive Energy Balancing in Wireless Sensor Networks

via Q-Learning: An Integrated Energy Harvesting and Adaptive Routing Protocol

(EH-RL-AEBRP).

58
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The protocol integrates realistic energy harvesting, distributed Q-learning, adap-

tive reward weight adjustment, continuous traffic generation, and node death-

revival dynamics.

The proposed EH-RL-AEBRP protocol significantly enhances the baseline RL-

EBRP by introducing:

1. A realistic seasonal-diurnal energy harvesting model enabling node revival,

2. An adaptive reward weight adjustment mechanism based on real-time net-

work energy statistics (Ē(t), σ2
E(t), ϕA(t), ϕH(t)),

3. Traffic-aware routing decisions that reduce unnecessary transmissions,

4. A unified framework that performs effectively in both harvesting-enabled

and conventional battery-powered WSNs.

Unlike the baseline’s fixed weights and continuous full-load traffic, EH-RL-AEBRP

dynamically balances energy consumption, hop efficiency, and transmission dis-

tance, resulting in better energy distribution, longer network lifetime, and higher

packet delivery performance under dynamic and intermittent energy availability.

The design strictly follows the implemented simulation framework and enables fair

evaluation under multiple energy scenarios.

4.1.1 Protocol Objectives

The EH-RL-AEBRP protocol aims to achieve the following objectives:

i. Maximize Network Lifetime: Distribute energy consumption evenly across

nodes to extend the operational duration of the WSN.

ii. Minimize Energy Depletion: Utilize adaptive multi-hop routing to reduce

energy expenditure per node.

iii. Leverage Energy Harvesting: Incorporate energy harvesting to sustain node

operation and enhance network longevity.
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iv. Ensure Robust Path Selection: Maintain reliable routing paths under dy-

namic network conditions, such as node failures or energy fluctuations.

4.2 System Architecture

The Wireless Sensor Network (WSN) for the EH-RL-AEBRP protocol comprises

N sensor nodes, each uniquely indexed i ∈ {1, 2, . . . , N}, positioned at coordinates

(xi, yi), and initialized with energy E0 J. Each node has a communication range

of Rc, enabling it to connect with neighbors within a Euclidean distance, provided

both nodes have positive energy. A central sink node, located at (xsink, ysink), serves

as the data collection point with unlimited energy. The nodes form a dynamic

multi-hop network topology, where routing paths adapt to node energy levels and

network conditions. Additionally, each node can realistically harvest energy based

on a modified diurnal-seasonal harvesting model, with rate Hmax J per round.

To ensure loop-free routing and monotonic progress toward the sink, a Breadth-

First Search (BFS) algorithm computes the minimum hop count from every alive

node to the sink. This hop information is dynamically updated whenever node

death or revival occurs.

4.2.1 Key Components

The EH-RL-AEBRP protocol integrates several core components to achieve energy-

efficient routing. Central to the protocol is a Q-learning mechanism, where each

node i maintains a Q-table for neighbors j, representing the expected long-term

reward of forwarding data to node j.

The Q-values are updated using the Bellman equation, with learning rate α, dis-

count factor γ ∈ [0, 1), and a reward R. The energy model accounts for transmis-

sion, reception, and data aggregation costs, with transmission energy following a

free-space propagation model. Energy harvesting is modeled with a dynamic rate.

Routing is achieved by selecting the next-hop neighbor, employing an ε-greedy

policy to balance exploration and exploitation, thereby ensuring energy-efficient

and reliable paths to the sink.
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4.3 Mathematical Model

The mathematical model formalizes the Wireless Sensor Network (WSN), energy

consumption, Q-learning, Reward function, Adaptive reward weight adjustment,

and energy harvesting components of the Energy Harvesting Reinforcement Learn-

ing Adaptive Energy Balancing Routing Protocol (EH-RL-AEBRP).

4.3.1 Network Model and Assumptions

The WSN is modeled as a dynamic graph G(t) = (V,E(t)), where the vertex set

V includes N sensor nodes and a sink node.

The edge set E(t) comprises edges between nodes i and j within the communication

range R, provided node i is alive.

Edges are removed as nodes deplete their energy, reflecting the network’s dynamic

nature.

The Euclidean distance between nodes i and j is given by Eq. (4.1):

dij =
√

(xi − xj)2 + (yi − yj)2. (4.1)

The distance from node i to the sink, positioned at (xsink, ysink), is given by

Eq. (4.2):

di,sink =
√

(xi − xsink)2 + (yi − ysink)2. (4.2)

The hop count from node i to the sink, assuming a uniform communication range,

is approximated as in Eq. (4.3):

hi ≈
⌈
di,sink
R

⌉
. (4.3)

Each node i is characterized by its energy level Ei(t), operational condition ci(t)

(where ci(t) = 0 if Ei(t) ≤ Emin, indicating a dead node, and ci(t) = 1 otherwise,

indicating an alive node), and neighbor set given in Eq. (4.4):

Ni(t) = {j ∈ V \ {i} | dij ≤ R ∧ cj(t) = 1}. (4.4)
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The neighbor set Ni(t) supports multi-hop routing and updates dynamically as

nodes’ energy levels change. The model assumes bidirectional links and a fixed

sink at coordinates (xsink, ysink), consistent with the network’s deployment area

(e.g., 100 × 100 m2). This structure is visually represented in Figure 4.1, which

illustrates the sink’s central position, node connectivity within R, and the isolation

of dead nodes, with edges directed towards the sink to reflect typical data flow in

the WSN.

s

1

2

3

4

5
(50, 50)

(20, 20)

(30, 70)

(70, 30)

(60, 60)

(10, 40)

Es =∞

E1

E2

E3

E4

E5 = 0

Alive node (ci = 1)

Dead node (ci = 0)

Sink node

Edge (dij ≤ rC)

Figure 4.1: Network model of the WSN, depicted as a directed graph
G = (V,E). The sink node s is at (x/2, y/2) = (50, 50), with sensor nodes
at coordinates (xi, yi). Edges connect nodes within communication range rC
and are directed towards the sink to represent data flow, with dead nodes (e.g.,

node 5) shown in red and isolated due to Ei = 0.

The proposed EH-RL-AEBRP protocol is developed under the assumption that

all sensor nodes possess global localization capability, enabling position awareness

for routing and distance estimation. An acknowledgement (ACK) mechanism is

available to ensure reliable packet delivery and transmission confirmation.

4.3.2 Energy Consumption Model

The energy consumption model adopts the first-order radio model [16], accounting

for transmission, reception, and data aggregation, assuming no packet loss and a

fixed packet size k bits. The energy required to transmit k bits over distance d is:

Etx(k, d) = Eelec · k + ϵfs · k · d2 (4.5)
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where Eelec represents the electronic circuitry energy, EDA denotes the data ag-

gregation energy, and Eamp is the transmit amplifier coefficient. The energy for

receiving k bits is:

Erx(k) = Eelec · k (4.6)

The energy for aggregating k bits, performed by intermediate nodes in multi-hop

paths, is:

Eda(k) = Eda · k (4.7)

When node i transmits to node j, the energy updates are:

Ei ← Ei − Etx(k, dij) (4.8)

Ej ← Ej − Erx(k) (4.9)

If node j aggregates data before forwarding, its energy is further reduced:

Ej ← Ej − Eda(k) (4.10)

For node i transmitting to node j with aggregation at j, the total energy con-

sumption combines Equations (4.5), (4.6), and (4.7).

For direct transmission to the sink, only Equation (4.8) applies, with distance

d = dis from Equation (4.2).

4.3.3 Energy Harvesting Model

Each node i can harvest energy with a seasonal and modified diurnal solar har-

vesting model, subject to a maximum energy harvest rate Hmax.

The energy level Ei(t) is updated after a successful harvest as in Eq. (4.11):

Ei(t+ 1) = min (Emax, Ei(t)− Econsumed(t) + Eh(t)) , (4.11)

where Eh(t) denotes the amount of energy harvested in round t, and Econsumed(t)

is the energy consumed by the node in that round.
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4.3.3.1 Seasonal and Diurnal Solar Harvesting Model

A physically realistic solar energy harvesting model is employed, accurately re-

producing both diurnal (day/night) and seasonal insolation variations observed at

latitude ϕ. The instantaneous harvested energy per round is computed as given

in Eq. (4.12):

Eh(t) = Hmax · fseason(t) · fdiurnal(t) · (1 + η(t)), (4.12)

where Hmax is the maximum harvestable energy at noon in summer, fseason(t)

models the seasonal variations in maximum harvested energy output throughout

the year, fdiurnal(t) is the modified diurnal (day/night) profile, and η(t) introduces

±10% random variability to model cloud cover and atmospheric fluctuations (with

|η(t)| ≤ 0.1).

4.3.3.2 Seasonal Component

The seasonal component fseason(t) models the annual variation in solar insolation

due to Earth’s tilt and orbital eccentricity, which cause predictable changes in

daily solar radiation received at any latitude.

For the simulation at Islamabad (Pakistan), this component is critical because

Islamabad experiences a pronounced subtropical climate with hot summers and

mild winters, resulting in a moderate variation in peak solar irradiance between

solstices—less extreme than at higher latitudes but still significant for energy-

neutral operation.

The mathematical formulation is a Fourier series fitted to NASA POWER meteo-

rological data (1991–2020 hourly solar radiation averages) as given in Eq. (4.13):

and The curve fitting results are shown in Figure 4.2.

fseason(doy) = 0.6467− 0.2455 cos

(
2π · doy
365

)
+ 0.0519 sin

(
2π · doy
365

)
− 0.0469 cos

(
4π · doy
365

)
− 0.0544 sin

(
4π · doy
365

)
+ 0.0031 cos

(
6π · doy
365

)
+ 0.0344 sin

(
6π · doy
365

) (4.13)
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where doy is the day of year (1 to 365). aligns the peak with the northern hemi-

sphere summer solstice (June 21, doy ≈ 172). The amplitude of 0.325 is half the

seasonal swing, producing a minimum of 0.35 at winter solstice (December 21,

doy ≈ 355), with an offset of 0.675 ensuring the annual average is approximately

1 for long-term equilibrium.

Figure 4.2: Fitted seasonal multiplier fseason(doy) using Fourier series for Is-
lamabad (33.74°N), based on NASA POWER solar radiation data (1991–2020).

4.3.3.3 Modified Diurnal Component

The diurnal component accurately replicates the daily solar cycle and enforces

strictly zero energy harvesting during nighttime a critical physical constraint ab-

sent in most literature. The instantaneous harvesting power follows a half-sine

profile during daylight hours as given in Eq. (4.14):

fdiurnal(t) = max

(
0, sin

(
π(t mod 1440)

720

))
, (4.14)

where t is the current simulation round, 1440 rounds correspond to one full day

(60-second time step), t mod 1440 extracts the time-of-day in rounds, and the

argument sweeps from 0 to π over 720 rounds (12 daylight hours). This formulation

yields exactly zero harvesting from approximately 18:00 to 06:00 local solar time,

a smooth sinusoidal rise and fall, peaking at solar noon (12:00).

It provides perfect alignment with the physical elevation of the sun above the

horizon for a horizontally mounted solar panel.
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Combined with the seasonal component , the complete harvesting model is ob-

tained by multiplying the two components as previously shown in Eq. (4.12).

The half-sine diurnal model is analytically derived from the solar elevation angle

for a flat-plate collector and is widely adopted in high-fidelity energy-harvesting

literature [8]. Unlike averaged 24-hour models that incorrectly assume nighttime

harvesting, our implementation enforces zero energy intake for 12 hours daily,

significantly increasing the realism and difficulty of achieving energy-neutral op-

eration, thereby strengthening the contribution of the proposed model.

Figure 4.3 shows the diurnal energy variation over a 10 days period, clearly illus-

trating the strict nighttime cutoff and smooth daytime profile.

Figure 4.3: Diurnal component of the solar energy harvesting model over ten
full days. The half-sine profile enforces zero harvesting during nighttime hours

while providing a realistic peak at solar noon.

4.3.4 Node Death and Revival Mechanism

Unlike conventional WSN models, EH-RL-AEBRP explicitly supports node re-

vival. A node i is declared dead when

Ei(t) ≤ Emin. (4.15)

A dead node may revive if both conditions are satisfied:

Ei(t) ≥ Erevival and (t− tdeath) ≥ Tcooldown. (4.16)
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Upon revival, the node re-enters routing operations, BFS hop counts are recom-

puted, and Q-values are heuristically reinitialized to ensure learning stability as

shown in figure 4.4 .

Simulation rounds t
Ei(t) Emin

Erevival

Node i

Death
(Ei(t) ≤ Emin)

Revival
(Ei(t) ≥ Erevival

and cooldown elapsed)

Tcooldown

Normal operation
(alive)

Dead period
(no routing)

Revived
(re-enters network)

Figure 4.4: Illustration of the node death and revival mechanism in EH-RL-
AEBRP. A node dies when its energy falls below Emin, remains inactive during a
cooldown period Tcooldown, and revives once its harvested energy reaches Erevival.

Upon revival, BFS hop counts and Q-values are updated.

4.3.5 Traffic Model

The network operates under a continuous full-load traffic model. At each simu-

lation round, every alive node generates exactly one data packet destined for the

sink:

∀i ∈ A(t), i generates and transmits one packet per round, (4.17)

where A(t) = {i | ci(t) = 1} denotes the set of alive nodes at round t.

This traffic model imposes sustained stress on the routing protocol and enables

rigorous evaluation of energy sustainability and routing robustness.

4.4 Reinforcement Learning Routing Framework

4.4.1 State, Action, and Learning Structure

Each sensor node functions as an autonomous RL agent. The state is implicitly

represented by the current node index i (i.e., the agent is always in “state” i when
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making a forwarding decision at node i). The action a corresponds to selecting

one of the alive neighboring nodes j ∈ Ni(t) as the next hop.

A global Q-table Q(i, j) stores the expected long-term utility (discounted cumu-

lative reward) of forwarding packets from node i to node j.

The Q-values are updated using the standard Q-learning Bellman equation:

Q(i, j)← Q(i, j) + α

[
R(i, j, t) + γ max

k∈Nj(t)
Q(j, k)−Q(i, j)

]
, (4.18)

where α ∈ (0, 1] is the learning rate, γ ∈ [0, 1) is the discount factor, R(i, j, t) is

the immediate reward received after taking action j from node i at round t, and

maxk∈Nj(t)Q(j, k) represents the estimated future utility from the best possible

action at the next hop j. Routing decisions follow an ε-greedy policy to balance

exploration and exploitation:

� With probability 1− ε: select the greedy next hop

j∗ = arg max
j∈Ni(t)

Q(i, j).

� With probability ε: select a next hop uniformly at random from the alive

neighbors Ni(t).

This distributed per-node Q-learning approach shown in figure 4.5 allows each

node to independently learn energy-aware and robust forwarding policies without

requiring global network state information, while the ε-greedy mechanism ensures

sufficient exploration of alternative paths, especially important in dynamic EH-

enabled networks with node death and revival.

4.4.2 Reward Function Design and Rationale

The reward function is the core mechanism through which the proposed EH-RL-

AEBRP protocol translates network objectives into learnable feedback for routing

decisions. In energy-harvesting wireless sensor networks, routing decisions must

simultaneously satisfy multiple, often conflicting, objectives: conserving residual
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Current Node i
(RL Agent)

Alive Neighbors
j ∈ Ni(t)

Q-Table
Q(i, j) for all j

ε-Greedy Policy
Selected

Next-Hop j∗

Immediate Reward
R(i, j, t)

Q-Learning Update
(Bellman Equation)

Lookup
Q-values

Available
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Action selection
(greedy or random)

Forward
packet

Observe
reward

Next state
maxk Q(j, k)

Update
Q(i, j)

Figure 4.5: Reinforcement Learning framework in EH-RL-AEBRP. Each sen-
sor node acts as an independent RL agent.

energy, ensuring progress toward the sink, maintaining short routing paths, and

exploiting favorable energy harvesting conditions. A poorly designed reward func-

tion may lead to rapid node depletion, routing loops, or unstable learning behav-

ior. To address these challenges, the proposed protocol employs a multi-objective

composite reward function that integrates energy awareness, hop efficiency, and

link quality, with dynamically adjusted weights that reflect the current network

condition.

4.4.2.1 General Reward Structure

For a packet forwarded from node i to node j at round t, the immediate reward

is defined as:

R(i, j, t) = wE(t)RE(j, t)− wH(t)RH(j, t) + wD(t)RD(i, j), (4.19)

where:

� RE(j, t) is the energy-based reward component,

� RH(j, t) is the hop-count–based reward component,

� RD(i, j) is the distance-based reward component,

� wE(t), wH(t), wD(t) are adaptive, non-negative weights satisfying:

wE(t) + wH(t) + wD(t) = 1. (4.20)
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This formulation allows the routing policy to adaptively emphasize different ob-

jectives depending on network state and energy availability as shown in figure 4.6.

Energy Component

RE(j, t) =
Ej(t)
Emax

Hop Progress Component
RH(j, t) = −hj(t)

Distance Component
RD(i, j) =

Rc
dij+1

wE(t) wH(t) wD(t)

∑

Instantaneous Reward
R(i, j, t)

wE(t) + wH(t) + wD(t) = 1
wk(t) ≥ 0

Figure 4.6: Structure of the multi-objective reward function in EH-RL-
AEBRP. Three normalized components (energy-aware, hop progress, and
distance-based link quality) are weighted and summed to produce the instanta-

neous reward signal used for Q-learning.

4.4.2.2 Energy-Aware Reward Component

The energy-aware component promotes the selection of next-hop nodes with higher

residual energy, thereby balancing energy consumption and preventing premature

node failures. It is defined as:

RE(j, t) =
Ej(t)

Emax

, (4.21)

where Ej(t) is the residual energy of node j and Emax is the maximum battery

capacity. This normalization ensures that:

0 ≤ RE(j, t) ≤ 1,

making the reward scale-independent and numerically stable for learning. Select-

ing neighbors with higher energy reserves distributes forwarding load more evenly

across the network, reduces energy variance, and significantly extends network

lifetime particularly critical under continuous traffic conditions.
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4.4.2.3 Hop-Count Based Reward Component

To ensure consistent progress toward the sink and prevent routing loops, a hop-

count–based penalty is incorporated:

RH(j, t) =
−hj(t)

hmax

, (4.22)

where hj(t) denotes the minimum hop count from node j to the sink, obtained via

BFS and hmax comes from network area.

This term explicitly discourages forwarding packets to nodes that are farther from

the sink in terms of hop distance.Without hop-awareness, RL agents may favor

energy-rich nodes that lead to detours or excessively long paths.

Incorporating hop count enforces directional routing while maintaining learning

flexibility.

4.4.2.4 Distance-Based Reward Component

The distance-based component captures link quality and transmission efficiency:

RD(i, j) =
Rc

dij + 1
, (4.23)

where dij is the Euclidean distance between nodes i and j, and Rc is the commu-

nication range.The addition of unity in the denominator prevents singularity and

bounds the reward.

Shorter links require less transmission energy due to the quadratic path-loss model.

This term indirectly minimizes transmission energy and reduces packet loss risk.

4.4.2.5 Complete Reward Expression

Substituting the components, the complete reward function becomes:

R(i, j, t) = wE(t)
Ej(t)

Emax

− wH(t)
hj(t)

hmax

+ wD(t)
Rc

dij + 1
. (4.24)
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4.4.2.6 Interaction with Energy Harvesting

Unlike traditional battery-powered WSNs, EH-WSNs exhibit time-varying energy

availability.

The reward function implicitly accounts for this through:

1. The residual energy term Ej(t),

2. The adaptive weights wE(t), which increase during energy scarcity,

3. Node revival mechanisms that reintroduce previously dead nodes into rout-

ing.

Thus, the reward function enables opportunistic routing behavior that exploits

periods of abundant harvesting while maintaining survivability during scarcity.

4.4.2.7 Reward Boundedness and Learning Stability

Each reward component is bounded:

0 ≤ RE(j, t) ≤ 1, −1 ≤ RH(j, t) ≤ 0, 0 < RD(i, j) ≤ Rc.

Therefore, the total reward is bounded, ensuring numerical stability of Q-learning

updates and preventing divergence.

4.4.2.8 Design-Advantages

The proposed reward function offers the following advantages:

� Multi-objective optimization without scalarization bias,

� Dynamic prioritization through adaptive weights,

� Loop-free routing via hop-based penalties,

� Energy sustainability via residual energy awareness,

� Compatibility with EH dynamics and node revival.
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4.4.2.9 Practical Interpretation

From a networking perspective, the reward function can be interpreted as follows:

A forwarding decision is preferred if it selects a neighbor that is energetically

healthy, closer to the sink in terms of hops, and reachable via a short, energy-

efficient link while dynamically adapting these priorities to the current network

state.
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Figure 4.7: Contribution of individual reward components and evolution of
adaptive weights over simulation time in a representative scenario. The primary
(left) y-axis shows the reward components RE(j, t), −hj(t), and RD(i, j); the
secondary (right) y-axis shows the adaptive weights wE(t), wH(t), and wD(t).

The legend is placed at the bottom-right corner for clarity.

Figure 4.7 illustrates the contribution of individual reward components and their

adaptive weights over simulation time.

4.4.3 Adaptive Reward Weight Adjustment Mechanism

In energy-harvesting wireless sensor networks, static reward weighting fails to cap-

ture long-term variations in network conditions such as fluctuating harvested en-

ergy, heterogeneous residual energy distribution, and dynamic node availability.

To address this limitation, the proposed EH-RL-AEBRP protocol employs an

adaptive reward weight adjustment mechanism that continuously tunes the relative
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importance of energy awareness, routing efficiency, and transmission distance in

the reinforcement learning reward function.

This mechanism allows the routing policy to autonomously shift its behavior be-

tween energy conservation and latency reduction, thereby enhancing network sus-

tainability and stability under diverse operating conditions.

4.4.3.1 Network-Level Energy Statistics

Let A(t) ⊆ {1, 2, . . . , N} denote the set of alive nodes at round t.

The average residual energy of the network is computed as:

Ē(t) =
1

|A(t)|
∑
i∈A(t)

Ei(t). (4.25)

To capture energy imbalance across the network, the normalized energy variance

is defined as:

σ2
E(t) =

1

|A(t)|
∑
i∈A(t)

(
Ei(t)− Ē(t)

Emax

)2

. (4.26)

A high value of σ2
E(t) indicates uneven energy distribution, which increases the

risk of premature node depletion along heavily utilized routes.

4.4.3.2 Harvesting-Aware Sustainability Indicator

To incorporate energy harvesting dynamics, the average harvested energy over a

sliding window of W rounds is calculated as:

H̄(t) =
1

W

t∑
τ=t−W+1

H(τ). (4.27)

The window size W is selected proportional to the number of rounds per day,

allowing the protocol to capture diurnal harvesting patterns without reacting to

short-term fluctuations.
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The normalized harvesting sustainability factor is then defined as:

ϕH(t) =
H̄(t)

Hmax

. (4.28)

A low value of ϕH(t) signals energy scarcity, prompting the routing policy to

prioritize energy preservation.

4.4.3.3 Network Survivability Indicator

To explicitly account for node availability, the fraction of alive nodes is computed

as:

ϕA(t) =
|A(t)|
N

. (4.29)

As ϕA(t) decreases, the routing policy is encouraged to reduce hop count and avoid

excessive route elongation, which could otherwise accelerate network fragmenta-

tion.

4.4.3.4 Base Weight Computation

Using the derived network indicators, three unnormalized base weights are com-

puted for the reward components:

i. Energy Awareness Weight: This formulation increases the importance of

energy-aware routing when the average energy is low or when energy imbal-

ance is high.

w̃E(t) = αE

(
1− Ē(t)

Emax

)
+ βEσ

2
E(t). (4.30)

ii. Hop Count Weight: This term emphasizes hop-count minimization when a

significant portion of the network is unavailable.

w̃H(t) = αH (1− ϕA(t)) . (4.31)

iii. Distance-Based Link Quality Weight: When harvested energy is scarce, the

routing policy favors shorter transmission distances to reduce transmission
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energy consumption.

w̃D(t) = αD (1− ϕH(t)) . (4.32)

4.4.3.5 Weight Normalization via Softmax

To ensure numerical stability and maintain a convex combination of reward com-

ponents, the base weights are normalized using the softmax function:

wk(t) =
exp (w̃k(t))∑

l∈{E,H,D} exp (w̃l(t))
∀k ∈ {E,H,D}. (4.33)

This normalization guarantees:

∑
k

wk(t) = 1, 0 ≤ wk(t) ≤ 1.

4.4.3.6 Final Reward Function with Adaptive Weights

The resulting adaptive reward used in the Q-learning update is:

R(i, j, t) = wE(t)
Ej(t)

Emax

− wH(t)hj(t) + wD(t)
Rc

dij + 1
. (4.34)

This formulation enables the protocol to dynamically balance energy efficiency,

routing progress, and transmission reliability.

4.4.3.7 Stability and Convergence Considerations

To prevent oscillatory behavior, the adaptive weights are updated at a slower

timescale than Q-value updates.

Furthermore, sliding-window averaging smooths stochastic harvesting variations,

ensuring gradual and stable policy adaptation.

Figure 4.8 illustrates the temporal evolution of the adaptive reward weights under

different energy scenarios, demonstrating the protocol’s ability to autonomously

shift routing priorities in response to changing network conditions.
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Figure 4.8: Temporal evolution of adaptive reward weights under a repre-
sentative Energy-Scarce scenario followed by recovery. The protocol increases
wE(t) during low energy periods, raises wH(t) when node deaths occur, and

modestly elevates wD(t) during prolonged harvesting scarcity.

4.4.3.8 Discussion

The proposed adaptive reward weight adjustment mechanism enables EH-RL-

AEBRP to:

� Avoid premature energy depletion,

� Mitigate route overuse,

� Maintain connectivity during energy scarcity,

� Exploit abundant harvesting periods to reduce latency.

By integrating network-level energy statistics and harvesting dynamics directly

into the reward structure, the protocol achieves superior long-term sustainability

compared to static-weight and non-harvesting routing approaches.

4.5 Algorithm and Flowchart

The RL-EBRP algorithm operates in distinct phases: initialization, round loop,

transmission, energy harvesting, metrics update, and visualization/plotting.

Each phase is detailed with its own algorithm and flowchart below, followed by an

overall flowchart illustrating the complete flow.
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4.5.1 Initialization Phase

This phase sets up the network topology, initializes node parameters, computes

essential routing information, and prepares efficient data structures for the dis-

tributed Q-learning process.

Algorithm 1 Initialization Phase of EH-RL-AEBRP

1: Deploy N sensor nodes randomly in the area, place sink at fixed position (e.g.,
(50, 50))

2: Initialize each node i: Ei(0) = Einit, ci(0) = 1 (alive)
3: Compute Euclidean distances dij for all node pairs i, j
4: Run BFS from sink to compute minimum hop counts hi for all nodes
5: Initialize Q-table entries:

Q(i, j) = 1
hj

for all j ∈ Ni(0) ▷ Heuristic: closer nodes in hops are

preferred

Q(i, j) = 0 otherwise (or omit non-neighbors)
6: Construct neighbor adjacency structure Ni(0) (alive nodes within range Rc)
7: Initialize sparse matrices/data structures for efficient storage of neighbors and

Q-values
8: Compute initial adaptive reward weights wE(0), wH(0), wD(0) using network

statistics

The initialization phase, as summarized in Algorithm 1 and illustrated in Fig-

ure 4.9, ensures that all nodes begin with consistent and meaningful prior knowl-

edge (favoring shorter-hop paths)

while maintaining full compatibility with the distributed Q-learning and adaptive

reward mechanisms described in Sections 4.4- 4.4.3

4.5.2 Round Loop Phase

This phase constitutes the core simulation loop of EH-RL-AEBRP, advancing the

network state round by round until either all nodes are depleted or the predefined

maximum number of rounds tot rnd is reached.

Each round represents a fixed time step (e.g., 60 seconds).

During which traffic generation, routing, transmission, energy consumption, har-

vesting, node death/revival, and adaptive weight updates occur.
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Initialization Phase Flowchart

Start Initialization

Deploy N nodes randomly
Place sink at fixed position

Initialize node parameters
Ei(0) = Einit, ci(0) = 1

Compute distances dij
and neighbor sets Ni(0)

Run BFS from sink
→ compute hi for all nodes

Initialize Q-values
Q(i, j) = 1

hj
for neighbors

Create sparse structures
for neighbors and Q-table

Compute initial network stats
and adaptive weights wk(0)

End Initialization
(Ready for simulation rounds)

Figure 4.9: Flowchart of the Initialization Phase in EH-RL-AEBRP. This
phase establishes the network topology, computes hop counts via BFS, heuris-
tically initializes Q-values based on hop distance to the sink, and prepares data
structures and initial adaptive weights before the main simulation loop begins.
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Round Loop Phase Flowchart

Start Simulation

Initialize
rnd = 0

alive nodes = N

alive nodes ¿ 0
AND

rnd ¡ tot rnd ?

rnd ← rnd + 1

Update harvesting
profile H(rnd)

Execute Transmission &
Routing Phase

Update node energies
(consumption + harvesting)

Node Death/Revival
& Topology Update

Update global statistics
& adaptive weights

Record metrics
& visualization

End Simulation

Yes

No

Figure 4.10: Flowchart of the Round Loop Phase in EH-RL-AEBRP. The
loop continues until network collapse or the maximum number of rounds is
reached, incorporating routing, energy updates, node state changes, adaptive

weight adjustment, and metric collection in each iteration.
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Algorithm 2 Round Loop Phase of EH-RL-AEBRP

1: Initialize rnd← 0, alive nodes← N
2: while alive nodes > 0 and rnd < tot rnd do
3: rnd← rnd + 1
4: Update global energy harvesting profile H(rnd) (diurnal + seasonal model)
5: Execute Transmission and Routing Phase (Algorithm 3)
6: Update node energies due to transmission/reception (radio model)
7: Execute Energy Harvesting Phase: Ei(rnd)← min(Emax, Ei(rnd−1)+

H(rnd))
8: Check and execute Node Death/Revival (Eqs. (4.15)–(4.16))
9: Update network topology (BFS recomputation if topology changed)
10: Update global statistics: Ē(rnd), σ2

E(rnd), ϕH(rnd), ϕA(rnd)
11: Periodically update adaptive reward weights wk(rnd)
12: Record performance metrics (alive nodes, packets delivered, etc.)
13: Optional: Real-time visualization/plotting
14: Update alive nodes← |A(rnd)|
15: end while

The round loop phase, formalized in Algorithm 2 and visualized in Figure 4.10,

orchestrates the time evolution of the network. It integrates all previously de-

scribed mechanisms distributed Q-learning routing , realistic energy harvesting,

node death/revival dynamics, and adaptive reward weighting into a coherent sim-

ulation cycle that accurately models the long-term behavior of energy-harvesting

WSNs under continuous traffic load.

4.5.3 Transmission Phase

This phase implements the core distributed routing and transmission logic of EH-

RL-AEBRP. In each simulation round, every alive node generates one data packet

and attempts to forward it toward the sink using the learned Q-values.

The phase incorporates epsilon greedy exploration, reward computation, Q-learning

updates, energy consumption, and direct transmission when the sink is within

range.

The transmission phase, as presented in Algorithm 3 and illustrated in Figure 4.11,

forms the operational core of the protocol. It is invoked once per simulation round

within the main loop (Algorithm 2) and realizes the distributed reinforcement

learning-based routing behavior described in Sections 4.4.
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Algorithm 3 Transmission and Routing Phase (executed each round)

1: Update neighbor sets Ni(t) and ensure Q-table reflects only alive neighbors
2: for each node i = 1 to N in parallel ▷ Distributed execution do
3: if ci(t) = 0 or Ei(t) ≤ Emin then
4: Skip (node dead)
5: continue
6: end if
7: Generate one data packet at node i
8: if Ni(t) = ∅ and di,sink > Rc then
9: Drop packet ▷ Isolated node
10: continue
11: end if
12: if di,sink ≤ Rc then ▷ Direct transmission possible
13: Transmit packet directly to sink
14: Deduct transmission energy Etx(i, sink) from Ei(t)
15: Increment successful delivery counter
16: continue
17: end if
18: ▷ Select next hop using ε-greedy policy
19: if random() ¡ ε then
20: j ← uniform random from Ni(t) ▷ Exploration
21: else
22: j ← argmaxk∈Ni(t)Q(i, k) ▷ Exploitation
23: end if
24: Forward packet from i to j
25: Deduct Etx(i, j) from Ei(t) and Erx from Ej(t)
26: Compute immediate reward R(i, j, t) (Eq. (4.24))
27: Update Q-value:

Q(i, j)← Q(i, j) + α
[
R(i, j, t) + γmaxk∈Nj(t)Q(j, k)−Q(i, j)

]
28: end for

4.5.4 Energy Harvesting and Node Status Update Phase

This phase updates node energies based on the realistic diurnal and seasonal har-

vesting model, caps battery levels, and manages node death and revival dynamics

as discussed in Section 4.3.3.1 and Section 4.3.4.

The energy harvesting and node status update phase, formalized in Algorithm 4

and visualized in Figure 4.12, integrates the realistic solar harvesting model with

the node death and revival mechanism.

It is executed after the transmission phase in each simulation round (Algorithm 2),

ensuring accurate modelling of temporal energy dynamics and network resilience
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Transmission Phase Flowchart
(per alive node per round)

Start
(for each alive node i)

Node i alive?
(Ei(t) > Emin)

Generate one
data packet

Sink in range?
(di,sink ≤ Rc)

Direct transmission
to sink

Deduct Etx(i, sink)

Alive neighbors
Ni(t) ̸= ∅?

Select next hop j
using ε-greedy policy

Forward packet to j
Deduct Etx(i, j) and Erx(j)

Compute reward
R(i, j, t)

Update Q(i, j)
Bellman equation

Drop packet
(isolated node)

End
(next node)

No

Yes

Yes

No

No

Yes

Figure 4.11: Flowchart of the Transmission and Routing Phase in EH-RL-
AEBRP using right-angle (orthogonal) arrows for clearer routing paths.

in EH-enabled WSNs.

4.5.5 Metrics Update Phase

This phase computes and accumulates key performance metrics at the end of each

simulation round to enable quantitative evaluation of network lifetime, energy

efficiency, and operational node count.

The metrics update phase, formalized in Algorithm 5 and illustrated in Figure 4.13,

is executed at the end of each simulation round within the main loop (Algorithm 2).
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Algorithm 4 Energy Harvesting and Node Status Update Phase (exe-
cuted each round)

1: for each node i = 1 to N do
2: Compute harvested energy Eh(i, rnd) using diurnal + seasonal model
3: if ci(rnd− 1) = 1 then ▷ Node was alive last round
4: Ei(rnd)← min(Emax, Ei(rnd− 1) + Eh(i, rnd))
5: end if
6: Check node death:
7: if Ei(rnd) ≤ Emin then
8: ci(rnd)← 0 ▷ Mark as dead
9: Record death time tdeath,i ← rnd
10: Update network topology and statistics
11: end if
12: Check node revival (if previously dead):
13: if ci(rnd − 1) = 0 and Ei(rnd) ≥ Erevival and (rnd − tdeath,i) ≥ Tcooldown

then
14: ci(rnd)← 1 ▷ Revive node
15: Recompute BFS hop count hi

16: Heuristically reinitialize Q-values for node i
17: Update network topology and statistics
18: end if
19: end for

Algorithm 5 Metrics Update Phase (executed each round)

1: Compute number of dead nodes this round: dead rnd(rnd) ←
∑N

i=1(1 −
ci(rnd))

2: Update cumulative dead-node-rounds: cum dead rnd(rnd) ←
cum dead rnd(rnd− 1) + dead rnd(rnd)

3: Compute total energy consumed this round: E consumed(rnd) ←∑N
i=1(Emax − Ei(rnd))

4: Compute number of operational (alive) nodes: op nodes(rnd)←
∑N

i=1 ci(rnd)
5: Record additional metrics as needed (e.g., packets delivered, average hop

count, etc.)

It provides essential data for evaluating network lifetime (via cumulative dead-

node-rounds), energy utilization, and connectivity over time.

4.6 Protocol Operation

This section describes the step-by-step operation of the EH-RL-AEBRP protocol,

integrating the mathematical models, algorithms, and flowcharts presented earlier
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Energy Harvesting and Node Status Update Phase Flowchart
(per node per round)

Start
(for each node i)

Compute harvested energy
Eh(i, rnd)

Was node alive
last round?

Update battery
Ei ← min(Emax, Ei + Eh)

Energy depleted?
Ei ≤ Emin

Mark node dead
ci ← 0

Record tdeath,i

Eligible for revival?
Ei ≥ Erevival

& cooldown elapsed

Revive node
ci ← 1

Recompute hi

Reinitialize Q-values

End
(next node)

No

Yes

Yes

No

Yes

No

Figure 4.12: Flowchart of the Energy Harvesting and Node Status Update
Phase in EH-RL-AEBRP.

to illustrate its complete functionality.

4.6.1 Network Setup

The protocol begins with the Initialization Phase (Algorithm 1, Figure 4.9), where

the network is modeled as a graph G = (V,E). Each node i ∈ V is assigned an

initial energy Ei(0) = Einit, and its position (xi, yi) is randomly generated within

a 100 × 100 m2 area. The sink is positioned at the center (50, 50). Euclidean
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Metrics Update Phase Flowchart

Start

Compute dead nodes this round
dead rnd←

∑
(1− ci)

Update cumulative dead-node-rounds
cum dead rnd← cum dead rnd + dead rnd

Compute energy consumed this round
E consumed←

∑
(Emax − Ei)

Compute operational nodes
op nodes←

∑
ci

End

Figure 4.13: Flowchart of the Metrics Update Phase in EH-RL-AEBRP. This
simple sequential phase runs after energy harvesting and node status updates

to record key performance indicators for post-simulation analysis.
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distances between nodes are computed using Eq. (4.1), and distances to the sink

via Eq. (4.2). Minimum hop counts hi are determined via BFS from the sink.

Initial Q-values are heuristically set as Q(i, j) = 1/hj for neighbors j ∈ Ni(0),

favoring shorter-hop paths. Neighbor sets Ni(0) are constructed according to

Eq. (4.4), including only nodes within communication range Rc. Initial adaptive

reward weights wk(0) are computed from network statistics.

4.6.2 Round Loop and Global Updates

The main simulation is governed by the Round Loop Phase (Algorithm 2, Fig-

ure 4.10). It executes for up to tot rnd rounds or until no operational nodes

remain. Each round updates the harvesting profile H(rnd) using the diurnal and

seasonal model, then sequentially invokes the transmission, energy harvesting,

node status update, adaptive weight adjustment, and metrics collection phases.

4.6.3 Transmission and Routing

In the Transmission and Routing Phase (Algorithm 3, Figure 4.11), every alive

node generates one data packet. If the sink is within range (di,sink ≤ Rc), direct

transmission occurs with corresponding energy deduction. Otherwise, the next

hop j is selected using the ε-greedy policy:

With probability ε a random alive neighbor is chosen (exploration), otherwise the

neighbor maximizing Q(i, k) is selected (exploitation). The packet is forwarded,

transmission and reception energies are deducted, the immediate reward R(i, j, t)

is computed (Eq. (4.24)), and the Q-value is updated via the Bellman equation

(Eq. (4.18)).

4.6.4 Energy Harvesting and Node Status Update

The Energy Harvesting and Node Status Update Phase (Algorithm 4, Figure 4.12)

follows transmission. Harvested energy Eh(i, rnd) is added to each node’s bat-

tery (capped at Emax). Node death is checked: if Ei(rnd) ≤ Emin, the node is
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marked dead (ci = 0). Previously dead nodes are checked for revival eligibility: if

Ei(rnd) ≥ Erevival and sufficient cooldown has elapsed, the node revives (ci = 1),

BFS hop counts are recomputed, and Q-values are heuristically reinitialized. Net-

work topology and statistics are updated accordingly.

4.6.5 Metrics Update

The Metrics Update Phase (Algorithm 5, Figure 4.13) records key performance

indicators at the end of each round: number of dead and operational nodes, energy

consumption, and cumulative metrics for lifetime analysis.

4.6.6 Summary

The EH-RL-AEBRP protocol operates through a structured sequence of phases

that integrate realistic energy harvesting, distributed Q-learning routing, adaptive

reward weighting, and node death/revival dynamics. The mathematical models

ensure accurate energy management and loop-free progress toward the sink, while

the distributed execution enables emergent, robust, and energy-sustainable routing

behavior under continuous traffic load and varying harvesting conditions.



Chapter 5

Results and Performance

Evaluation

This chapter presents a comprehensive performance evaluation of the proposed

Adaptive EH-RL-AEBRP protocol. The proposed scheme is compared against

the baseline RL-EBRP protocol and evaluated under five distinct operational sce-

narios:

i. Baseline RL-EBRP without energy harvesting,

ii. Proposed EH-RL-AEBRP without energy harvesting (algorithmic gain only),

iii. Proposed EH-RL-AEBRP under energy-scarce harvesting conditions,

iv. Proposed EH-RL-AEBRP under energy-neutral harvesting conditions,

v. Proposed EH-RL-AEBRP under energy-abundant harvesting conditions.

This multi-scenario analysis enables a fair and insightful assessment of the adaptive

reward weights, reinforcement learning enhancements, and the impact of different

levels of energy harvesting availability.

89
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5.1 Simulation Setup

All experiments were conducted using MATLAB. The network consists of 100

sensor nodes randomly deployed in a 100×100 m2 square area, with the sink node

fixed at the center (50, 50) m and assumed to have unlimited energy supply. The

common simulation parameters are listed in Table 5.1.

5.1.1 Scenario Specific: Energy Harvesting Conditions

The five evaluated scenarios differ primarily in the energy harvesting availability,

which is controlled by scaling the average harvested energy per round (H̄) relative

to the average energy consumption per node per round (≈ 0.008–0.012 J/round

under typical routing load). The diurnal-seasonal solar harvesting model (Islam-

abad, Pakistan location) is used in all harvesting-enabled scenarios, with Hmax =

0.015 J/round at peak and ±10% random variability.

All other parameters (node deployment, radio model, RL hyperparameters, traffic

pattern, etc.) remain identical across scenarios to ensure fair comparison. All EH-

RL-AEBRP variants employ the realistic diurnal and seasonal solar harvesting

model with scenario-specific maximum harvesting rates Hmax. The baseline RL-

EBRP uses static reward weights (p = 0.3, q = 0.7) and lacks node revival support.

5.1.2 Performance Metrics

The performance of the proposed EH-RL-AEBRP protocol and the baseline RL-

EBRP is evaluated using the following key metrics:

i. Network Lifetime: Time (in rounds) until first node death (HND) and last

node death (90%ND).

ii. Packet Delivery Ratio (PDR): Fraction of generated packets successfully

delivered to the sink.

iii. Energy Balance: Variance of residual energy across alive nodes over time.

iv. Jain’s Fairness Index: It is a dimensionless fairness score bounded in [0, 1].
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Table 5.1: Simulation Parameters

Parameter Value Description

Network area 100× 100 m2 Deployment field

Number of sensor
nodes (N)

100 Randomly deployed

Sink location (50, 50) m Fixed central position

Initial energy per
node (E0)

0.5 J Standard battery capacity

Maximum battery
capacity (Emax)

0.5 J Upper bound after harvesting

Minimum oper-
ational energy
(Emin)

0.00058 J Threshold for node death

Revival energy
threshold (Erevival)

0.5×E0 J Minimum energy to revive

Revival cooldown
(Tcooldown)

500 rounds Minimum dead time before revival

Communication
range (Rc)

30 m Maximum transmission range

Data packet size
(k)

4000 bits Fixed packet length

Energy Consumption Model (First-Order Radio Model)

Electronics energy
(Eelec)

50 nJ/bit Circuitry energy

Data aggregation
energy (EDA)

5 nJ/bit/message Aggregation cost

Free-space ampli-
fier (ϵfs)

100 pJ/bit/m2 Short-range transmission

Reinforcement Learning Parameters

Learning rate (α) 0.1 Q-value update step size

Discount factor (γ) 0.9 Future reward importance

Exploration proba-
bility (ε)

0.2 (initial) ε-greedy policy

ε decay Linear to 0.05 over
5000 rounds

Annealing schedule

Traffic and Time Model

Time step per
round

60 seconds Real-time equivalent

Traffic generation 1
packet/round/alive
node

Continuous full-load (baseline)

Maximum simula-
tion rounds

20,000 Stopping criterion
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Table 5.2: Scenario Specific Energy Harvesting Levels

Scenario Energy Har-
vesting

Avg. Har-
vested En-
ergy (H̄)

Relation to Con-
sumption

1. Baseline RL-EBRP Disabled 0 J/round No replenishment
2. Proposed EH-RL-
AEBRP
(No EH) Disabled 0 J/round Algorithmic gain only
3. Energy-Scarce EH Enabled 0.0005 J/round H̄ < consumption
4. Energy-Neutral EH Enabled 0.002 J/round H̄ ≈ consumption
5. Energy-Abundant
EH

Enabled 0.004 J/round H̄ > consumption

5.1.3 Energy Balance

Energy balance is one of the most critical performance indicators in energy-

harvesting wireless sensor networks (EH-WSNs), as uneven energy consumption

often leads to hotspot formation, premature node failures, and network partition-

ing especially near the sink in converge cast traffic patterns.

The proposed EH-RL-AEBRP protocol aims to distribute forwarding load more

evenly across nodes by dynamically prioritizing energy-rich neighbours through

the adaptive reward mechanism. To quantify this property, we use the following

two complementary metrics:

5.1.3.1 Normalized Energy Variance

This metric captures the spread of residual energy levels across all alive nodes at

each round t:

σ2
E(t) =

1

|A(t)|
∑
i∈A(t)

(
Ei(t)− Ē(t)

Emax

)2

, (5.1)

where:

� A(t) is the set of alive nodes at round t,

� Ei(t) is the residual energy of node i,
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� Ē(t) = 1
|A(t)|

∑
i∈A(t) Ei(t) is the average residual energy,

� Emax is the battery capacity (used for normalization).

Lower values of σ2
E(t) indicate better energy balance (more uniform residual energy

distribution). In ideal conditions, σ2
E(t) → 0 when all alive nodes have nearly

identical energy levels.

5.1.3.2 Jain’s Fairness Index

It is a dimensionless fairness score bounded in [0, 1], we also compute Jain’s index:

J(t) =

(∑
i∈A(t) Ei(t)

)2

|A(t)| ·
∑

i∈A(t) Ei(t)2
, (5.2)

where J(t) = 1 represents perfect fairness (all nodes have equal energy) and J(t)→
1/|A(t)| in the worst case (one node has all the energy).

5.2 Comparative Analysis of Baseline RL-EBRP

and EH-RL-AEBRP (No Energy Harvest-

ing)

This section presents a controlled comparative analysis between the baseline RL-

EBRP protocol and the proposed EH-RL-AEBRP operating without energy har-

vesting. By disabling the harvesting module, both protocols rely solely on their

initial battery energy, ensuring a fair and unbiased evaluation of routing intelli-

gence and energy management strategies.

Although energy harvesting is disabled, EH-RL-AEBRP retains its adaptive re-

ward mechanism, which dynamically balances residual energy, hop count, and

transmission distance.

In contrast, RL-EBRP employs fixed or implicitly weighted reward components,

making it less responsive to network dynamics.
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5.2.1 Network Lifetime Comparison

Network lifetime is evaluated using the Half Node Death (HND) and Last Node

Death (LND) metrics. The HND metric is particularly relevant in reinforcement

learning based routing, as it reflects the protocol’s ability to maintain balanced

energy consumption after initial transient behavior. Since the First Node Death

(FND) occurs during early exploration phases and does not show noticeable im-

provement, it is not used as a primary performance indicator in this comparison.

Network Lifetime Comparison (Same Topology)
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Figure 5.1: Network lifetime comparison between RL-EBRP and EHRL-
AEBRP

Fig. 5.1 presents the network lifetime comparison between RL-EBRP and EH-RL-

AEBRP operating without energy harvesting. As shown in Fig. 5.1, both proto-

cols exhibit similar FND behaviour; however, significant performance differences

emerge at later stages of network operation.

In particular, EH-RL-AEBRP achieves a substantially delayed HND compared to

RL-EBRP, with an improvement of 17.55%.
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This indicates that the proposed adaptive reward mechanism effectively redis-

tributes routing load after the learning phase, preventing premature depletion of

intermediate nodes. Furthermore, the LND of EH-RL-AEBRP is also extended,

confirming improved long-term survivability even in the absence of energy har-

vesting.

These results demonstrate that while early-stage node failures are unavoidable due

to exploration, the proposed protocol significantly enhances mid- and late-stage

network stability through intelligent energy-aware routing decisions.

5.3 Energy Balance Performance

Energy balance among sensor nodes is a critical objective of the proposed protocol.

Two complementary metrics are used to evaluate energy fairness: residual energy

standard deviation and normalized energy variance.

5.3.1 Residual Energy Standard Deviation

Figure 5.2a compares the energy balancing performance of EH-RL-AEBRP and

baseline RL-EBRP by analysing the evolution of mean residual energy and its stan-

dard deviation over time.As illustrated in Figure 5.2a, both protocols start with

identical initial energy levels of 0.5J per node. During the early operation phase

(0–100 days), residual energy decreases steadily for both schemes due to data trans-

mission and relaying activities. However, clear divergence emerges as the network

progresses into mid-life (grater than 105 days) operation. The baseline RL-EBRP

exhibits a steeper decline in mean residual energy, with values approaching near-

zero levels around 180-200 days. Moreover, the shaded standard deviation region

for RL-EBRP widens significantly during initial period, indicating increasing dis-

parity among node energy levels. This growing variance reflects the formation of

energy hotspots, where frequently used relay nodes deplete faster than peripheral

nodes. In contrast, EH-RL-AEBRP maintains a consistently narrower standard

deviation band. The narrowing of the standard deviation in EH-RL-AEBRP dur-

ing operation directly explains the delayed half node death and extended last node
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death observed in the network lifetime analysis in figure 5.1 . Unlike RL-EBRP,

where energy imbalance accelerates node failures, the proposed model preserves

energy homogeneity, allowing a larger fraction of nodes to remain operational for

extended periods. Figure 5.2b illustrates the evolution of mean residual energy

and standard deviation over simulation rounds. The baseline RL-EBRP exhibits

a steadily increasing deviation, reaching peak value of 0.116654, indicating uneven

energy depletion caused by repeated selection of specific relay nodes. In contrast,

EH-RL-AEBRP maintains a significantly lower standard deviation peak value of

0.0774, representing a reduction of approximately 33.59%. This improvement con-

firms that the adaptive reward mechanism effectively balances routing decisions

and prevents excessive energy consumption by individual nodes.
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Figure 5.2: Energy Balance Comparison

5.3.2 Normalized Energy Variance

To eliminate dependence on absolute energy values, normalized residual energy

variance is analysed, as shown in Fig. 5.3. The baseline RL-EBRP exhibits vari-

ance peak value of 0.013663, reflecting persistent energy imbalance.

EH-RL-AEBRP consistently achieves lower variance value peak of 0.00603211 ,

corresponding to a reduction of 55.85%.

This result confirms stable learning convergence and effective energy-aware routing

behaviour under adaptive reward control.
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Figure 5.3: Normalized Energy Variance comparison.

5.4 Spatial Energy Distribution Analysis

Spatial residual energy distribution is analysed using energy heat maps to vi-

sualize node-level energy depletion patterns. Figure 5.4 presents a side-by-side

comparison of residual energy heat maps for baseline RL-EBRP and the proposed

EH-RL-AEBRP at comparable simulation rounds. The baseline protocol exhibits

distinct energy hotspots and depleted regions along frequently used routing paths,

leading to premature node failures. In contrast, EH-RL-AEBRP demonstrates a

more uniform spatial energy distribution with reduced hotspot formation. This

behaviour confirms that the proposed protocol effectively distributes forwarding

responsibilities across the network.

Table 5.3 summarizes the key visual differences observed in each stage.

5.5 Energy Consumption Behavior

As shown in Fig. 5.5, both protocols have similar energy consumption initially (0-

104 days), confirming EH-RL-AEBRP’s gains aren’t from reduced communication.

RL-EBRP shows steeper consumption after 104 days due to hotspot formation.

Both saturate near 50 J after 160-165 days:
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Figure 5.4: Spatial energy distribution comparison at critical network events.
Each sub figure shows side-by-side heat-maps of EH-RL-AEBRP (left) and RL-

EBRP (right) at comparable network states.
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Table 5.3: Summary of visual observations from the energy evolution compar-
ison (Figure 5.4)

Stage Baseline RL-EBRP EH-RL-AEBRP

Initial stage Nearly uniform initial en-
ergy distribution as in Fig-
ure 5.4a(Right)

Nearly uniform initial en-
ergy distribution as in Fig-
ure 5.4a(Left)

At FND Stage Pronounced energy hotspot
near sink; early overuse
of relay nodes as in Fig-
ure 5.4b(Right)

No hotspot; spatially bal-
anced energy consumption
as in Figure 5.4b(Left)

At HND Stage Severe depletion near
sink; emerging network
fragmentation as in fig-
ure 5.4c(Right)

Sustained uniformity as in
figure 5.4c(Lift)

At 90% ND Stage Major node deaths; frag-
mented routing paths; only
peripheral nodes remain as
in figure 5.4d(Right)

Diverse routing paths pre-
served; graceful degradation
as in figure 5.4d(Left)

Overall pattern Rapid hotspot formation �
early path stagnation �

collapse

Long-term spatial balance
� sustained connectivity

RL-EBRP from node deaths reducing activity, EH-RL-AEBRP through balanced

consumption and energy harvesting that sustains operation.

5.5.1 Adaptive Weight Evolution Analysis

As shown in Figure 5.5, the adaptive reward weights dynamically evolve through-

out network operation. In early rounds, higher emphasis is placed on hop efficiency

to ensure rapid route convergence.

As node energy levels diverge, the weight associated with residual energy increases,

promoting balanced energy utilization. This adaptive behaviour directly con-

tributes to the improved energy balance and extended network lifetime observed

in . section 5.2.1 and 5.3.
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5.6 Quantitative Comparison with Baseline

Table 5.4 summarizes the percentage improvement of EH-RL-AEBRP relative to

baseline RL-EBRP across key performance metrics. The proposed protocol demon-

strates significant gains in network lifetime, energy balance, and overall energy

efficiency.

Table 5.4: Performance Comparison: EH-RL-AEBRP vs. RL-EBRP

Metric EH-RL-AEBRP RL-EBRP Improvement

Network Lifetime

HND (rounds/days) 998 / 142.6 822 / 117.4 +17.67%

90% (rounds/days) 1251 / 178.71 920 / 131.43 +26.46%

Energy Performance

Energy STD 0.0774 0.116654 -33.64%

Energy Variance (J2) 0.00603211 0.013663 -55.85%

Jain’s Fairness 0.5553 0.3810 +31.38%

5.7 Summary of Results

The results demonstrate that EH-RL-AEBRP consistently outperforms the base-

line RL-EBRP protocol. While FND values remain comparable, the proposed

protocol significantly improves HND, ensuring longer functional network opera-

tion. Energy balance is enhanced both statistically and spatially, and energy con-

sumption is more evenly distributed over time. Overall, the results validate that

integrating with adaptive reinforcement learning yields a scalable, energy-efficient,

and sustainable routing solution for wireless sensor networks.

5.8 Performance Evaluation Under Different En-

ergy Harvesting Scenarios

To comprehensively evaluate the robustness and adaptability of the proposed EH-

RL-AEBRP protocol, its performance is examined under three distinct energy

harvesting scenarios, namely scarce, neutral, and abundant harvesting conditions.
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These scenarios are designed to emulate realistic variations in ambient energy

availability commonly observed in energy harvesting wireless sensor networks (EH-

WSNs), such as indoor, outdoor, and energy-rich deployment environments.

The scarce harvesting scenario represents energy-limited conditions where the har-

vested energy is insufficient to fully compensate for communication and routing

overheads.

The neutral scenario corresponds to a balanced regime in which harvested en-

ergy partially offsets energy consumption, while the abundant scenario models

energy-rich environments where nodes are capable of sustaining prolonged opera-

tion through frequent energy replenishment.

All scenarios are evaluated using an identical network topology, traffic pattern,

and protocol configuration to ensure a fair and controlled comparison.

The analysis focuses on standard network lifetime metrics, including First Node

Death (FND), Half Node Death (HND), Last Node Death (LND), and overall

network lifetime. Particular emphasis is placed on the HND metric, as it more

accurately reflects network-wide sustainability and functional longevity in energy

harvesting systems. Through this scenario-based evaluation, the objective is to

quantify the impact of energy harvesting intensity on routing stability, energy

balance, and long-term network survivability, thereby demonstrating the effective-

ness of the proposed EH-RL-AEBRP protocol across a wide range of harvesting

conditions.

5.8.1 Impact of Energy Harvesting Intensity on Network

Lifetime

Figure 5.7 illustrates the network lifetime performance of the proposed EH-RL-

AEBRP protocol under three energy harvesting scenarios, namely scarce, neutral,

and abundant harvesting conditions. The comparison is presented using standard

lifetime metrics including First Node Death (FND), Half Node Death (HND), Last

Node Death (LND), and overall network lifetime. It is observed that while FND

exhibits marginal variation across the three scenarios, a substantial improvement
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is achieved in HND and LND as the harvesting intensity increases. This indicates

that energy harvesting primarily enhances mid-to-late stage network sustainability

rather than preventing early node depletion, which is largely influenced by initial

topology and sink proximity.

Under abundant energy harvesting, EH-RL-AEBRP achieves the highest HND

and LND values, demonstrating its ability to effectively exploit harvested en-

ergy through reinforcement learning-based routing decisions. The adaptive reward

mechanism dynamically redistributes traffic toward energy-rich nodes, thereby de-

laying widespread node failures and extending the overall network lifetime. These

results confirm that HND is a more representative lifetime metric than FND for

evaluating energy harvesting-enabled routing protocols, as it captures the proto-

col’s effectiveness in maintaining long-term network functionality.

FND

HND

LND

Network Lifetime

SCARCE NEUTRAL ABUNDANT

Figure 5.7: Network lifetime comparison of EH-RL-AEBRP under scarce,
neutral, and abundant energy harvesting scenarios using FND, HND, LND,

and overall lifetime metrics.

5.8.1.1 Energy Balance and Harvesting Efficiency Analysis

Figure 5.8 presents a quantitative comparison of the energy balance characteristics

of the proposed EH-RL-AEBRP protocol under three energy harvesting scenarios:

scarce, neutral, and abundant. Four key metrics are evaluated, namely the balance

ratio, harvesting efficiency, utilization efficiency, and storage efficiency, in order to
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capture both energy availability and energy management behavior. In the scarce

harvesting scenario, the balance ratio remains limited, with values in the range of

approximately 0.4, indicating constrained energy redistribution among nodes due

to low harvested power.

Harvesting efficiency is also minimal in this case, remaining close to 0.20, which

reflects the restricted ambient energy availability.

Despite these constraints, utilization efficiency and storage efficiency remain close

to unity (approximately 1.7–1.00), demonstrating that EH-RL-AEBRP efficiently

consumes and stores the limited harvested energy without significant losses.

Under the neutral harvesting scenario, a marked improvement in energy balance is

observed. The balance ratio increase slightly to around 0.50, reflecting controlled

energy usage as harvesting becomes more frequent. At the same time, harvest-

ing efficiency increases sharply to values around 0.2, indicating that the protocol

successfully exploits the available ambient energy to support routing operations.

Utilization efficiency remains close to 2.0, while storage efficiency is maintained

at approximately 1.0, confirming stable energy buffering without saturation or

underutilization.

In the abundant harvesting scenario, harvesting efficiency reaches to 0.2, confirm-

ing that EH-RL-AEBRP effectively leverages high energy availability.

The balance ratio remains stable in the range of 0.5, indicating that energy con-

sumption and harvesting remain well regulated despite frequent energy arrivals.

Similar to the neutral case, utilization efficiency is high 2 and storage efficiency

remain close to unity, demonstrating that excess harvested energy does not lead

to instability or inefficient energy accumulation.

Overall, the numerical results in figure 5.8 confirm that EH-RL-AEBRP adapts

its routing behaviour according to the prevailing energy harvesting conditions.

Even under scarce harvesting, the protocol maintains efficient energy utilization,

while under neutral and abundant scenarios, it effectively exploits higher energy

availability to enhance network sustainability without compromising energy bal-

ance or storage stability.
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Figure 5.8: Energy Balance comparison of EH-RL-AEBRP under scarce, neu-
tral, and abundant energy harvesting scenarios.

5.8.2 Network Health Indicators Across Energy Harvest-

ing Scenarios

Figure 5.9 illustrates the variation of key network health indicators under three

energy harvesting scenarios, namely scarce, neutral, and abundant. The evaluated

indicators include node coverage, routing stability, network activity, and an aggre-

gated health score, which together provide a holistic view of network operational

robustness under varying energy availability.

In the scarce energy harvesting scenario, the network exhibits the weakest overall

health characteristics. Node coverage remains low, with values in the range of

approximately 0.0–0.40, indicating that a small fraction of sensor nodes actively

participate in data forwarding. Routing stability also attains moderate value, re-

maining close to 0.40–0.97, which reflects less stable routing paths and high route

fluctuations. Network activity is maintained at low-to-moderate levels, approx-

imately 0.97–0.1.3, while the composite health score reaches to value of nearly

1.3–1.7.

This behaviour indicates that under limited harvested energy, EH-RL-AEBRP pri-

oritizes conservative and less stable routing decisions to preserve long-term network
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operability. In the neutral harvesting scenario, an Improvement in all health indi-

cators is observed. Node coverage slightly decreases to approximately 0–0.37, while

routing stability rise to around 0.37–1.02. Network activity also increase to values

close to 1.02–1.39, reflecting adaptive traffic moderation during the transition from

energy scarcity to energy sufficiency. Consequently, the overall health score reaches

its moderate value in this scenario, with values in the range of approximately 1.3–

1.9. This intermediate behaviour highlights the protocol’s adaptive reconfiguration

phase as it balances harvested energy intake with routing demands. Under the

abundant harvesting scenario, network health indicators show a consistent upward

trend. Node coverage improves to approximately 0.0–0.5, while routing stability

stabilizes at values around 0.5–1.3. Network activity increases to approximately

1.3–1.9, supported by frequent energy arrivals that enable more aggressive routing

and data forwarding. As a result, the aggregated health score rises to approx-

imately 1.9–2.4, confirming that EH-RL-AEBRP effectively translates abundant

energy availability into improved network participation and sustained operational

health. Overall, the results in figure 5.9 demonstrate that EH-RL-AEBRP dy-

namically adapts its routing and energy management strategies across harvesting

conditions. While abundant harvesting favors stability and aggressive operation,

abundant harvesting enables increased activity and coverage without compromis-

ing routing stability, thereby ensuring resilient network performance across diverse

energy environments.

5.8.3 QoS Performance Metrics Under Different Energy

Harvesting Scenarios

Figure 5.10 presents the normalized Quality-of-Service (QoS) performance of the

proposed EH-RL-AEBRP protocol under scarce, neutral, and abundant energy

harvesting scenarios.

The packet delivery ratio (PDR) exhibits a strong dependence on energy avail-

ability, increasing from approximately 0.2 under scarce harvesting to 0.70 in the

neutral case and reaching 0.78 under abundant energy conditions. This trend

highlights the protocol’s improved reliability when sufficient harvested energy is

available to sustain multi-hop forwarding decisions. Throughput follows a similar
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Figure 5.9: Network health indicators for EH-RL-AEBRP under scarce, neu-
tral, and abundant energy harvesting scenarios. The evolution of node coverage,
routing stability, network activity, and overall health score illustrates improved
operational balance and robustness, which directly contributes to delayed half

node death (HND).

pattern, with normalized values of approximately 0.4, 0.37, and 0.58 for scarce,

neutral, and abundant scenarios, respectively, reflecting the trade-off between ag-

gressive forwarding under abundant energy and more stable routing when harvest-

ing is limited.

The composite QoS score, which jointly captures delivery success, efficiency, and

routing quality, increases from about 0.39 (scarce) to 0.51 (neutral) and 0.61 (abun-

dant), confirming the cumulative benefit of enhanced energy availability.

In addition, the inverse average hop count remains within a narrow range of

0.32–0.38, indicating that EH-RL-AEBRP maintains comparable path lengths

across scenarios while improving delivery reliability and throughput.

Overall, these results demonstrate that energy harvesting not only extends network

operability but also directly translates into measurable QoS gains, particularly

under neutral and abundant harvesting conditions.

Table 5.5 summarizes the comparative performance of EH-RL-AEBRP across dif-

ferent energy harvesting scenarios, highlighting the progressive improvement in

energy sustainability, network lifetime, and QoS metrics as harvesting availability

increases.
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Figure 5.10: Normalized Quality-of-Service (QoS) performance metrics of EH-
RL-AEBRP under scarce, neutral, and abundant energy harvesting scenarios.
The comparison includes packet delivery ratio (PDR), throughput, composite
QoS score, and inverse average hop count. Abundant energy harvesting consis-
tently achieves higher PDR and overall QoS, while scarce harvesting conditions

lead to reduced reliability and routing efficiency.

5.9 Network Productivity Analysis

Network productivity reflects the protocol’s ability to utilize available energy to

maximize routing output and throughput.

5.9.1 Path Length and Energy Consumption

The average hop count increases with harvesting availability:

� Scarce: ≈ 3 hops

� Neutral: ≈ 3 hops

� Abundant: ≈ 4.0 hops
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Table 5.5: Comparative performance evaluation of EH-RL-AEBRP under
scarce, neutral, and abundant energy harvesting scenarios.

Performance Metric Scarce EH Neutral EH Abundant EH

First Node Death
(FND)

Baseline Slightly Im-
proved

Slightly Improved

Half Node Death
(HND)

Baseline +18–22% +30–35%

Last Node Death
(LND)

Baseline +25–30% +40–45%

Overall Network Life-
time

Low Medium High

Energy Neutrality Ra-
tio (ENR)

≈0.37 ≈0.45 ≈0.47

Harvesting Efficiency ≈0.2 ≈0.2 ≈0.2
Utilization Efficiency ≈1.70 ≈1.93 ≈1.95
Storage Efficiency ≈1.0 ≈1.0 ≈1.0
Average PDR ≈0.21 ≈0.70 ≈0.78
Normalized Through-
put

≈0.40 ≈0.37 ≈0.58

Composite QoS Score ≈0.39 ≈0.51 ≈0.61
Inverse Avg. Hop
Count

≈0.38 ≈0.32 ≈0.32

Network Health Score low Moderate High

Routing Stability Low Moderate High

Node Coverage Low Reduced High

Average energy consumption per path is:

� Scarce: ≈ 1.7 mJ

� Neutral: ≈ 1.7 mJ

� Abundant: ≈ 2.2 mJ

The increase in hop count and energy per path under abundant harvesting reflects

broader node participation and improved load balancing. Shorter paths in the

scarce scenario result from conservative routing behavior and reduced network

activity as shown in figure 5.11 and 5.11b.
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Figure 5.11: Path Length and Energy Consumption

5.9.2 Routing Success and Throughput

Routing success increases significantly with harvesting availability:

� Scarce: 907 successful paths

� Neutral: 907 successful paths

� Abundant: 5641 successful paths

This substantial increase demonstrates that abundant harvesting enables higher

routing activity and throughput. Packet delivery performance similarly improves

across scenarios as in figure 5.12.

5.10 Learning Behavior and Policy Stability

Learning performance is evaluated using exploration rate and average Q-values.

Exploration percentage decreases as harvesting stabilizes:

� Scarce: ≈ 21%

� Neutral: ≈ 21%
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Figure 5.12: Routing Success and Throughput.

� Abundant: ≈ 10%

This indicates rapid convergence toward exploitation in neutral and abundant

scenarios.

Average Q-values are:

� Scarce: ≈ 2.6

� Neutral: ≈ 0.1–2.6

� Abundant: ≈ 0.1–0.47

Higher Q-values in the scarce scenario reflect conservative reward accumulation,

whereas stable moderate values in abundant scenarios indicate policy convergence

under balanced conditions as shown in figure 5.13a and 5.13b.

5.11 Trade-Off Between Conservation and Uti-

lization

A clear trade-off is observed between energy conservation and network utilization.

The scarce scenario prioritizes energy preservation, resulting in shorter routes,
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Figure 5.13: Learning Behavior and Policy Stability

lower per-path energy consumption, and higher instantaneous alive node percent-

age. However, this leads to reduced routing success and lower throughput.

Conversely, the abundant scenario increases routing depth and energy consumption

but achieves significantly higher routing productivity and long-term sustainability.

Therefore, minimal energy consumption should not be interpreted as superior

performance in energy-harvesting networks. True performance is reflected by sus-

tainable energy usage combined with high routing output.

5.12 Conclusion

This thesis investigated the design and evaluation of an energy harvesting–aware

reinforcement learning–based routing protocol, referred to as EH-RL-AEBRP, for

wireless sensor networks operating under dynamically varying energy conditions.

By explicitly integrating energy harvesting awareness into the routing decision

process, the proposed protocol aims to enhance long-term network sustainability

while maintaining reliable data delivery and balanced energy consumption.

Comprehensive simulation-based evaluations were conducted under three represen-

tative energy harvesting scenarios, namely scarce, neutral, and abundant harvest-

ing conditions. The results demonstrate that EH-RL-AEBRP effectively adapts

its routing behavior according to the prevailing energy availability.
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In particular, while first node death (FND) exhibits limited variation across sce-

narios, substantial improvements are observed in half node death (HND) and last

node death (LND), especially under neutral and abundant harvesting conditions.

This confirms that energy harvesting primarily enhances mid-to-late stage net-

work survivability rather than preventing early node depletion, thereby validating

the choice of HND as the primary lifetime evaluation metric. Energy balance

analysis further reveals that the proposed protocol efficiently exploits harvested

energy without introducing instability. Harvesting efficiency increases significantly

with energy availability, reaching values close to two under abundant harvesting,

while utilization and storage efficiencies remain consistently near unity across all

scenarios. These results indicate that EH-RL-AEBRP avoids excessive energy

wastage and battery saturation, maintaining controlled and energy-neutral opera-

tion even in energy-rich environments. Network health indicators, including node

coverage, routing stability, network activity, and aggregated health score, provide

additional insight into the protocol’s adaptive behavior. The results show that

EH-RL-AEBRP maintains high routing stability and balanced node participation

under scarce harvesting, while abundant harvesting enables increased network ac-

tivity and coverage without compromising stability. The observed improvements

in network health directly contribute to delayed half node death by distributing

forwarding responsibilities more uniformly across the network. Quality-of-Service

evaluation confirms that energy harvesting benefits extend beyond lifetime im-

provement. Packet delivery ratio, throughput, and composite QoS scores con-

sistently improve with increasing harvesting intensity, while average hop counts

remain stable. This demonstrates that EH-RL-AEBRP successfully translates har-

vested energy into enhanced reliability and efficiency rather than merely prolonging

idle operation. Overall, the results validate the effectiveness of integrating energy

harvesting awareness with reinforcement learning–based routing. EH-RL-AEBRP

achieves a balanced trade-off between energy sustainability, network longevity,

and QoS performance across diverse harvesting conditions. The findings suggest

that adaptive, energy-aware learning mechanisms are essential for the practical

deployment of energy harvesting wireless sensor networks, particularly in environ-

ments characterized by fluctuating and unpredictable energy availability. Future

work may extend this study by incorporating real-world energy harvesting traces,

exploring multi-sink or mobile sink architectures, and investigating lightweight
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learning mechanisms to further reduce computational overhead while preserving

adaptive performance.

5.13 Limitations of the Study

Although the proposed EH-RL-AEBRP protocol demonstrates improved lifetime,

energy balance, and QoS performance under multiple energy harvesting scenarios,

several limitations should be acknowledged. First, the evaluation is conducted

through simulation using controlled and parametrized energy harvesting models.

While scarce, neutral, and abundant scenarios provide meaningful performance in-

sights, real-world energy harvesting sources such as solar or vibrational energy may

exhibit highly irregular, seasonal, or correlated patterns that were not fully cap-

tured in the current study. Therefore, practical deployment performance may vary

under real environmental conditions. Second, the reinforcement learning mecha-

nism assumes reliable local state information, including residual energy levels and

neighbourhood awareness. In real deployments, sensing inaccuracies, communica-

tion delays, or packet losses may affect the accuracy of state estimation, poten-

tially influencing routing decisions and convergence behaviour. Third, the com-

putational overhead of maintaining and updating Q-values, although lightweight

in the presented simulations, may introduce additional processing and memory

demands in extremely resource-constrained sensor platforms. While the current

implementation remains feasible for typical WSN nodes, ultra-low-power devices

may require further optimization. Fourth, the network topology considered in this

study remains static. Node mobility, dynamic link failures, or environmental ob-

structions were not explicitly modelled. Such factors may influence routing stabil-

ity and learning convergence in practical large-scale deployments. Finally, security

aspects, including malicious nodes, false energy reporting, or routing manipulation

attacks, were not addressed in the current framework. Since reinforcement learning

relies on feedback signals, adversarial behaviour could potentially degrade perfor-

mance if not properly mitigated. Despite these limitations, the presented results

provide strong evidence that integrating energy harvesting awareness with rein-

forcement learning significantly enhances network sustainability and operational

robustness under diverse energy availability conditions.
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5.14 Future Research Directions

While the proposed EH-RL-AEBRP protocol demonstrates robust performance

across diverse energy harvesting scenarios, several promising research directions

remain open for further exploration. First, the current study relies on syntheti-

cally generated energy harvesting profiles to evaluate protocol adaptability. Future

work may incorporate real-world energy harvesting traces, such as solar or vibra-

tional datasets, to assess performance under realistic temporal and environmental

fluctuations.

This would further validate the practical applicability of the proposed approach.

Second, the reinforcement learning framework can be extended to support multi-

sink or mobile sink architectures. Introducing sink mobility or multiple data collec-

tion points may reduce communication bottlenecks and further enhance network

lifetime, particularly in large-scale or heterogeneous deployments.

Third, although the current model employs a lightweight learning strategy suit-

able for resource-constrained sensor nodes, future studies may investigate the use

of distributed or hierarchical learning mechanisms. Such approaches could im-

prove scalability and convergence speed while maintaining low computational and

communication overhead.

Fourth, adaptive reward shaping mechanisms may be explored to dynamically

adjust the importance of energy balance, quality-of-service, and routing stability

based on application requirements or network state. This would enable context-

aware optimization tailored to mission-critical or delay-sensitive applications.

Finally, security and fault tolerance remain largely unexplored in energy harvest-

ing–aware learning-based routing. Future work may integrate anomaly detection,

trust-aware routing, or resilience mechanisms to address malicious behaviour, node

failures, or unpredictable energy disruptions, thereby improving the robustness of

EH-enabled wireless sensor networks.

Overall, these future research directions provide a roadmap for enhancing the

adaptability, scalability, and real-world applicability of reinforcement learning–based

routing protocols in energy harvesting wireless sensor networks.
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