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ABSTRACT
Within the growing Internet of Things (1oT) paradigm, a Wireless Sensor Network (WSN) is a

critical component. Ina WSN, sensor node localization is typically utilized to identify the target
node’s current location at the sink node (SN). This allows local data to be analysed, making it
more meaningful. However, there exists an intrinsic problem with node localization and energy
efficiency, as identified in the literature, which has led to poor performance, namely, poor
estimation, transmission, and detection of the network. This intrinsic problem also directly
affects energy efficiency in a WSN, resulting in energy loss and poor node distribution in the
WSN. There seems to be no lasting and reliable solution to this intrinsic node localization
problem in WSNSs. Hence, this research study proposed hyper-heuristic optimization
algorithms to improve node localization and energy efficiency in WSNs. This research adopts
the Design Research (DR) methodology and the Theory of Modelling and Simulation as the
theoretical frameworks of the study. The hyper-heuristic model designed, was considered the
conceptual framework of the study. To validate the novel technique, different sizes of sensor
networks, namely: - 100 sensor nodes; 100 to 1 500 nodes and 200 to 450 sensor nodes with
20 anchor nodes were simulated in an area measuring 100m x 100m. The novel hyper-heuristic
model was implemented in a MATLAB R2020a environment. The hyper-heuristic
optimization algorithm’s substantial simulated experiment results were benchmarked utilizing
state-of-the-art (modern) techniques to solve challenges related to node localization error, total
energy consumed, average consumed packet energy, network throughput, shortest path, dead
nodes, packets dispatched to the base station (BS), and the probability of error within the entire
network dependent on size. The Data Energy Efficiency Clustering-Gaussian (DEEC-GAUSS)
method was used to provide solutions to challenges related to energy efficiency in WSNs. In
addition, this research study explored the use of the novel DEEC-GAUSS Gradient Distance
Elimination Algorithm (DGGDEA) as the hyper-heuristic optimisation model for localization
of nodes in WSNs. DEEC-GAUSS and DGGDEA were valuable additions to the body of
knowledge. The results showed that the novel DEEC-GAUSS was the most energy efficient
algorithm for 100 sensor nodes and 1000 to 1500 sensor nodes when compared to other state-
of-the-art algorithms. Furthermore, the results showed that the novel DGGDEA was able to
drastically minimize the node estimation error for sensor nodes. Reliability, accuracy and
convergence using hyper-heuristic models to enhance the communication within WSNs has
been simulated with evidence that DEEC-GAUSS and DGGDEA has outperformed other state-

of-the-art approaches.
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CHAPTER ONE: INTRODUCTION TO STUDY

1.1 Introduction

Wireless sensor networks (WSNSs) are crucial components of the developing Internet of Things
(1oT) paradigm. A WSN is an autonomous connection of different systems of sensors to detect
data such as temperature, light, sound, pressure and humidity to monitor the state of the
environment (Abella et al. 2019). WSNs are multiple channels of communication that are in
groups that consist of battery powered sensor nodes that meaningfully manage the processing
and storage unit with the goal of gathering and analysing data, while manipulating their sensor
models (Ferreiro, Rabacal and Costa 2016; Cheikhrouhou and Koubéaa 2019; Arora and Singh
2017). The WSN comprises a self-configuring network system made up of micro nodes that
enable low-cost data processing and communication via wireless transmission (Sun, Dong and
Chen 2017). The fundamental aspect for many WSN-based applications is the positioning of
anchor nodes at a base station (BS) which acts as the destination. Information in the form of
packets travel from target nodes or static nodes from unknown locations using a path — through
intermediate sensor nodes — to the BS or sink node (SN) where the information must be

localized.

It is important to ensure that the information gathered from a specific device is meaningful and
relevant to that specific location. Sensor nodes in the WSN environment are used for gathering
sensory packets of information from the other connected nodes in the network and for
performing processing. Sensor nodes communicate using radio signals in a WSN system. The
wireless environment comprises inseparable resources that are constrained by limited
processing storage capacities, time taken, and communication channel bandwidth. There are
packets sent from the target node connected to the 10T device through interconnected nodes
responsible for the self-organizing of appropriate information until it is passed to the SN. In
multifaceted communication, these sensor nodes not only deliver information but also serve as
a path along which information packets travel towards the BS. If a WSN has more than four

anchors, then this is termed as localized (Abdulkarem et al. 2020).

Node localization complications in the WSN are a major and significant obstacle in the territory
of geographical coordinates of sensor nodes. Elephant herding optimization (EHO) algorithm

was the technique chosen to resolve many node localization challenges in recent times



(Strumberger et al. 2018b). An important goal in a wireless sensor environment is to locate
opportune routing paths to curtail the aggregate energy consumption within network load
balancing and to reduce ‘hot spots' that cause the death of sensor nodes. Therefore, it is
necessary to reduce WSN’s energy consumption for node localization during information
transfer. To address the shortcoming, a variety of approaches are available, the majority of
which focus on node localization, energy efficiency, service quality and coverage. However,
less attention has been paid to other identified problems such as transmission, the detection of

connectivity, service quality and coverage (Huang et al. 2019).

Prominent generic algorithms are the robust harmony search algorithm (R-HSA), the particle
swarm optimization (PSO) algorithm, the improved meta-heuristic algorithm, the distributed
algorithm, the low energy adaptive clustering hierarchy (LEACH) search algorithm, the
panacea-no collision detection (Panacea-NCD) algorithm, ant colony optimization (ACO)
algorithm, and the hybrid memetic framework algorithm. Localization has been extensively
used in WSNs to identify the real-time location of the sensor nodes for packets to be accurately
sent to their destination. Information at the SN will be unintelligible without identifying the
location of the targeted node. The proposed archetype from this research foresees a more
accurate node localization that will optimize connection lifetime, advance the energy efficiency
of the connection, improve the total number of iterations in ensuring more packets are
delivered, and increase the speed of the system overall (Arjunan and Sujatha 2018; Krishnan,
Yun and Jung 2019; Prithi and Sumathi 2020).

Wireless sensor networks are a collection of nodes used for communication between the BS
and the destination to which packets are dispatched, where the sensor nodes are sent into the
environment via the channel to the SN. The nodes not only communicate with the anchor node,
or the BS, they invariably also communicate with each other by employing their different
wireless radios channels, authorizing them to send their data for processing and analysis. There
are different geographical layouts that are used to erect the WSN which are not limited to ring,
star, bus, cluster, and mesh networks in the hierarchy of the setup (Mosavvar and Ghaffari
2019; Fahmy 2021). The choice of network topology depends on the volume of data and their
various rates of incidence of the data aggregation to be transferred, the transmission distance,
whether the sensor nodes are mobile compatible, and the lifespan of the battery (Mosavvar and
Ghaffari 2019; Fahmy 2021).



Information is dispatched from the anchor nodes to the BS or vice versa in WSNs. When the
sensor node dispatches information to the BS, a great deal of energy is lost resulting in a gradual
decline in the amount of vibrancy that is assigned to the sensor nodes’ conveyance. Various
researchers have been investigating the process of energy-draining without adequately
managing the energy expenditure efficiency (Abella et al. 2019; Alarifi and Tolba 2019; Arya
and Sharma 2018). Hierarchical routing was explored to investigate energy exhaustion during
the transference. The sensor node nominates a channel called the cluster head (CH) that acts as
the principal node within the process of clustering. The CH communicates with and dispatches
information to the appropriate channel. In doing so it uses a high residual energy rate compared

to other sensor nodes (Prabowo, Abdurohman and Erfianto 2015).

Different approaches are used to identify the location of nodes within the WSN. These
approaches are clear in the extant literature, and they are concerned with how energy utilization
and localization have influenced the operation of sensor nodes that send information to the SN.
Wireless sensor networks are used in a variety of industries, including the medical field, the
military, fire safety for censoring, battlefield surveillance, rescuing surveillance, environmental
observation and disaster control recovery monitoring programmes. They are also used by
security experts for coverage of location to identify services control and by traffic control units
for target tracking systems. Similarly, the majority of 10T and filtering application features are
released at random, with no knowledge of the various locales (Aroba, Naicker and Adeliyi
2021b).

The routing of a WSN is crucial for the network continuance, which strengthens and improves
its functionality. The crucial route assists to select the right power speedup and the direction in
which to dispatch the information of packets received from the anchor sensor through the
channel of the BS. There are different methods of linking nodes for network communication
during the process (Aroba, Naicker and Adeliyi 2021a). Depending on the energy amplification
levels for the sensor nodes, WSNs are classed as homogenous or heterogenous. Homogenous
are assumed to use the same energy throughout the sensor nodes operation while heterogenous
networks has varying computational power and sensing range because it is based on irregular
sensor model within the WSN (Osamy, Salim and Khedr 2020; Rawat, Chauhan and
Priyadarshi 2020).



It has been recommended that a better node localization validity with energy efficiency be
adopted (Messous and Liouane 2020, Mozamir et al. 2020). Localization is equipped to
demonstrate the precise locations of both indoor and outdoor environmental spaces such as
universities, fields, hospitals, industries, health care organization centres, and shopping centre

locations (Messous and Liouane 2020).

The WSNs are one of the main tools that are deployed for rural non-reachable places, such as
checking the condition on mountains, monitoring deep forests, surveillance of oceans, security
threat detection used by space engineers and to help identify fire detection before it escalates
in the forest. Moreover, the Distributed Energy Efficiency Clustering (DEEC) algorithm is an
alternative energy-optimization protocol that is employed for correlative performances, serving
as an alternative for contrasting WSN’s operations for high-intensity effectiveness.
Nevertheless, an energy-saving plan is displayed for homogeneity in WSNs that are not deemed

fit when it comes to deployment processes (Prakash, Mishra and Kushwaha 2020).

WSNs are intelligent networks that make use of data connectivity to communicate within the
nodes in any organization, such as healthcare, environment, safety monitoring, precision
control of irrigation and water usage monitoring. WSNSs increase the growth of the quality
practice, adding value to human life (Tiwari et al. 2015; Chandrakanth, Anand and Peter 2017,
Strumberger et al. 2018a). WSNs can be used by electrical organizations for calculating multi-
hops or electricity usage for appropriate distribution rather than oversupply (Al-Hayani and
Ilhan 2020; Kumar, Tripathi and Agrawal 2020). The WSNs are flexible when additional
sensor nodes or workstations are required for implementation with the price being minimized
to save cost. The WSNs require less wiring than wired networks and can accommodate new

setups for physical partitions using a centralized BS.

The motivation for this research work on WSNs is based on the research gaps that were
identified from the extant literature research. These identified gaps include poor energy
consumption by sensors, which is one of the most serious problems as it results in the sensors
not functioning for long enough periods of time. Another challenge is access points that are
less than optimally secure which allow hackers to gain easy access to the WSN. Additionally,
they are complicated to set up when compared to wired networks; node localization which
entails allowing for identifying an unknown node's location has been a challenge. Furthermore,

they are also not considered cost-efficient in terms of their energy utilization (Tiwari et al.
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2015; Javaid and Bansal 2021). The WSNs are valuable, flexible networks that adjust to
changes within a specific time frame and easily allow new devices to communicate. A WSN is
cost-effective when considering the connection of the sensors during setup. The gaussian
elimination algorithm was used in calculating the shortest path and thereby helps with the

reduction of energy consumption.

Wireless sensor networks have various practical values, and many scholars have published
articles in academic journals on their WSN-related in-depth investigations. One of the
persistent key emergent challenges is that of energy consumption for node localization during
data transmission. In the quest for alternate medium to solve the issue of energy efficiency, a

number of techniques have been offered related to node localization (Bhat and Santhosh 2020).

The ability to locate sensor nodes is crucial for WSN applications so that local information can
be meaningfully understood (Sun, Dong and Chen 2017; Sun, Yu and Wang 2019). The flower
pollination algorithm (FPA) has contributed to improving node localization, but gaps still exist
in the research (Pan et al. 2017). Node localization in WSNs was improved with the use of the
butterfly optimization algorithm when compared to other algorithms such as PSO algorithm
and Firefly Algorithm (FFA) (Arora and Singh 2017). Yick, Mukherjee and Ghosal (2018)
improved on the method by proposing hybridisation method to minimise location estimation
error. The gaps in the body of knowledge and challenges of node localisation have led to the

current research being conducted. Therefore, there exists a need for this research study.

1.2 Statement of the Research Problem

Wireless sensor networks are used by transportation services in South Africa, Nigeria, the
United Kingdom and virtually on every continent for real-time traffic control information. This
allows for drivers to be alerted to problems such as traffic congestion, and other risks like road
users not obeying the speed limit. Wireless sensor networks are also used in the supervision of
accurate assessment of energy consumption in transportation services (Adu-Manu et al. 2018).
Environmental and earth sensing is one of the areas in which WSNs are needed to detect and
manage the changes affecting nature and the environment. Therefore, WSNs are used in

application areas to prevent harm to the human beings.

However, the health care sector has suffered losses of wearable or implanted medical devices



when connectivity issues have prevented the means to track people appropriately. Despite the
various applications of WSNSs, the node localization problem persists. The identification of
sensor nodes’ locations in WSNs is important because BSs are required to calculate the node
locations of the sensors that are not identified using the various location information

transmitted and the different transmission ranges (Vojdani and Dehghan 2011).

Challenges in node localization encompass high bandwidth requirements, high energy
consumption levels, localisation estimation error, inadequate data processing and compressing
methods, and poor quality of service (QoS) (Yang and Wu 2015). Poor estimation error in
WSNs is the multipath interference caused by inefficient signal fluctuation with low
complexity for self-calibrating (Sun, Yu and Wang 2019). Furthermore, network localisation
errors are caused by the challenges relating to the loss of packets of data, environmental factors,
unauthorised attacks, power depletion, and being out of network range. Identified limitations
in previous research studies in WSNs were poor management, poor data clustering, time
coordination challenges, poor communication arrangement, and data congestion (Han, Zhang
and Sun 2018; Khalaf and Abdulsahib 2019).

The high level of energy decomposition in WSNSs is a serious aspect of the node localization
problem. Redundant data at the SN provides more accuracy, reliability, and security problems
and leads to depletion of the energy at the SN. There is a need to provide more accurate data
in an energy-efficient manner. Concerns have been raised over the need for data redundancy to
ensure reliable data for decision-making. Methods like data gathering and data fusion can help
to reduce the effects of information redundancy and reduce congestion of data for localization
packets that are dispensed from the origination (target) to the landing (SN) in a WSN (Verma
and Singh 2018).

The transmission between sensor nodes is usually carried out using wireless communication
protocols. Most studies have focused on the lack of sensor networks with competent energy
resources during wireless communication. One of the main issues is the dimension of nodes’
capacity and the size of the energy in WSNs which has made recent research papers aim to
work with 50-100 target nodes and hundreds of iterations. Energy consumption in node
localization is the most important issue as the lifespan of WSN is determined by the battery life

located in sensors. To increase the lifespan of WSNSs, there is a need for energy efficiency.



The problem with the methods of node localization has led to poor estimation, transmission,
and detection of the network. Localization techniques using nature-inspired approaches such
as the salp swarm approach (SSA) and the PSO method make the deployment of WSNs
economical for solving node localization and energy efficiency challenges. However, these
state-of-the-art algorithms are fraught with issues and there seems to be no solution to these
intrinsic WSN challenges of node localization and energy optimization (Gharghan et al. 2018;
Strumberger et al. 2019; Singh, Sharma and Singh 2021). Hence this research work was
conducted using experimental simulation to show that the proposed hyper-heuristic scheme
will outclass any hybrid heuristic, meta-heuristic, and state-of-the-art perspective in node
localization and energy efficiency in WSNs. The accurate localization of these sensor nodes
makes monitoring data more meaningful as the sensor can be tracked and located for local
information feedback.

The exactness or precision is contrived by integrating their shortfalls and multipaths for
measuring the localization algorithm performance (Paul and Sato 2017). In this research
project, hyper-heuristic algorithm approaches of Gaussian Elimination Algorithm, Distributed
Energy Efficiency Clustering (DEEC), and Gradient Distance Algorithms (GDA) were

employed to scale up the poor performance of unknown nodes’ coordinates.

Node localization solutions assist the organization of sensors to minimize the overall energy
consumption distribution by each network of nodes, utilize data gathering to minimize the
number of information messages, reduce the ‘hot-spotting’ problem and to improve load
balancing in the network environment by extending the lifetime of the connection. The overall
proposed hyper-heuristic optimization solution will offer solutions to industry-based problems.

1.3 Aim and Objectives
The aim of this research study was to develop effective hyper-heuristic optimization algorithms
to efficiently optimize energy efficiency and node localization in WSNs.

Aligned to the aim the following research objectives [ROs] were set:
e [RO 1]: Develop novel hyper-heuristic optimisation algorithms for energy

efficiency and maximization of node localization for WSNSs.



¢ [RO 2]: Implement the novel hyper-heuristic optimization algorithm for energy
efficiency in smaller and larger WSNSs in a simulation environment.

e [RO 3]: Simulate the novel hyper-heuristic optimization algorithm for node
localisation in WSNs.

e [RO 4]: Analyse the performance of the hyper-heuristic optimisation algorithms

with other state-of-the art algorithms using simulations.

1.4 Significance of the Study
The study attempted ground-breaking work in the field of WSNs to contribute to the body of

knowledge. The significance of this study was to:

1 Improve energy efficiency in WSNs: Energy efficiency optimisation with the hyper-
heuristic optimisation algorithm to minimize and optimize the energy efficiency stability
within the WSN (up to 100 sensor nodes).

2 Improve energy efficiency for larger WSNs: Energy efficiency stability for larger
networks (1000-1500 sensor nodes) within the WSN using the hyper-heuristic
optimization algorithm to compare the efficiency with the ultra-modern algorithms.

3 Minimize node localization errors in WSNs: Node localization effectiveness for
probability of error and localization of sensor nodes using 20 anchor nodes and 200 to
450 sensor nodes in WSNs before and after the implementation of the proposed hyper-

heuristic optimization scheme.

1.5 Scope and Delimitations of Study

The research work mainly focussed on energy efficiency optimization and the amount of
information dispatched to the BS within a time frame using 100 sensor nodes, 1000 sensor
nodes to 1500 sensor nodes for energy optimisation efficiency, and we further examined 100
sensor nodes to 450 sensor nodes and 20 anchor nodes for localization error including
probability of error (POE) in comparison to other modernized algorithms. This research work
is not associated with routing delimitations, bandwidth demand, QoS, compressing techniques,
layering of the sensor nodes, monitoring of different sensor nodes’ temperature, monitoring

peak performances, and data usage in WSNSs.



1.6 Research Output

This research project has produced three publications in approved peer reviewed journals. The
details of the publications are specified at the beginning of this thesis. All the publications have
detailed reports by peer-reviewers and are available on request. The revised manuscripts after

the reviewer’s comments are available online.

1.7  Structure of the Thesis
There are seven chapters in this thesis. Each of the individual sections is structured to enable
the easy flow of acquired information. A description of the chapters are presented below:

B Chapter One: Introduction to Study: This chapter introduces WSNs, explains what
they consist of, how they work and various problems identified. The chapter provides
the aim, objectives, and node localization as an aspect of deficiencies in WSNs. The
purpose of the hyper-heuristic optimisation algorithm approaches and the need to
improve node localization for WSNs using a hyper-heuristic optimization algorithm are

amplified.

B Chapter Two: Literature Review: The critical review covers the relevant works on
WSNs, node localization, energy efficiency, nature bio-inspired algorithms, non-nature
bio-inspired algorithms, meta-heuristic approach, hybrid-heuristic, and hyper-heuristic
approaches. The current problems, and meta-analysis review of heuristic approaches is

used to present the established facts and identifies the gaps.

B Chapter Three: Theoretical Framework and Conceptual Models: The theoretical
framework and the conceptual approach are discussed in this chapter. Design Research,
comprising six phases, was the theoretical framework selected for this study. Two
conceptual models were derived for this study, namely a hyper-heuristic framework

and an emergent model for the development of the proposed hyper-heuristic algorithms.

B Chapter Four: Research Methodology-A Scientific Approach Using Hyper-
Heuristic Models: The introduction of the Design Research with in-depth knowledge

of the hyper-heuristic optimisation approaches are presented as follows:



e Distributed Energy Efficiency Clustering, Gaussian Elimination-Energy
Efficiency — Small Networks: The proposed model for the energy optimization of
smaller networks using mathematical equations, algorithms and pseudocode are
presented.

e Distributed Energy Efficiency Clustering, Gaussian Elimination-Energy
Efficiency — Larger Networks: The proposed model for the energy optimization
of larger networks is presented.

e Distributed Energy Efficiency Clustering, Gaussian Gradient Distance
Elimination Algorithm: The proposed model for node localisation estimation error
of 200 to 450 sensor nodes using mathematical equations, algorithms and

pseudocode are presented.

B Chapter Five: Analysis of Results and Discussion of Novel DEEC-GAUSS
Algorithm for Energy Efficiency The analysis and discussion of the hyper-heuristic
approach, and representation with related issues with the analysis of tables of the hyper-
heuristic optimization algorithm presented. The table of the analysis, and graphic

explanations for the hyper-heuristic optimisation approach are also presented.

B Chapter Six: Analysis of Results and Discussion of Novel DEEC GRADIENT
DISTANCE ELIMINATION ALGORITHM (DGGDEA) for Node Localization:
Analysis is provided in the form of tables and graphs for the hyper-heuristic

optimisation approach.

B Chapter Seven: Summary, Conclusions and Significant Contributions: According
to the analysis of the results from Chapter Five and Chapter Six, conclusions are
reached, significant contributions are outlined, the areas for further research work are
presented for WSNs.

1.8 Chapter Summary

Chapter One of this thesis presented the overview of WSNs, the problems of WSNSs, scope,
aim, objectives and significance of the research study. The last section of this chapter discusses
the research work structure. The next chapter will provide the literature contributions from

various scholarly works that have been carried out both locally and internationally.
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CHAPTER TWO: LITERATURE REVIEW

2.1 Introduction

In recent times, researchers and experts have demonstrated that wireless sensor networks
(WSNSs) are becoming more popular in power production and node localization. This chapter
presents a broad review of the extant literature available in accredited libraries, namely, IEEE
database, Web of Science, Inderscience, Norwegian accredited database, Scopus, IBSS, and a
host of other journal papers from scholars’ recent studies on node localization and energy

efficiency problems in WSNs.

The current chapter is subdivided into 10 sections. The first section presents the introduction
and the overview of WSNs, while the second section presents node localization and energy
efficiency. Furthermore, the third section presents nature bio-inspired algorithms that have
been used by various researchers while the fourth reviews non-nature bio-inspired algorithms.
Thereafter, the fifth section reviews power management in WSNSs. Sections six, seven, eight
and nine review power management in WSNSs, cluster head selection, data aggregation and
performance metrics, respectively. The final section in this chapter presents the heuristic
approaches and Preferred Reporting Items for Systematic Reviews and Meta-Analysis
(PRISMA). This analysis is important for the selection of the best heuristic approach for the
study. This chapter concludes with a chapter summary to sum up the chapter. The major

problems associated with WSN are shown below in Figure 2-1.
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Figure 2-1: Major problems in WSNs
Source: Researcher’s own construction

Major problems associated with WSNs as revealed in the extant literature has led to the
following, as shown in Figure 2-1:
e Poor estimation of sensor nodes coverage in WSNs (Gouda et al. 2021),
e Lack of energy-efficient clustering and transmission of energy routing usage within the
network (Farooq 2019),
e Alow level of detection of the network operation signals led to poor sensor localization
(Kanwar and Kumar 2021), and
e Insufficient calibration of data aggregation for energy accountability due to lack of node

localization with unknown accountability (Barcelo-Ordinas et al. 2019).

2.2 Wireless Sensor Networks

The burgeoning Internet of Things (1oT) relies heavily on wireless sensor networks (WSNS).
Wireless sensor networks have grown in popularity over the last decade, with a number of new
applications based on the sensors (Arora and Singh 2017). Wireless sensor networks are a self-
configuring linking system made up of large number of small nodes capable of information
processing in wireless communication (Yang, Li and Ye 2016; Yong-jun, Shen-fang, and Yuan
2012). Telecommunications, energy firms, health care organizations, data recording, threat
detection, landslide supervision and educational institutions are all affected by the WSN’s node

localization problem (Sun, Dong and Chen 2017).
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Wireless sensor networks are becoming apparent in high (advanced) technology and have seen
an increase in its utilization (Puri and Bhushan 2019). These have applications in surveillance,
environmental sensing, and biosphere monitoring. Recent advances in infrastructure systems
have helped connect the world through the smart grid, intelligent networks, smart cities, and
intelligent transportation (Shankar et al. 2021). According to Guimaraes et al. (2018) WSNs
are used to monitor the surrounding environment, by sensing the physical elements,
deployment topology, dynamic distribution of sensors, and the constraints in bandwidth.
Temperature, sound, and pressure sensors are used by WSNs to supervise environmental
conditions. Current research has proliferated in the application of WSNs in wide-ranging

disciplines.

The knowledge of the smaller nodes is important for the administration of WSN aggregated
local information to be meaningfully understood. To detect an optimal critical path of data
transmission, the ant colony optimization (ACOQO) algorithm was proposed for calculating
shortest path (Sun, Dong and Chen 2017). Similarly, the elephant herding optimization (EHO)
algorithm was deployed in an attempt to reduce the node localization problem in WSN
(Strumberger et al. 2018a). Also, the flower pollination algorithm (FPA) was often utilized to
optimize localization issues in WSNs (Sun, Yu and Wang 2019).

Considering that WSNs have great practical value, different scholars have carried out in-depth
investigations on them and one of the emergent key persistent challenges is high energy
consumption by node localizations during data transmission. Various techniques have been
proposed toward node localization problems. Wireless sensor networks have several
weaknesses that affect its implementation such as connectivity detection, time synchronization,
acknowledging of data, unknown packets, energy consumption, the nature of administration,
and the system security (Alghamdi 2020; Essiet, Sun and Wang 2019; Al-Janabi and Al-
Raweshidy 2017). Most of the works cited in literature have looked into proffering alternatives
to solve these inefficiencies in WSN but with no concrete resolution on the matter (Hassan et
al. 2019; Wang et al. 2019).

Aircraft are sometimes involved in natural disasters which can be avoided by employing micro
sensor node technology in WSNs. The micro sensor nodes might not be able to detect the
current locations and the location of all the sensor nodes which leads to an expensive outcome

(Bongale, Nirmala and Bongale 2019). Nonetheless, the geolocations which are known as main
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anchor nodes pinpoint bearings of unknown nodes but require a great deal of energy. The
unknown micro node position is approximate to the location from the identified anchor node’s
locus, and the unknown microsensor node is also tagged as the unknown location (Babayo,
Anisi and Ali 2017). The comprehensive achievement of the wireless network is downgraded
if one of the micro node locations is delinquent. As a result, erroneous data of anchor sensor
node circumference is escalated within the tasks that are performed (Engmann et al. 2018;
Garimella, Edla and Kuppili 2018).

WSNs comprise of many tiny, randomly deployed low power sensor nodes, that have sensing,
communication and processing capabilities (Elshrkawey, Elsherif and Wahed 2018; Sangaiah
et al. 2019). The circuits of WSNs have been studied extensively, specifically, over the last
two decades, and with this significant knowledge of the impact of digital technology across the

globe, a few of the outputs have been implemented at a fast pace (llyas et al. 2015).

Data has been transformed to a set of the characters whose length surpasses the ability of
dynamic database software applications and tools to store, manipulate and analyse in the data
warehouse (McKinsey 2018). A wireless network is a passage of interconnection, the backbone
of the active segmented area of data communication used for carrying out the task of
developmental technology in the 10T space (Elisha 2016; Mishra et al. 2018). Over the years,
there has been a rapid change in the space of 10T that helps to supply users with different data
to allow for mobility to other areas of the networks. This wireless technology has improved
communication processes in institutional buildings, companies, offices, the health sector, and
schools, without having a physical presence and movement. The high-tech equipment installed
to enhance the delivery of services consists of telepresence, videoconferencing, voice, and data,
transferred in packets (Haseeb et al. 2019; Karabiyik and Akkaya 2019). In addition, WSN
have key objectives that speak to the latest trends in the loT paradigm. The evolution of WSN
over the previous decade has resulted in a plethora of implementations based on sensors (Arora
and Singh 2017). The self-arrangement processes of WSN consist of a multitude of nodes
which meet the minimum data processing requirement for communication, as shown in Figure
2-2 (Yuan et al. 2017).
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Figure 2-2: Data gathering process in wireless sensor networks
Source: Extracted from Poonguzhali and Ananthamoorthy (2020)

2.2.1 Wireless Sensor Networks Usage and Deployment

Wireless Sensor Networks have countless of usages. These affect the execution of the system
including the time synchronization, sending, restriction, nature of the administration work, the
cost of directing the implementation and ensuring the security of the implemented project.
Different research articles and proposals have introduced some sort of solution to solve the
numerous challenges of localization in WSN (Zhang et al. 2021). Xia et al. (2020) cited the
example of an aircraft in an unforeseen natural disaster. Micro sensor nodes were placed
throughout the aircraft in a speculative form. These microsensor nodes might identify the
aircraft’s location and the aircraft might be located because of the advancement of global

positioning system (GPS) technology that is deployed (Xia et al. 2020).

Micro-sensors with GPS capabilities are called the anchor nodes. Sending out beacons of data
by approximating the position of the unknown sensors might require a large quantity of energy
to be efficient. These unknown sensors are placed with an estimated value of the distance from
the anchor sensors that are tagged as the known (Behera et al. 2019). The performance of WSN
on node localization becomes a concern when the location is unknown (Bhat et al 2020). Some
algorithms and techniques have been developed to increase the energy efficiency by lowering
the high communication costs during the test run of a WSN. However, the mathematical models
calculated are not extensive during the processes when carrying out the steps involved for

setting up the techniques involved in minimizing localization error (Rajakumar et al. 2017).
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Routing protocols in WSNs are determined by ant colony optimization (ACO) and are
categorized into two groups, namely, the run free endurance and extended dependant
(Jayekumar and Nagarajan 2018; Patil and Kadam 2018). The typical routing protocols which
are used for residual energy and localization are considered for quintessential routing in
reducing energy usage when compared to large parts of its routing protocols. Furthermore,
combining energy efficiency algorithm and weighting parameter approach helped in solving

node localization problem (Han and Zhang 2018; Han, Zhang and Sun 2018).

2.2.2  Wireless Sensor Network Applications

Wireless Sensor Networks are used to monitor temperature, sound, pressure, and the status of
the environment. A substantial amount of research has been conducted on WSNs and it is
evident that knowledge of the micro sensor in node localization is important for WSN
applications (Chen et al. 2018). However, with node localization, getting an optimal critical
path of data transmission is a significant challenge, therefore, the ACO algorithm was proposed
(Sun, Dong and Chen 2017; Mazumdar, Nag and Nandi 2021). FPA with six selected
benchmark metrics, namely, accuracy, speed, values, iterations, initial range, and random seeds
was utilised in support of energy efficiency and node localization (Pan et. al 2017
Dhanalakshmi, Sai-Ramesh and Selvakumar 2021).

Energy efficiency is a focal research point in WSN applications, as high energy consumption
impedes the lifetime of the network. In order to improve the WSN application performance
Panneerselvam et al. (2020) proposed the arsh-fati cluster head solution method. The EHO
approach was designed to address the sensor node localization complication in WSN
(Strumberger et al. 2018b). However, the FPA strategy was deployed for preventing the
localization stumbling block in WSNs (Sun, Yu and Wang 2019). In the period, 2016 to 2021,
a number of researchers acknowledged that WSNs experienced problems related to node
localization (Alquhayz and Jemmali 2021).

Some WSN challenges are caused by the duplication of data that was transferred within the
network. New security systems have been implemented to circumvent the import of data, in a
bid to solve the problems of information theft and data redundancy within the WSN operations.
One of the benefits of wireless networks is that the geo-location barrier is never a disadvantage
with data communication (Kumaresan and Kalyani 2021; Pradeep et al. 2021). Information

technology infrastructures refer to some form of the latest trends in technology, that is obtained
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from various sources of information on their applications in their focus areas. Information
technology is an electronics technology that is used for collating, processing, and disseminating
pieces of information. WSNs are explored for acoustic performances (Williams 2016;
Barakabitze et al. 2019).

Areas for application of WSN are discussed below: -

Area Monitoring: Wireless Sensor Networks are used for obtaining a bird’s eye view of a
particular region using a security camera. The military, for example, uses sensor nodes to detect
possible intrusions. Some oil and gas organizations use the sensors for geo-fencing of their oil
and gas pipelines as well as for close supervision of operations, to avoid breakdowns in the

system (Vera-Amaro, Rivero-Angeles and Luviano-Juarez 2020).

Health Industry Supervision: In this modern technology age, there are various types of
wireless sensors used in medical applications such as wearable devices, implanted skin devices,
and environment embedded sensors. Implanted devices are those that are transplanted within
the human body for tracking purposes, whereas wearable embedded devices are worn on the
human skin surface (Zhu, Zou and Zheng 2017). See Figure 2-3 for an example of sensors used

in health care.
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Figure 2-3: Health care body sensors
Source: Extracted from Rault, Bouabdallah and Challal (2019)
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Health systems monitoring: It helps to engage the sensors within the environment for the
position, location, body measurement and for tracking the location of persons. They are also
used to monitor and observe ill patients in medical facilities such as hospitals and in care home
environments. These devices are stored in the environment to detect and monitor progress and
to compile progression reports on the health diagnostics patients, with the input of data captured

from a human motion (Gao et al. 2019).

The human body vicinity networks help to generate data to produce a comprehensive health
fitness report. The generated data builds up in terms of strength based on the applications
installed and agreed to by the patient for privacy and authenticity of patient information. The
linking of the sensor and their 10T with patient’s authorization makes medical care and
diagnostics easier as it is possible for researchers and doctors to make use of the sensor data
collated for usage in the healthcare sectors (Abdulkarem et al. 2020).

Earth sensing: These sensor networks help to sense and monitor changes in the environment.
They are used to set up energy parameters during the geo-positioning. This reduces power
usage between the control room and the use of a micro-electromechanical system (MEMS) to

carry out monitoring in real-time (Zhenhua 2016; Wang and Tu 2020).

Air tainting monitoring: WSNs are tools of great importance used in several countries, cities,
and towns for monitoring the channel of hazardous gases emitted into the atmosphere. The
wireless sensors linking together make them more mobile for carrying out test readings in the
environment within a stipulated time frame and are more beneficial than the wired category of
sensors that may clutter the environment and are not aesthetically pleasing (Ng 2018; Tiwari
2019).

Forest fire detection: Wireless sensors can be configured and installed in thick forests to
detect and monitor fires. These sensor nodes are coded with different mechanisms to assess the
humidity, and the levels of gases emitted during a fire. Early detection of a fire outbreak allows
for rapid response by firefighters (Kadir, Rosa and Yulianti 2018; O’Mahony, Harris and
Murphy 2020).

18



Landslide detection: Landslide identification mechanism uses sensors to detect the landslide
movements of soil that are likely to occur during a landslide. The aggregated information may
make it possible to predict when a landslide is likely to occur in the environment (Giri, Ng and
Phillips 2018).

Water quality monitoring: This sensor type is for supervision of water properties and analysis
from the dams, seas and oceans. The sensor networks are used to enable the setup of the right
mapping of the state of water and allow for close monitoring and supervision, especially in

areas of constrained physical access (Pule, Yahya and Chuma 2017).

Wastewater monitoring: WSNSs help to monitor the quantity of the underground waste water
or surface dirty water for the benefit of both animal and human purposes (Poonguzhali and
Ananthamoorthy 2020).

Earth disaster deterrence: This sensor networks are successful in predicting natural disasters,
such as tsunami’s, floods, and fires (Ahmad et al. 2018; Khan, Gupta and Gupta 2020).

Data register: The WSNs allow gathering of packets of information and for overseeing
environmental data. Data logging and image processing are considered ‘kings’ in the research
space of WSN (Faheem et al. 2019). These provide an easy way of gathering data regarding
the temperature level of power plants in the register. The amount of information is utilized to
display how the program works. The benefit of sensors over nominal data loggers is the real-

time information feeds that are evidenced (Renu et al. 2017).

Grape production: The WSN sensors are used for close monitoring of wine and grape
production in both field and remote areas within the coverage zone. They assist winemakers to
effectively supervise and upscale their delivery in an efficient manner (Cravero, Lagos and
Espinosa 2018).
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Forewarning detection: The WSN aerial tracking systems (WATS) are prototype networks
that are used for forewarning of natural hazards that are likely to occur in the WSN. These
WATS sensors are deployed into certain positions or stationed on the vehicles for mobile
protection within the exact location used by ZigBee sensor devices (Pule, Yahya and Chuma
2017). The examples of WSN applications are shown in Figure 2-4. The synthesized usage of
WSN application is classified into different deployment categories. The healthcare system does
use WSN for determining the temperature and patient record tracker within the vicinity to save
time. The environment and air tainting use WSNs for light detection, fire detection and real
time land sliding reading from the remote office. Furthermore, WSNs are used for area
monitoring and military transport layer system. The transportation industries use WSNs for
collation of data and data logging to ascertain the register update of vehicles. The water and
grape systems are deployed for carrying out water right mapping, and level monitoring system.
Figure 2-4 below shows the different applications of WSN usage as synthesized from the extant

literature.
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Figure 2-4: The Synthesized Usage of WSN Applications
Source: Researcher’s own construction

2.3 Localization
Localization is broadly and extensively used in WSNs to associate the connected locations of
the sensor nodes (Sun, Dong and Chen 2017). The WSN node localization is used in

industries such as energy corporations, telecommunications, and care homes. The pathway of
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the wireless caged sensors has been signalling routes over the last few years, and some results
have enabled the continuous growth of the devices in WSNs (llyas et al. 2015). Information
whose capacity is far beyond the preparedness of the archetype database software applications
for capturing, storing, managing large volumes of data for accuracy when localization is
involved (McKinsey 2018).

Different approaches are used to effectively manage costs, while maximizing power. While
these are mathematically applied in the 21% century, most of these procedures are not
commonly used in the established form of WSNs (Rajakumar et al. 2017). In the literature the
swarm intelligence approach was developed to feature new shift such as scalability, speed,
adaptation, parallelism, autonomy, and fault tolerance in WSNs (Kassabalidis et al. 2019).
There are two categories of localization techniques. The first being the range free localization
approach which is used for identifying distance between two sensor nodes and the second
technique is application-based which is applied to identify vital localization information in
WSNSs (Nemer et al. 2021).

Notably, the essence of localization is to direct and establish the location of sensor nodes which
is an area that research work has focused on in recent times and it is desirable for the low-cost,
scalable, and efficient mechanisms used in WSN. Localization techniques using non-nature-
inspired algorithms such as ACO algorithm, PSO algorithm, and gradient distance algorithm
make the deployment of WSNs economical. This is one of the major reasons why optimization
is necessary, because the node localization problem affects the performance of WSNs (Shen et
al. 2018; Tuba, Tuba and Beko 2018; Kulkarni, Desai and Kulkarni 2019; Lee and Lee 2021;
Lu et al. 2021).

Localization within the WSN is the focal point within virtually every sector that makes use of
its deployment. Localization is key in the 10T space for gradient distance approach
measurements. There has been a recent trend in WSN techniques that are used for location
gathering of information that comprises of different anchor nodes for evaluation of error
estimation, probability of error as suggested by researchers by using gradient distance
approach. The gradient distance approach were also explored by researchers for multi-
dimensional scaling and weighting scaling. Some of the major functionalities are,
decomposition of distance measure algorithms, Receive Signal Strength Indicator (RSSI),
individual-DEEC, and PSO localization (Lan and Wei 2017; Nehra, Sharma and Tripathi 2020;
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Xia et al. 2020; Zhang et al. 2021).

2.3.1 Node Localization in WSNs

In general, localization is mainly codified into two separate classes which are range-free and
range-based techniques to estimate an unknown location of sensor nodes by figuring out how
far two or more sensor nodes are apart through self-arrangement. The nodes create a network
that includes time similarity of arrival, the angle of arrival, the signal strength, and the time of
entry (Sharma and Kumar 2018). A WSN can retrieve, aggregate data before sending it to the
supervised packet stages in the synergizing the location of sensors (Najeh, Sassi and Liouane
2018; Prashar et al. 2021).

The WSN’s sensor nodes are fuelled by an energy source that is unsuitable for this application.
The lifespan of the sensor nodes relies on the time span of the charged power bank. Unrestricted
power usage will make the network operation depreciate preterm and minimize the connection
lifetime (Roselin, Latha and Benitta 2017). The power utilization of sensor nodes is unknown,
making node localization a complex WSN problem. Node localization problems in detecting
changes in sea conditions were experienced in WSNs (Rajakumar et al. 2017). In 2004,
228 000 people lost their lives in the Indian Ocean tsunami. This possibly could have been

preventable.

Node localization is important to many applications of WSNs that are usually set up by
organizing different types of sensors in an ad-hoc form. These nodes are intellective regarding
the physical features of the world. The sensors used have different properties, depending on
their application and are used to detect sound, light, temperature, and pollution. Base stations
are responsible for guiding queries, for the collection of data from various nodes and for
forwarding them to the server (Kennedy and Eberhart 2019). Node localization algorithms are
generally used for combining the location of nodes in WSNSs and a typical display of how node
localization error and identification of unknown location accuracy works is displayed in Figure
2-5.
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Figure 2-5: Node Localization Algorithm
Source: Extracted from Singh, Sharma and Singh (2021)

As shown in Figure 2-6 below, there have been various problems surrounding node
localization. It is of great importance for the security of the data to detect the location of sensor
nodes which are unknown. Malicious sensor nodes have been sent to attack or threaten the
network which has brought setbacks in the form of link failures, resulting in a lack of smooth
back-and-forth communication. The grey wolf ant lion re-occurrence (GWALR) model was
developed to enable easy identification of the unknown locations and the mean error to scale
up the location accuracy (Sruthi and Sahadevaiah 2021). The malicious node helped to spot the

difference between the known and unknown nodes operation in WSNSs.
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Figure 2-6: Node Localization WSN System Problem
Source: Extracted from Sruthi and Sahadevaiah (2021)

2.3.2 Energy Efficiency

Energy optimization is one critical deficiency along with poor quality of service and security
in WSN. The use of an optimizer was suggested to improve the power maintenance (Singh,
Sharma and Singh 2021). Energy is critical for the socio-economic growth of many countries
across the globe and energy efficiency is central in this regard for optimization of the cost of
hybrid renewable power generation, using spider prey techniques (Frimpong et al. 2020). The
energy efficiency relies on the node estimation cooperation that is employed for transmission
of its power utilization and reliability efficiency, relating to the provision of reliable

implementation strategies for WSNs (Tan 2020).

Clustering in WSNS results in energy efficiency, which helps to minimize the usage and extend
the network lifespan (Hassan et al. 2019; Manikandan and Chinnadurai 2021). According to
Singh et al. (2016) energy efficiency helped to extend the life cycle of WSN. There are various
energy efficiency approaches in WSNs, such as T-LEACH, TEEN, APTEEN, HEED and
PEGASIS (Naz et al. 2018; Srikanth and Prasad 2018).

The purpose of hyper-heuristic focus is to automate the adaptation and construction of heuristic

medium, to tackle the challenges of computational search issues (Aroba, Naicker and Adeliyi

24



2021b). According to Meng et al. (2020), unmanned aerial vehicles (UAV) use a 3D
localization method to locate these GPS-equipped UAVs. The UAV’s static position was on a
non-line of sight (NLOS), and the results enhanced positioning accuracy and coverage. There
are two types of localization processes such as outdoor and indoor instruments (Mozamir et al.
2020). In WSN, the exterior bound allotted in node distribution (EBAN) and DEEC method,
as well as computational and power heterogeneity were investigated, and link were used with
energy m=0.15, which was 50% more than similar sensor nodes and improved the various

transmission from the cluster head (CH) and sink node (Prakash, Mishra and Kushwaha 2020).

The low energy adaptive clustering hierarchy (LEACH) is supposed to give a hierarchical
gathering set of rules for WSNs, with DEEC being assumed to become a clustering-based
protocol that is rotated when their positions have been slightly distributed after the energy
capacity of the sensor nodes that are within the various networks have been utilized (Elbhiri et
al. 2010). PEGASIS is a collection of techniques aimed for avoiding clustering and instead
uses a simple node to transmit data via a BS as opposed to a series of sensor nodes performance
stable election protocols, which rely on the stochastic degree of detection to extend the

communal lifetimes (Sharma 2020).

Poluru et al. (2020) investigated energy adaptive distributed energy-efficiency clustering
(EADEEC) for connection scalability and sensor node lifespan in WSN, and recommended an
extensive operational performance period. Nehra, Sharma and Tripathi (2020) proposed a
method that improves the distance between BSs and distribution network nodes to account for
the use of energy efficiency clustering between two-fold schema of normal and advanced
hexagons and its environmental radius. Invariably, the addition of the distance to node lifetime
and energy residual was calculated, with the probability of nodes that are being nominated as
the cluster heads for DEEC revamps rate, and percentage covered by the area within the

network lifetime-model.

There have been different energy efficiency mechanisms that speak to the localization of sensor
nodes. The hyper-heuristic category comprises of high value approaches that are combined
with optimization solutions in WSNs (Cowling, Kendall and Soubeiga 2002; Burke et al. 2010;
Hudson et al. 2011; Burke and Qu 2019; Qu and Burke 2019). Hyper heuristics are used for
information processing amalgamation approaches that are grouped as probabilistic, reasoning,

and knowledge-based methods for data gathering and its statistical model was utilized a fairly
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recently for performance preservation of data outlier identifications (Babayo, Anisi and Ali
2017; Krishnamurthi et al. 2020).

Hyper-heuristics are deployed to resolve mathematical search deficiencies, hence systematic
reviews on meta-analysis depict the hyper-heuristic method as the most suitable for optimizing
the localization of nodes and energy maximization challenges, resulting in an increase in the
WSN’s performance (Burke and Qu 2019). However, the use of meta-heuristic and hybrid
heuristics does not imply that they are efficient. There is evidence to the notion that the hyper-
heuristic methods outperform the meta-heuristic with hybrid heuristic methods in maximizing

their localization of nodes and energy utilization situations in WSNs (Aroba et al. 2020).

2.3.2.1 Energy Lifetime Coverage

To maximise the coverage and prolong the network lifetime the particle swarm optimization
(PSO) with differential evolution (DE) algorithms were investigated to solve the clustering
obstacles in a WSN (Sujatha and Siddappa 2017; Sujatha and Siddappa 2018). The DE
algorithm was presented in Xu et al. (2018) and Cespedes-Mota et al. (2018) for scenarios in
which the amount of data exchanged was unknown. The multi-objective DE perspective was
used to optimize the distribution of sensors across different zones within the locations while
also increasing coverage to reduce network energy (Cespedes-Mota et al. 2018). The PSO is
one of the nature-inspired methods that is universally applicable to focus on ambiguous
optimization challenges (Cui et al. 2018).

A hybrid approach based on the combination of PSO with any other algorithm for transition
movement was suggested to generate the greatest quantity of unmatched sets for energy
maximization in WSN lifespan (Panag and Dhillon 2018). In other words, the DE algorithm
was used as an alternative to look into path optimization inefficiencies of energy lifetime
coverage in WSNs to obtain the optimal routing path protocols while consuming the least

amount of energy (Wan, Weng and Liu 2019).

Prior studies from the works of literature, show that the modified Genetic Algorithm (GA)
based on low energy adaptive clustering hierarchy (LEACH) reduce power usage and extend
the connected lifespan of the energy harvesting wireless sensor networks (EH-WSNSs) (Darji

and Shah 2016). A GA algorithm built on self-organizing network of clustering medium was
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introduced to optimize energy efficiency by reducing the network life between sensor node in
WSN (Yuan et al. 2017).

Wang, Zhan and Zhang (2018) used the distributed genetic algorithm to emphasize that a
disbursed GA solves energy-optimized coverage issues in WSN, while Hamidouche, Aliouat
and Gueroui (2018) suggested the distributed GA provides an alternative to energy
effectiveness coverage problems in WSNs. On the other hand, a bio-inspired algorithm, used
swarm behaviour, such as, the approach based on birds and fish, for adaptation to make

decisions based on particle position over time (Raychaudhuri and De 2020).

Hamidouche, Aliouat and Gueroui (2018) proposed a GA-based strategy for clustering and
routing to improve service speed and quality while also extending node connection lifespan
(Panag and Dhillon 2018). Simple GA was proposed for improving network lifetime and
reducing energy depletion in WSNs. The application of a simple PSOs further helped in
optimizing energy efficiency, hence maximizing the data transmission rate in WSN (Singh and
Sharma 2021). There is a probability increment in the lifespan of the connection. Singh and
Sharma (2019) used the PSO approach to test a new energy-efficient clustering strategy for
WSN that extends the network’s life cycle.

Singh and Sharma (2019) presented an approach to high-energy usage for nodes that serves as
the CH. Sensor nodes are formed to generate clusters by putting them in a uniform pattern.
They endeavoured to optimize and improve the situation of node energy consumption by
simultaneously maximizing data transmission. The primary similarity between these
approaches and previous works is the use of PSO to select the optimal nodes as CHs. Thus,
Singh and Sharma (2019) demonstrated the goal of increasing the network's lifetime. Similarly,
despite decades of research, load balancing is a medium for coordinating energy utilization and

the rate of energy consumption.

According to Shivapur, Kanakaraddi and Chikaraddi (2015), energy consumption should be
reduced to increase the network's lifetime. Cluster heads or gateways in cluster based WSNs
execute tasks such data collecting from member nodes, data aggregation, and data exchange
with the base station. As a result, load balancing of gateways in WSNs is one of the most
important and difficult tasks for maximizing network longevity. A shuffling frog leaping

algorithm (SFLA) was enhanced to handle this problem by appropriately adjusting the frog's
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population generation and offspring generation phases in SFLA, as well as incorporating a

transfer phase (Garimella, Edla and Kuppili 2018).

The dispersed approach entailed clustering the LEACH and leaving the sensor nodes on their
own, with no central point to control them. Amongst the algorithms included in LEACH,
schema routing is regarded as preferred, and these chips are clustering routers that are linked
to the pivoted node and allow signal strength to be deduced (Moorthi and Thiagarajan 2020).
However, there was a need for a change in CHs at a scattered level which was possible to break
down the dissipation of energy nodes. The CHs accomplishes this balancing by selecting a
node with any choice of number from 0 and 1. For the current round, each node is given a CH,
which performs the task of determining whether the number of nodes is less than the threshold
(Moorthi and Thiagarajan 2020).

Subsequently, LEACH entails partitioning the nodes into several clusters, with each node
utilizing a CH as well as certain common nodes as its members. The CHs perform rotation-
based functions for a set period, contacting other nodes at each round and this ensures an equal
distribution of rounds and, as a result, an equally distributed energy usage within the network
connection (Khalid et al. 2017). One significant disadvantage of LEACH is that it cannot be
used in larger-scale networks as the network's lifetime is reduced. This is because the LEACH
CHs impair communication with the distant BS, requiring greater power for data transmission
(YYadav and Mishra 2021).

LEACH has the capability of implementing a randomized cluster head rotation across the
network. As a result, less energy is used during transmission when LEACH selects a specific
CH. Furthermore, the CHs may have various initial energy requirements, could form a single
network that comprises of basic energy criteria (Kiani and Seyyedabbasi 2018). Li et al. (2015)
discussed the design of the distributed protocols’ routing that aid in the reduction of energy
use, the routing, scheduling, formed assignment, and power management concerns in multi-
power level for WSN. To improve the scheduling approach, the modified time division multiple
access (TDMA) method was used for clustering aggregation on behalf of the sensor nodes with
usual power diminishing and consumption to minimize the dissipation of energy usage
(Elshrkawey, Elsherif and Wahed 2018). A seminal study employed by Roselin, Latha and
Benitta (2017), explored the use of energy-efficient approach to communicate across the

coverage scheduling lifespan of WSN operations execution time.
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Swarm intelligence has the advantage of ensuring the stability and adaptability of the
environment, which is beneficial when applied to the energy optimization of WSN (Kennedy
and Eberhart 2019). Furthermore, PSO — which was bio-inspired by other social behaviours of
birds — has become one of the most extensively used optimization approaches, having been
used to investigate variety of optimization issues. Pang et al. (2018) and Wang et al. (2019)
proposed the PSO approach to minimize the error of locations and perform better on the
accuracy of the environment to avoid energy loop-holes that are closer to the cluster. This is
usually affected by the load balancing stress when forwarding in the networks. WSNs have
different concentration from the focal points of operation. Zhang et al. (2018a) introduced a
novel hidden confusion-based data-gathering technique that reduces information traffic and
energy usage in WSNs while maintaining privacy. In today’s technology-driven society, it was
unavoidable. It was used to address the rising issue of energy efficiency to provide effective

services (Sahoo et al. 2019).

According to Priyadarshini and Sivakumar (2019), delivering a proportion of load balancing in
sensor nodes to various territories such as high-density environments, timber, and undersea,
the sensor field of energy consumption maximization is allocated to the network lifespan and
sensing coverage area. Considering an alternative solution by Zhao et al. (2019), load balancing
strategies based on immune cloned power control selection of sensor energy consumption were
utilized to display a variety of suitable energy frequencies to aid the apex nodes in combining

a relay step to eliminate the power hole difficulties.

A number of researchers attempted to incorporate main and on a multi-heterogeneous network
parameter in order to extend the network’s life even further (Anuradha and Srivatsa 2019).
Several WSN limitations and solutions for minimizing data redundancy among the
communicating criteria were used to obtain the intended outcome for energy effectiveness
(Bhola, Soni and Cheema 2019; Srivastava, Tripathi and Singh 2019).

Clustering has been influenced by several factors, including cluster count, cluster head density,
size selection and the various evaluations of existing techniques on non-probabilistic and
probabilistic qualities. Clustering approaches help the communication between CHs to BS
through both indirect and direct routes. The number of sensor nodes, the intended use of
application and energy usage sequence scenarios were able to determine the clustering
approach (Mohapatra et al. 2020b, Mehrani et al. 2010; Kumar et al. 2019; Gayen et al. 2020;
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Kumar, Edalatpanah and Mohapatra 2020; Kumar, Jha and Singh 2020; Mohapatra et al.
2020a; Mohapatra et al. 2020c). The method of innovative design approach of clustering
deployment for independent heterogeneous WSNs were discovered with the help of clustering
medium deployment for citing clustering modelling variations with different node
characteristics. The power management was improvised, and the nodes lifespan was enhanced
(Tay and Senturk 2021).

A corresponding referral was suggested for a future project to prolong the archetype design to
the BS using a genetic algorithm and cuckoo filtering method for high efficiency (Rahiminasab
et al. 2020). This is considering the clustering split processes (CSP) algorithm and their
analytical hierarchical process (AHP) approach to provide a suitable medium to the clustering
problem by extension of the connection agedness for better optimal gathering than the BS
controlled dynamic clusters protocols algorithm. This aids in energy reduction of nearly 5%
compared to the BS controlled dynamic clustering procedures algorithm. Furthermore, it is
suggested that future work looks into distance management, the control system, and the subway
stations mechanism (Alghamdi 2020).

According to Kaur and Sharma (2020), to increase energy efficiency in WSNs, distributed
power-efficiency clustering protocols were used during data processing operations. To improve
the rate at which packets are carried to the BS, the DEEC is utilized to select a multi-cluster
head at one round rather than a single CH per round (Dhiman, Kumar and Sharma 2020). The
analysis, design routing and procedures on energy maximization in comparison to shifting
sensor nodes are optimum in power scale. Thus, the use of three varieties of sensor nodes,
namely; advanced, normal and super have more opportunity than others to become the CHs at
the first round of operation in WSNs (Kumar and Patle 2020).

DEEC considers the average sensor node energy and CH residual energy and their alternative
routes to reduce energy expenditure between the BS and the sensor nodes. The improved
enhanced distributed energy efficiency clustering (iE-DEEC) showed better performance in
energy reduction when compared to DEEC (Jibreel 2019). There is data modification that
changes the environment of WSNs when the network's power depletion is at its peak. This
shortens the network's lifetime, which is why a gateway election protocol was proposed using
IE-DEEC within the network to reduce energy utilisation (Jibreel, Daabo and Gbolagade 2020).
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A PSO-based energy maximization method was introduced by Gao et al. (2019) and
Janarthanan and Kumar (2019) to increase data flow using rechargeable batteries in the WSN.
Localization-Based Evolutionary Routing (LOBER) was used by Wang et al. (2018) to
improve energy efficiency aggregation in sensor node for data gathering systems. Different
viewpoints such as optimizing distance communication, cut-off value, and mobile sink
innovation for communication ranges in the WSN were explored (Janarthanan and Kumar
2019). Wang et al. (2020) noted that the PEGASIS approach and the Hamilton loop were used
to balance and remit total network resource overheads.

The approach of optimal analysis of multi-path appropriate scheme in conjunction with surplus
mobile sinks was suggested by Mostafaei and Obaidat (2018) to assist sensors in transferring
and monitoring data from source to sink via multiple communication channels, while the
distributed efficient algorithms in WSNs were to self-protect the distributed learning process

of automation (Mostafaei et al. 2015).

2.4 Nature Bio-Inspired Algorithms

Over time, nature bio-inspired algorithms have proven to be an effective medium to tackle the
problem of WSN deficiencies. A bio-inspired method is an approach propagated by the
biological evolution in nature and are useful for large-scale connections. The nature bio-
inspired algorithms are used for the maximization of solutions for locating the best possible
solution among all possible alternatives. Examples of bio-inspired algorithms include the
genetic algorithm (GA), nature-inspired algorithms, firefly algorithm (FFA), ant colony
optimization (ACO) algorithm and particle swarm optimization (PSO) algorithm (Lv et al.
2020; Raychaudhuri and De 2020). The three major areas that nature bio inspired algorithms
addresses are security management, energy maximization and service quality. Nature bio-
mimetic techniques were proposed to augment developmental methods. Biological traits of
several natural occurrences are evidenced of the latest trend in meta-heuristic approaches
(Mahapatra, Payal and Chopra 2020).

There has been some essence for meta-heuristic algorithms in terms of exploring some medium
of trial-and-error methods. Meta-heuristics has contributed positively to the success of complex
scheduling problems, space allocation problems and clustering problems because it has four

advantages which are flexibility, simplicity, optimisation and clustering management (Zehra et
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al. 2021). Furthermore, the advantages of bio-inspired algorithms are that they are adaptive,
dynamic, highly scalable, and flexible in terms of decision making. The disadvantages are that
they result in an increase in overheads, inefficient data that are high in the initial stage of the

algorithm deployment (Nunoo-Mensah, Boateng and Gadze 2018).

Most of the meta-heuristic approaches are classified as nature-inspired methods or sometimes
researchers call them intelligent optimization approaches. Nature-inspired meta-heuristic
algorithms are further broken down into different categories such as evolutionary, bio-inspired-
plant-based, and swarm-based mechanisms such as flies, ants, bees, and different species of
fish, with a depiction provided in Figure 2-7 (Tao, Laili and Zhang 2015; Zhang and Dong
2019; Aroba, Naicker and Adeliyi 2021b).

Nature-inspired/
Meta-heuristic

Evolutionary

Bio-inspired

Swarm based

Figure 2-7: Nature Bio-Inspired Algorithms
Source: Extracted from Singh, Sharma and Singh (2021)

2.4.1 Firefly Algorithm (FFA) Application

These are nature-inspired approaches that are in the meta-heuristics category that display the
behaviour of social fireflies that are found in tropical environments. The majority of them show
rhythmic flashes of bioluminescence. Virtually all fireflies are thought to be unisex and they
are usually attracted to each other for mating (Shahbaz, Barati and Barati 2021). Fireflies give

birth to young with different combinations of patterns of flashes and light channels that are
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used in communicating and for carrying out their search for mating partnerships (Yogarajan
and Revathi 2018).

The majority of FFAs are used to create short, rhythmic flashes with varying flashing
characteristics in the application of FFA. These fireflies use these flashes to communicate to
catch prey. It assists to mimic the social characteristics of fireflies that are located in tropical
regions. The FFA is a simple objective-based function technique that helps to produce effective
output when dealing with non-linear dynamic optimization problems, with few limitations of a
nature algorithm (Pakdel and Fotohi 2021).

The FFA produces several types of flashing patterns for communication. It helps fireflies to
adjust to their optional brightness when they are searching for prey. Fireflies do fly with
minimal brightness that will drive towards their class of beetles to open brightness
opportunities during their search for food (Wohwe Sambo et al. 2019). In its calculated
business objective function, the attraction is formulated based on a light intensity. The FFA is
a powerful approach for a local search mechanism and helps in reducing variable storing
memory and running consumption time. It also helps to get an accurate convergence rate and
comparison rate. The FFA provides an effective way of using limited memory. In WSNs the
FFA assists in communication from node to node by memorising directional paths similar to
nature-inspired processes such as self-pollination and cross-pollination (Vishal and Ramesh
Babu 2019).

The FFA uses an optimization technique to check if various degrees of attraction are directly
proportional to the sharpness of light and speed for optimal solution. However, FFA typically
use their darkness state to reduce their speed, because cross pollination exerts more energy
from them (Dey 2020). In like manner, the light intensity of the fireflies is summed up by their
values of functionality relating to the problems of darkness (Yang and Zhao 2020). The
disadvantage of the FFA is having more control variables, requires proper setting of dependent

parameters, and having a huge number of multimodal problems (Fotohi and Firoozi 2020).

2.4.2 Particle Swarm Optimization (PSO) Algorithm
The PSO algorithm is a set optimisation technique with a combination of local and global

methods. They are popular algorithms that represent the social characteristics of flocks of birds
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and shoals of fish when locating a place with sufficient food (Wohwe Sambo et al. 2019,
Sujatha and Siddappa 2017). Swarms coordinate their behaviour and determine their local

movement pattern without any decentralized control system (Xia et al. 2020).

The PSO algorithm searches for a solution that optimizes particle intelligence, which is an
alternative reiterative routine called the possible best value (Jari and Avokh 2021). In the entire
population swarm particles are deployed for multidimensional search for determining the
behaviour of flocks (Javadpour et al. 2018). Particle swarm optimization is a debatable,
theoretical number-based meta-heuristic inspired by nature intelligence that uses a global best
method (Gbest). The local alternate method (Lbest), presents a topology pattern of behaviour
associated with this alternate swarm nature intelligence pattern (Yadav, Kumar and Vijendra
2018).

The particle swarm optimization (PSO) is an originator computational intelligence medium
that is deployed for population-based optimization. It is one of the major, powerful algorithms
used for optimization, consisting of a set of individual search algorithm for populations that
are in search of space with arbitrary locations (Edla, Kongara and Cheruku 2019). An
individual in a species swarm comprises three trajectories, with a dimension that is the same
as that of the identified gap. To interchange experience between the particles, based on
neighbourhood topology, two different forms of PSO can be used (Kaswan, Singh and Jana
2018). The neighbourhood of the particle comprises the inhabitants in the global version of the

algorithm.

The PSO algorithm was successfully put together for continual enhancement issues. The PSO
algorithm was used for calculating the lowest cost, identifying node localization positioning,
which helps to overcome obstacle and terrain irregularities (Jabeur et al. 2020). The central
repository of PSO helps to minimize optimal coverage and optimal loopholes in the WSN and
aids optimal deployment (Cao, Liu and Xu 2021; Lu et al. 2021; Umamaheswari 2021). The
PSO energy-efficiency and clustering and routing were highlighted as being a better option
compared to the LEACH algorithm (Aroba, Naicker and Adeliyi 2021b; Devika, Ramesh and
Karegowda 2021; Jari and Avokh 2021). Data aggregation was implemented to secure the
authentication and access control (Chang and Liu 2021; Dou, Chen and Long 2021; Roslin and
Daniel 2021).
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Sensor localization approaches are shown in Table 2-1 displayed on WSN problems (Prashar
and Jha 2021; Singh and Mittal 2021).

Table 2-1: The Summary of the PSO Solution in WSNs

PSO WSN Problem Focus

Authors

PSO Solutions

Minimizing localization error.
Solving range-based localization.

The deployment of PSO for foraging.
Search for unknown locations of
Sensors.

e Compared performance of simple
PSO.

Edla, Kongara and Cheruku (2019);
Kulkarni, Desai and Kulkarni (2019);

Wang and Tu (2020); Prashar and Jha
(2021);

Singh and Mittal (2021)

Sensor Localization

e The behaviour of ants to solve optimal
challenges.

e The application of  maritime
surveillance with the use of numbering
PSO.

e To minimize optimal coverage.

e Ensure maximum lifespan with an
alternative with the use of PSO.

Fu et al. (2018); Ng (2018); Guleria and
Verma (2019); Cao, Liu and Xu (2021)

Optimal Coverage

e Improvement on the QoS

e The use of PSO for optimization.

e Optimal loopholes for energy
efficiency

e  Shortest path to energy efficiency

Li, Keegan and Mtenzi (2018b); Aroba,
and Adeliyi (2021b);
Ramesh and Karegowda (2021) Jari and
Avokh (2021); Umamaheswari (2021)

Naicker Devika,

Energy Efficiency
Clustering and Routing

e Lack of data accuracy

e Constrained data probability and
fusion error.

e Authentication and access control.

Roselin, Latha and Benitta (2017);
Daneshvar, Mohajer and Mazinani (2019);

Jabeur et al. (2020); Chang and Liu (2021)

Data Aggregation

2.4.3 Grey Wolf Optimization (GWO) Algorithm

The GWO method uses a wide range of related problems to cover the different categories.
There are numerous wolf algorithms which are encouraged by the communal behaviour of grey
wolves and are based on their leader-based hunting strategy techniques (Mirjalili and Lewis
2016). However, the GWO approach has never been deployed to solve WSN localization

issues.

The GWO algorithms are part of the meta-heuristic approach that is used frequently in
engineering applications with the following properties: (i) smooth ideas used for

implementation; (ii) they do not need gradient data; (iii) they can divert domestic optimization;
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(iv) they are always used within a wide range of problems by giving them different tasks. Most
algorithms are deployed with alternative combinations of optimization challenges. The GWO
IS amongst the newest algorithms proposed in recent times for solving scheduling cases
(Mirjalili and Lewis 2016). The GWO algorithms are used to initialize particles, calculate the
generation of particles, determine the position of particles and the best possible solution

(Daneshvar, Mohajer and Mazinani 2019).

Specifically, this GWO algorithm is based on the social characteristics of wolves. Grey wolves
are grouped into four types related to hunting techniques, namely, alpha, beta, delta and omega
(Lipare, Edla and Kuppili 2019). The alpha wolves are the dominant categories of wolves
considered the leaders of the four groups (Rathore et al. 2020). In comparison, the beta class
of wolves occupies the second level of hierarchy in the pack, immediately below the uppermost
category of the alpha (Kaushik, Indu and Gupta 2019). The GWO algorithms comprise of two
major types of techniques which are alpha and beta wolves’, where the beta wolves assist in
decision-making processes and the alpha wolves play the key role. The GWO have unique
rights to decide whether alpha wolves can hunt without using the hunting techniques when

compared to beta wolves (Hu and Cao 2010).

The delta class wolves are next in the hierarchical structure and are also classified as supporting
wolves. These delta wolves belong to the high-class categories of caretakers, hunters, sentinels,
and scouts and the delta wolves do adhere to laid down instruction (Faris et al. 2018). The
omega wolves form the lowest category, and they follow the instructions of the other three wolf
classes (Faris et al. 2018). In summary, GWO classes are meta-heuristic in optimizing
technology, where the alpha is the first batch of the GWO classes that are used in decision-
making processes in the WSN, while beta assists alpha in decision making, delta, and omega

provide minor contributions in the decision-making process of the WSN (Faris et al. 2018).

2.4.4 Differential Evolution (DE) Algorithm

The DE algorithm is a bio-inspired algorithm that contains non-deterministic polynomial
individual and N dimensions available in each N-dimension vector (Mohamed and Suganthan
2018). The DE algorithm is a number based meta-heuristic optimization that is used for
evolutionary procedures that have no probability basis with regards to their underlying
problems (Sujatha and Siddappa 2017). According to Georgioudakis and Plevris (2020), DEs
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are deployed to achieve a quick solution and multimodal objectives, as they help to handle
complex evolutionary problems compared to other existing algorithms. The DE algorithm is
usually used for load balancing and user comfort when optimizing electricity usage criteria
(Essiet, Sun and Wang 2019).

2.4.5 Flower Pollination Algorithm (FPA)

This is a new algorithm used for population-based intelligent optimization algorithms because
it achieves a balance between exploring and exploiting parameter processes. (Pan et al. 2017).
The FPA is deployed for scheduling and shifting appliances (Khalid et al. 2019). According to
(Nguyen, Pan and Dao 2019), FPA is explored to speed up diversity for search and
computational optimization processes and selecting the network layout performances in the
memory running period. The FPA utilizes the pollen of the population to depict individual
solutions for search space compared to other algorithms (Pan et al. 2017).

2.4.6 Elephant Herding Optimization (EHO) Algorithm

Elephants are the biggest mammals that move in groups; they usually raise more than one
offspring in a herd, and they pass information in a well-organized form using elephants routing
and different radio layers. The EHO algorithm is nature inspired by the community
characteristics and behaviour of elephants in the herding family (Kumar, Kumar and Batra
2020). The EHO is a meta-heuristic swarm intelligence algorithm that is deployed for
localization deficiency in WSN for getting desired results especially in the area of NP-hard
problems for unknown geographical co-ordinates of the sensor nodes within the routing
coverage (Strumberger et al. 2018b).

2.4.7 Ant Colony Optimization (ACO) Algorithm

The ACO algorithm is a meta-heuristic approach that copies the behaviour of ants to solve
optimal challenges (Guleria and Verma 2019). However, some authors have suggested that
there be the multi-agent structure for every individual agent which is revealed by the
characteristics of a live ant (Sun et al. 2018). Previous studies have shown that the traditional
ACO combination of challenges were achieved extensively through outcomes in deciphering
various challenges such as scheduling, assignment, and routing processes in WSNSs. Prior

research suggests that the ant’s behaviour is simple in a way that ants use their collective
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behaviour to perform complex processes, such as finding and transportation of food or locating
the shortest paths to the food banks (Li, Keegan and Mtenzi 2018b; Sefati, Abdi and Ghaffari
2021). Anand (2020) highlighted a better routing algorithm that focuses on Ant Colony
Optimization (ACO) augmentation in WSN, considering node communication channels within

the transmission distance and remnant energy.

Most of the prior research on ACO algorithms helped to display the principle using very easy
communication methods to identify the shortest path between two points from the starting point
to the desired destination. Elhabyan, Shi and St-Hilaire (2019) investigated arguments on the
lifetime of WSN with the use of the ACO approach exploring the constraint on sensor hubs’
lifetime operations by delving into security and privacy in WSNs. Most early studies showed
that ants identify their mate through aromas known as pheromones. Using this concept, WSNs
can use the equivalent of a pheromone trail between sensor types of equipment with various
mediums and detecting their network availability and diminish the vitality utilization (Yue,
Cao and Luo 2019).

Recent innovative advancements have empowered smaller gadgets with processing abilities to
transport their elements without any foundation, by special appointment of networks. Some
authors have also suggested that ACO was used to arrange the voyage business issue against
the cutting edge in the zone and ACO was deployed to show the pheromone ants for complex
enhancement issues. A large number of existing studies in the broader literature of hyper-
heuristic ACO were used for behavioural and system colonies in the 1990s. After decades of
research on heuristic ACO, reducing energy consumption in WSN routing protocols with the
ant system (AS) were proposed (Derakhshan and Yousefi 2019; Nayyar and Singh 2019). The
elitist strategy for ant colony (EAS) approaches with maximum and minimum ant colony
systems (ACS) with the use of deposits were proposed to trace the shortest route (Wang and
Tong 2020).

ACO aids the depiction of cooperative behaviour exhibited by ants to find the shortest path
Anandh and Baburaj 2020). However, some authors suggested that they be multi-agent systems
wherein every unique agent is revealed by the characteristics of an actual ant. Previous studies
have demonstrated that traditional ACO has been added to combinatorial optimizing issues
which assisted to achieve universal success in solving various problems such as planning,

delivery and allocation. Prior research suggests that the ant behaviour of using aggregated
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performance characteristics for difficult tasks such as food transportation and locating the

quickest routes to food sources is key in the ACO function (Janakiraman 2018).

The ACO algorithm uses the behaviour of ants to locate the shortest trail between the source
and the destination and the same approach to explore the opportunities for survival (Zhao et al.
2019). This has resulted in the monitoring process of ants putting down a specified amount of
pheromones on their way from their nest (source) to food (destination). On their return, the
living organism is expected to trail the shortest trails with marks by the pheromones that are
deposited and, on the way, back, the ant follows the shorter path is projected to return sooner
and produce more pheromone deposition in its mapping trail at a slower pace than a living

organism following a longer path (Wang et al. 2015).

The ants have been seen to deposit a specific quantity of pheromones along their path when
moving from their source to destination. The ants’ operations are expected to ply the shortest
path that is identified by the pheromones, which are deposited, while the other categories of
ACO pheromones of ants on the way back follow the smaller path that leads to a growth in the
number of pheromones that are deposited in the path at a faster pace than the ants going through
a longer path. The foraging activity of numerous ants is an inspiration for ACO. The
ephemerides that are deposited can be identified by the fellow ants to know their routing source
and destination. For this reason, ACO with its different engineering applications has long been
thought to be a high-quality solutions algorithm. Mobile and wireless networks, data mining,
database systems, grid computing, multicore processing, image processing, artificial
intelligence, and biomedical applications are all examples of peer to peer computing that can
make use of ACO (Gajalakshmi and Srikanth 2016; Xie and Pan 2016).

Ant Colony Optimization was offered as a way to learn about sensor node localization for WSN
applications in order to find the best critical path for data transmission (Sun, Dong and Chen
2017). Similarly, the EHO algorithm was employed to solve the WSN’s node localization

issues (Strumberger et al. 2018a).

Recent innovative advancements have empowered smaller gadgets with greater processing
abilities to transport their elements without any foundation by special appointment of networks.
Some authors have also suggested that ACO was used to arrange the voyage business issue

against the research in the zone and ACO was deployed to show the shortest path pheromone
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for complex enhancement issues. A large number of existing studies in the broader literature

of hyper-heuristic ACO was used for behavioural and system colonies in the 1990s (Gupta and

Sharma 2019). Decades of research has shed light on heuristic ACO processes to minimize

power energy consumption in WSN routing protocols with the approach of the AS (Shankar et
al. 2021). Tian, Gao and Ge (2016) have also explored hybridized versions of ACO with a

larger network rate of conversion for the energy efficiency grid, and some of its attributes of

ACO on sensor localization have been explored (Gouda et al. 2021). Tian, Gao and Ge (2016)

reported optimized coverage. More detail is shown below in Table 2-2.

Table 2-2: The Summary of ACO Solutions in WSNs

ACO WSN Problem Focus

Author

ACO Solutions

Minimizing localization error.

The transportation of food location
using shortest paths.

Search for unknown locations of
sensors.

Compared performance of live ant
behaviour with ACO.

Li, Keegan and Mtenzi (2018a);
Derakhshan and Yousefi (2019);
Sun, Yu and Wang (2019);

Sefati, Abdi and Ghaffari (2021)

Sensor Localization

The behaviour of optimal challenges.
Improvement to coverage and
connectivity deficiencies

Unstable coverage and clustering

problem.

Guleria and Verma (2019);
Gupta and Sharma (2019);
Yue, Cao and Luo (2019)

Optimal Coverage

Improvement in the communication
approach and their network energy
lifetime.
Network  availability and its
diminished utilization techniques.
Routing and energy protocols.
Unequal clustering protocols
consumption.

Alleviation of energy hole problems.

Tian, Gao and Ge (2016);

Elhabyan, Shi and St-Hilaire (2019);
Nayyar and Singh (2019);

Zhao et al. (2019);

Wang and Tong (2020).

Energy Efficiency

Clustering and Routing

Centralized  method for data
aggregation and communication using

ACO.

Gouda et al. (2021); Nayak et al. (2021)

Data Aggregation
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e Ant aggregation for optimal data
communication

e Make use of simple ACO.

e Improvement in the system lifetime

Table 2-2 shows the overview of energy efficiency and routing protocols, optimal coverage

node sensor localization, and data aggregation in balancing the various algorithms approaches.

2.4.7.1 Elitist Ant System (EAS)

The EAS is an extension of the ant colony system (ACS) that is used for maximum and
minimum distance calculation in the ant system. ACSs are used for tracing the shortest routes.
Xu and Zhou (2020) indicated that mobile sink scheduling (MSS) is another proposed way to
solve the challenge of energy efficiency in WSNs.

Aggregating ACO for optimum data aggregation within the WSN was investigated by looking
into the complexity of the optimum aggregation of data that is NP-hard using the optimal search
aggregation (Kaur et al. 2019). Consequently, the WSN’s major problem is not energy
consumption but how to effectively minimize the utilization by helping to conserve power
capacity and battery life (Wang and Tong 2020). Sensor nodes have an irreplaceable battery
with limited capacity. The model of dual sink optimisation used was for considering a single
destination and multiple sources for communication within their various environments with the

use of multiple hops (Kaur and Sharma 2020).

2.4.8 Genetic Algorithm (GA)

The evolution of computation is collectively referred to as several computing methods on
natural inspired evolution. This process explores various computational media to carry out
search and optimization types of gaps. The genetic algorithm (GA) has been used in different
mobile and wireless networks in fields such as WSN, P2P computing, biomedical applications,
data mining, multi-core processing, artificial intelligence, database systems, image processing,
and grid computing. The GA is used for proffering solutions to natural selection process
challenges. GAs comprise of three categories of rule sets, namely cross-over rules, mutation

rules, and selection rules (Gupta, Rao and Venkatesh 2016; Gao et al. 2019).
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Therefore, considering the problems associated with the great complexity of networks such as
large-scale network processing, load balancing, resource constraints, controlling route
congestion, heterogeneity, unattended operation and dynamic nature, more advanced strategies
are needed to solve these problems because of their complexity and robustness. Insufficient
energy consumption is a critical concern for WSNs due to the power capacity of each sensor.
The use of sequence detecting activities to increase the lifespan of WSNs is an effective way
to do so (Gu et al. 2020).

The deployment of GAs helps resolve key issues which include maintaining the confidentiality
of information and protecting it from unauthorized users, as well as regulating the number of
nodes in the WSN. To improve sensor network performance, it is vital to manage node mobility
in movable sensor networks. The GA based approaches in WSNs can be used to extend the
lifetime of sensor nodes and quality of service in order to reduce the energy consumption rate.
GAs further proffer advantages that help in deciding what sensor are to be managed in
transmission within the specified range due to their ease of implementation (Hamidouche,
Aliouat and Gueroui 2018).

Ashween, Ramakrishnan and Joe (2020) stated that WSNs are used for monitoring
environmental conditions, that collect data in an analytical form then convert it into digital
information to assist the GA converters and it routes to SNs either directly or indirectly.
Scheduling protocols help nodes to listen to various channels. Idle listening time division
multiple access (TDMA) protocols are deployed to reduce energy consumption when carrying

out the application of GA algorithm deployment (Kaur and Kumar 2018).

Routing protocol improvement such as speed protocol and ear protocols on ACO was proposed
in WSN to balance the power node consumption. Consequently, with the recent advancement
in speed and memory, WSNs have been an emerging technology, assisting humans to perform
various tasks such as environment and habitat monitoring, using various health care
applications, carrying out wild ecological studies, and ensuring traffic control (Arya and
Sharma 2018; Hassan et al. 2019). The limitation of GA is a scatter mutation. Table 2-3 sheds
light on the full characteristics of GA solutions. Optimal utilized coverage and sensor
localization are also explored (Arya and Sharma 2018; Elhoseny and Hassanien 2019).
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Table 2-3: The Summary of the Genetic Algorithm Solution in WSNs

GA WSN Problem Focus

Author

GA Solutions

Distance mapping for localization
Improvement in DV-Hop localization

accuracy with the use of GA.

Ayadi et al. (2016)

Sensor Localization

Minimization of the  sensing
redundancy with cross mutation.
Investigation of optimal coverage.
Investigation of the sensor node
deployment for larger scale.
Incorporation of fitness functionality
with WSN’ parameters.

Gupta, Rao and Venkatesh (2016);
Chamanian et al. (2019)

Optimal Coverage

Minimization of the  various
communication distances within the
sensor networks through the route of
clustering.

Investigation of the gradual energy
depreciation.

Acquisition of the location dimension
with the use of GA.

Reduction of power consumption and
improvement of the parameters for
fitness functionality.

Lifetime improvement and QoS in
WSN.

Hamidouche, Aliouat and Gueroui (2018);
Kaur and Kumar (2018); Hassan et al. (2019)

Energy Efficiency

Clustering and Routing

Balancing energy efficient data
gathering for bandwidth estimation in
WSN.

Making use of simple GA.
Maximization of network lifetime by
data  aggregation in  network
processing techniques

Transfer of packets from one random

sensor to the base station.

Arya and Sharma (2018); Gao et al. (2019)

Data Aggregation
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2.4.9 Kestrel-based Search Algorithm (KSA)

The kestrel-based search (KSA) approach is a nature-inspired clustering algorithm that
combines the qualities of a bird with the features of a distributed system form. The distributed
system form model is a mathematical model for utilizing energy to the optimal level into
different stages of clustering. The KSA deploys the half-life of radioactive elements at a
random generation which uses heterogeneous energy requirements for optimizing usage
(Agbehadji et al. 2018; Agbehadji et al. 2019).

2.4.9 Artificial Bee Colony (ABC)

The artificial bee colony (ABC) is a nature-inspired approach mainly used for fitness value
calculations in WSN routing and energy optimisation problems (Hasnat et al. 2015). The ABC
algorithm is tagged as part of bio-inspired classification due to its technique of searching in the
space. Different information communication distributions of bee swarms are utilized to get the
desired outcomes (Basturk 2016; Bui et al. 2020). ABC algorithm use bees' tactics for selecting
the shortest path for packets to reach their destination within WSNs. They are also deployed
for energy cost savings to evenly distribute energy scheduling in WSNs (Bui et al. 2020).

2.5 Non-Nature Bio-Inspired Algorithms

A non-nature bio-inspired algorithm is mainly used for different multi-hop modelling
simulations for sending and acknowledging sensor node packets from the neighbouring
sensors. Some examples of non-nature-inspired algorithms are Gaussian elimination algorithm
and K-means algorithms. Non-nature bio-inspired algorithm is used for distance and energy
related calculations within the WSN. One of the limitations of non-bio-inspired algorithms is
that they repeat solutions via the same route in the WSN (Rodriguez-Zurrunero et al. 2018;
Dattatraya and Rao 2019).

2.5.1 Gaussian Elimination Algorithm

The Gaussian elimination algorithm is the linear form deployed for multiple matrices in the
row of echelon equation for eliminating variables, until one variable is left identified. The
Gaussian elimination algorithms help to substitute another member of the echelon matrix
equations. The Gaussian elimination algorithm is used to remove computation, to get the
desired outcome (Zhang et al. 2017; Hassan et al. 2019).
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2.5.2 K-Means Algorithm (KMA)

The KMA is a non-bio-inspired clustering algorithm that is used for placing or gathering nodes
in the formation of clusters in WSN. KMAs are deployed to self-organize sensor nodes into
different sets as a cluster to select their alternative nodes to form the CH. However, the KMA
algorithm is the unsupervised class approach with the use of Euclidean distance for sensing

and calculating residual power (Ray and De 2016; Hassan et al. 2019).

2.5.3 LEACH Algorithm

The LEACH algorithm was designed by Manikandan and Chinnadurai (2021) used for a greater
measure of system performances. However, a reduction in information quality transmission is
a significant setback (Joshi et al. 2016). LEACH helps to increase machine network
performances to maximize data quality, minimize acknowledgment delay and to aid traffic
monitoring processes (filtering, decompression, decryption, prediction, and filtering processes)
in WSNs. The routing protocols are heuristics in nature that help to reduce power usage (Fawzy

et al. 2016). The process is shown below in Figure 2-8.
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Figure 2-8: LEACH Operational Function
Source: Extracted from Devika, Ramesh and Karegowda (2021)

Routing protocols are used for updating data routing, localisation, cluster selection, data
aggregation, and the hierarchy of protocols in transmitting (Rajput, Sharma and Khatri 2017).
LEACH protocols enhance initialization broadcasting in energy efficiency maximization
calculation. Routing protocols follow a single-path route that does not allow traffic load and
constraints that are attached to the network. Single routing protocols, flat routing, data-centric,
address-centric, hierarchical routing protocol, and multiple sink protocols are the various
channels used in WSNs (Jayanthi and Valluvan 2018).
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The Fuzzy-based Energy Efficient Clustering Approach (FEECA) was deployed alongside
LEACH to select the CH according to its probability with the different parameters to reduce
power enhancement longevity and to maximize its utilization with better throughput in WSNs
(Singh and Soni 2017; Dwivedi and Sharma 2020; Oktaviani 2021). In LEACH protocols, data
transfer is carried out within the time division multiple access (TDMA) schedule, and the CH
executes the data gathering via the local machine computing systems to determine the energy

utilization.

2.5.4 Routing Algorithm

Routing algorithms are discussed widely and are divided into two classes which are flat and
hierarchical. These are used to solve energy routing issues associated with the WSN. For flat
communication to take place all the sensor nodes communicate directly with the BS within a
short time framework to replicate the packet of information delivered. Meanwhile, hierarchical
routing procedures involve monitoring the various fields in different segments termed clusters
which enable all the sensor nodes to communicate through the CH. These are amongst the
sensor nodes in the clusters and every other node is called a cluster associate member. The
communication of operations is passed across to the BS to extend the network lifetime (Devika
and Karegowda 2015; Naeimi et al. 2017; Devika, Ramesh and Karegowda 2021). The

operation is shown in Figure 2-9.

Figure 2-9:Flat and Hierarchical Routing Communication
Source: Extracted from Devika and Karegowda (2015)
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2.5.5 Enhance-LEACH (E-LEACH) Algorithm

The E-LEACH algorithm is an approach used for improving the LEACH methods in terms of
performance and the segmentation selection for assessing the residual usage of energy
usurpation by the sensor node that is greater than 50% during the assessment of residual usage.
These sensor nodes identify the direction of threshold value that is channelled by the LEACH.
Once the residual energy level decreases below 50% another quota of value that is consumed
values is likely to be picked as one of the CH in the formation processes. E-LEACH election
of clustering is always based on its residual energy average usage operation, which is a relay
in the data sent to the base destination. Cluster heads then proceed to elect and carry out a poll
within their group and broadcast data to the BS, as shown in Figure 2-10 (Prabowo,
Abdurohman and Erfianto 2015; Rai, Deswal and Singh 2016).

Base
Statien

Figure 2-10: E-LEACH Topography
Source: Extracted from Prabowo, Aburohman and Erifianto (2015)

2.5.6 Power-Efficient Gathering in Sensor Information System (PEGASIS)
Algorithm

The WSN are tools that are used for aggregating data from various hubs of sensor nodes in a
natural world and it expedites the power efficiency leading to power-efficient gathering in
sensor information system (PEGASIS). The PEGASIS is an alternative algorithm used for
energy dissolution with various metrics such as a packet of delivery ration, throughput with
different functionality of sensor node temperatures and their BS environment. PEGASIS is
more efficient in performance when compared to the LEACH algorithm. The PEGASIS is used
for analysing the sensor energy usage, lifetime availability, and the total cost of the overheads.
Some researchers refer to PEGASIS as the routing protocol that extends networks compared to
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LEACH (Al-Sodairi and Ouni 2018; Koteswara and Nanda 2018; Pawar and Khandelwal
2021).

2.5.7 Gradient Distance Algorithm (GDA)

The GDA is used for measuring accuracy, decent spotting of sensors positions that are in
iterative nature and coordination of both known and unknown sensor nodes for localization in
WSNs. The GDA inter-distance nodes are used to receive signal strength and time of arrival
measurement. Multi-alteration employs gradient algorithm for its density of the various
anchors. If the anchor nodes are not sufficient during the operation, the use of proximity matrix
distance help to transform the distance estimate for every unknown proximity matrix distance.
The gradient approach does optimize the most efficient position of nodes to determine their
distance measurement and target functionality. The combination of approaches for iteration are
refined for improvement for node coordination positions. The more the anchors, the more the
adaptative convergence in the process of gradient distance computation with regards to nodes
in WSNs (Wei et al. 2017; Zhang et al. 2018b; Mukherjee et al. 2020).

2.6 Power Management in Wireless Sensor Networks

The sensor nodes of WSNs are self-powered sources, and the amount of power source stored
in the battery determines the sensor node’s lifetime. As a result, the most difficult task in sensor
data collecting is making good use of the available power. To lower the power consumption
rate, researchers suggested a method of selecting CHs for a collection of sensor nodes (Alarifi
and Tolba 2019). Random cluster head selection is used in the heuristic ensemble methods,
with the shortest distance between sensor nodes being reported. The CH is then assigned to the
node with the shortest distance, which will help to reduce the energy necessary to hop data.
The programming will include an optimization approach for minimal buffering and a controlled
mobile sink (Goyal 2016; Estrada-Lopez et al. 2018).

2.6.1 Mobile Sink Scheduling (MSS)

According to Zhou, Wang and Xiang (2017), mobile sink scheduling (MSS) is a proposed
potential solution to the problems of power efficiency in WSNs. The sensor depleting power
operates from the SN using a single hop communication. This creates latency problems and
inaccurate energy consumption within the WSN. The MSS is simulated using linear
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programming methods and the greedy maximum residual energy (GMRE) algorithm (Zhou,
Wang and Xiang 2017).

A WSN's major problem is energy consumption but how to effectively minimize the energy
utilization and to conserve power capacity and battery life remains a challenge (Wang et al.
2018; Wang et al. 2020). Therefore, considering the problems associated with the tremendous
complexity of networks, such as their dynamic nature, resource limits, heterogeneity, load
shedding balancing, routing congestion control, unattended operation, and robustness more
advanced solutions to tackle these challenges are required (Gao et al. 2019). Since each sensor
has a limited battery supply, power consumption is one of the most significant issues for WSN
efficiency. Sensor activity scheduling is an excellent approach to extend the life of WSNs. Due
to the importance of maintaining the integrity and confidentiality of information, as well as
protecting against unauthorized users, regulating the number of nodes is crucial (Iwendi, Zhang
and Du 2018).

Managing the MSS of nodes in WSNs is important to increase the WSN’s performance in
setups having multiple applications with different network requirements running concurrently
over the same underlying networks (Gao et al. 2019; Solangi et al. 2019). Al-Janabi and Al-
Raweshidy (2017) stated that WSNSs are used for monitoring environmental conditions, where
data collected in an analytical form is converted into digital information. The MSS protocols
also help nodes to listen to various channels with idle listening. TDMA protocols are deployed
for energy consumption optimization (Kumar, Edalatpanah and Mohapatra 2020; Kumar,
Kumar and Batra 2020). Sensors closer to the SN are burdened with a large quantity of data
and high the energy consumption of nodes (Pal, Yadav and Karnwal 2020). The approach is to

use an effective mobile sink to achieve a better outcome.

2.6.2 Improved Routing Protocols

In WSN, a better routing protocol based on ACO that considers node communication
transmission distance, residual energy, and other factors has been developed and recommended
for further research (Sun, Dong and Chen 2017). Similarly, node localization in WSNs using
the butterfly optimization algorithm approach was compared to other existing particle swarm
algorithms and firefly algorithms with the recommendation that further hybridized methods be

used to minimize the location estimation error (Arora and Singh 2017). Yick, Mukherjee and
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Ghosal (2018) worked on WSNs for monitoring the environment and its vicinity by sensing its
physical elements and used ad-hoc deployment, topology, dynamic spatial distribution, and
reduction in the bandwidth of WSNs. The FPA has contributed to improving node localization
but gaps still exist in the research (Pan et al. 2017; Yick, Mukherjee and Ghosal 2018).

2.7 Cluster Head Selection

The cluster head election problem (CHEP) is amongst the most frequently identified lifespan
difficulties in WSNs because if a specialize group of sensor nodes are picked as the CHs too
frequently these sensor nodes will quickly deplete their battery power storage (Heinzelman,
Chandrakasan and Balakrishnan 2010). To solve this problem, a simple and easy-to-implement
clustering technique known as LEACH was deployed, which has since become a well-known
clustering approach. LEACH does not always choose the same sensor as a CH, and any sensor
can be picked as a CH. According to LEACH’s CH election regulation, every sensor should
have an equal chance of being elected as CHs through a fair procedure. As a result, even though
a sensor has been designated as a CH, it will not run out of energy quickly while utilizing the
LEACH approach (Abdurohman, Supriadi and Fahmi 2020).

Hoang et al. (2010) noted that LEACH may not be able to find the optimum answer for the
CHEP. If one CH is far from the others, for example, other sensors will deplete this CH’s
energy. To investigate this difficulty, we must consider carefully the selection of a sensor as a
CH. Multiple finding of meta-heuristic algorithms demonstrated that by utilizing a clever guess
and check technique might find better outcomes than standard rule-based and deterministic
algorithms in addressing complex optimization problems. This type of method has been

employed in a number of engineering research projects (Hoang et al. 2010).

However, many meta-heuristic algorithms have both advantages and disadvantages. As a
result, there is no single meta-heuristic algorithm that can consistently outperform all others
according to the hierarchical heritable vicinity. When a sensor node’s contextual information
is insufficient to make an adaptation assessment, the CH assists in determining the environment
based on information received from nodes in its cluster. If the CH’s existing information is not
suitable for habitable reasoning, the SN is in charge of ensuring that the CH informs the

temperature sensor nodes to reduce the sampling rate (Nam and Kim 2021).
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2.8 Data Aggregation

Data collection is a medium of acquiring data over a long period and transmitting the generated
series of data from emerging applications from the networks. Data aggregation helps to make
meaningful use of energy resources (Mejia et al. 2020). When data aggregation was applied to
the original message size media data, it was apparent that energy efficiency is related to the
various source of nodes in correlated sensors media data. Two elements considered for data
gathering are the shortest path tree (SPT) and the centre at nearest source (CNS). The number
of source nodes used range from 20 moderate sources to 40 large sources. Hence, the simulated
solution for the optimal aggregation problem was implemented and the results showed energy

is conserved, saved by up to 45% as a result of fewer sensor nodes (Shahina and Vaidehi 2018).

Seminal contributions have been made that ACO algorithms be applied to NP-hard problems
to effectively manage the routing algorithm (Osamy, Salim and Khedr 2020). The
mathematical scenario for dependence was calculated with an output of logarithm functions of
GA fitness growth and it was recommended to redefine the problem for sensors anywhere in
the field instead of being in a static position (Ullah and Youn 2020). Local synergy helps the
sensor nodes to identify the filter and process sensors to read before transporting them to the
BS. In conclusion, this procedure can help to mitigate the counts of packets sent to the BS
(Ghate and Vijayakumar 2018).

Data gathering is further classified into four categories for example, chain based, grid based,

cluster based, and tree based as shown below in Figure 2-11:
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Figure 2-11:A aggregation classes: (a) Tree-based, (b) Cluster-based (c) Grid-based (d) Chain based
Source: Extracted from Singh, Sharma and Singh (2021)

The tree-based class uses the tree structure for sourcing the node as a director and the packet
of information gathered is called the node aggregator. The cluster-based approach uses the
clustering method architecture to segregate the clusters into smaller chunks with the help of
CH. The grid-based approach sub-divides the occurrences in the energy consumption to deploy
the aggregation into several central nodes, also known as grid nodes. The chain-based
technique makes use of the node transfer to its environment to lead the data gathering in a

circular form (Singh, Sharma and Singh 2021).

One of the sources of energy expenditure occurs in the transfer of data within the transmission
process of the network. Data is delivered over capacity-limited fronthaul links from a baseband
unit in the core network to numerous remote radio heads, via a set of edge routers (Norouzi,
Babamir and Orman 2018). The data compression-based approach is employed to minimise
the challenges in a wireless cellular network (Langner et al. 2020). Data compression is
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important with the emergence of social network platforms, blogs, wearable devices and high

usage of the internet.

The BS is the aggregation centre that collects network data and information from its
environment that are from different sources within the network, processes them and sends them
to the desired destination after analysis. They have a significant impact on energy dissipation
lifetime in WSN. A BS is responsible for calculating the parameters that are associated with
the sensor nodes, communication, and processes of information received (Tamandani, Bokhari
and Kord 2017). The BS is often referred to as the anchor node, which is used for satellite
positioning (Wang and Tu 2020). In a few cases, all the routing clusters are monitored via CH
and the CH in turn sends feedback to the BS for network expansion (Devika, Ramesh and

Karegowda 2021). The simple operational process is shown in Figure 2-12.

(D)
()
é The base station Cluster head node E Sensor node

Figure 2-12: Base Station Network Model
Source: Extracted from Dou, Chen and Long (2021)

2.9 Performance Metrics

Performance measures are used for revealing the hyper-heuristic optimization project
evaluation such as optimization of energy efficiency, node localization, estimation error of
sensors that are in the entire network space. The performance metrics are sometimes referred
to as requirements in the applications that are used to gauge measures, independently and
compared against each other (Jayanthi and Valluvan 2018). First node dead (FND) is usually
referred to as the stability period while the tenth node dead (TND), probability of error (PoE)
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are commonly called the instability period (Reddy and Rajan 2017; Guntupalli, Martinez-
Bauset and Li 2018; Pallapothu and Mehta 2018; Kaur, Aggrawal and Lal 2020).

Dead nodes are generated as sensor nodes, and they are not explored for any further analysis.
The offspring of a dead node can always be expanded. There are some limitations in the dead
node which are the high cost needed for implementation (Saini, Kansal and Randhawa 2019;
Aroba, Naicker and Adeliyi 2021b). The dead node significantly utilizes more power because
the energy source of sensors is mainly from the batteries that are attached to them. It is difficult
to recharge the batteries due to the significant number of dead sensor nodes which affects the
network lifespan in WSNs (Aroba, Naicker and Adeliyi 2021a).

Network Lifetime are an evaluation of operations or tasks carried out by distance for all the
sensor nodes and the CH, with the various calculations of their time spent during the operation.
It is one of the metrics that are used for measuring performance in nodes, to know the time
taken for an execution to be completed. One of the existing approaches for extending the
network lifetime of WSN focuses mainly on the devices, data performance, network topology
control that perform a vital duty in the optimization of energy management (Mohajerani and
Gharavian 2016; Wu et al. 2016; Naranjo et al. 2017; Jiang and Zheng 2018).

2.10 Heuristic Approaches

In the growing wireless sensor networks applications heuristic techniques are a significant
component. The growth of heuristic techniques in WSNs over the last decade has resulted in
different solutions for challenges around sensors (Arora and Singh 2017). Wireless sensor
networks are a self-paced network procedure that is made up of many micro nodes that have
low-cost data processing and wireless communication component. Node localization is widely
used in WSN to determine the current location of nodes with minimal energy usage (Sun, Dong
and Chen 2017).

Heuristic approaches are used in the solution of a variety of network problems. Many heuristic
algorithms are explored to solve the localization problems in WSN, which drastically reduce
the localization issues for example the FPA strategy was deployed to optimize localization
issues in WSNs (Sun, Dong and Chen 2017). The EHO approach is the preferred solution in

the realm of geographical coordinates within the sensor nodes in WSN (Strumberger et al.
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2018a). Other examples of heuristic algorithms are firefly algorithm, particle swarm algorithm,
help in hurled leaping algorithm, cuckoo search algorithm and bat algorithm. These algorithms
help to improve the network performance (Kaur and Mahajan 2018). Heuristic algorithms
belong to the family of optimization problem solvers, which will help in iterative processes
that provide a feasible solution in identifying the nearest optimal solutions to the various

problems in WSN nodes.

2.10.1 Meta-Heuristic Approach

Meta-heuristic approaches are high-level methods that create an optimization solution using a
variant of a single state-of-the-art algorithm which researchers have used to solve problems of
sensor nodes (Sorensen, Sevaux and Glover 2017; Samorani et al. 2019). Most researchers
have centred on meta-heuristic methods to overcome clustering of sensor nodes problems and
energy depletion of sensor nodes that cause packet delays, and delays in information
communication from the origination to the end point (Shah-Hosseini 2011; Rao, Jana and
Banka 2016; Yuan et al. 2017; Kaur and Kumar 2018; Bozorgi and Bidgoli 2019; Mhatre,
Kumar and Jha 2019).

An example of meta-heuristic approaches used by researchers was the unique artificial swarm
intelligence approach in the investigation of localization challenges in WSNs (Strumberger et
al. 2018b). The krill herd method was used to optimize localization for a wider number of
issues in order to beat established approaches and create predictive abilities (Biswas et al.
2017). The cuttle optimization algorithm are also meta-heuristic bio-inspired optimization
algorithm. The following meta-heuristic methods have been presented in solutions for routing,
energy consumption, node localization inefficiency and clustering, namely, algorithms for
colliding bodies, harris hawk optimization, mass and energy balance, emperor penguin
optimization and momentum balance algorithms and finally, memetic algorithm (Chawra and
Gupta 2020S; harma and Gupta 2020).

The fundamental reason that meta-heuristic approaches are limited in their growth is their high

energy consumption and, as a result, short network lifetime. Improvements are still required in

terms of power usage, clustering of packets, and energy lifetime in meta-heuristic approaches.
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2.10.2 Hybrid-Heuristic Approach

Hybrid-heuristic is the combination of two meta-heuristic algorithms with one search approach
to get the desired outcome (Tharwat and Hassanien 2019). Hybridizing classic algorithms, such
as a combination of any two of the following, has been used to strengthen the heuristic method

namely, meta-heuristic and sim-heuristic (de Ledn et al. 2017; Garcia et al. 2018).

In recent papers, hybrid-heuristic approaches have been employed to look at job scheduling to
reduce jet lag and speedup the sensor power usage during information dispatch in the WSN.
Hybrid algorithm comprises the PSO and ACO algorithms to offer the best possible solutions
to WSN problems (Yin, Luo and Luo. 2018). Furthermore, for both the best and average sensor
nodes, a hybrid-heuristic approach to the multi-dimensional DB-scan were developed, with
potential for further expansion and improvements (Garcia et al. 2020). The unified heuristic
bat algorithm and panacea no collision detection algorithm (PNCDA) were introduced to

provide synchronous and asynchronous performance (Cai et al. 2019).

2.10.3 Hyper-Heuristic Approach

A hyper-heuristic is a combination of two or more heuristic approaches into a single
implementation. A hyper-heuristic approach is a way for selecting and constructing
heuristics using a combinatorial optimization resolution (Burke and Qu 2019). Researchers
have made use of different algorithms to provide some solutions in node localization. Wang
et al. (2019) formulated mobile sink algorithm to optimize the sum of stay time of the node
at every candidate's site with the use of a linear programming method. The hyper-heuristic
model focuses on encompassing a variety of methodologies with the common purpose of
piloting heuristic model adaptation and designs to tackle tough mathematical search
deficiencies (Aroba, Naicker and Adeliyi 2021c).

The level of normality for formulas on comparative analysis is being raised. In addition, only
a few works demonstrate the scheduling, flat classification routing protocol with the use of
a hyper-heuristic approach with different algorithms such as block-additive constrained
optimization problem (BCOP) algorithm and monte carlo damage simulation (MCDS) for
the efficient minimum connected dominating set (Rai, Deswal and Singh 2016). Research
approaches for TDMA two centralise heuristic algorithms for WSNs and possible classical

multi-hop scheduling were discovered for improvement of nodes that do not have any packet
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(Tsai, Liu and Wang 2018). Considerably, a novel hybrid algorithm single annealing
machine was used for the optimal solutions of 1 000 iteration cases in wireless nodes
(Zlobinsky and Cheng 2018).

2.10.4 PRISMA

The Preferred Reporting Item for System Meta-Analysis (PRISMA) technique was used in this
study (Page et al. 2020). During the systematics review, the PRISMA provided a checklist of
items that should be addressed. The systematic review involved looking for relevant
publications in Web of Science and Google Scholar databases. We were able to streamline
more than 306 citations, articles, and patents on meta-heuristic, hyper-heuristics, and hybrid
heuristics in WSN with the use of PRISMA. The meta-analysis report analysed and identified
publications from databases published between 2010 and 2020. The relevant studies in the
findings were manually analysed with electronic source search as part of the evidence method.
According to Aroba et al. (2020), the notable factors that are identified after conducting the
meta-analysis from the google scholar and web of science using the PRISMA techniques were
presented and the hyper-heuristic approach was the best model when compared to hybrid-
heuristic and meta-heuristic approaches. It is with clear evidence that the hyper-heuristic
outcome is the best model and gap for energy efficiency optimization and for the node
localization approach in WSN (Aroba et al. 2020).

2.11 Chapter Summary

This chapter situated the research in the context of WSNs with publications primarily focused
on contemporary WSN issues. WSNSs is one of the vital points discussed within the IoT space
for over a decade and the issues associated with it are wide ranging including, energy
efficiency, fluid communication between the base station and sensor nodes, nodes localization
and load balancing. The literature review exposed the problems in WSN research and

confirmed the need for critical research in node localization and energy efficiency.

The literature research found this problem to be consistent, and the three basic ways to
addressing it were considered. This research looked at various heuristic approaches based on
the three main heuristic methods, namely, meta-heuristic, hyper-heuristic, and hybrid-heuristic

that are used to improve localization and energy optimization in WSNs. The meta-analysis
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outcome demonstrated that research investigations using hyper-heuristic techniques produced
the best evidence for enhancing node localization and energy efficiency, resulting in increased
WSN success. We can now say from our review of the relevant literature on optimization of
localization in the WSN that the hyper-heuristic approach is the best algorithm when compared
to classic approaches. The result does not imply that the meta-heuristic, hybrid heuristic
approaches are inefficient but when compared to the hyper-heuristic result performance, the
hyper-heuristic outperforms both hybrid heuristic and meta-heuristic methods in reforming
node localization and energy optimization elaboration challenges within the WSN. The next

chapter will give details on the research methodology.
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CHAPTER THREE: THEORETICAL FRAMEWORK AND
CONCEPTUAL MODELS

3.1 Introduction

The concept of theoretical models is important to underpin the research providing a basis to
evaluate complex systems (Wieringa 2014). Some researchers suggest that a theoretical
framework helps to generalize systems and provides ideas on how to explain the phenomenon
under study (Jozkowski 2017; Zeigler, Muzy and Kofman 2018). The theoretical framework
underpinning this research worked along with a well-explained analysis for the hyper-heuristic

optimization procedures.

A conceptual framework on the other hand is the total logical orientation of one’s own line of
thought taken about specific decisions by comparing the variables identified in the study.
Conceptual models use of an outline of inputs and procedures in the project investigation. The
conceptual framework is termed as research paradigm which supports a theory in a research
project (Jozkowski 2017; Zeigler, Muzy and Kofman 2018; Alarifi and Tolba 2019). The
conceptual model helps to validate the theories from the researcher's observations with facts to
achieve a meaningful situation (Uhl-Bien and Arena 2018; Nord, Koohang and Paliszkiewicz
2019).

Figure 3.2 provides a framework of the process involved in designing a conceptual model.
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Figure 3-1: Conceptual Model
Source: Extracted from Robinson (2008)
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Figure 3-1 provides the overview of designing a conceptual framework as extracted from
Robinson (2008). In designing a conceptual framework, it is important to understand the
research problem. A thorough introspection into the problem situation would help to determine
the modelling and project objectives. General project objectives can be refined by revisiting
the problem situation. Using the project objectives, the model inputs (experimental factors) and
outputs (responses) are identified. Finally, determine the model content (scope and level of
detail). Ensure that all assumptions are identified. It is important to examine the conceptual
model to see if it can be simplified (Robinson 2008).

Conceptual modeling is the starting point for simulation (Robinson 2008). The conceptual
model will enable subject matter experts to develop a clearer understanding of the problem.
The following characteristics are important in the simulation, namely, flexibility, run-speed,
visual display, ease of use and component reuse (Robinson 2008).

3.2 Design Research (DR)

Information systems (IS) research has a relevant methodology such as design research (DR)
that brings about the theoretical contribution and applicability checks to provide solutions for
the identified research objectives (Plomp and Nienke 2013). The DR processes do re-echo the
general processes that are not limited to the identification of the research problem, simulation,

analysis and evaluation until the desired result is produced (Plomp and Nienke 2013).

This sub-section provides in-depth knowledge about the methodology and overview of the
design research that was further expatiated into six phases. Design research is a type of
interdisciplinary research where more than two scientific specialties are grouped into two, parts

namely, conceptual model and theoretical design (Tobi and Kampen 2018).

Design Research (DR) is used to solidify the thoroughness with regards to learning and its
associated entities that took place in the process of the design, redesign, and evaluation. The
authenticity of real-life theories and improved practical scenarios are tailored to test and refine
theoretical assumptions and their advancement. The DR approach includes researchers with
different expertise that interact on reporting techniques (McKenney and Reeves 2021). DR is

of importance for the creation of successful models which will help to incorporate principles,
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practices, procedures to carry out the research objectives as shown in Figure 3-2 (Wieringa
2014).

3.3 Design Research (DR) Model

The DR model is an outcome-based information technology research methodology that helps
to offer specific guidelines for iteration and evaluation within research projects (Wieringa
2014). Design research is used for the development and performance of artefacts (algorithms,
human-computer interfaces, design methodologies and process models). Design research is a
result-based research methodology that offers specific guidelines for evaluation, concepts,
inputs, specifications, and iteration (Burnap et al. 2015). Design research enables support,
processes, in ideation that are deployed into one or more algorithms for hyper-heuristics and
enhance the capability to create the design. The description, methods, simulation and outcomes,
are scientific (Downton 2003). The DR methodology is used for providing nominal framework
processes, building up pieces of literature about design and information systems, and providing

researchers with a mental model for the research output (Geerts 2011).

Design research comprises six phases that are displayed as a diagrammatical representation in
Figure 3-1. The phases are Identify the problem, Describe the objectives, Design and develop
the artefact, Test the artefact, Evaluate testing results and Communicate the testing results
(Ellis and Levy 2010).

Identify escnbe Design & Test the
the problem develop the \\ artifact
objectlves artifact
(b) (c)

Figure 3-2: The Design Research Model
Source: Extracted from Ellis and Levy (2010)

3.3.1.1 Phase 1: Identify the Problem

The first phase of the design research model addresses the problem that is compiled at the
preliminary stage of the research work. For purposes of research, the identification of the
problems helps to guide the development of the potential solution to ensuring energy efficiency
and node localization in WSNs (Hevner et al. 2004; Kuechler and Vaishnavi 2006; Sein et al.
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2011). The identified research problem comprises the problem statement, problem definition,
and its importance. This phase one is used to pre-empt the research aim and objectives. This is

described in Chapter One.

Node localization has been a prominent challenge in WSNSs. This challenge gets heightened
due to high bandwidth usage, high energy consumption rate, poor sensor estimations, and poor
quality of service solution (Yang and Wu 2015; Sun, Yu and Wang 2019). This challenge
necessitates a novel approach to combat the energy efficiency and node localization problems.
At this phase, statements and review of relevant findings guides in detecting the gap and

conceptualizing the research opportunities according to the laid-out theories and technologies.

3.3.1.2 Phase 2: Describe the Objectives

This section is phase two of the design research model. It presents insight into the aim and
objectives as stated in Chapter One that are developed from the problem statement. This phase
enabled a deeper understanding of the problem in the context of the potential solutions and the
various techniques (Eekels and Roozenburg 1991). In this phase, we substantiated the design,
understanding, and sought possible ways to solve node localization problems in WSNs by
adopting a hyper-heuristic algorithm approach to improve the node localization accuracy using
of the DEEC-GAUSS Distance Elimination Algorithm (DGGDEA). This method improves
the distance error calculations.

3.3.1.3 Phase 3: Design and Development of the Artefact

This phase presents insight into the design and development solutions that will be created, in
relation to the models (Hevner et al. 2004). The theory and the simulations will guide the
achievement of solutions that are being identified and contributed to this research work. This
phase four provides the design and development of the proposed approach using MATLAB
R2020a software. The design details include hyper-heuristics that was proved as the best option
during the literature review. Hyper-heuristic algorithms have an advantage with the
combination of two or more meta-heuristic algorithms to solve the problems of node
localization and energy efficiency (Aroba, Naicker and Adeliyi 2021a; Aroba, Naicker and
Adeliyi 2021b; Corchado and Juan 2021; Reddy, Puttamadappa and Suresh 2021). The
combination of three algorithms, namely, DEEC algorithm, GAUSS algorithm and GDA are
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used to maximize node localization and energy optimization of the network as shown in Figure
3-3.

3.3.1.4 Phase 4: Test the Artefact

At the Test the Artefact phase, the potency of the proposed artefacts in solving the research
problem are tested. At this phase we simulated the WSN environment to test the performance
of the proposed models (artefacts) for node localization and energy optimization using the
MATLAB environment (Pfeffers et al. 2006; Sein et al. 2011). The DEEC algorithm, GAUSS
algorithm and GDA were adapted to improve on the existing gaps of the node localization and

energy efficiency optimization.

3.3.1.5 Phase 5: Evaluate Testing Result

At the evaluation phase, performance evaluation metrics were used to evaluate the
effectiveness of the presented artefact against other well-known algorithms (Hao et
al. 2021; Pfeffers et al. 2006). The proposed algorithms introduced at phase 3 was
benchmarked with other state of the art algorithms using performance evaluation metrics such
as FND, tenth node dead (TND), number of packets sent to BS, the execution time during the
process and probability of error (PoE).

3.3.1.6 Phase 6: Communicate the Testing Result

This sixth phase presents a concise analysis of results and the contributions of the proposed
artefacts to the body of knowledge (Ellis and Levy 2010). This study presents an additional
new knowledge in optimizing energy efficiency and minimizing node localization error in
wireless sensor networks. The result of this research study shows that the presented artefacts
outperformed state-of-the-art algorithms when benchmarked with well-known performance
evaluation metrics. These results were reported through the publication of several peer-

reviewed journal articles.

3.4 Justification of Design Research for the Study
The DR was adopted to guide the research and the artefacts were developed using the phases
of DR, namely, Identify the problem, Describe the objectives, Design and develop the artefact,

Test the artefact, Evaluate the testing results and Communicate the testing results. The hyper-
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heuristic approach was selected as the best method using phases 1-3 of DR. The DR is the most
suitable methodological approach to achieve the aim and objectives of the research. Moreover,
DR is inter-disciplinary involving several fields such as Engineering, Sociology, Economics,
and Information Technology. DR explores, justifies, utilizes, validates, and describes
knowledge with the proposed model (Teegavarapu, Summers and Mocko 2008; Hancock and
Algozzine 2017; Micheli et al. 2019).

3.5 Conceptual Model: Hyper-Heuristic Framework

In this research work, the hyper-heuristic framework was adopted to enhance the poor
transmission, node localization, network lifetime, and to reduce energy consumption. A typical
hyper-heuristic framework includes a high-level approach as well as a set of lower-level
heuristics. In this research methodology, the metrics parameters were the unit of nodes,
localization error, processing time, transmission radius, throughput sent by packet and the
energy consumption calculated. The framework for this research study is displayed in Figure
3-3. The framework displayed the hyper-heuristic solution created using three state-of-the-art

algorithms. Figure 3-3 serves as the conceptual model for the study.
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Figure 3-3: Conceptual Model: Hyper-Heuristic Framework
Source: Researcher’s own construction
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3.6 Theory of Modelling and Simulation

Modelling and simulation is used extensively in Computer Science and sub fields of Computer
Science such as Artificial Intelligence as method of solving complex scientific problems.
Models are built inductively by observing the real system. In the theory of Modeling and
Simulation the following constructs are significant, namely:- a system, which is described as
specific aspects of an object in the real world under study; the experimental frame, which is a
limited set of circumstances under which a system is to be observed or subject to
experimentation; experimentation, which is the act of carrying out an experiment and getting
results while simulation is building a model of a real world system to mimic the output of the

system in response to input parameters (Vangheluwe, De Lara, and Mosterman, 2002).

The problem faced while implementing real life complex systems include cost and error prone
implementation. To address this problem, modelling and simulation as somewhat replaced
potentially risky experiments and implementation of complex systems that are exceptionally

or nearly impossible to implement in real life (Vangheluwe, De Lara and Mosterman 2002).

Figure 3-4 presents a simulation and modelling paradigm of a real-world problem that deals
with complicated systems. An abstract model can be constructed using the inductive and
deductive approach to simulate the real-world scenarios in order to attain the project objectives.
Theoretical techniques based on the analysis of the simulation properties will continue to have

a substantial impact on node localization and energy efficiency in WSNs (Coveney et al. 2012).
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Figure 3-4: The Simulation and Modelling Paradigm
Source: Extracted from Vangheluwe, De Lara and Mosterman (2002)

3.7 Justification of the Theory of Modelling and Simulation for this Study

Node localization and energy efficiency are real life challenges encountered in wireless sensor
networks. This study has adopted the theory of modelling and simulation to represent the real-
life problem of this study. A virtual experiment of the energy efficiency and node localization
real life problem was simulated in the MATLAB R2020a environment. Consequently, the
novel models of this research were benchmarked with other state-of-the-art model for us to
solve the energy efficiency optimization and node localization deficiencies. The contributions
of the theory of modelling and simulation were to tackle the basic difficulties in energy

efficiency optimization and node localization error.

Different authors have presented the essential content of the theory of modelling and simulation
as the assertion, prediction, description, and behaviour or characteristics that qualify for logical
coherencies within visual operations (Kivunja 2018). Simulation modelling helps to describe,
compare empirical data, formulas, claims of proven theories that are carried out with an
outcome from the result that is compared with the modern-day approaches (Fetters and Molina-
Azorin 2017). Modelling and simulation are also thought to be a powerful method for carrying
out large-scale complex systems. Hence, the presented models were used in a simulation

environment for smaller networks (up to 100 nodes) and larger networks (1 000 nodes to 1 500

66



nodes) for energy efficiency while 200 to 450 sensor nodes and 20 static anchor nodes were

used for node localization error in WSNs.

3.8 Construction and Simulation Construct

The construction and simulation construct are relatively fast and easy for implementation in
MATLAB software for decision making (Abar et al. 2017; Farmer et al. 2017). The simulated
result was contrasted against the modern techniques, which proposed to improve the estimation
and detection of node localization problems, consumption time, and affect the attentiveness of
the connection lifespan in the WSN. This proposed framework helped to identify the current
location with more accurate node localization, optimize connection lifetime, advance the power
efficiency of the networks, improve the number of iterations and ensure more packets are
delivered, and increase the speed of the network for different organizations. The MATLAB
2020a environment is where the simulation model was carried out and it is used to show the
contrast between the findings and some form of elements that were observed from the literature
and the meta-analysis that are deemed credible (Kivunja 2018; Zeigler, Muzy and Kofman
2018).

3.9 The Emergent Conceptual Model for the DEEC-GAUSS and Gradient Distance
Algorithm (DGGDA)
The conceptual model as displayed below typifies the phases involved in the DR model as

stated earlier.

Phase 4-6 of DR Phase 1-3 of

Simulation and DR

Modelling

Figure 3-5: The Embryo for the Hyper-Heuristic Model
Source: Researcher’s own construction
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Simulation largely takes place in Phases 4-6 of the DR model. The Figure 3-5 shows the hyper-
heuristic model as a combination of DR and the theory of modelling and simulation. Combining
the theoretical framework and conceptual model gives a broader path of the research work by
offering the foundation for their credibility, definition and guideline for the structure that
support methodology and the process of a research study (Ravitch and Riggan 2017; Adom,
Hussein and Agyem 2018; Bammer et al. 2020).

In this chapter, the theoretical framework and a collection of researchers’ ideas from the works
of literature and methodological algorithms that are related to WSN are presented. The outcome
from the PRISMA results proved that the hyper-heuristic approach was the most suitable
method for solving challenges of node localization and energy optimization within WSNs. The
combination of the three different comparative algorithms, namely, the Distributed Energy
Efficiency Clustering (DEEC) algorithm; Gaussian Elimination (GAUSS) algorithm; and
the Gradient Distance Algorithm (GDA), were simulated with the use of MATLAB 2020a to
accomplish the performance criteria, node localization and enhanced energy efficiency as
required.

In this research study, algorithms in the family of swarm intelligence and non-swarm
intelligence, namely, the DEEC algorithm, the GAUSS algorithm, and GDA was adopted to
consist of high-level hyper-heuristics. Applying them to bring a unified solution to prolong the
network lifetime, calculate the shortest path, reduce energy consumption which helped to
improve node estimation error and determine the lowest cost of communicating between
anchor nodes and the target node. Metrics such as the sum aggregate of packets dispatched to
BS, first node dead (FND), time of arrival to the BS, probability of error of sensor within the
connection are used to show superior performance compared to the results in the literature,

where there are established heuristic methods.

3.10 Justification for Preferred Programming Language for the Simulation

C programming language is an object-oriented programming (OOP) used in the MATLAB
environment because it has re-useable properties (inheritance) while providing modular
functionalities when compared to Python. C programming helps the software development in

the MATLAB environment by being used as a prototype language to support fast development.
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Furthermore, using C, security is enhanced, and cost of development is reduced (Hardin 2017,
Stueben 2018).

The purpose of using MATLAB R2020a was to have a scholarly foundation from which the
approach and combination of the various advantages were deployed. The authenticity of the
graphical programming interface when using the code line editing with the table display during
simulation running, made it relatively easy to detect the error line. The MATLAB environment
used with C does supports the Windows Operating System allowing for easy design, and
development during the implementation process (Abar et al. 2017). MathWorks being the
organization behind MATLAB R2020a is able to carry out analysis of code generations with a
simple real-world scenario presented with the easy graphical user interface (GUI). MATLAB
R2020a comes loaded with different toolboxes for simulation depending on the area of focus
for each study and diversity for implementation. The state flow coder generates efficient
compilation in real-time. The MATLAB R2020a tools are a reliable means to test, evaluate,
automate processes, producing real-time executable files and results. The optimized C language
supports hyper-heuristic systems, real-time node localization, and energy efficiency in an easier
way when compared to modern programming languages on a stand-alone Windows Operating
System. The code style functionality and code addition are examples of the functionalities that
come with a MATLAB R2020a environment (Naghashzadeh et al. 2021).

3.11 Comparative Algorithms
The comparative analysis of the novel DEEC-Gaussian Gradient Distance Elimination
Algorithm (DGGDEA) for this research work is stated in Table 3-1.
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Table 3-1: Advantages of the three State-of-the-art Algorithms

Gaussian Elimination

Distributed Energy Efficiency

Gradient Distance Algorithm

(Gauss) Algorithm Clustering (DEEC) Algorithm (GDA)
GAUSS algorithm will | DEEC  stability in  energy | GDA was used to measure the
help to identify the | consumption in the network is | unknown locations of sensor nodes

minimum cost of the

path in the graph

great when compared to other
categories of energy efficiency
algorithm protocols (Vangin and
Erdem 2018)

(Qiao and Pang 2011)

Gauss algorithm will
help to calculate the
shortest path, the first
node dead, the tenth

node dead.

DEEC is used for optimizing and
balancing energy depletion of the
nodes pattern during the process of
utilization (Krishna, Babu and
Kumar 2016)

GDA was used to optimize the
accuracy estimation of localization
(Qiao and Pang 2011)

GAUSS algorithm is
used for considering
node communication
and number of packets
sent or transmitted and
the  distance  from

source to destination

DEEC is used to determine the
current velocity of the energy
compared to another algorithm in
the energy hierarchies (Reddy and
Rajan 2017)

GDA was used to calculate the

cluster centre of each node

GAUSS algorithm will
help to optimize the
targets for nodes to save

energy

DEEC helps in the aspect of the

probabilistic model when

compared to stable election
protocol (SEP) and its characters
are enormous in an ideal solution

(Reddy and Rajan 2017)

The DEEC algorithm and GDA helped to improve node localization and determined the best
cost from source to destination, initialized particles used for calculating velocity, found the
position of particles, provided the best solution needed. Both algorithms mimic swarm
intelligence, based on the natural behaviour of organisms which was deployed in this research
work. The results were compared with the modern techniques, regarding estimation,

transmission, and detection of node localization problem in WSNs.
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3.11.1 Distributed Energy Efficiency Clustering (DEEC) Algorithm

The DEEC algorithm is an energy management protocols algorithm that is used for solving the
impediments of sensors battery lifespan in WSNs such as memory information management,
information routing, data detection, and the processing of information (Babayo, Anisi and Ali
2017; Engmann et al. 2018; Vangin and Erdem 2018).

The DEEC is a clustering algorithm where the CH aids selection with probability ratio for
residual energy deployed to minimize the overhead utilization in the energy management. The
DEEC is assumed to be a selection of node that guarantees the CH energy circulation is
ascertained before the last node energy depreciates during the WSN operations. DEEC is
sometimes regarded as the steady state when the population size of the sensor nodes is being
minimized to enable it to display the robustness of the nodes in the CH election.

The DEEC algorithm uses flat and reduced standard deviation when compared to LEACH.
DEEC stability in energy consumption in the network is great when compared to other
categories of energy efficiency algorithm protocols used in WSNs (Saini and Sharma 2010;
Aderohunmu, Deng and Purvis 2011; Reddy and Rajan 2017).

The DEEC algorithm is considered to be multi-level heterogeneous because it comprises two
or more kinds of nodes in the area of energy hierarchy (Aslam et al. 2016; Vangin and Erdem
2018). One of the DEEC algorithm's limitations is that it cannot make use of advanced sensor
nodes and supervise the super-nodes which are sometimes called CH. In most cases, the super-
nodes utilize the same energy just like the normal nodes (Gupta, Rao and Venkatesh 2016).
The DEEC algorithm is heterogeneous in nature, comprising of normal nodes and advanced
sensor nodes which have high energy consumption capacity. The only limitation of the DEEC
algorithm is that it has a low performance level when differentiated to developed distributed
energy efficiency clustering (DDEEC), enhanced distributed energy efficiency clustering
(EDEEC) (Qureshi et al. 2012; Singh, Malik and Kumar 2017).

3.11.2 Gaussian Elimination (GAUSS) Algorithm
The Gaussian Elimination is mainly used in solving linear determinant calculations and is used
to explain the history and living mutation of mathematics (Sasaki and Murao 1982; Grcar

2011). Some researchers also use GAUSS elimination for analysing the network performance
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for small distance linear details (Schotsch, Schepker and Vary 2011; Wang et al. 2019.). The
Gaussian elimination algorithm was deployed to reduce the matrices row of fractions rather

than the traditional approach (Gharib et al. 2015) so that AX = B, as presented in Equation 3-1

below:
a1 412 Qg3 A1k71X1 b,
A1 Qzp Gz3 -+ Gzrl|]|x; b,
31 QA3z 0ds3 Az || X3 | =| b3 (Eq.3—-1)
lakl Agz Qg3 - akkJ Xk lka

3.11.3 Gradient Distance Algorithm (GDA)

The Gradient Distance Algorithm (GDA) was incorporated into the hyper-heuristic approach to
optimize the energy consumption of sensor nodes within the wireless sensor
networks (Banerjee et al. 2017). The GDA sensor node hop distance is placed at random within
the anchor node environment which produces the optimal route for node localization and
improves the transmission delay in the hyper-heuristic approach when compared to similar
traditional approaches. The GDA enhances the sensor node accuracy and the cluster centre
node estimation error optimization (Hijazi et al. 2019; Jin, Zhou and Wang 2020). The GDA
processes for calculating hop sizes for the distances between the sensor nodes are computed
using the following equations (Heinzelman, Chandrakasan and Balakrishnan 2010; Oliveira,
Miranda and Miranda 2020):

Yy jzi\/(X]—XI)Z'F(y]_yi)z

Y21 juiHODLj

AvgHopSize; = (Eq. 3-2).

For computing the average size of the hop, where u and | are variable and j is constant (Liu,
Nayak and Stojmenovic 2010):
dy, = AvgHopSize; X hopy, (Eq. 3—3).

The weighted centroid method for the sensor localization as m, is determined to be the

anchor's nodes for the total sum

(Xu,qu) ,mis assumed to be the total number of anchor nodes and

w; = mH(ljp -is assumed to be the weighted factor for thei and the sensors that are
ut

unknown are computed using the following equation (Qiao and Pang 2011):
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X _ Zi=1wixi y _ Zi:lwiyi

u - ' ) u -
iz wi iz wi

(Eq.3—4).
The factor of Wi for the remote sensor for unknown sensor nodes are localized (Vidyasagar,
Atif and Elizabeth 2009)

_ Z{Zl Hopy;

Wi
mHopul-

(Eq.3-5).

3.12 Chapter Summary

The chapter presented the theoretical framework of DR and the methodological processes taken
to bring into reality the goals and objectives of this study. The chapter presented in detail the
six phases of DR, namely, Identify the problem, Describe the objectives, Design and develop
the artefact, Test the artefact, Evaluate testing results and Communicate the testing results. The
justification for this theoretical framework is discussed in this chapter. In the third phase, the
artefacts, namely, the DEEC-Gaussian Gradient Distance Elimination Algorithm (DGGDEA)
and DEEC-GAUSS algorithm for node localisation and energy efficiency respectively were
designed and developed. The algorithms were writen using the MATLAB software in the C
programming language. Justification for use of MATLAB R2020a was discussed in this
chapter. In the Evaluate testing results phase all the results were observed, analysed and
evaluated to enable the optimum conclusions to be drawn. The theory of modelling and
simulation as well as the hyperheuristic framework were presented in this chapter. The
huperheuristic framework represented the conceptual model of the study. The next chapter

presents the research methodology for the study.
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CHAPTER FOUR: RESEARCH METHODOLOGY-A SCIENTIFIC
APPROACH USING HYPER-HEURISTIC MODELS

4.1 Introduction

Scientific approach is a systematic framework that researchers use to find solutions to research

problems. Scientific theories through scientific processes are used to understand the research

problem and present solutions using tools such as algorithms (Dodig-Crnkovic 2002). This

study, considering the aim and objectives was suited to scientific approaches such as Design

Research and the Theory of Modelling and Simulation. The Hyper-Heuristic Framework is the

conceptual model used in this research study. These scientific theoretical frameworks and

conceptual models are discussed in Chapter Three. Figure 4-1 shows the alignment of the

theoretical frameworks, conceptual model, research methods and research objectives of the

study.

Hyper-heuristic Framework

Design Research

— ]

Theory of Modelling and

Simulation

CHAPTER 4
Research Methodology- A Scientific Approach using hyper-heuristic models

[Research Objective 1)

CHAPTER 5

Analysis of Results and Discussion of Novel
DEEC-GAUSS Algorithm for Energy Efficiency

(Research Objective 2 and 4)

CHAPTER 6

Analysis of Result and Discussion of Novel
the DEEC-Gradient Distance Elimination
Algorithm ([DGGDEA) for Node Localization

(Research Objective 3 and 4)

CHAPTER 7

Summary, Conclusions
and Significant
Contributions

(Research Objective 4)

Figure 4-1: Alignment of Theories with Research Objectives
Source: Researcher’s own construction
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This chapter describes the scientific methodological procedures, namely algorithms that were
used in this study. The first section introduces the algorithms used for optimizing energy
efficiency for 100 sensor nodes. Hyper-heuristic methods were proposed to solve the energy
efficiency and node localisation problem. Figure 4-2 presents the novel DEEC-GAUSS

method which is discussed in the second section of this chapter.

GAUSS
Algorithm

DEEC

Algorithm

Figure 4-2: Hyper-heuristic DEEC-GAUSS for Energy Efficiency
Source: Researcher’s own construction

Figure 4-2 shows the combining of the Distributed Energy Efficiency Clustering (DEEC)
algorithm and the Gaussian Elimination (GAUSS) algorithm. The novel DEEC-GAUSS
represents the hyper-heuristic solution for energy efficiency. The third section presents energy
efficiency for larger networks comprising between 1 000 and 1 500 sensor nodes. Simulation
experiments were conducted using the novel DEEC-GAUSS method on larger networks.

Figure 4-3 presents the novel DEEC-Gaussian Gradient Distance Elimination Algorithm

(DGGDEA) method for node localization for WSN which is discussed in the fourth section of
this chapter.
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GDA

GALUSS
Algorithm Algorithm

DEEC

Algorithm

DGGDEA

Mode Localization Error Optimization

Figure 4-3: Hyper-heuristic DGGDEA for Node Localization
Source: Researcher’s own construction

Figure 4.3 shows the combining of the Distributed Energy Efficiency Clustering (DEEC)
algorithm; the Gaussian Elimination (GAUSS) algorithm and Gradient Distance Algorithm
(GDA). The novel DGGDEA represents the hyper-heuristic solution for node localization
having 20 anchor node and 200 to 450 sensor nodes. The fifth section looks at the MATLAB
R2020a environment, and finally the conclusion for the chapter is presented.

4.2 Energy Efficiency of WSN using a Maximum of 100 Sensor Nodes

The centre of sensing circumference is the cluster head (CH). The BS has assigned a certain
number of sensor nodes, which is where all data packets are intended to go. The data arrives at
the CH before the data has aggregated, making it difficult for the CH to determine where they
are going. When network nodes acknowledge or transfer data, this power model assists in
determining the energy delivered. A clustering-based technique called Gaussian Elimination
and the criteria formulae were used in this study work to expand on the DEEC’s cutting-edge
findings. The number of simulation rounds was kept constant at 5,000, and the initial energy
was varied between 0.5J and 0.8J. The network lifetime was calculated throughout the
simulation when it comes to rounds and the first node dead for various sensor nodes of 100.
The details step by step is displayed in Figure 4-4 showing the procedures followed to be able
to get the desired results.
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4.3 The Heterogeneous Optimized DEEC-GAUSS Algorithm for Energy Efficiency

The proposed DEEC-GAUSS model was developed as effective solution for energy efficiency.
The steps for the novel DEEC-GAUSS is stated mathematically below:

Step 1: Configure the required criteria that are necessary.

Step 2: Get the initialization energy requirements for all sensor nodes using the equation
below (Al-Janabi. and Al-Raweshidy 2017):

n n
Erotar = ZEO(1+ai) = E, <n+zai) (Eq.4—-1)
i= i=1

=1

Step 3. Begin iterating the rounds in the following manner:
i. Examine the single dead nodes and record the round in which the initial node died.
j.  Check to see if the 10% of the nodes are dead, then record the rounds if this happens.
k. Check to see if all of the nodes are dead before moving on to the next phase and save
the round.

I.  Check if there is life in a node, denote it with a “N”.

m. Each round, the list the dead sensor nodes, living sensor, clustered heads set to zero is
counted.

n. Continue this process for each node.

0. Compute the pi for composite nodes using the equation below (Heinzelman,
Chandrakasan and Balakrishnan 2002; Heinzelman, Chandrakasan and Balakrishnan
2010):

__ PoptN(1+a)E;(r) _
P S PST) (Eq.-4=2)
g. Compute the power required by the transmitter amplifier (Heinzelman, Chandrakasan
and Balakrishnan 2010)

lEelec + ZEdeZ, d< do}

Eqg. 4 -3
lEgiec + lgmpd4, d >d, (£q )

ETX(lr d) = {

and calculate the power required by the receiver Exx (1)
using Erx (1) = lE¢iec (Eq.4—4)
u. In the next round, calculate the energy for the sensor node (Heinzelman, Chandrakasan

and Balakrishnan 2010)
Erotar = Zi=1 Eo(1+ a;) = Eo((n+ XiZ;ay)) (Eq.-4—5)
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Let ni be the number of rounds for the nodes si, rotating individual CHs for the node and we
name it to be the rotating epoch, super-node, or normal node. The energy dissipated within the
network cutting edge is measured using Ei in the modern DEEC algorithm. The dissipated in
the network energy of node si at round r is represented by Ei in our proposed scheme. When
the heads of the cluster appear using DEEC, the nominated CHs is the central focus on the
GAUSS approach.

The number of CHs chosen is assumed to be g; matrix A denotes the energy usage of single
node chosen as CH and g the number of CHs. Aij to represent the energy consumed by a CH i
has assumed to be a normal node if CH j is its CH. Furthermore, bi denotes the residual energy
of CH i, which is believed to be a node xi expresses the times when CH i will become a CH.
This way, matrices B and X are formed, according to Gharib et al. (2015) so that AX = B, as

shown in Equation (4 - 6) below:

a1 Q412 Qg3 alk'l [x1] [b1]

|a21 Az, QAzz .- Ay ||x2 | b,
Az1 Azz 0ds3 A3 |x‘3 | =|b; (Eq.4—6)
k1 QAkz2 A3z - akkJ lka lka

The code is used to find the optimal number of clusters and the number of rounds in the
network (Gharib et al. 2015).
For (k=1; k<m+1; k++)
1 max:= argmax(i=k...m, abs(A[i,k]));
If (A[i_max,k] = 0)
Error “Matrix is singular!”;

Swap rows (k,i_max);

The code below is used to figure out how many packets were sent to the BS as well as the
state of the tenth node, which is currently dead (Gharib et al. 2015).
For (i=k+1; i<m+1; i++)
For (j=k+1; k<n+1; j++)
Alij1:= ALLj1 - ALk,j1 x (A[LKIALK.K]);
A[i,k]:=0;
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The proposed DEEC-GAUSS Algorithm for energy efficiency in WSNs is given below using

pseudocode using the steps outlined in Section 4.3.

Sequential Algorithm 1: The DEEC-GAUSS Algorithm (Gharib et al. 2015)

Input: The DEEC-GAUSS algorithm Matrix b[1 : m, 1: m+1]

Output: y[1: m]

.forc=1tom-1

.fori=c+ltom

. U = bic/bcc

.forj=ctom+l

. proceed next for j

. proceed next for i

. proceed next for c

1
2
3
4
5. bij = bij — u * bej
6
7
8
9

.ym =bm,m +1/amm

10.
11.
12.
13.
14.
15.
16.
17.

fori=mto 1step-1
proceed sum =0
forj=i+ltom

Then sum = sum + bij * yj
proceed next for j

yi = (bi, m+1-sum)/bii
proceed next for i

end
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Figure 4-4 shows the system model of the novel DEEC-GAUSS Algorithm for energy
efficiency.

i

|

et model parameters

!

Initial energy using
Equation [4-1)

|

Initialise Gauss Climination

Energy using Equation {4-2)
-l
¥
Evaluate and start

iteration processes for
first node dead

I

compute T and calculate
anergy for sensor node using
Eguation [4-3]

Calc. the Pi ensrgy r-.:—quirled using Equation [4-4)

l

Update Gauss position of alive
node using Eguation [4-56]

Tes

output the optimal result on energy and
Calculate sensor node using Eq. [4-5]

Figure 4-4: The DEEC-GAUSS Algorithm System Model
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Figure 4-4 represents an illustration of the steps to be followed using a flow diagram to obtain
the results for the novel DEEC-GAUSS Algorithm. The equations that are used in the flow
diagram is shown in processing boxes of the flow diagram. These equations can be referenced
in Section 4.3.

Table 4-1 shows the simulation parameters for the experiments.

Table 4-1: Simulation Parameters for Energy Efficiency

Parameters Value

Network Field (100,100) m?
Number of sensor nodes 100; 1000 -1500
Eo (Initial energy of normal nodes) 0.5J-0.8J

Optimization algorithm

Transmission Range ®

Unknown node (N) 100

Message Size 4 000 Bits

Eelec 50 nJ/bit

Efs 10 nJ/bit/m?
Eamp 0.0013pJ/bit/m"4
EDA 5Nij/bit/signal

Do (Threshold Distance) 100m

Popt 0.1

The size of the area of interest is set to m-by-m, meter equal to 100 as displayed in Table 4-1
and the process taken is displayed in Figure 4-4. The BS is situated in the centre of the

location’s field.

4.4  Simulation Environment: MATLAB Technicalities

The first simulation was initially carried out with 100 sensor nodes with starting energy
between 0.5J to 0.8J, while the second simulation was carried out for 1 000 to 1 500 sensor
nodes for energy optimisation. The novel DEEC-GAUSS was run multiple times for the best

results to be obtained.
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Furthermore, we added node localization error with 20 anchor nodes and varieties of sensor
nodes between 200 and 450 with the random deployment of the nodes. DEEC-Gaussian
Gradient Distance Elimination Algorithm (DGGDEA) was run multiple times consecutively
for the best results to be obtained. The novel DGGDEA) simulation results was benchmarked
with classical node localization algorithms such as Weighted Centroid Localization (WCL),
DV-Hop, Compensation Coefficient (CC), Weighted Centroid (WC). The simulation was
carried out in the MATLAB 2020a environment to achieve the desired result. The system was
configured with an Intel Core i7, 8650U CPU running at 1.90GHz, and 8.00GB of installed
memory (RAM) (7.85GB usable). Windows 10 is running on a 64bit operating system with an

X64-based processor.

45 DEEC and Gaussian Elimination Method
The DEEC-GAUSS method is a combination of two homogeneous algorithms, namely, DEEC
and Gaussian Elimination Method that form a heterogeneous method for clustering of sensor
nodes that are deployed to locate the energy stability and performance of the node coverage
operations (Aroba, Naicker and Adeliyi 2021b; Aroba, Naicker and Adeliyi 2021a). We
assume a unique DEEC-GAUSS design model that facilitates network connectivity which
includes power optimization clustering with their position from the CH and sensors. In the
DEEC-GAUSS technique, one of the individual criteria utilized for timing mode Popt.=0.1,
where Popt. represents the optimum probability. All of the sensor nodes, including those that
are stationary at one time are used and deployed at random. Each of these individual nodes

contains an equal amount of energy, ranging from 0.5J to 0.8J.

In this area, we present a distinctive DEEC-GAUSS algorithm model that assists the
connection with energy-efficient clustering with focus on the path between the CHs and the
sensor nodes. Popt=0.1 is one of the period mode parameters used by the DEEC-GAUSS. All
of the sensor nodes, including those that are stationed in one location, are used and deployed,
at random. Each of these separate nodes has a fixed quantity of energy ranging from 0.5J to
0.8Joules. Both inside and outside of the sensing environment, the BS is considered to be
homogeneous. These sensor nodes are frequently merged and then moved to the CH. The
sensor's environment is unknown, including the location in which it is situated. As a result, the
self-organization is placed on closed monitoring before being deployed to the next batch of

procedures.
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When the task is done at an individual round, the uniform nodes conduct tasks as the CH, and
the sensors are delivered at random to identify the connection agedness of node with the long-
awaited energy result. The CH is located within sensing area’s centre. The number of sensor
nodes distributed from the BS has been dramatically reduced, which is where all information
is expected to go. The nodes arrive at the CH before the data assemble, making it difficult for
the cluster leader to figure out where they are. The capacity for nodes to calculate the coverage
between BS and the nodes by differentiating the received signal intensity are all features of this
simulation, which was run in the MATLAB server, which are determined by their GPS co-
ordinated. As a result, the sensor nodes have increased with a significant amount that does

collaborate with the CHs that are closest to them.

Both inside and outside of the sensing environment, the BS is homogeneous. The data collated
within various nodes is collected and delivered to CH on a regular basis. The sensor node’s
location, as well as the position in which it is placed is also collected. As a result, before moving
on to the next phase of operation, the self-organizing nodes are monitored. The consistent nodes
can act as CHs, and the sensor node are to determine the moment of deployment at random
time as the sensor node’s connection lifetime based on the expected power output when the

work is done in a single round.

4.6 Node Localization for 200-450 Sensor Nodes

The node localization aspect of this research work is by considered by using the approach of
balancing the energy and the accurate localization approaches. It is implemented by using the
hyper-heuristic DEEC-GAUSS Gradient Distance Elimination Algorithm (DGGDEA)
which metrics that are considered as the packet of data, the anchor locations including the hop-
count, when the packets are being received. The second phase of the programming for each
anchor node looks for the distance on each hop with the average size, the third phase focuses
on the converted unknown sensor nodes that were not localized with the use of the multiliterate
method applied for getting their locations. In the fourth phase the variant of the DV-Hop for
calculation of the weighted centroid was determined for full localization to take effect while
the fifth phase which was the localization error computation for the nodes and the actual
estimated location for the nodes are calculated within the transmission range. The overall
DGGDEA processes were established fully to outperform other state-of-the-art algorithms
WCL, WC, and DV-Hop respectively.
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4.7 Node Localization using the Novel DEEC-Gaussian Gradient Distance Elimination
Algorithm (DGGDEA) Method

Node localization in wireless connected networks is a modern trend of technology for targeting
unknown node location acquisition for further analysis and development (Zhao, Cheng and
Zhou 2021). Node localization helps to reduce the communication within the known main
sensor nodes and unidentified location of nodes by utilizing the calculation of the size of hop
for all the unknown locations of the sensor nodes (Kanwar and Kumar 2021). Location
estimation is of great importance in WSN along with range-based approaches such as Time
Difference of Arrival (TDOA), Time of Arrival (TOA), Receive Signal Strength Indicator
(RSSI) and the Angle of Arrival (AOA) (Shahbazian and Ghorashi 2017). Node localization is
the latest trend in WSN technology. Major problems in WSNs related to node localisation are:
location error, lack of accuracy, and distance estimation implementation (Risteska Stojkoska
2017; Zhang et al. 2021).

The proposed DEEC-Gaussian Gradient Distance Elimination Algorithm (DGGDEA) for
node localisation is described mathematically using the steps below:

Step 1. Set the network model criteria.

Step 2. The homogenized energy for every sensor nodes is calculated using the equation below
(Wang et al. 2018)

using Erotar = o1 Eo(1+ @) = Eo((n+ X1 @) (Eq. 4-7)

Step 3. Start iteration the computation of pi for heterogeneous nodes (Heinzelman,
Chandrakasan and Balakrishnan 2002)

. L PoptN(1+a)E;(1)
USING Pi = "3l anEm

(Eq.4-8)
a. Calculate the energy that is needed by the transmit amplifier (Heinzelman, Chandrakasan
and Balakrishnan 2002; Wang et al. 2018)

lEelec + lgfsdz, d< do}

Eqg. 4-9
lEgiec + lgmpd4, d >d, (Eq )

ETX(lr d) = {

And the computation of power required by the receiver using
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ERX(l) USing ERX(Z) = Eelec (Eq- 4-10)

Step 4. Then calculate the average hop size (Heinzelman, Chandrakasan and Balakrishnan
2010)
(AvgHopSize;) (Eq. 4-11)

Step 5. The average hop size for the distance between the sensor nodes is
computed with equation 6 (Heinzelman, Chandrakasan and Balakrishnan 2010; Oliveira,
Miranda and Miranda 2020)

ST ot (X=X 0=

X1 jeitopij

AvgHopSize; = (Eq. 4-12)

Step 6. We computed the average size of the Hop, where u and | are variable and j is constant
(Liu, Nayak and Stojmenovic 2010)
dy, = AvgHopSize; X hopy, (Eq. 4-13)

Step 7. The weighted centroid method for the sensor localization as m is determined to be the
anchor's nodes for the total sum

(Xu,X Vu ), m is assumed to be the total number of anchor nodes and

w; = mHip is assumed to be the weighted factor for thei and the sensors that are
ui

unknown are computed from (Qiao and Pang 2011)

m m
2i=1 Wixl- Ei:lwiyi

Xy =<t Yu= g, (Eq. 4-14)

i=1Wi

Step 8. The factor of Wi for the remote sensor for unknown sensor nodes are localized
(Vidyasagar, Atif and Elizabeth 2009)

2?;1 Hopui

wW; =
MmHoOpy,;

(Eq. 4-15)

Step 9. We assume the number of anchor nodes to be CH as q; matrix A to signify energy
consumption for every node selected as CH and q is the amount of CHs. aij denotes energy
consumed by a CH, i represent usual node, if CH j is its CH. Additionally, bi denotes used

energy of CH i, similarlyxi represent the times that CH i can become a CH (Singh et al. 2016;
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Rawat, Chauhan and Priyadarshi 2020). Likewise, matrices B , matrices X are formidable, to

make A-X = B, as shown in Equation (4-16) below:

a1 412 Ag3 A1k11X1 b,

Az1 Az Az3 -+ Azp||xs b,

az1 a3z 0Ass A3k || X3 | = | b3 (Eq. 4-16)
lakl Agz Qg3 .- akkJ Xk lka

Snippet code presented below is used for computing number of rounds (Singh et al. 2016).
For (k=1; k<m+1; k++)
I max:= argmax(i=k...m, abs(A[1,k]));
If (A[i_max,k] =0)
Error “Matrix is singular!”;
Swap rows (k,i_max);
Step 10. The code displayed below is use for computing packets dispatched to BS and their
tenth node dead (Gharib et al. 2015).
For (i=k+1; i<m+1; i++)
For (j=k+1; k<n+1; j++)
Allijl= AlLj] = ALK, j1 x (ALLKVALKK]);
A[i,K]:=0;
Step 11. The localization error is computed and the estimated position of the various unknown

nodes are estimated (Oliveira, Miranda and Miranda 2020)

1 n Gauss localization error=
nxr “1=1 (X i Xy 2+ (Yai—Yui) 2 (Eq. 4-17)
Xai ui)*+(Yai—Yui)
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The proposed DEEC-GAUSS Gradient Distance Elimination Algorithm (DGGDEA) for node

localisation in WSNs is given below using pseudocode using the steps outlined in Section 4.7

Sequential Algorithm 2: The DEEC-GAUSS Gradient Distance Elimination Algorithm
Input: Given Matrix for DEEC-GAUSS Gradient Distance b[1 : m, 1: m+1]

Output: y[1: m]
. forc=1tom-1
fori=c+ltom

. U = bic/bcc

1

2

3

4.forj=ctom+l

5. bij = bij — u * bcj

6. if cVf(y T ¢ )c < ¢ then

7.return(y tc), ifcVi(ytc)c

8. Generateytk+t1 =B (f,ytc;Lt1,Lt2;yt0, D, d), which satisfies
cyt0—-B({f,ytc;Ltl1,Lt2;y10,D,d)c<D.

9. ifcytctl —yt0c €[D—d, D] then

10yt+1 0=yt ctl.

11. proceed next for j

12. proceed next for i

13. proceed next for c

14. ym = bm,m +1/amm

15. fori=mto 1 step -1

16. Thensum =0

17. Then sum =sum + bij * yj

18.proceed next for j

19. for xi = (bi, m+1-sum)/bii

20. proceed next for i

21. End
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The Figure. 4-5 below present the DEEC-GAUSS Gradient Distance Elimination
Algorithm (DGGDEA) flow process.
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Figure 4-5: System model of proposed DEEC-Gaussian Gradient Distance Elimination Algorithm
Source: Researcher’s Own Construction




The Table 4-2 shows the location error and the number of anchor nodes used during the

simulation performances.

Table 4-2:Simulation Network Parameters for Node Localization

Parameters Value
Network Field (100,100) m?
Number of nodes 200 to 450
Eo (Initial energy of normal nodes) | 0.5]

Message Size 5 000 Bits
Anchor node numbers The num

Efs 10 nJ/bit/m?
Eamp 0.0013pJ/bit/m"4
EDA 5Nj/bit/signal
Do (Threshold Distance) 100m

Popt 0.1

Total number of simulations 450

The Table 4-2 is the network simulation parameters that are used for carrying out the
experiments for 200 to 450 sensor nodes in determining the node localization using
DGGDEA.

4.8 The Node Localization Errors Model
The localization of nodes estimation DEEC-Gaussian Gradient Distance Elimination
Algorithm (DGGDEA) error approach dissertates information on the power to be received
and dispatches the number of information to the BS that is within the area covered by 100m by
100m. We place 10% of the number of nodes that are attached to the CHs. Hop count is placed
at zero for the (Xi, Yi) and the anchor nodes (i) which is the identity with the Hopij that is

assumed to be the hop count number sent to the BS.

We present the approach of localizing the probability of error with the use of the DEEC-
Gaussian Gradient Distance Elimination Algorithm (DGGDEA).
Step 1: Set the sensor nodes to be deployed in a scattered form so that the position will not be

static when they are being deployed.
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Step 2: The CHs which comprise 20 anchor nodes have an equal number of initial energies.
Step 3: Consequently, we use the same initial energy for sensor nodes.

Step 4: All nodes are assumed to be bi-directional and the parameters for DGGDEA is
Popt=0.1 for the periodic time mode when all the nodes are deployed at random. The sensor
nodes are dispatched from a BS to their various destinations at an equal energy capacity of
0.5J.

Step 5: Probability of Error (PoE) is divided by the location error with the total sum of sensor
nodes from 200 to 450 used.

4.9 Chapter Summary

The chapter commenced with a recap of the scientific methods and models used in this study.
This chapter presented a unique method using DEEC-GAUSS for optimizing energy and
DEEC-Gaussian Gradient Distance Elimination Algorithm (DGGDEA) model for
reducing node localization error in WSNs. Each hyper-heuristic solution was explained in
terms of pseudocode, equations and system models. The processes to be followed to get the
desired results are described step by step in this chapter. In the next chapter, the analysis and
discussion of results are presented.
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CHAPTER FIVE: ANALYSIS OF RESULTS AND DISCUSSION OF
NOVEL DEEC-GAUSS ALGORITHM FOR ENERGY EFFICIENCY

5.1 Introduction

This chapter presents the analysis of results and discussion of the simulation experiments to
accomplish the second [RO 2] and fourth [RO 4] objectives of the study. Section 5.2 presents
the results of energy efficiency using DEEC-GAUSS for small (100 sensor nodes) networks
and Section 5.3 presents the results for energy efficiency for larger networks (1000 to 1500
sensor nodes). The results for network throughput, first dead node and all dead nodes and the

execution time during the simulation analysis are presented in the results.

5.2 Results of the Energy Efficiency of WSNs using Maximum of 100 Sensor Nodes
The simulation result of the uniqgue DEEC-GAUSS technique with correlation analysis and
state of the art clustering approaches are shown, such as Developed Distributed Energy-
Efficient Clustering Extended (DDEEC_E), Distributed Energy Efficiency Clustering (DEEC),
and Distributed Energy Efficient Clustering Extended (DEEC_E) with natural, intermediate,
and super node classifications. The number of rounds in the network before first node dead
(FND) was used to evaluate a clustering strategy in terms of connection establishment and the
number of rounds in the connection until the tenth node depleted and their power dissipates or
depreciates. This is represented in the tables below with the TND abbreviation.

The simulation model output for DEEC_E: Developed Energy-Efficient Clustering Extended,
DDEEC_E: Developed Distributed Energy-Efficient Clustering Extended, DEEC: Distributed
Energy-Efficient Clustering, and DEEC GAUSS: Distributed Energy-Efficient Clustering
Gaussian Elimination Clustering algorithms are displayed in Table 5-1. The acronym BS refers
to the base station, Popt refers to periodic time mode and Time (S) refers to time taken. Table
5-1 below shows the outcome of our novel proposed DEEC-GAUSS algorithm with the modern
algorithms, namely, DDEEC_E, DEEC_E, DEEC for composite initial energy values of 0.5J
to 0.8J respectively.
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Table 5-1: Alive Nodes During the Network Lifetime for 100 Nodes with an Initial Energy of 0.5J

Algorithms Popt FND | TND Packets to BS | Time (S)
DEEC_E 0.1 1444 | 1693 82 268 8.17027

DDEEC_E 0.1 1344 | 1440 89 892 8.727181
DEEC 0.1 1282 | 1552 136 305 9.984828
DEEC-GAUSS 0.1 1617 | 1832 133944 5.088432

Table 5-1 presented the results of FND, TND, packets to BS and execution time. The DEEC-
GAUSS algorithm, recorded the shortest time to carry out the sensor node operation with an
initial energy of 0.5J. DEEC-GAUSS recorded the highest number of packets sent to BS (133

944) compared to other cutting-edge clustering algorithms. When the first node fails, the

network’'s performance suffers, and it becomes unstable. The invented DEEC-GAUSS

produced the best results for FND and TND. The FND was reported in round 1 617, and the

tenth node died in round 1 832.

Table 5-2 displays the outcome of 100 nodes using an initial energy of 0.6J.

Table 5-2: Alive Nodes Within the Network Lifetime with 100 Nodes with an Initial Energy of 0.6J

Algorithms Popt | FND TND Packets to BS Time (S)
DEEC_E 0.1 |1308 1514 89 892 8.727181
DDEEC_E 0.1 |1451 1719 112 310 9.210859
DEEC 01 |1768 2114 138 482 9.187751
DEEC-GAUSS 0.1 |2064 2 236 159 276 6.719211

Table 5-2 showed that the novel DEEC-GAUSS (159 276) sends more packets to BS than the
state-of-the-art clustering algorithms, namely DEEC_E, DDEEC_E, and DEEC. For FND (2
064 rounds) and the tenth node dead, the proposed DEEC-GAUSS produced the best results (2

236 rounds).
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Table 5-3 presents the results of 100 nodes using an initial energy of 0.7J.

Table 5-3: Alive Nodes During Network Lifetime for 100 Nodes with an Initial Energy of 0.7J

Algorithms Popt | FND TND Packets to BS Time (S)
DEEC_E 0.1 1484 1918 174 625 7.66522
DDEEC_E 0.1 1827 2023 152 256 9.187751
DEEC 0.1 1 585 1 868 110 453 11.17691
DEEC-GAUSS 0.1 2028 2292 185 463 7.794244

According to Table 5-3, the number of packets sent to the BS is higher on the DEEC-GAUSS
(185 463) than the other clustering algorithms, namely: - DEEC_E, DDEEC _E, and DEEC.
For FND (2 028 rounds) and TND, the DEEC-GAUSS presented the best results (2 292

rounds).

Table 5-4 presents the results of 100 nodes using an initial energy of 0.8J.

Table 5-4: Alive Nodes During network Lifetime for 100 Nodes with an Initial Energy of 0.8J

Algorithms Popt FND TND Packets to BS Time (S)
DEEC_E 0.1 2190 1693 82 268 7.260549
DDEEC_E 0.1 2 005 2370 171 984 10.27297
DEEC 0.1 1894 2 150 142 979 10.37544
DEEC-GAUSS 0.1 2 480 2751 213 305 10.43691

According to Table 5-4, the number of packets sent to BS is higher on the DEEC-GAUSS (213
305) than on the other clustering algorithms, DEEC_E, DDEEC_E, and DEEC. The novel
DEEC-GAUSS also has the advantage of producing the best results for FND (2 480 rounds and
a TND of 2 751 rounds with 0.8J of initial energy).

5.2.1 Comparative Analysis of First Node Dead and All Dead Nodes for 100 Nodes
Using the DEEC-GAUSS from Tables 5-1 to Table 5-4, we were able to note that the network
stability period over the period before it gave up the first dead node was decreasing. The results

are presented in Tables 5-1 to 5-4 for composite initial energy within the ranges of 0.5J, 0.6J,
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0.7J, and 0.8J. Tables 5-1 to Table 5-4 show the FND performance for DEEC_E, DDEEC _E,
DEEC, and the novel DEEC-GAUSS for various energy schemes. On the other hand, as shown
in Figures 5-1 to 5-4, the FND of DEEC_E, DDEEC_E, and DEEC is inferior to the proposed
DEEC-GAUSS.

Correspondingly, we examined the consummation of the proposed DEEC-GAUSS algorithm
in selecting the best CH, employing the same 0.1 Popt parameters throughout the program,
which were generated at random. Notwithstanding, the network administration, displayed on
the bar chart demonstrated the algorithm's crystal clarity when differentiated to our novel
DEEC-GAUSS clustering method, for FND, all dead nodes, and initialization, at initial
energies of 0.5J, 0.6J, 0.7J, and 0.8J.

Furthermore, we can draw our conclusion from the simulation and analysis displayed in Figures
5-1 to 5-4 with the initial energy ranging from 0.5J to 0.8J. The comparison for the first node,
tenth node, and the times it took for each round to run, revealed that our proposed DEEC-
GAUSS algorithm performed well in all cases. Thus, equivalently, Figure 5-1 depicts the
results for the FND and all dead nodes for DEEC_E, DDEEC _E, DEEC, and the novel DEEC-
GAUSS at 0.5J of energy.
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Figure 5-1: First node_dead, All _dead at 0.5J of energy

The Figure 5-1: First node dead at 0.5J shows that DEEC-GAUSS proved the best outcome for
the FND and all dead nodes.
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The Figure 5-2 depicts the results for DEEC_E, DDEEC _E, DEEC, and the novel DEEC-
GAUSS for the FND and all dead nodes at 0.6J of energy.
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Figure 5-2: First node_dead, All_dead node at 0.6J of energy

Figure 5-2 above shows that DEEC-GAUSS produced the best results for the FND and while
DEEC has the best result for all dead nodes for 0.6J of energy.

Figure 5-3 shows the results for the FND and all dead nodes for DEEC_E, DDEEC _E, DEEC,
and the novel DEEC-GAUSS at 0.7J of energy.
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Figure 5-3: First node_dead, All_dead node for 0.7J of energy

Figure 5-3 above shows that DEEC-GAUSS produced the best results for the FND and DEEC

produced the best results for all dead nodes for 0.7J of energy.

Figure 5-4 shows the results for the FND and all dead nodes for DEEC_E, DDEEC_E, DEEC,
and the novel DEEC-GAUSS at 0.8J of energy.
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Figure 5-4: First node dead, All_dead node for 0.8J of energy

Figure 5-4 shows DEEC-GAUSS evidenced the best results for FND and DDEEC_E produced
the best results for all dead nodes for 0.8 J of energy.
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5.2.2 The difference in network throughput for DEEC-GAUSS for 100 Sensor Nodes

Network throughput is one of the most basic needs in WSN for evaluating the results of
distinguishing algorithms. Several data packets are successfully transported throughout the
network. The data from the CH is sent to BS, and the CH can fuse the data and send it to the
stations within the timeframe. The CH’s energy must be sufficient at this stage to accept or

send packets.

This simulation is run with the four algorithms DEEC_E, DDEEC_E, DEEC, and the novel
DEEC-GAUSS on 100 nodes with varying heterogeneous initial energies ranging from 0.5 to
0.8J.

Figures 5-5 depicts the increase in the number of packets sent to the BS as the number of rounds

increases.
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Figure 5-5: Number of data sent to Base Station vs Number of rounds at 0.5J of energy

Figure 5-5 displays that for 0.5J of initial energy, the DEEC-GAUSS achieves a network
throughput of 135,134 packets in 5 000 rounds, the highest of the four tested.

Figure 5-6 below depicts the number of packets sent to the BS with respect to the number of

rounds at 0.6J of energy.
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Figure 5-6: Number of Packets sent to Base Station vs Number of rounds at 0.6J of energy

Figure 5-6 depicts that the proposed DEEC has the highest network throughput of 160 289
packets, followed by DEEC-GAUSS with 155 196 of throughput packets in 5 000 rounds at
0.6J of initial energy.

Figure 5-7 depicts the number of packets sent to the BS versus the number of rounds for 0.7J
of energy.
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Figure 5-7: Number of Packets sent to Base Station vs Number of rounds at 0.7J of energy
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Figure 5-7 shows that for 0.7J of initial energy, the proposed DEEC-GAUSS achieves the
highest throughput of 185,083 packets in 5 000 rounds.

Figure 5-8 depicts the number of packets sent to the BS versus the number of rounds at 0.8J of

energy.
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Figure 5-8: Number of Packets sent to Base Station vs Number of rounds at 0.8J of energy

Figure 5-8 shows that for 0.8J of initial energy, the proposed DEEC-GAUSS achieves the
highest throughput of 215 844 packets in 5 000 rounds.

Figures 5-5, 5-7, and 5-8 shows the number of packets successfully sent to the BS, compared
to number of rounds and different energy levels. The proposed DEEC-GAUSS produced the
optimal network throughput initial energy in 0.5J, 0.7 and 0.8J, except in Figure 5-6 at the
initial energy of 0.6J of the simulation results. Overall, the simulation results shows that DEEC-

GAUSS is the most efficient algorithm because it sends the most packets to the BS.

5.3 Results of energy efficiency DEEC-Gaussian Elimination Algorithm for Larger
Network (1 000 to 1 500 Sensor Nodes)

The clustering algorithms were assessed in terms of network stability for the FND, the number

of rounds in the entire network when all sensor nodes die and their energy reduction, and finally

the tenth node dead (TND). Throughout the simulation rounds, the number of rounds was fixed

at 5 000 with energy ranging from 0.5J to 0.8J. In this simulation experiment, the network
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lifetime was calculated in terms of rounds when the first node died for various sensor node

counts ranging from 1 000 to 1 500 sensors.

The FND metric is critical for many applications where the feedback from the sensor network
must be reliable in extending the time interval before the first node dies. Figures 5-9 to 5-12
showed the performance of clustering algorithms DEEC_E, DDEEC_E, DEEC, and DEEC-
GAUSS over a series of simulation rounds with initial energies of 0.5J, 0.6J, 0.7J, and 0.8J for
FND.
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Figure 5-9: First Node Dead at 0.5J of energy

Figure 5-9 depicts the first node dead when sensor nodes are between 1 000 and 1 500 at 0.5J
of energy. The higher the first node dead the better the algorithm, hence, the result of the
simulation experiment depicts that the proposed DEEC-GAUSS shows a better performance
than other state of the art algorithms. Figure 5-9 showed that the DEEC-GAUSS for FND at
0.5J of energy was the uppermost from 1 000 to 1 500 nodes, namely 1 668, 1 653, 1 621, 1
563, 1 588, and 1 412, while the DEEC for 1 000-1 500 sensor nodes was second at 936, 1
026, 970, 979, 1 036, and 1 060 respectively.
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Figure 5-10 shows that the DEEC-GAUSS for FND at 0.6J of energy was greatest between
1 000 and 1 500 nodes.
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Figure 5-10: First Node Dead per 5 000 rounds at 0.6J of energy

Figure 5-10 shows that the DEEC-GAUSS for FND at 0.6J of energy was the uppermost from
1 000 to 1 500 nodes, namely 2 031, 1 945, 1 981, 1 923,1 844 and 1 947 while the DEEC for
1 000-1 500 sensor nodes was second at 1 222, 1 227, 1 205, 1 136,1 212 and 1 240

respectively.
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Figure 5-11 shows that the performance of algorithms for FND at 0.7J of energy.
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Figure 5-11: First Node Dead per 5 000 rounds at 0.7J of energy

Figure 5-11 shows that the DEEC-GAUSS for FND at 0.7J of energy was highest from 1 000
to 1 500 nodes at 2 140, 2 169, 1 951, 1 979, 1 914, and 2 063, while the DEEC_E for 1 000 to

1 500 sensor nodes was the second optimal, at 1 786, 1 749, 1 683, 1 709 and 1 621 accordingly
in the performance results.
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Figure 5-12 shows that the performance of algorithms for FND at 0.8J of energy
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Figure 5-12: First Node Dead per 5 000 rounds at 0.8J of energy

Figure 5-12 shows that the DEEC-GAUSS for FND at 0.8J of energy was greatest for nodes 1
000 to 1 500 at 2 247, 2 221, 1 828, 2 235, 2 124 and 2 171 while the DEEC_E for 1 000 to 1
500 sensor nodes was the second optimal, at 2 030, 2 046, 2 046, 2 042, 2 019 and 2 061
respectively.

Figures 5-9 to Figure 5-12 demonstrate that the novel DEEC-GAUSS method outperformed
other modern approaches for the FND for initial energies ranging from 0.5J to 0.8J. As a result,
we can conclude that our approach does contribute to the WSN's longer stability period. Popt
parameters (Popt=0.1) were generated at random. The DEEC-GAUSS has a significant

advantage in that it delays the round of iteration by extending the time until FND.

Figure 5-9 to Figure 5-16 revealed that the DEEC-GAUSS algorithm was able to establish a
stability period before the FND, TND, where the lifetime of the network performance tends to
be minimized. Taking all of the simulation results into account, it can be concluded that the
FND and TND of DEEC_E, DEEC, DDEEC _E are inferior to the DEEC-GAUSS.

As presented below for Figures 5-13 to 5-16 showed the performance of clustering algorithms

in terms of TND for initial energies ranging from 0.5J to 0.8J over 1 000-1 500 sensor nodes.
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It is evidenced that the most efficient clustering algorithm for dispatching a higher number of
packets with lower energy consumption in WSN is DEEC-GAUSS. DEEC-GAUSS has a low
energy consumption and the longest network stability duration for TND. As a result, the

network lifetime is demonstrated by the number of rounds.

Figure 5-13 shows the performance of clustering algorithms in terms of TND for initial energy

at 0.5J for 1 000 to 1 500 sensor nodes.
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Figure 5-13: Tenth Node Dead per 5 000 rounds at 0.5J of energy

Figure 5-13 shows that the DEEC-GAUSS for TND at 0.5J of energy was greatest for nodes 1
000to1500at1779,1761,1779,1761,1753and 1 732 while the DEEC for 1 000 to 1 500
sensor nodes while the second performing algorithm is DEEC, at 1 315, 1 343, 1 345,1 345, 1
350 and 1 336 respectively.
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Figure 5-14 shows the performance of clustering algorithms in terms of TND for initial energy

at 0.6J for 1 000 to 1 500 sensor nodes.
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Figure 5-14: Tenth Node Dead per 5 000 rounds at 0.6J of energy

Figure 5-14 shows that the DEEC-GAUSS for TND at 0.6J of energy was greatest performing
algorithm for sensor nodes of 1 000 to 1 500, at 1 779, 1 761, 1 779, 1 761, 1 753 and 1 732
from the simulation results while the DEEC of 1 000 to 1 500 sensor nodes is the second

performing algorithm is at 1 590, 1 604, 1 636, 1 596, 1 614 and 1 618 respectively.

Figure 5-15 shows the performance of clustering algorithms in terms of TND for initial energy

at 0.7J for 1 000 to 1 500 sensor nodes.
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Figure 5-15: Tenth Node Dead per 5 000 rounds at 0.7J of energy
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Figure 5-15 shows that the DEEC-GAUSS for TND at 0.7J of energy was greatest performing
algorithm for sensor nodes of 1000 to 1500, at 2396, 2434, 2428, 2371, 2397 and 2423 from
the simulation results while the DEEC_E of 1000 to 1500 sensor nodes is the second
performing algorithm is at 2112, 2092, 2103, 2112, 2101 and 2091 respectively.

Figure 5-16 shows the performance of clustering algorithms in terms of TND for initial energy

at 0.8J for 1 000 to 1 500 sensor nodes.
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Figure 5-16: Tenth Node Dead per 5 000 rounds at 0.8J of energy

Figure 5-16 shows that the DEEC-GAUSS for TND at 0.8 of energy was greatest performing
algorithm for sensor nodes of 1 000 to 1 500, at 2 707, 2 701, 2 706, 2 708, 2 658 and 2 739
from the simulation results while the DEEC_E of 1 000 to 1 500 sensor nodes is the second
performing algorithm is at 2 527, 2 592, 2 563, 2 560, 2 548 and 2 527 respectively.

Figure 5-13 to Figure 5-16 demonstrated that the novel DEEC-GAUSS algorithm
outperformed other state-of-the-art approaches in terms of the TND for initial energy ranging
from 0.5J to 0.8J for 1 000-1 500 sensors. When a node's energy runs out, it is classified as
dead, and it cannot send or receive data. When compared to other algorithms, DEEC-GAUSS
aids in a longer stability period as it showed high energy efficiency, meaning less energy

consumption.
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5.3.1 Network Throughput (Packets sent to BS for 1 000 to 1 500 nodes at 5 000
rounds)

Packets sent to the destination from DDEEC_E DEEC_E, DEEC, and DEEC-GAUSS were

calculated at 5 000 rounds for sensor nodes ranging from 1 000 to 1 500 sensors. Tables 5.5

5.9 show the outcome of packets sent to the BS with initial energies of 0.5J, 0.6J, 0.7J, and

0.8J.

Table 5-5: Simulation Parameters for 1 000 to 1 500 Nodes

Parameters Value
Network Field (100,100) m?
Number of Anchor nodes 1000 -1 500
Eo (Initial energy of normal nodes) 0.5J-0.8J

Optimization algorithm

Transmission Range ®

Unknown node (N) 1 000

Message Size 4 000 Bits

Eelec 50 nJ/bit

Efs 10 nJ/bit/m?
Eamp 0.0013pJ/bit/m~™4
EDA 5Nj/bit/signal

Do (Threshold Distance) 100m by 100m
Popt 0.1
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Table 5-6 presents the results of packets sent to the BS at 5 000 rounds using 0.5J of energy.

Table 5-6: The Packets Sent to the BS at 5 000 Rounds During the Network Lifetime for 1 000 —1 500
Nodes Using the Initial Energy at 0.5J

1 000 1100 1200 1300 1400 1500
(0.59) Nodes Nodes Nodes Nodes Nodes Nodes
DEEC_E 2299147 | 1747222 | 1812327 | 1897495 | 2972858 | 1044212
(9)]
',_,_J & DDEEC_E 1651657 | 1831408 | 2011056 | 2191231 | 2359665 | 2562135
X
&E) |C_> DEEC 1642586 | 1814549 | 1972937 | 2141413 | 2314287 | 2483149
o DEEC-GAUSS | 2664820 | 1969365 | 1992174 | 2142015 | 2389161 | 2443705
Table 5-7 presents the results of packets sent to the BS at 5 000 rounds using 0.6J of energy.
Table 5-7: The Packets Sent to the BS at 5 000 Rounds During the Network Lifetime for 1 000 —1 500
Nodes Using the Initial Energy at 0.6J
1 000 1100 1200 1300 1400 1500
(0.6J) Nodes Nodes Nodes Nodes Nodes Nodes
DEEC_E 2883808 | 2176074 1621066 |1677306 |2732089 |2794223
(9]
E @ DDEEC_E 2006 226 | 2203700 2386415 | 2615344 | 2828253 |3080011
XY
&) |9 DEEC 1933457 | 2187199 2370779 | 2547407 | 2755169 |2963779
o DEEC-GAUSS | 3038200 |2218011 2422230 | 2644551 | 2920793 | 3014 229
Table 5-8 presents the results of packets sent to the BS at 5 000 rounds using 0.7J of energy.
Table 5-8: The Packets Sent to the BS at 5 000 Rounds During the Network Lifetime for 1 000 — 1 500
Nodes Using the Initial Energy at 0.7J
1000 1100 1200 1 300 1400 1 500
(0.79) Nodes Nodes Nodes Nodes Nodes Nodes
DEEC_E 3338721 | 390056 2439559 | 380501 2508 438 | 3552050
(9]
E @ DDEEC_E 2362573 | 245102 2800331 | 3044108 |3306804 |3568250
XY
&E) |9 DEEC 2 246 848 | 2499 249 2725818 | 2966581 | 3216831 |3447189
o DEEC-GAUSS | 2247 434 | 3653 446 2822387 | 3970148 |3450988 |3618 760
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Nodes Using the Initial Energy at 0.8J

Table 5-9 presents the results of packets sent to the BS at 5 000 rounds using 0.8J of energy.

Table 5-9: The Packets Sent to the BS at 5 000 Rounds During the Network Lifetime for 1 000-1 500

(0.8J) 1000 1100 1200 1300 1400 1500

DEEC_E 3723029 | 249673 281 766 312 635 331763 3 355 506
E a DDEEC_E 2690078 | 2926016 3274822 | 3510145 | 3781593 | 4001940
é CI'—) DEEC 2472324 | 2718987 3052043 | 3270663 | 3528774 | 2955721
o- DEEC-GAUSS | 2543934 | 2798712 3118411 | 3542941 | 3620260 |4 953488

The innovative DEEC-GAUSS technique beat the previous methods in terms of packets
dispatched to the BS for initial energies ranging from 0.5J to 0.8J, as shown in Table 5-6 to 5-
9. The unique DEEC-GAUSS sends more packets to BS in a shorter time frame and with a

higher number of packets, consuming less energy.

5.3.2 Execution Time

This section presents the execution time for 1 000 to 1 500 sensor nodes during the simulation
experimentation. The DEEC-GAUSS spent the least amount of time to send the most packets
at energy levels ranging from 0.5J to 0.8J for nodes ranging from 1 000 to 1 500, at a fixed 5
000 rounds throughout the simulation.
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Figures 5-17 presents the energy execution time of nodes for the initial energy of 0.5J.

700

600

500

400

300

Processing Time (s)

200

100

Energy Execution Time (0.5J)

1000

1100 1200 1300 1400
Number of Sensor Nodes

Figure 5-17: Execution Time at 0.5J of energy

1500

—@—DEEC_E

—@— DDEEC_E

—@— DEEC
DEEC-GAUSS

Figures 5-18 presents the energy execution time of nodes for the initial energy of 0.6J.
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Figure 5-18: Execution Time at 0.6J of energy
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Figure 5-19 presents the energy execution time of nodes for the initial energy of 0.7J.
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Figure 5-19: Execution Time at 0.7J of energy

Figure 5-20 presents the energy execution time of nodes for the initial energy of 0.8J.
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Figure 5-20: Execution Time at 0.8J of energy

According to the simulation analysis the time to send successful packets to the BS for the
DEEC-GAUSS gave a better processing time than when executing the various algorithms as
shown in Figures 5-17 to 5-20. The DEEC-GAUSS has an additional advantage of optimizing

energy efficiency when compared to other algorithms. The order of performance as recorded
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during the simulation analysis are as follows: DEEC was second, followed by DEEC_E which
is the third, while DDEEC _E is the fourth due to the complexity of the algorithm.

5.4  The Performance Metrics Components

The DEEC-GAUSS algorithm focuses on the objectives highlighted in Chapter One, Section
1.3 to develop a novel hyper-heuristic optimization for energy efficiency in smaller and larger
network in a simulated environment of the WSN, compared to modern algorithms. The energy
homogeneity is set from 0.5J to 0.8J for every clustering throughout the WSN connection of

our model.

5.5 Chapter Summary

In this chapter, the analysis of results and discussion were presented with different sections
that explained the energy efficiency of WSN using 100, then 1 000 to 1 500 sensor nodes. It
was observed that the DEEC-GAUSS outperformed the other classic algorithms such as DEEC,
DEEC_E and DDEEC. According to the simulation with a comparison of 100, 1 000, and
1 500 sensor nodes, DEEC-GAUSS surpasses the three other standard algorithms. The classes
are normal, advance, and super node. The results showed that the suggested hyper-heuristic
heterogeneous multi-sensor DEEC-GAUSS algorithm improved the tenth node dead (TND) by
3.0% and the first node dead (FND) by 4.8%. In addition, during the simulation and analysis it
was further noted that the novel DEEC-GAUSS algorithm sent more packets to the BS in the
least execution time. The network throughput rate was superb for DEEC-GAUSS. The DEEC-
GAUSS algorithm has an advantage of maximizing the amount of data sent to the BS with
minimal energy usage and cost effectively, when compared to other standard algorithms. The

next chapter will present the analysis and results of node localization explicitly.
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CHAPTER SIX: ANALYSIS OF RESULTS AND DISCUSSION OF THE
NOVEL DEEC-GRADIENT DISTANCE ELIMINATION
ALGORITHM (DGGDEA) FOR NODE LOCALIZATION

6.1 Introduction

This chapter presents the analysis of results and discussion on node localization, to accomplish
the third and fourth objective [RO3 and RO4] of the research study. Node localization in
wireless sensor networks (WSNs) is a recent trend in technique that is used to solve the
deficiencies of unknown locations of sensor nodes’ with self-powered batteries which are
deployed in a scattered form without appropriate identification of their various locations. In
this chapter we present the simulation analysis of results and discussion from node location to
identify the unknown zones as a cost-effective solution. In this research simulation, we make
use of our proposed DEEC-GAUSS Gradient Distance Elimination Algorithm (DGGDEA) to
determine their sensing stations with minimal localization error with the use of 20 anchor nodes
and 200 to 450 sensor nodes. We further compared other classic algorithms such as Weighted
Centroid Localization (WCLS), Compensation coefficient (CC), Weighted Centroid (WC) and
DV Hop to our proposed DGGDEA. The comparative analysis is presented in this chapter.

6.2 Node Localization Error

Energy loss of sensor nodes result in their battery life being continually drained. This makes
node localisation a formidable problem (Kaur, Aggrawal and Lal 2020; Gautam, Kumar and
Kumar 2021). During the simulation analysis of 200 to 450 sensor nodes in the MATLAB
2020a environment, the proposed DGGDEA showed the best performance in terms of the
number of data packets sent to the BS as well as in reduction of node localization error and

the probability of error.
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The Table 6-1 shows the localization error and the number of 20 to 80 anchor nodes used during

the simulation performances.

Table 6-1: The Localization Error vs the Number of Anchor Nodes

No. of Anchor Proposed DV-
Nodes DGGDEA WCLS CC WH Hop

20 11.0% 48.3% 52.4% | 54.9% | 56.1%

30 15.6% 43.6% 47.8% | 48.2% | 50.7%

40 71.2% 37.4% 42.1% | 43.4% | 45.9%

50 10.3% 39.0% 43.3% | 46.1% | 46.5%

60 5.4% 35.7% 42.8% | 40.0% | 43.9%

70 5.9% 33.4% 38.1% | 37.7% | 41.9%

80 10.3% 31.2% 34.4% | 35.1% | 40.1%

Mean 11.0% 44.8% | 50.1% | 50.9% | 54.2%

In Table 6-1 the DGGDEA was compared with four classical algorithms and the result
presented shows that DGGDEA outperformed the other four algorithms. The lower the
localization error, the better the performance of the algorithms (Tomic and Mezei 2016), hence,

the DGGDEA significantly optimized the node localization accuracy by reducing the

localization error.

In Figure 6-1 below, the node localization was simulated in the MATLAB 2020a environment

with 20 to 80 anchor nodes and the overall sensor nodes deployed from 200 to 450. The results

are presented in percentages compared to other algorithms. Figure 6-1, shows that the proposed

algorithm outclasses the modern algorithms due to the optimization of localized sensor nodes

for identifying the most preferred position of sensors.
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Figure 6-1: The Localization Error vs the Number of Anchor Nodes

Table 6-2 shows the results of the localization error vs the number of total sensor nodes ranging

from 200 to 450 sensor nodes.

Table 6-2: The Localization Error vs the Number of Total Sensor Nodes

Total No. of | Proposed DV-

Nodes (DGGDEA) WCLS | CC WH Hop

200 11.0% 37.2% | 40.6% |42.1% |46.2%
250 11.8% 33.6% |40.2% |41.1% |42.6%
300 9.2% 29.7% | 36.8% |39.6% |37.2%
350 10.0% 31.4% | 358% |37.1% |39.2%
400 15.5% 30.6% |34.4% |35.6% |37.7%
450 10.0% 29.4% | 33.7% |34.1% | 36.9%
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Table 6-2 shows that the proposed algorithm outperformed all other algorithms for the total
number of nodes from 200 to 450, while the second-best algorithm is WCL, followed by CC

algorithm, and the worst algorithm is DV-Hop.

In Figures 6-2 to 6-7 below, the true position of the 20 anchor nodes’ locations is localized.
The small black circles represent the anchor nodes and the mobile sensor nodes are represented
with the small open red circles. The cross symbols represent the mobile true locations, as
displayed respectively at 0.5J energy simulation in the MATLAB 2020a environment with
sensor nodes ranging from 200 to 450 mobile nodes. It was observed in the result presented
from Figure 6-2 to Figure 6-7 that the number of sensor nodes does not directly impact on the

localization error metric for the proposed DGGDEA.

Figure 6-2 shows the localized 20 anchor nodes with 200 sensor nodes.
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Figure 6-2: Localized Anchor Nodes with 200 Sensor Nodes

Figure 6-2 presents the 20-anchor node locations, the localized node and the 200 estimated
localized sensor nodes. The DGGDEA produced a localization error of 11.02% hence

improving the accuracy of the node localization.
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Figure 6-3 shows the 20 localized anchor nodes and 250 sensor nodes.
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Figure 6-3: Localized Anchor Nodes with 250 Sensor Nodes

Figure 6-3 presents the 20-anchor node locations, the localized node and the 250 estimated
localized sensor nodes. The DGGDEA produced a localization error of 11.78% hence

improving the accuracy of the node localization.

Figure 6-4 shows the 20 localized anchor nodes with 300 sensor nodes.
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Figure 6-4: Localized Anchor Nodes with 300 Sensor Nodes
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Figure 6-4 presents the 20-anchor node locations, the localized node and the 300 estimated

localized sensor nodes. The DGGDEA produced a localization error of 9.23% hence improving

the accuracy of the node localization.

Figure 6-5 shows the 20 localized anchor nodes with 350 sensor nodes.
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Figure 6-5: The 20 Localized Anchor Nodes with 350 Sensor Nodes

Figure 6-5 presents the 20-anchor node locations, the localized node and the 350 estimated
localized sensor nodes. The DGGDEA produced a localization error of 10.03% hence

improving the accuracy of the node localization.

Figure 6-6 shows the 20 localized anchor nodes with 400 sensor nodes.
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Figure 6-6:Localized Anchor Nodes with 400 Sensor Nodes
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Figure 6-6 presents the 20-anchor node locations, the localized node and the 400 estimated
localized sensor nodes. The DGGDEA produced a localization error of 15.48% hence

improving the accuracy of the node localization.

Figure 6-7 shows the 20 localized anchor nodes with 450 sensor nodes.
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Figure 6-7:Localized Anchor Nodes with 450 Sensor Nodes

Figure 6-7 presents the 20-anchor node locations, the localized node and the 450 estimated
localized sensor nodes. The DGGDEA produced a localization error of 10.00% hence
improving the accuracy of the node localization.
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Figure 6-8 shows the localization error versus the total number of sensor nodes.
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Figure 6-8:The Localization Error vs the Number of Sensor Nodes

In the above Figure 6-8, the proposed scheme outperforms all other algorithms for networks
with node sizes 200, 250, 300, 350, 400 and 450.

In Table 6-3, we present the probability of error (PoE) during the simulation of the sensor node
location detection. The presented data shows that the best performance is attained from the
proposed algorithm when compared to the other selected algorithms.

Table 6-3: Localization Probability of Error for Node Localization

Proposed

Total No. of | Algorithm CC WH

Nodes PoE WCLS PoE | PoE PoE DV-Hop PoE
200 0.0006 0.0019 0.0020 | 0.0021 | 0.0023

250 0.0006 0.0013 0.0016 | 0.0016 | 0.0017

300 0.0004 0.0010 0.0012 | 0.0013 | 0.0012

350 0.0003 0.0009 0.0010 | 0.0011 | 0.0011

400 0.0003 0.0008 0.0009 | 0.0009 | 0.0009

450 0.0003 0.0007 0.0007 | 0.0008 | 0.0008
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The range-free approach of DGGDEA in contrast to classic state of the art algorithms such as
WC, WCL, CC, WH and DV-Hop in the application of accuracy is 15% higher. It is evidenced
from Table 6-3 that in 200 to 450 sensor nodes having a maximum number of 20 anchor nodes,
DGGDEA was able to minimize their mean estimation error drastically from 54.2% (DV-Hop)
to 11% (DGGDEA), as shown in Table 6-1.

6.3 Performance Metrics

The DEEC-GAUSS Gradient Distance Elimination Algorithm (DGGDEA) focuses on the
objectives highlighted in Chapter One to simulate an effective maximization of node
localization for WSN with the novel algorithm compared to other modern algorithms. The
energy homogeneity was set to 0.5J for every clustering throughout the WSN connection of

the novel model.

Received signal strength indicator (RSSI): The RSSI aids in the transmission of data
broadcasts where the signal strength indication is weak, without interfering with the evaluation
of signals (degree of angle, transmission point and hop counts) for effectiveness (Zhang et al.
2017; Singh and Khilar 2017).

Computing time: Is the period appropriated for the algorithm to perform calculations and to
produce output for the localization processes. DV-Hop, WH, CC, WCL, DEEC-GAUSS
localization was computed within the specific timeframe to perform the simulated operation in
MATLAB (Zhao et al. 2021).

Average localization miscalculation: This is the localization error during the calculation and

estimation of the true location of the unknown sensor node (Chen et al. 2015; Gao et al. 2019).

Localization inaccuracy variance: Defined to be the measurement of an individual unit that

is set for calculating the mean error (Chen et al. 2015).

Network Traffic: General network traffic is a characteristic of the movement of packets
between clusters of nodes in a WSN. There can be many traffic sources from the local sensor
node to the BS. It is determined by the performance requirements such as accuracy of node

localisation and quality of service (QoS) (Shakshuki et al. 2019).
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6.4 Chapter Summary

This research work for node localization using the DEEC-GAUSS Gradient Distance
Elimination algorithm (DGGDEA) has proven that it performs better than the other algorithms
when considering the comparative analysis from the simulation performance for 200 to 450
sensor nodes. We further note that there was an optimal statistic from the simulation analysis

scenarios.

The node localization advantage for the DGGDEA is that it enhances aggregation of sensor
node data locations that are unknown with limited energy and minimizes localization error
within a specific time frame, when compared to other modern algorithms. The range-based and
range-free localization of sensor nodes are now localized according to their current location
with the use of the DGGDEA algorithm. The PoE for DGGDEA outperforms the other classical
algorithms with respect to performances and high accuracy, as displayed in Table 6-3. Chapter
Seven of this research work will present the summary, conclusion and contributions for this

research work.
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CHAPTER SEVEN: SUMMARY, CONCLUSIONS, AND SIGNIFICANT
CONTRIBUTIONS

7.1  Introduction

In this chapter, the summary of the research work is presented. The conclusions of the study
are reached by reflecting on the aim and objectives of the research project. The extent to which
the aim and objectives were achieved are elucidated. This chapter provides insight into the
summary, conclusions and significant contributions made by this study to the body of
knowledge. The challenges experienced in this research study are discussed succinctly in this
chapter. The chapter concludes with a section on plans for future research. The chapter ends
this project thesis with a short conclusion. Table 7-1 shows an alignment of the aims and

objectives and provides a concise recap of the research study.

7.2 Summary of Research

In this research study, a novel algorithm was proposed from the traditional algorithms for
solving the problems of hyper-heuristic approaches for maximizing energy efficiency and node
localization in WSNs. The overarching aim of this research study was to develop effective
hyper-heuristic optimization algorithms to efficiently optimize energy efficiency and node

localization in WSNs.

Chapter One introduced the scope of the study. The overview of WSNSs, the problem statement,
aim, objectives of the research, and the gaps identified were introduced. Furthermore, a chapter
by chapter breakdown was provided. Chapter Two presented a comprehensive background and
literature review on WSNs from Web of Science, IEEE database, Google Scholar,
Inderscience, Scopus, and other globally recognised journal article databases. The gaps
identified were the node localization and energy efficiency issues and these were discussed

with an in-depth review of relevant journal articles using the PRISMA methodology.

Chapter Three presented the theoretical framework and conceptual models used in the study.
The theoretical framework, namely, DR comprised six phases to guide the research study,
namely, Identify the problem, Describe the objectives, Design and develop the artefact, Test
the artefact, Evaluate testing results and Communicate the testing results. The Theory of
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modelling and simulation was also discussed at length. Justification for use of the theoretical
frameworks were discussed in Chapter Three. An emergent conceptual model for this research
using a combination of DR and simulation was presented as a hyper-heuristic model discussed
in Chapter Three, Section 3.5 and Section 3.9.

Chapter Four unpacked the research methodology, a scientific approach using hyper-heuristic
models for energy efficiency and node localization for WSNs. The DEEC-GAUSS method
(Chapter Four, Section 4.3) was developed for energy efficiency and the DGGDEA method
(Chapter Four, Section 4.7) was developed for node localization optimization. These methods
are unprecedented for use in energy efficiency and node localization and largely represent the
contribution of this study. These novel hyper-heuristic algorithms were presented in Chapter
Four showing detailed steps with mathematical equations, pseudocode and flow charts.

Chapter Five presented an analysis of results and discussion of novel DEEC-GAUSS
Algorithm for energy efficiency. DEEC-GAUSS was implemented in MATLAB R2020a; the
results of the simulation experiments were analysed in this chapter. The second [RO 2] and
fourth [RO 4] objectives for this study were achieved in this chapter. The results of the hyper-
heuristic energy efficiency with a maximum of 100 sensor nodes and the energy optimization
of hyper-heuristics approach for larger networks having 1 000 sensor nodes to 1 500 sensor
nodes were presented and discussed. Results showed that the novel DEEC-GAUSS

outperformed other state-of-the-art algorithms for energy efficiency in WSNs.

Chapter Six presented the analysis and discussion of novel DEEC-Gradient Distance
Elimination Algorithm (DGGDEA) for node localization to achieve research objective three
[RO 3] and research objective four [RO 4] of the research study for 200 to 450 sensor nodes.
The metrics probability of error (PoE) and accuracy of the node localization were compared to
other modern algorithms. The DGGDEA algorithm outclassed other algorithms in terms of

performance.
Chapter Seven presented the summary, alignment of research, conclusions, significant

contributions of the study, challenges of the research’s proposed model and plans for future

research work.
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7.3 Conclusions of the Study
In this section, how each of the objectives were satisfied in this research is discussed with each
objective itemized and a detailed explanation of how the objective was achieved is provided.
The four objectives set at the beginning of this research work (Chapter One) are discussed
below:

e Research Objective One [RO 1]. Develop novel hyper-heuristic optimisation

algorithms for energy efficiency and maximization of node localization for WSNs.

To achieve research objective one, an extensive literature review (Chapter Two) on
WSNss for energy efficiency optimization and node localization was conducted. The
hyper-heuristic analysis of pieces of literature from a vast number of research articles
that were centred on meta-heuristics, hybrid heuristics and hyper-heuristic approaches
were considered. The in-depth research undertaken was necessary to uncover gaps.
Various problems related to node localisation and energy efficiency as well as their

corresponding algorithms (solutions) were reviewed from the extant literature.

Consequently, a meta-analysis was used to statistically analyse the heuristic
approaches, namely, the meta-heuristic approach, hybrid-heuristic approach, and
hyper-heuristic approach. The meta-analysis report informed the decision on adopting
the hyper-heuristic approach to solve the research problem on energy efficiency and
node localization. DEEC-GAUSS model for energy efficiency and DGGDEA model
for node localisation were developed. Details of these algorithms are presented in
Chapter Four, Section 4.3 and Section 4.7. The DR theoretical framework and the
hyper-heuristic conceptual models discussed in Chapter Three guided the development
of the hyper-heuristic optimization algorithms for energy efficiency and node
localization in WSNSs.

e Research Objective Two [RO 2]: Implement the novel hyper-heuristic optimization
algorithm for energy efficiency in smaller and larger WSNs in a simulation

environment.

To achieve the optimization of energy in WSNSs, a theoretical framework (Chapter

Three, Figure 3-2) and conceptual models (Chapter Three, Figure 3-3 and Figure 3-5)
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were used to underpin this research study in WSNs. This research work developed a
hyper-heuristic algorithm for energy efficiency in smaller and larger networks using a
scientific approach. The hyper-heuristic algorithm combines DEEC and Gaussian
Elimination method to form DEEC-GAUSS to optimize energy efficiency in WSNs.
The algorithm described in detail in Chapter Four, Section 4.3 was implemented and
explicit results of the DEEC-GAUSS for energy efficiency in smaller and larger

networks were presented in Chapter Five.

Research Objective Three [RO 3]: Simulate the novel hyper-heuristic optimization

algorithm for node localisation in WSNS.

To achieve this objective, a scientific approach using the DEEC-Gaussian Gradient
Distance Algorithm (DGGDEA) was developed. This algorithm was described in detail
in Chapter Four. The novel hyper-heuristic algorithm utilized three meta-heuristic
algorithms, namely, Distributed Energy Efficiency Clustering algorithm (DEEC),
Gaussian Elimination Algorithm (GAUSS) and Gradient Distance Elimination
Algorithms to develop the hyper-heuristic optimization model for node localization in
WSNs. The implementation of the novel hyper-heuristic DGGDEA for node
localization showed the best performance in comparison to other state-of-the-art
algorithms. During the simulation analysis using 200 to 450 sensor nodes with 20 static
anchors the optimization node localization error and the probability of error (PoE) were
determined, with the mean estimation for the locations of sensor nodes in WSNs. The
comparative analysis was completed with the state-of-the-art clustering algorithms to
determine the performance evaluations using the number of data packets sent to the BS
as well as reduction of node localization error and the probability of error. It is
evidenced that the performance of the range-free approach of the novel DGGDEA in
contrast to traditional state-of-the-art algorithms such as WC, WCL, CC, WH and DV-
Hop in the application showed a reduction in the node localisation error for 20 to 80
sensor nodes and a reduction in node localisation error for 200 to 450 sensor nodes
(Chapter Six, Table 6-1, Table 6-2).

Research Objective Four [RO 4]. Analyse the performance of the hyper-heuristic

optimisation algorithms with other state-of-the art algorithms using simulations.
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The novel DEEC-GAUSS algorithm was compared to other classical methods. The
novel DEEC-GAUSS model outclassed other methods, by optimizing energy efficiency
for 100 sensor nodes, 1 000 to 1 500 sensor nodes. The performance metrics used were
first node dead (FND), tenth node dead (TND), last node dead, number of packets sent
to BS, overall execution time for initial energy between 0.5 J to 0.8 J. The simulation
aggregation performances and the number of static rounds used in the simulation for

the energy efficiency optimization was 5 000 all through the simulation (Chapter Five).

The novel hyper-heuristic optimization algorithm, namely, DEEC-Gaussian Gradient
Distance Elimination Algorithm (DGGDEA) which comprises of Distributed Energy
Efficiency Clustering algorithm (DEEC), Gaussian Elimination Algorithm (GAUSS),
and Gradient Distance Algorithm (GDA) outperformed other classical approaches for
node localization in WSNs. The optimization of the novel DGGDEA algorithm
enhanced node localization error within the specific time frame compared to other
modern algorithms with distinct results and error probability. The results were
discussed in detail in Chapter Six.

Table 7-1 presents the alignment of research objectives, theoretical framework and conceptual

models, data collection methods and data analysis. The table thus provides a concise summary
of the research.
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Table 7-1: Alignment of the Research Aim and Objectives

AIM: The aim of this research study was to develop effective hyper-heuristic optimization algorithms to efficiently optimize

energy efficiency and node localization in WSNs.

Research Objectives

Theoretical
Framework and
Conceptual Models

Data Collection
Methods/Data Sources

Data Analysis/Results

[RO1]: Develop novel
hyper-heuristic
optimisation algorithms
for energy efficiency and
maximization of node
localization for WSNSs.

PRISMA, Design
Research, hyper-
heuristic model, and
scientific approach

The systematic review
for meta heuristic, hybrid
heuristic and hyper-
heuristic approaches

The hyper-heuristic algorithm is the best
approach from the meta-analysis result in
optimizing energy efficiency and node
localization in WSNs. The design of the
hyper-heuristic model is discussed (Chapter
Two, Chapter Three, and Chapter Four)

[RO 2]:

Implement the novel
hyper-heuristic
optimization algorithm
for energy efficiency in
smaller and larger WSNs
in a simulation
environment.

Design Research,
Theory of Modelling
and Simulation,
hyper-heuristic
conceptual models

The simulation of the
novel hyper-heuristic
model using DEEC-
GAUSS) implemented in
MATLAB R2020a using
a static 5,000 number of
rounds with the initial
energy ranging from 0.5J
to 0.8J.

The DEEC-GAUSS algorithm for energy
efficiency was tested in a simulation
environment to validate the optimization of
energy efficiency in WSNs for the results of
100, 1000 to 1500 sensor nodes.

(Chapter Three, Chapter Four and Chapter
Five).

[RO 3]

Simulate the novel
hyper-heuristic
optimization algorithm
for node localisation in
WSN:s.

Design Research,
Theory of Modelling
and Simulation,
hyper-heuristic
conceptual models

The simulation of the
novel hyper-heuristic
DEEC-Gaussian
Gradient Distance
Algorithm (DGGDEA)
was simulated in the
MATLAB R2020a
environment.

The DGGDEA algorithm for node
localization was implemented in a simulated
environment to test the node localization
error for 200 to 450 sensor nodes with a static
number of 20 anchor nodes in order to
optimize node localization accuracy (Chapter
Three, Four and Chapter Six).

[RO 4]:

Analyse the performance
of the hyper-heuristic
optimisation algorithms
with other state-of-the art
algorithms using
simulations.

Design research,
theory of modelling
and simulation,
hyper-heuristic
conceptual models

The performance
evaluation of DEEC-
GAUSS for optimizing
energy efficiency and
DGGDEA for node
localization errors
outclassed traditional
algorithms.

The result presented shows that the DEEC-
GAUSS algorithm based on the performance
evaluation metrics used, outperformed the
other modern algorithms for the smaller and
larger networks in optimizing energy
efficiency. The DGGDEA algorithm outclass
other classical algorithms for optimizing
node localization errors based on the
evaluation performance metrics in terms of
the number of data packets sent to the BS,
probability of error, localization error and
data packet to BS. (Chapter Three, Chapter
Five, Chapter Six and Chapter Seven).
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7.4  Challenges of the Study

This section discusses the challenges experienced in this research study on energy efficiency

and node localization maximization.

Developing the framework to ascertain the energy optimization efficiency and node
localization error from the literature was a tedious process. Previous researchers
focused on the following algorithms: density-based clustering algorithm and density-
based spatial clustering algorithm with noise (DBSCAN). K-Means Algorithm, ACO,
fuzzy flustering, LEACH, stable selection protocols, traffic bases clustering (TBC)
protocols, energy and distance-based clustering (EDBC), and Euclidean-distance.
Consequently, a novel approach was developed and adopted to achieve the desired
results for this research work using DEEC-GAUSS and DGGDEA.

Amalgamating distributed energy efficiency clustering (DEEC) with Gaussian
elimination and determining the initial energy to be used with a model comparison was
another challenge.

The challenge of the proposed model for the Gaussian elimination fails when any of the
pivots in the element series become zero. The procedure was re-ordered to avoid partial
pivoting when the piece becomes zero. The result can be accurate for the calculations
in WSNE.

7.5 Significant Contribution

Node localization and energy efficiency are real life challenges in WSNs that have become an

increasingly important research area in academia. Despite various models and approaches that

have been proposed, ranging from bio-inspired and non-bio-inspired algorithms the solutions

to these problems have not been long lasting (Kumar, Dadheech and Chaudhary 2020; Sneha
and Nagarajan 2020; Kim et al. 2021).

These problems in WSNs necessitated the need to contribute to the body of knowledge in this

research focus. This study made the following contributions in alleviating the energy efficiency

optimization and node localization error and probability of error problem.
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The following are the significant contributions:

1. The combining of the Distribute Energy Efficiency Clustering algorithm and Gaussian
Elimination algorithms were adopted to optimize energy efficiency in wireless sensor
networks. DEEC-GAUSS was developed as the hyper-heuristic solution. The algorithm
and pseudocode were presented in Section 4.3 and the MATLAB code is presented in
Annexure A. The presented approach significantly reduces the constraints of energy
efficiency by optimizing the first node dead (FND), last node dead (LND), tenth node
dead (TND) and improving the energy lifespan of the sensor nodes.

2. This study further presented a hyper-heuristic approach that combines the distributed
energy efficiency clustering algorithm, gaussian elimination algorithm and gradient
distance algorithm to optimize node localization in WSNs. DGGDEA was developed
as the hyper-heuristic solution. The algorithm and pseudocode were presented in detail
in Section 4.7 and the MATLAB code is presented in Annexure B. The presented
approach improved on the accuracy of location estimation, sensor node positioning,
localization error and the reduction of the probability of error of sensor nodes.

3. This research study produced three journal publications in peer-reviewed scientific
journals. The details of the publications are outlined in the introductory sections of this
thesis. These publications will contribute to the body of knowledge.

The performance of the presented models was evaluated and analysed through simulation. The
presented results show an overwhelming improvement in energy efficiency and node

localization optimization problems.

7.6 Plans for Future Work

Future experiments are required on other clustering algorithms to improve performance in
terms of optimizing node localization and energy efficiency harvesting technologies in the
enhancement of the operation of WSNSs. In the future, the scope of this work will broaden to

incorporate simulations of the enhanced proposed method on bigger numbers of sensor nodes.
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Furthermore, node localization utilization in WSN needs more exploration. It is essential to
explore other clustering algorithms for modifying and improving the network stability period

for more larger WSNs.

7.7 Conclusion

This research study investigated the significant challenges of WSNs, which are energy
maximization and node localization, necessary to assist the vibrant organization in minimizing
the overall energy consumption as well as localising sensor nodes with a greater accuracy
within the WSN.

DEEC-GUASS outperformed traditional algorithms for energy optimisation using standard
performance metrics such as first node dead, all dead nodes, packets sent to BS (network
throughput) and execution time for 100 sensor nodes and 1 000 to 1 500 sensor nodes. Energy

was set from 0.5J to 0.8J in the simulation environment.

DGGDEA outperformed traditional algorithms for node localization error. The mean node
localisation error for the novel DGGDEA with 20 to 80 sensor nodes was 11% (Chapter Six,
Table 6-1). This represents a drastic reduction when compared to other state-of-the-art
algorithms. The novel DGGDEA also showed a drastic reduction in node localization error for
200 to 450 sensor nodes when benchmarked against other state-of-the art algorithms (Chapter
Six, Table 6-2). The number hop size, the distance of the average hop size, the error model,
and the increase in the number of packets sent to the BS within a minimum time frame were
used to determine the node localization accuracy. The networks throughput rate was stabilized

with minimal energy efficiency usage.
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