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RESUME DETAILLE

Un réseau de capteurs sans fil (RCSF) est un type particulier de réseau ad-hoc composé
d’un ensemble de capteurs allant de quelques-uns a des milliers. Ces capteurs sont de petits
appareils avec des ressources de traitement et d’alimentation limitées. Ils s’appuient sur des
batteries limitées et parfois immuable pour effectuer leurs taches. Les capteurs sont répartis
dans une région géographique et organisés en un réseau coopératif pour effectuer la tache de
surveillance.

Les réseaux de capteurs sans fil (RCSFs) sont des solutions rentables car ils n’utilisent aucun
type de liaisons filaires entre les nceuds. De plus, I’absence de liaisons filaires donne aux nceuds
une liberté de mouvement sans perdre la connectivité. En outre, les RCSFs sont des réseaux
flexibles caractérisés par I'intégration rapide et facile de nouveaux nceuds. Toutes ces fonction-
nalités et bien plus font des RCSF's le premier choix pour plusieurs applications de surveillance.
Les RCSFs ont la capacité de fournir une surveillance fiable pour de nombreuses applications
du monde réel telles que la surveillance du trafic, les soins de santé, les diagnostics de panne de
machine, la surveillance environnementale..., etc.

Malgré les nombreux avantages des réseaux de capteurs sans fil qui les rendent dominants dans
la surveillance a distance, plusieurs problemes qui affectent la capacité de détection du réseau
doivent étre résolus lors de leur mise en ceuvre, tels que le déploiement des nocuds de capteurs.
Le probleme de déploiement des RCSF est une étape essentielle dans la construction d’un réseau
robuste capable de satisfaire les exigences applicatives. L’objectif de la stratégie de déploiement
est de définir la topologie du réseau en placant les capteurs a des emplacements optimaux. Les
capteurs sont placés de maniere & satisfaire une ou plusieurs propriétés intrinseques du RCSF
telles que la couverture, la connectivité, le coiit et la durée de vie du réseau. De plus, en util-
isant le plan de déploiement approprié, la complexité de plusieurs problemes dans les réseaux
de capteurs sans fil peut étre réduite, tels que le routage et la conservation de 1’énergie. Par
conséquent, nous pouvons dire que le bon fonctionnement du RCSF dépend fortement de la
position des capteurs.

La stratégie de déploiement est déterminée en fonction de l'application et de la nature de

I’environnement. Lors du déploiement du RCSF dans un environnement convivial, les capteurs



sont placés a des coordonnées précises en s’appuyant sur un modele déterministe prédéfini.
Cependant, dans les environnements inaccessibles ou risqués, le seul choix disponible est le
déploiement aléatoire, dans lequel les capteurs sont dispersés depuis ’air sur la zone de détection.
En clair, lorsque les capteurs sont déployés au hasard, ils n’assureront pas les performances at-
tendues, car il y a de fortes chances qu’ils se retrouvent placés les uns au-dessus des autres la
ou leurs zones de couverture se chevauchent. Il en résulte une mauvaise couverture empéchant
le RCSF d’atteindre les objectifs souhaités. Dans le cas d’'un déploiement aléatoire, la plupart
des applications utilisent des capteurs mobiles, ce qui leur donne la possibilité d’améliorer la
couverture en déplagant les capteurs vers de nouveaux emplacements apres la diffusion aléatoire
initiale.

Dans ce travail de thése, nous nous intéressons a la résolution du probleme de déploiement
par l'utilisation des algorithmes bio-inspirés. La popularité de ces algorithmes est due a de
nombreuses raisons, telles que leur efficacité et leur faible complexité de calcul par rapport aux
autres techniques d’optimisation déterministes existantes. De plus, ils ont la capacité d’accélérer
le processus de recherche d’un optimum global ou d’une solution approchée de I'optimum pour
les cas ou les méthodes déterministes ne parviennent pas a trouver rapidement une solution
satisfaisante.

Dans ce contexte, nous avons proposé deux approches de déploiement pour placer de maniere
optimale les nceuds capteurs dans une zone d’intérét. Les deux techniques de déploiement sont
basées sur un algorithme bio-inspiré populaire appelé Bees Algorithm (BA). C’est un algorithme
qui imite le comportement des abeilles lorsqu’elles cherchent de la nourriture. Il est basé sur
les interactions entre les abeilles d’une colonie lors de la récolte du nectar.

La premiere contribution concerne le déploiement de RCSF homogenes et hétérogenes en max-
imisant la zone couverte apres un déploiement aléatoire initial. Pour atteindre cet objectif,
nous commencgons par représenter la position de chaque source de nourriture, qui est considérée
comme une solution dans le BA par un vecteur qui contient toutes les coordonnées de position
des capteurs. Apres la représentation de la solution, plutot que d’utiliser les étapes du BA
d’origine qui souffrent de plusieurs problemes, notamment la stagnation de la recherche et la
recherche aléatoire non guidée, nous avons introduit un nouvel algorithme appelé Improved
Bees Algorithm (IBA).

Le BA dans sa forme de base effectue une recherche de voisinage exploitante dans les régions
les plus prometteuses dans 'espoir de trouver des solutions plus précises. Cependant, pour
atteindre la précision de recherche souhaitée, la recherche locale doit étre concentrée autour
des meilleures solutions en rétrécissant I’espace de recherche local. Ce mécanisme augmente les
chances d’obtenir une bonne approximation de 'optimum global. De plus, éviter la stagnation
de 'optimum local est une exigence majeure en particulier lorsque la recherche locale dans un
champ de fleurs ne parvient pas & améliorer la qualité des solutions produites. A cet égard,
deux procédures nommées "neighborhood shrinking” et ”site abandonment” sont introduites
dans le BA.

Les deux améliorations apportées au BA de base renforcent I’algorithme en améliorant l'efficacité
de la recherche et permettent une exploitation plus précise en rétrécissant I’espace de recherche

local. Le but de la procédure de rétrécissement est de garder la recherche concentrée au-



tour des meilleures solutions dans ’espoir de trouver des positions optimales de capteurs qui
améliorent la couverture du RCSF. De plus, la procédure d’abandon de site renforce la capacité
de I’algorithme a sortir de 'optimum local lorsqu’il n’y a pas d’amélioration. Les performances
de 'IBA sont évaluées a ’aide d’'un nombre et d’un type de capteurs variés. Les études com-
paratives menées montrent que 'IBA offre de bons résultats de couverture et de bons schémas
de déploiement dans le cas de RCSF homogenes et hétérogenes.

La deuxieme contribution est une version étendue de la premiere, dans laquelle la consommation
d’énergie lors des mouvements du capteur est considérée. Les capteurs doivent passer de leurs
positions aléatoires initiales aux positions finales optimisées par l'algorithme d’optimisation.
Par conséquent, les emplacements finaux des capteurs doivent étre choisis avec soin afin de
réduire la distance de déplacement des capteurs, ce qui en retour réduit la quantité d’énergie
consommée lors du déplacement des capteurs. Pour atteindre cet objectif, nous avons pro-
posé une nouvelle technique de déploiement qui prend en compte la couverture et la durée de
vie du réseau lors de la planification du déploiement des capteurs. La technique proposée est
développée en hybridant deux algorithmes bio-inspirés a savoir le Bees Algorithm (BA) et le
Grasshopper Optimization Algorithm (GOA).

De nombreux algorithmes bio-inspirés tels que le BA rencontrent des difficultés lors de ’optimi-
sation d’un certain nombre de problemes. Par exemple, lorsque la dimension du probléeme est
élevée (comme dans le cas du déploiement de RCSF), ils échouent & produire des solutions
de haute qualité, ce qui les empéche d’atteindre des solutions approximatives de I'optimum
global. De plus, lorsque 'algorithme repose sur un degré plus élevé d’aléatoire comme BA,
les agents de recherche subiront des mouvements imprévisibles et a longue distance pendant
la recherche en raison du comportement aléatoire. Ce type de mouvement augmentera la dis-
tance de déplacement des capteurs, ce qui augmentera la quantité d’énergie épuisée lors du
déplacement des capteurs.

Pour pallier ces lacunes, nous avons intégré I’algorithme GOA en tant qu’opérateur dans la BA
afin d’améliorer I'exploitation et la précision de la recherche locale. La force de GOA réside
dans son haut niveau d’exploitation guidé par les interactions sociales entre tous les agents de
I’essaim, ce qui le rend idéal pour ’hybridation avec le BA. En hybridant les deux algorithmes,
notre stratégie a montré une amélioration remarquable en termes de couverture et de consom-
mation d’énergie et a prouvé qu’elle avait une excellente adaptabilité pour résoudre différents
problemes de déploiement.

La qualité de nos solutions est confirmée par les performances élevées enregistrées lors de la
comparaison avec les solutions récemment proposées dans la littérature. Les résultats présentés
montrent que les approches proposées offrent des performances significativement meilleures
dans tous les cas de test en termes de qualité de solution, de convergence et de stabilité, méme

lorsque le réseau est composé a la fois de capteurs mobiles et fixes.



ABSTRACT

Wireless Sensor Networks (WSNs) are a type of ad-hoc network technology that has been
around for more than two decades. WSNs typically consist of a number of dedicated sensors,
which are fundamentally low-cost, autonomous, resource-constrained devices organized into a
cooperative network to perform a common monitoring task. From their first appearance until
the present day, there has been a significant effort conducted by researchers to achieve a reliable
WSN design that can provide better Quality of Service (QoS) for a wide range of applications.
Deployment optimization is one of the crucial issues that must be taken into consideration while
designing an efficient WSN. What is meant by deployment optimization is that the sensors must
be placed in strategic locations that optimize one or multiple design criteria including, coverage,
connectivity, cost, and network lifetime.

In this thesis, we have addressed the problem of deployment by using bio-inspired algo-
rithms. We proposed two deployment solutions for optimally placing homogeneous and het-
erogeneous WSNs. The proposed bio-inspired solutions allow the relocation of network sensors
to locations that optimize coverage and energy efficiency. The first solution IBA achieves the
desired objectives by eliminating both coverage redundancy and coverage holes resulted af-
ter the random deployment of heterogeneous sensors. Whereas the second solution BAGOA,
which is developed by hybridizing two algorithms, namely the Bees Algorithm (BA) and the
Grasshopper Optimization Algorithm (GOA), achieves high coverage and ensures low mobility
during deployment in several deployment situations, even when the network is composed of
both mobile and stationary sensors. The effectiveness of the proposed solutions is confirmed
by the high performance recorded during the comparison with recently proposed solutions in
the literature. The presented results show that IBA and BAGOA provide significantly better

performance in all deployment test cases in terms of solution quality, convergence, and stability.

Keywords: WSN, Sensor deployment, Optimization, Bio-inspired algorithms, BA, GOA.



RESUME

Les réseaux de capteurs sans fil (RCSFs) sont un type de technologie de réseau ad hoc qui
existe depuis plus de deux décennies. Les RCSFs se composent généralement d un certain nom-
bre de capteurs dédiés, qui sont des dispositifs fondamentalement peu couteux, autonomes et
limités en ressources, organisés en un réseau coopératif pour effectuer une tache de surveillance
commune. Depuis leur premiere apparition jusqu’a nos jours, des efforts importants ont été
déployés par les chercheurs pour parvenir & une conception fiable qui peut fournir une meilleure
qualité de service (QoS) pour un large éventail d’applications. L’optimisation du déploiement
est 'un des enjeux cruciaux qui doit étre pris en considération lors de la conception d’un RCSF
efficace. L’optimisation du déploiement signifie que les capteurs doivent étre placés a des em-
placements stratégiques qui optimisent un ou plusieurs criteres de conception, notamment la
couverture, la connectivité, le cotit et la durée de vie du réseau.

Dans cette these, nous avons traité le probleme du déploiement en utilisant des algorithmes
bio-inspirés. Nous avons proposé deux solutions de déploiement pour placer de maniere opti-
male des RCSFs homogenes et hétérogenes. Les solutions bio-inspirées proposées permettent
de déplacer les capteurs du réseau vers des emplacements qui optimisent la couverture et effi-
cacité énergétique. La premiere solution IBA atteint les objectifs souhaités en éliminant a la
fois la redondance de couverture et les trous de couverture résultant du déploiement aléatoire
de capteurs hétérogenes. Alors que la seconde solution BAGOA, qui est développée en hybri-
dant deux algorithmes, & savoir Bees Algorithm (BA) et Grasshopper Optimization Algorithm
(GOA), atteint une couverture élevée et assure une faible mobilité pendant le déploiement dans
plusieurs situations, méme lorsque le réseau est composé a la fois de capteurs mobiles et fixes.
L’efficacité des solutions proposées est confirmée par la performance élevée enregistrée lors de la
comparaison avec les solutions récemment proposées dans la littérature. Les résultats présentés
montrent qu’IBA et BAGOA offrent des performances nettement meilleures dans tous les cas

de test de déploiement en termes de qualité de solution, de convergence et de stabilité.

Mots clés: RCSF, Déploiement des capteurs, Optimisation, Algorithmes Bio-inspirés, BA,
GOA.
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INTRODUCTION

Context

In recent years, there has been a worldwide interest in developing the so-called “next-
generation monitoring and control systems”. These systems are supposed to provide rapid data
collection with a minimum price. The continuous demand for such systems in several domains
has attracted the attention of researchers and industrial communities around the globe. This
interest triggers a remarkable technological development in the last few decades, especially
in Micro-Electro-Mechanical-Systems (MEMS) and wireless communications, which led to the
emergence of a successful solution in data monitoring called the sensor.

The proliferation in MEMS technology has facilitated the development of smart sensors with
a reduced size that has the capability to monitor large regions over the ground surface, un-
derwater, or in the atmosphere. Sensors are small devices with limited processing and power
resources. They rely on limited and sometimes unchangeable batteries to perform their tasks.
Due to these limitations, the sensor as an autonomous entity is not capable on its own to per-
form all the monitoring tasks such as sensing, transmitting, and relaying data, especially in large
geographical regions. Therefore, for efficient monitoring, it is feasible to deploy large numbers
of sensors that are organized in networks, in which they sense the surrounding environment and
cooperate in order to communicate the gathered information to the end-user through wireless
links. This type of cooperative network is known as the Wireless Sensor Network (WSN).

The origin of WSNs can be seen in military and heavy industrial applications. Specifically, the
first designed wireless network that resembles a modern WSN is the Sound Surveillance System
(SOSUS). It was developed by the United States Military in the 1950s to detect and track Soviet
submarines. SOSUS used submerged acoustic sensors distributed in the Atlantic and Pacific
oceans. Today, recent advances have combined to enable a new generation of WSNs that differ
greatly from wireless networks developed in the 1950s. Modern WSNs are becoming involved
in almost every field of life. Many real-world applications such as traffic surveillance, security
monitoring, health care, machine failure diagnoses, and environmental monitoring benefit from

the services provided by these networks.
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WSNs offer numerous advantages that make them dominant in remote monitoring, however,
several design problems must be addressed while implementing them. One important problem
that significantly affects many intrinsic performance criterions such as coverage, connectivity,
cost, and network lifetime, is the deployment problem. The deployment of wireless sensor net-
works is an essential step in constructing a robust network that is capable of satisfying the
design specifications. The aim of the deployment strategy is to define the topology of the net-
work i.e the number of sensors and their optimal locations. The word optimal here means the
choice of the most appropriate locations for sensors from a set of finite potential locations that
satisfy the user requirements. Therefore, the task of the deployment strategy is not a simple
choice of locations among many, but the ”best” choice of locations to place the sensors taking
into consideration all user requirements.

The optimal deployment of WSNs was defined as an NP-hard optimization problem in most
works in the literature. The complexity of the deployment problem arises from several aspects,
such as the constrained nature of sensors and the environmental conditions. When deploying
the WSN in a friendly environment, the sensors are placed at accurate coordinates using the
hands or robots relying on a predefined deterministic pattern. However, in unreachable or
risky environments, the deployment becomes a challenging task that requires tight planning.
Besides, optimizing conflicting objectives such as maximizing coverage and minimizing energy
consumption adds an additional layer of complexity to the deployment problem, which makes
deployment optimization a very critical issue. Exact resolution techniques are not preferable
when solving these types of problems where the computational time taken by the algorithms
increases exponentially with the problem dimension. As an alternative, metaheuristics, in par-
ticular, bio-inspired algorithms have been used for obtaining the optimal solutions of various

engineering design optimization problems.

Objectives

The main objective of this thesis is to solve the deployment problem of wireless sensor net-
works using bio-inspired algorithms. In our research, we have considered the deployment of
homogeneous WSNs where several sensors with the same characteristics are deployed. Further-
more, we have also considered the deployment of heterogeneous WSNs where multiple sensor
types with different characteristics are deployed. In the heterogeneous case, the sensors not only
differ in the sensing and communication ranges but also differ in the type of sensors where both
stationary and mobile sensors are considered. In this case, the deployment is much complex
compared with the deployment of homogeneous sensors because several problems arise, such as
coverage redundancy.

To achieve the aforementioned objectives, we propose several techniques based on bio-inspired
algorithms that aim to achieve the optimal deployment, or at least the best approximation of

the optimal. The ultimate goal of our research can be summarized as follows:

e Maximize the coverage of the targets in the predefined sensing area after initial random

deployment.
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e Ensure the minimum energy consumption through reducing the moving distance of sensors
during displacement from their initial random positions to their final positions optimized

by the algorithms.

Contributions

This thesis has been the subject of two contributions that we can summarize as follows:
The first contribution allows addressing the deployment of both homogeneous and heterogeneous
WSNs through maximizing the covered area. We have proposed a novel deployment strategy
for maximizing the area coverage after initial random scattering of sensors. Firstly, we have
given a mathematical formulation to measure the quality of coverage of targets as a function
of the distances between them and the sensors. Secondly, we have designed our strategy, which
is based on a bio-inspired algorithm, to provide optimal deployment patterns regardless of the
number of deployed sensors and their initial random locations. The proposed strategy ensures
high coverage quality and continuous monitoring of the area of interest through eliminating
coverage holes and coverage redundancy, especially in heterogeneous mobile WSNs. Moreover,
we designed our strategy to guarantee the choice of the appropriate positions for the sensors
despite their sensing ranges in a reasonable time. By achieving these objectives, our strategy
can be regarded as an efficient tool that helps end-users and system deciders in decision making
by collecting useful and accurate data.

In the second contribution, in addition to coverage, we were interested in the problem of
energy consumption. There are several techniques used for conserving the energy of sensors
while the WSN is operational. However, in order to save sensors’ energy during deployment,
the movement of sensors must be limited and strategically planned because the big portion of
sensors’ energy is depleted during movement. In our contribution, we present a solution for
reducing energy consumption during deployment through minimizing the moving distance of
sensors. For this purpose, we have designed a novel strategy by hybridizing two bio-inspired
algorithms for solving several deployment problems. We have started by solving deployment
problems with small sensing areas where several sensor densities are used. We next moved on
to solving deployment problems with large instances in larger sensing areas. Finally, we passed
on solving deployment problems of a mixed WSN, in which several mobile sensors are deployed

optimally to enhance the coverage of stationary sensors.

Manuscript organization

This thesis is organized as follows:
In chapter I, we begin by giving a general overview of wireless sensor networks. In this overview,

we highlight the different key elements of these networks, and we describe their various functions.

In chapter II, we focus on giving a detailed overview of combinatorial optimization problems
and their resolution techniques, namely, stochastic optimization. We will further present the

different classes of stochastic optimization, including heuristics, metaheuristics, nature-inspired
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algorithms, and bio-inspired algorithms.

Chapter III aims to introduce the deployment problem in wireless sensor networks and high-
light the most important objectives, which have a great impact on the performance of WSNs.
Besides, it provides a classification of the proposed deployment solutions with their advantages

and disadvantages.

Chapter IV presents our first contribution that aims to solve the deployment problem of homo-

geneous and heterogeneous wireless sensor networks by optimizing the coverage.

Chapter V presents our second contribution to the deployment problem. In this chapter, our
objective is to maximize the coverage and minimize the energy consumption during the dis-
placement of sensors. We start by presenting our new solution, and then we conduct a set of

comparative studies using several deployment situations and settings.

The thesis ends with a general conclusion and some potential future works.
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1.1 Introduction

Wireless networks have become an ubiquitous technology used by various applications
around the developed world. These networks offer a huge amount of services to people who
exploit them to improve their lives and works. Among these networks, Ad hoc wireless net-
works have emerged as a successful solution that penetrates the development market day after
day through introducing new advancements in many fields. A wireless ad hoc network is an
assemblage of devices called nodes, which cooperatively interconnect to form a functional net-
work. The nodes may be located in/on various things such as airplanes, ships, trucks, cars,
or even on people. The nodes are equipped with wireless antennas that support omnidirec-
tional (broadcast) and highly directional (point-to-point) communication for transmitting and
receiving signals. The main characteristic of an ad hoc network is that the nodes are capable
to communicate freely without any fixed infrastructure or centralized control [1]. Each node
is, therefore, plays the role of an access point and a host simultaneously. The wireless ad hoc
networks are differentiated from the other networks by the use of wireless links. The nodes used
to form an ad hoc network are generally constrained in terms of resources such as the trans-
mission range, which prevents them from communicating directly with each other. Therefore,
the nodes are required to collaborate in order to forward the information from the source to
the destination [2]. This can be achieved by ensuring that every two nodes have at least one
complete path between them directly or through other nodes in the network. Thus, the use of
multi-hop routes is a basic requirement in ad hoc networks for relaying packets towards their
final destination [3, 4].

There are several types of ad hoc networks, each of which is designed to serve the needs of a num-
ber of applications. The most popular type is Mobile Ad Hoc Network (MANET). MANET
is a gathering of autonomous mobile wireless nodes that are connected via multiple wireless
links. The nodes are capable to communicate in the absence of a fixed infrastructure. MANET
can be operated as a stand-alone network or may be connected to a large network such as the
internet. This property makes MANET a very attractive solution to various applications [5,
6]. Another frequently used network is called wireless mesh ad hoc network. A mesh network
is a multi-hop wireless network formed by a number of wireless nodes called mesh nodes or
mesh routers. The interconnection between them forms an ad hoc backbone structure for the
mesh network. Besides, some mesh nodes function as a wireless access point through which the
wireless clients attach themselves to the network. The main use of a wireless mesh network is to
extend the network coverage to support a greater number of nodes and maintain the required
end-to-end connectivity [7].

In addition to the two types presented above, there is another type of ad hoc network that groups
all the aforementioned characteristics. This special type is known as the Wireless Sensor Net-
work (WSN). WSN is considered a very successful solution employed by countless applications
that make use of its services in remote surveillance and data gathering. The rest of this chapter
will focus on giving a detailed overview of the wireless sensor networks and their architecture,
followed by a comprehensive review of their types, standards, and operating systems. In the
last two sections, we highlight the popular applications of WSNs as well as the different design

problems encountered during the implementation of these networks.
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I.2 Wireless Sensor Networks (WSNs)

In the age of information, the continuous demand for powerful systems that can provide
rapid data collection with the minimum price has attracted the attention of both academic
and industrial communities. This interest triggers remarkable technological development in
electronics and wireless telecommunications that has paved the way for the development of a
successful solution in data gathering, a small-sized electronic device called the sensor [8]. The
sensor is an autonomous entity associated with a battery as its energy source. Moreover, it has
the capability to sense the surroundings and collect useful data about the sensed phenomenon
[9]. These sensors are used in various applications to perform different tasks, such as smart
monitoring, data processing, data storage, data gathering, target tracking, and controlling.

A Wireless Sensor Network (WSN) is a particular type of ad hoc network that is composed of
a collection of sensors that varies from a few to thousands. These sensors are distributed in a
geographical region and organized into a cooperative network to perform the monitoring task.
Multiple environmental conditions can be monitored by WSNs including, sound, wind, pressure,
and humidity. Besides, WSNs have the capability to provide reliable monitoring for many real-
world applications such as traffic surveillance, security monitoring, health care, machine failure
diagnoses, and environmental monitoring. Sensors keep track of the events that take place in
their surroundings and communicate with each other to forward the gathered data to the sink
for processing [10]. After the recipient of the gathered data, the sink either uses the data locally
or forwards it through a gateway to other networks such as the Internet. Figure 1.1 shows the

general architecture of WSNs.

wh o T e
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Figure I.1: Wireless Sensor Network

As can be seen from Figure 1.1, a WSN comprises a large number of sensors that are placed
in a given geographical area. The sensors are required to cooperate to accomplish a common
task. The latter can be the surveillance of a battlefield in military applications, the surveillance
of a harsh environment, the surveillance of a car park, the surveillance of a forest, etc. Each
sensor deployed in a surveillance area must constantly monitor the surrounding environment

to detect the events and transmit the information about them to the sink using multi-hop
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communication.

1.2.1 Architecture of Wireless Sensor Node

The wireless sensor node relies on a set of components in order to perform its duties perfectly.
A sensor node consists of a sensing unit, processing unit, communication unit, and power unit.

Their different functions are outlined below [11]:

Power Unit

Battery

g

Processing Unit

Sensing Unit | Memory ! Communication Unit
R AR : i prommmmomemmmeneg i
i : ! | Microcontroller/ | | ; ] ;
! bensor o i = i | Microprocessor H '::): Radio i

Figure 1.2: The components of a sensor node

1.2.1.1 The sensing unit

It is composed of two components, the first one is the sensor, which is generally embedded
inside the node, and its primary mission is to collect the data about the events that take place
in the node’s surroundings. The second component is an analogue to digital converter (ADC),
which is responsible for converting the collected information by the sensor to a set of signals

that the processing unit can understand.

1.2.1.2 The processing unit

It usually consists of a limited storage unit used to store the data and a processing unit asso-
ciated with a microcontroller for data processing. This unit is considered the main component
of a sensor node because it links the sensing unit and the communication unit. In the processing
unit, the underlying operating system is responsible for delivering and receiving instructions
from the sensing and communication units through micro-device drivers. Besides, this unit
manages the activities that make the sensor collaborate with the other sensors to perform the

assigned sensing tasks.

1.2.1.3 The communication unit

It is responsible for connecting the sensor node to the wireless network. This unit manages
all the communications, where it receives the incoming signals from the other sensors and passes

them to the processing unit, and at the same time, it sends the outgoing signals via radio waves
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to the neighboring sensors. Several studies showed that the communication unit consumes a
big portion of sensors’ energy. Also, it is observed that the energy consumption will increase
more with the increase in the transmission distance. This is why WSNs use sensors with limited

transmission range to save energy.

1.2.1.4 The power unit

It is responsible for energy supply to all the aforementioned units. Without this unit, all
the other units will not operate, and all the functions of the sensor will fail. In general, wireless
sensors are equipped with a battery as an energy source. Once a sensor is deployed, the battery
will not be charged again or changed. However, in some cases, other power sources are used
to recharge the batteries, such as solar energy. The different components of a sensor and the

relations between them are illustrated in Figure I.2.

1.2.2 Types of nodes in WSNs

To perform the monitoring task, WSNs employ several devices, each of which is assigned a
specific job to accomplish such as, sensing data, relaying data, aggregating data, and transmit-
ting data for long distances. The different types of nodes are static sensor node, mobile sensor

node, a sink node, relay node, and cluster head node. Their characteristics are detailed below.

1.2.2.1 Static sensor node

The static sensor refers to the node that does not change its initial location during the
network lifetime. Static sensors generally operate in indoor and accessible environments, where
they are placed in exact locations by humans or using robots. The main drawback of using
static sensors is that they are not adaptive to the sudden changes that may occur in the network

topology, such as the failure of a sensor [12].

1.2.2.2 Mobile sensor node

The mobile sensor, as its name implies, has all the characteristics of a static sensor. Besides,
it has a valuable feature, which is the ability to change its location at any time. Mobile sensors
are useful in many situations. For instance, when the failure of a node causes the loss of network
connectivity, the mobile node can be moved to the failure location to accomplish the recovery
task [12].

1.2.2.3 Sink node

The sink node also referred to as the base station, is a special node with adequate resources.
The sink node is responsible for data collection, and sometimes it acts like a gateway to the
outside world [13]. There are two types of sink nodes: static sink and mobile sink. The static
sink is typically placed in a predetermined location in the sensing area. The sensors in the
network use multi-hop communication to forward the collected data to the static sink. On the
other hand, the mobile sink changes its position frequently, where it regularly visits all the

sensors in the network to collect the gathered data [14].
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1.2.2.4 Relay node

Relay nodes are another special type of nodes characterized by extra storage space and
powerful transceivers. Their main job is to forward data for long distances in large geographical
areas. By using relay nodes, the energy of a regular sensor is saved by concentrating it only on
sensing and gathering data rather than depleting it to forward the data gathered by the other

sensors [15].

1.2.2.5 Cluster head node

In some applications, the sensors are divided into multiple segments called clusters. In each
cluster, a special node is designated to collect and aggregate the data from the nodes within
the cluster, and then report the aggregated data to the sink. This special node is known as the
cluster head. The cluster head acts as a relay between the sensors and the sink. By making only
the cluster head communicate with the sink, the communication overhead is reduced because
the cluster head will handle all the communication between the sensors in the cluster and the
sink [16].

1.3 Wireless Sensor Network Architecture

Based on the WSN’s task and the environment, the wireless nodes are organized in a logical
structure known as the network architecture. The architecture defines a set of rules for the
sensing devices to follow. The rules help the devices to coordinate in order to gather and
transmit valuable data to the end-user. The WSN architectures are classified into four categories
as follows: flat architecture, clustered architecture, chain-based architecture, and tree-based

architecture.

1.3.1 Flat Architecture

Flat architecture also referred to as unstructured architecture is considered the first archi-
tecture used in the early wireless sensor networks. The main characteristic of flat architecture
is the absence of any defined structure, which makes the management of the WSN very easy.
In this architecture, the network is constructed by placing a number of homogeneous sensor
nodes that have the same capabilities and functionalities. Besides, all the sensors perform the
same sensing tasks except for the sink node, which is considered a special node with additional
resources [17]. Sensors can directly communicate with the sink to report the gathered data or
they can use multi-hop communication through passing the data from one node to the other
until it reaches the sink. The flat architecture is depicted in Figure I.3.

The use of flat architecture brings several advantages, such as a minimal overhead to maintain
the WSN’s infrastructure. Moreover, due to the unstructured nature of the topology, each
sensor broadcasts the sensed data to all the sensors that lie in its communication range. This
gives the sensor multiple routes to forward the data, which is beneficial for fault tolerance [18].
The main drawback of flat architecture is the fast depletion of energy because the nodes need to

broadcast data continuously. Another drawback that must be highlighted is that sometimes two
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Figure 1.3: Flat Architecture

or more sensors will receive duplicate information from others covering the same area, which

results in reporting repeated data to the sink.

1.3.2 Clustered Architecture

In contrast to flat architecture that is characterized by the absence of any defined structure,
clustered architecture is a special type of network topology that imposes a structure on the
WSN. In clustered architecture, the network is formed by a number of heterogeneous sensor
nodes with varying capabilities and functionalities. These sensors are divided into several
groups called clusters, where each cluster consists of several normal nodes, in addition to a
more expensive node with more powerful resources as their leader. The leader node is called
the Cluster Head (CH), its main task is to collect and aggregate the data from the nodes within
the cluster and then report the aggregated data to the sink directly or via other cluster heads.
In a cluster-based structure, the interconnection between the cluster heads forms the backbone
of the WSN through which the data is forwarded to the sink node [19]. The cluster-based
architecture is shown in Figure 1.4.

A clustered network architecture has several advantages, including low communication latency,
data fusion, secure data communication, collision avoidance, and energy efficiency. Furthermore,
the clustered architecture is used as a solution to scale down the large sensor networks that are
organized in flat architecture to make the network operations more efficient [19].

The weakness of the clustered architecture is the fast depletion of the energy of cluster heads
because all the communications with the sink are handled by them. This will increase the
consumption rate of their energy, making it depleted sooner than the energy of the other nodes
[20].



CHAPTER I. WIRELESS SENSOR NETWORKS

28

% v

Q Cluster Head

Figure 1.4: Clustered Architecture

1.3.3 Chain-based Architecture

In chain-based architecture, the sensors are connected to each other forming a chain struc-
ture. Each sensor in the chain transmits data only to its direct neighbors. In each chain, a
sensor node is selected to be the chain leader. It is responsible to aggregate the data received
from the sensors in the chain and then transmits the aggregated data to the sink node. When
a sensor in the chain wants to transmit data, it sends it to the nearest neighbor, then, the data
is forwarded from the neighbor to another sensor, which in turn sends it to its neighbor and so
on until it reaches the chain leader. This architecture is suitable for applications that monitor
bridges, utility pipelines, or railways [21]. The chain-based architecture is depicted in Figure
1.5.

(\7 ) Chain leader

Figure 1.5: Chain-based Architecture

Generally, in chain-based architecture, the sensor starts by selecting its nearest neighbor before
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it sends data. To do this, a sensor uses the signal strength to measure the distance between
him and his neighbors. Based on the calculated distance, the sensor adjusts the signal strength
so that only the closest neighbor will receive the signals. This mechanism will save the sensor’s
energy because each node selects the path with the minimum distance to send data [18].

The critical issue facing the use of chain-based architecture is that once a sensor in the chain

fails, the whole chain will stop working [22].

1.3.4 Tree-based Architecture

The key idea behind the tree architecture is to organize the sensors in a layered logical tree
structure. Each sensor in the middle layers is called a non-leaf node, and it has a set of children
directly connected to it. The sensor nodes located in the lower layer are called leaf nodes. These
nodes have parents but do not have any children. The sensor located in the high layer (the root
of the tree) is called the leader node. Similar to the chain architecture, the responsibility of
the leader is to aggregate the data received from the sensors in the tree and then transmit the
aggregated data to the sink node. The flow of data starts from the sender and goes up layer
after layer until it reaches the leader. When a non-leaf node receives data from its children, it
forwards it to its parent until it reaches the leader [23]. Upon receiving data from one of its
children, if the parent node has another data to send, the parent will aggregate the original
data with its own data and then forward it to the next layer. The tree architecture is illustrated

in Figure L.6.

Data Flow Path

( / Leader node (root)

Figure 1.6: Tree-based Architecture

The main drawback of the tree architecture is the non-uniformity of energy consumption of
sensors in the network. The energy of the non-leaf sensors is depleted faster than the energy
of the leaf nodes. The reason behind this imbalance is that the energy of the non-leaf sensors

decreases rapidly due to extensive transmission of the data coming from the lower layers [24].
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I.4 WSNs characteristics

Wireless sensor networks have a set of unique characteristics that we cannot find in the

other types of networks. Their main characteristics are as follows [25, 26]:

e Cooperative operation : the nodes engaged in forming the wireless sensor network
collaborate to forward packets to their ultimate destination, where every node in a com-

munication path between two nodes behaves like a relay.

e Dynamic network topology : the physical topology of the wireless sensor network is
frequently changing due to the movement of nodes. The connected nodes can freely leave
the network, and new nodes may join the network anytime. In addition, the next hop of
each node is determined dynamically based on the new network topology. At any change,

the routing tables of nodes are altered to consider the new updates.

e Flexibility : wireless sensor networks are characterized by the fast and easy integration
of new nodes into the network. Moreover, they are capable of serving a suddenly increased

number of nodes without any outside intervention or a modification in the installation.

e Mobility : unlike wired networks that force the nodes to stay in one location, wireless
sensor networks give the nodes freedom in the movement without losing the connectivity

as long as they stay in the communication range of at least one connected node.

e Cost-effective : wireless sensor networks are cost-effective solutions because they do
not use any kind of wired links between the nodes. The absence of wires decreases the

network cost to a minimum value. Besides, no maintenance cost is needed.

e Scalability : wireless sensor networks vary in scale from several nodes to potentially

several hundred or even a thousand in large networks.

I.5 Types of WSNs

In the early days after the emergence of WSNs, the typical use of WSNs was limited to
terrestrial applications where the sensors are placed on the land to collect data. This type of
network is known as terrestrial WSN. Currently, WSNs are also installed in other environments
including, underground and underwater. Depending on the application, we can differentiate be-
tween five types of WSNs: terrestrial WSN, underground WSN, underwater WSN, multimedia
WSN, and mobile WSN. Figure 1.7 shows the different WSN types.

I.5.1 Terrestrial WSNs

Terrestrial WSNs consist of several sensor nodes that typically varies from a few to thou-
sands. These sensors are placed above the ground either deterministically by relying on a
predefined plan or randomly where they are generally scattered from planes over the sensing
area. Random placement is used to place the sensors in harsh environments in which survival is

difficult or impossible. The main issue facing terrestrial WSNs is energy conservation because
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the wireless sensors use batteries for power supply, which is considered a limited energy source.
To alleviate this issue, many applications place terrestrial sensor nodes that are equipped with a
secondary power source such as solar cells. Moreover, multiple design solutions are proposed to
conserve the energy of terrestrial WSNs including, multi-hop routing, short transmission range,
eliminating data redundancy, and minimizing delays. Terrestrial WSNs are used in many fields

including, environmental monitoring, industrial monitoring, and surface explorations [27]. An
example of terrestrial WSN is shown in Figure 1.8.
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Figure 1.8: Terrestrial WSNs
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I.5.2 Underground WSNs

Underground WSNs are composed of a collection of sensors that are typically buried in the
soil or placed in inaccessible regions underground such as caves. Therefore, the entire network
is installed underground, except for one or more wireless sensors that are located above ground
to transmit information from the WSN to the sink node. The sensors installed in underground
WSNs are known for their high cost compared with those used in terrestrial WSNs. The use
of expensive wireless sensors is a basic requirement in underground WSNs because the ground
contents such as soil, rocks, water, and other solid contents make wireless communication a
difficult task and lead to signal losses due to the high levels of attenuation. The problem of
energy is always present even in underground WSNs. This problem is more critical in this type
of WSNs because, in contrast to terrestrial WSNs, the sensor battery cannot be charged, and
replacing it becomes a very difficult task. There are several applications of underground WSNs,
such as agriculture monitoring, underground structural monitoring, underground environment
monitoring, and military border monitoring [27, 28]. An example of underground WSN is shown

in Figure I1.9.
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Figure 1.9: Underground WSNs

1.5.3 Underwater WSNs

In underwater WSNs, a limited number of expensive sensor nodes is sparsely placed in un-
derwater environments such as seas, lakes, and oceans. This type of network is an interesting
research field due to the difficulties encountered while designing the network. The first issue fac-
ing the design of underwater WSNs is energy conservation because the sensors’ batteries cannot
be replaced or recharged. The second issue is related to underwater wireless communication. In
general, underwater wireless communications are established through the transmission of acous-
tic waves. However, it is observed that the acoustic waves are heavily attenuated and altered in
water, especially when traveling for long distances. As an alternative, optical communication
in green/blue wavelengths is used for transmitting data. Compared to acoustic waves, optical

communication offers high band communication and faster propagation in water but only for
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small distances. Underwater WSNs are used for pollution monitoring, undersea surveillance,

and disaster prevention [29]. An example of underwater WSN is depicted in Figure 1.10.
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Figure 1.10: Underwater WSNs

1.5.4 Multimedia WSNs

Multimedia WSNs are an assemblage of sensors that communicate wirelessly to report data
in the form of multimedia such as video, audio, and images. Multimedia WSN usually con-
sists of tiny and low-cost sensors equipped with cameras and microphones. These sensors are
deterministically placed at accurate locations that enable them to monitor the events or track
targets. Having a higher bandwidth is a requirement in multimedia WSNs because the trans-
mitted content including, images and video stream requires sufficient bandwidth to be delivered.
Furthermore, the delivered multimedia content should have a high quality in order to extract
useful data from it. Therefore, good quality of service is another requirement in multimedia
WSNs. However, the fulfillment of these requirements imposes additional costs where the energy
consumption becomes very high in this type of WSNs. Multimedia WSNs are very useful for
target tracking, habitation monitoring, traffic management systems, and ecological monitoring

[30]. An example of multimedia WSN is shown in Figure I.11.

1.5.5 Mobile WSNs

The mobile WSNs are the most popular networks among all the previously mentioned WSNs.
Mobile WSN is a collection of mobile sensors that can autonomously move and reorganize the
network. Mobility is the main characteristic of mobile sensors that enable them to change their
positions anytime during the network lifetime. Generally, the mobile sensors are initially placed
at random, and then they spread out and organize themselves into a cooperative network to
perform the monitoring task. The mobility feature enables the sensors to respond quickly to
any sudden topology changes which may occur due to the failure of one or more sensors. Mobile

WSN is typically used when monitoring an inaccessible area or in harsh environments. The
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Figure 1.11: Multimedia WSNs

applications of such networks are numerous, including the following: meteorology, environment
monitoring, infrastructure protection, target tracking, and tactical military surveillance [31,
32]. An example of mobile WSN is illustrated in Figure 1.12.
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Figure 1.12: Mobile WSNs

1.6 Wireless sensor networks protocol stack

The constrained nature of sensors must be taken into consideration when designing the
communication protocols for wireless sensor networks. The protocol stack that was developed
for conventional computer communication networks cannot be used directly for WSNs due to
several reasons including, the dynamic nature of WSNs, the absence of IP addresses in WSNs,
and the limited energy sources of WSNs. Therefore, the design of a reliable protocol stack is
important for supporting the various requirements of WSN applications. The protocol stack
in WSNs consists of the application layer, the transport layer, the network layer, the data link
layer, and the physical layer. The functionalities of each layer in the WSN protocol stack shown

in Figure 1.13 are reviewed below.
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I.6.1 Application Layer

The application layer supports the different application services and offers several manage-
ment functionalities for the WSN system administrators. These functionalities include synchro-
nizing the time of sensors, moving sensors, turning sensors on and off, and viewing the status
of sensors. Besides, several techniques are performed in the application layer, such as data

aggregation, data fusion, and appending a timestamp to the data [33].

1.6.2 Transport layer

The transport layer is composed of several protocols that run over the network layer in
order to enable end-to-end message transmission from a given source node to a destination
node. Each protocol that runs in the transport layer has to ensure data reliability, packet loss
recovery, congestion control, and delivering the packet in the same order. Moreover, the protocol
should be designed to support multiple applications. This can be achieved by developing generic
protocols that are independent of any specific application. While designing the protocol, the

following concerns must be addressed [27]:

e Data reliability and loss recovery: the protocol has to ensure the successful trans-
mission of all the packets. Packet loss is inevitable in wireless communications due to
several reasons including, poor radio communication, packet collision, node failures, and
congestion. Minimizing packet loss is considered a requirement because frequent packet
loss degrades the quality of service (QoS) and result in fast depletion of energy. Therefore,

immediate loss detection will speed up packet recovery, which in turn prevents the waste
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of energy.

e Same order delivery: due to the node mobility and congestion, packets arrival encoun-
ters varied time delays, which results in the packets being delivered out of order. The

packets have to be delivered in the same order to guarantee data integrity.

e Congestion control: congestion control is a crucial issue in WSNs that requires special
attention due to its influence on the QoS and energy consumption. Congestion is usually
caused by two reasons. The first one happens at the node level, in which the packet arrival
rate exceeds the memory capacity and results in a buffer overflow, which forces the node
to drop the packet that will arrive next. This problem is usually encountered at the nodes
that are located close to the sink because they handle almost all-upcoming traffic to the
sink. The second one is related to the wireless channel conditions, and it is caused by
multiple factors such as contention and interference. The protocols that operate at the

transport layer must have a set of mechanisms to avoid or control congestion.

The literature provides multiple protocols that operate in the transport layer including, Sensor
Transmission Control Protocol (STCP), Price-oriented Reliable Transport Protocol (PORT),
and GARUDA.

1.6.3 Network layer

The main task of the network layer is data routing across the network. This layer handles
the routing of the data provided by the transport layer. The network layer decides which
sensor node to talk to next to forward the data to the sink. The network layer relies on a set
of routing protocols to accomplish its task. In contrast to the traditional routing protocols,
the protocols used in WSNs are not IP-based protocols because sensors do not have Internet
Protocol (IP) addresses. The routing protocols in WSNs have to take into consideration the
constrained nature of WSNs. The limited energy, the limited communication bandwidth, the
limited memory, and the limited computation capability of sensors must be taken into account
while designing routing protocols [27].

Due to the absence of TP addresses in WSNs, one commonly used strategy to route the data is
flooding. The principle of flooding is simple, upon receiving data, if the max hop lifetime of the
data has not been reached and the receiving node is not the destination; the data is transmitted
by broadcasting it to all the neighbors. Although the flooding provides a simple way to transmit

data with no costly complex route discovery, it suffers from critical shortcomings including [33]:

e The transmission of repeated data: the destination node will receive many copies of

the same data, especially when it has a large number of neighbors.

e Energy wastage: flooding results in fast depletion of energy due to the useless repeated

transmission of data.

To overcome these shortcomings, another strategy called gossiping is used to route data across
the network. In gossiping, upon receiving data, a sensor node chooses a random node from its

neighbors and forwards the data to it. Gossiping routing algorithm avoids the transmission of
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repeated data, however, it suffers from a considerable delay while routing data to the destina-
tion.

The existing routing protocols in WSNs are more sophisticated than flooding and gossiping.
These protocols consider the constrained nature of WSNs and can handle the routing of data
using limited resources. The network layer protocols include but are not limited to Anchor
Location Service (ALS) protocol, Secure Routing (SecRout) protocol, and Secure Cell Relay
(SCR) protocol.

I.6.4 Data link layer

The principal mission of the data link layer is data transfer between two sensor nodes that

share the same wireless link. Actually, this mission is handled by a sub-layer called the Medium
Access Control (MAC), which relies on a set of protocols to ensure the successful transmission
of data. The protocols that operate in the MAC layer have to handle the establishment of
communication between the source and destination. The destination is sometimes thousands
of nodes rather than one. Therefore, the protocols have to adapt to the scalable nature of
WSNs. Furthermore, since nodes share the same link, a fair share of communication resources
between the nodes is needed. The MAC protocol has to coordinate the link access among
competing sensors in order to avoid collisions and minimize the number of retransmissions.
This contributes to saving the energy of sensors and reducing data loss. In addition, the MAC
layer performs more tasks including, frame synchronization, bandwidth utilization control, flow
control, and error control [34].
In general, the protocols in the link layer should enhance the quality through maximizing
network throughput, enhancing transmission reliability, and most importantly conserving the
energy of sensors. Some of the existing data link layer protocols include TRaffic-Adaptive
Medium Access protocol (TRAMA), Berkeley Media Access Control (B-MAC) protocol, Low
power reservation-based MAC protocol, and Low power distributed MAC protocol.

1.6.5 Physical layer

The physical layer consists of a set of transmission technologies that are responsible for
sending bit streams over the wireless link. In addition, in cooperation with the MAC layer, it
performs frequency selection, modulation, channel encoding, and error detection and correction.
All these tasks should be performed in an energy-efficient manner to prolong the network
lifetime. The energy is mainly used in this layer to supply the radio circuitry with power and for
transmitting data bit streams over the wireless channel. Regarding radio circuitry, their energy
consumption is fixed. On the other hand, the energy consumed to transmit the bit streams
can vary based on several factors including, channel loss and interference. The channel loss is
affected by many transmission parameters such as modulation method, transmission power, and
transmission distance. Among the three parameters, the transmission power and modulation
method are the important parameters that must be chosen properly. Transmission distance also
has an effect on energy consumption, however, WSN generally uses multi-hop routing, which

allows the sensors to conserve energy through transmitting data for short distances from one
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node to another until it reaches the sink. Regarding the two other parameters, firstly, there
is a tradeoff between transmission power and error. When the transmission power increases,
the probability of error decreases, which in return contributes to decreasing the amount of
energy consumed during retransmission of the loosed data. Secondly, the modulation method
is another parameter that a network designer can adjust. Due to the use of wireless transmission
channels, modulation methods are needed to transmit bit streams over a wireless channel. The
choice of a proper modulation method can increase the success probability when transmitting
data and minimizes the energy consumption during the transmission. The existing modulation
methods include binary modulation, Multi-Frequency Shift Keying modulation (M-FSK), and
Multi-Phase Shift Keying modulation (M-PSK) [27, 35].

1.6.6 Cross-Layer design for WSNs

As explained above, each layer in the protocol stack performs its responsibilities indepen-
dently, with little or no communication with the other layers. The cross-layer design allows
communication between protocols belonging to different layers, which gives them the ability to
exchange information and cooperate to achieve a common optimization objective. Therefore,
in cross-layer design, the parameters, status, and other information are shared between the
layers without breaking the five-layer structure of the protocol stack. The objectives of the
cross-layer design include reduction of energy consumption, the guarantee of QoS constraints,
mobility, security, and efficient routing. Taking QoS as an example, the application layer can
define the QoS criteria, and all lower layers have to follow and ensure the fulfillment of the
defined QoS. Moreover, the network layer can utilize the information supplied by the transport
layer regarding congestion and channel status information from the physical layer to choose the
best route for optimizing energy consumption. Therefore, the cross-layer design improves the

overall performance of the WSN by allowing coordination between the different layers [36, 37].

1.7 Wireless Sensor Networks Standards

In the last few decades, several communication wireless standards have been developed,
taking into account the WSN’s constraints, such as energy and cost. These standards consist
of a set of functions and protocols that work together to provide reliable communication envi-
ronments for WSNs. Some of these standards are IEEE 802.15.4, ZigBee, WirelessHART, and

Wibree. In the following paragraphs, we will give a detailed description of these standards.

I.7.1 IEEE 802.15.4

IEEE 802.15.4 is a standard developed under the standardized low rate wireless person-
nel area network (LRWPANSs) concept that aims to standardize the communication protocols
and eliminate the need for proprietary technologies that are often designed for specific appli-
cations. IEEE 802.15.4 standard is characterized by maintaining a low level of complexity, low
deployment cost, and extremely low power consumption during wireless communications. IEEE

802.15.4 is dedicated to applications that only require short-range communications between 10



CHAPTER I. WIRELESS SENSOR NETWORKS

39

and 20 meters. The use of a short communication range helps to conserve the battery lifetime,
which allow the sensors to remain functional for a longer time. IEEE 802.15.4 is designed to
operate in both low and high-frequency bands. The low-frequency bands are 868 MHz that was
specified to operate in Europe and the 915 MHz band that operates in North America. Unlike
low bands, the high-frequency band spans from 2.4 to 2.483 GHz, and it is used worldwide. The
sensing devices that implement IEEE 802.15.4 standard are formed either in a star topology or
peer-to-peer topology. In the star topology, all the communications between the sensing devices
are passed by a central device, which acts as a coordinator that manages all the star communi-
cations. The peer-to-peer topology allows the formation of ad-hoc and self-organizing WSNs,
in which a sensing device can communicate with all other devices that are located within its
communication range. The MAC sub-layer in IEEE 802.15.4 controls the access to the physical
channel and provides a set of services include frame delivery, frame validation, and network

synchronization [38].

1.7.2 ZigBee

ZigBee is a global wireless communication standard that provides to a variety of applications
a set of features such as cost-efficient network design, effective short communications, low
power consumption, and simple implementation. ZigBee is considered an extension of the
IEEE 802.15.4 standard because it is built on the defined standards by IEEE 802.15.4 for both
the physical and the MAC layers. ZigBee defines the standards and functionalities for the
upper layers that are not considered by the IEEE 802.15.4. ZigBee gives more scalability to the
network compared with IEEE 802.15.4 because ZigBee can have up to 653356 connected devices.
Furthermore, the communication range of each device can reach 50 meters. Therefore, the
ZigBee technology allows the formation of very big WSNs. Generally, the ZigBee devices utilize
multi-hop communication in order to forward the data across the big network. Besides, ZigBee
uses direct sequence spread spectrum (DSSS) modulation to provide reliable data transmission
services. The ZigBee networks are formed in mesh, star, or cluster tree structures. The ZigBee
tree topology is composed of three types of devices: the coordinator, the router, and ordinary
devices. The coordinator is a special device used as a gateway to the outside, it manages network
nodes, and sometimes it acts as a bridge to other networks. The routers are intermediate devices
that are responsible for relaying data in the network. They are also used to extend the network
over a large geographical area. The ordinary devices are sensors equipped with low-power
batteries and designed with high energy-saving capabilities. Zigbee caught the attention of a
wide range of applications including, commercial applications, industrial applications, and even

governmental organizations [39, 40].

1.7.3 WirelessHART

WirelessHART is a communication standard mainly designed for process measurement in
industrial applications. Although the other wireless standards such as ZigBee are considered a
feasible solution for many applications, they cannot meet the stringent requirements of indus-

trial applications. WirelessHART is designed to be easy to deploy, reliable, secure, scalable,
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and energy-efficient. The WirelessHART physical layer is mostly based on the IEEE 802.15.4
standard specifications. WirelessHART operates at a 2.4GHz band with a data rate of up to 250
kbits/s. Also, it utilizes TDMA technology to avoid collisions and employs the channel-hopping
strategy for choosing the channels that are free of interferences. WirelessHART networks are
generally formed in a mesh topology to provide multiple paths for routing data in environments
that contain physical obstacles and high interference. Security is an important feature provided
by WirelessHART. The transport and network layers provide end-to-end secure communica-
tion using encryption, authentication, and key management. In the WirelessHART network,
several types of devices are deployed each of which is responsible for performing a specific
task. The first type is called field devices, they are wireless devices attached to the plant or
process equipment. Handhelds are portable WirelessHART devices used for the installation,
configuration, diagnostics, and maintenance of all kinds of WirelessHART devices. Gateways
are similar to the access points, they are used to connect host applications with WirelessHART
network devices. Finally, the network manager is a centralized device responsible for scheduling
resources, managing communications, managing routing tables, and configuring/reconfiguring
the network [41, 42].

1.7.4 Wibree

Webree is a communication technology that resembles Bluetooth technology because it was
originally adapted from the Bluetooth specification. Webree technology operates in the 2.4
GHz band spectrum with a data rate of up to 1 Mbps. Wibree is designed to operate with
a transmission range not exceeding 10m. Wibree can work alone or together with Bluetooth,
therefore, there is no need to install an extra antenna in the devices because one antenna
is sufficient for both technologies. This feature contributes to minimizing the network cost.
In addition, compared to all other technologies, Webree offers ultra-low power consumption
in both active and idle modes. This helps in maintaining the lifetime of batteries up to 2
years. Wibree offers a reliable point-to-point and multi-point data transfer with advanced
encryption functionalities for several devices including, watches, wireless keyboards, mobile
phones, multimedia computers, and PCs. Webree technology is used in many applications

include sports, healthcare, and mobile and PC accessories [43].

1.8 Operating systems for WSNs

The operating systems of WSNs are designed to operate in the constrained environment
of sensors, which is limited in terms of memory, computational power, and energy. The lit-
erature provides several operating systems, each of which has a unique design structure and
multiple capabilities that enable it to support most of the WSNs applications. In the following
paragraphs, we will give an overview of the most popular WSN operating systems, and we will

highlight their major design characteristics.
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I.8.1 TinyOS

TinyOS is an operating system designed by taking into consideration the limitations and
constraints of sensors. TinyOS is an open source and flexible system with a tiny size not
exceeding 400 bytes. TinyOS is composed of a set of components that are assembled to form
an application-specific system for WSNs. TinyOS is a flexible system that falls under the
monolithic architecture class. In this class, a set of components are assembled based on the
application requirements. Each component in TinyOS is an independent computational entity
that is designed to perform a specific task. TinyOS is implemented using the NesC language.
TinyOS supports the lightweight concurrency model and multi-threading, in which concurrent
programs are executed using very low memory. Components in TinyOS are expressed in three
computational abstractions namely: commands, events, and tasks. The commands and events
are mechanisms mainly used for inter-component communication. For instance, a command
can be used to request a service from a component, and the event can be used as a signal
that indicates the completion of that service. TinyOS make use of tasks to express intra-
component concurrency. The operating system provides a multi-hop communication protocol
called TYMO, which is designed based on a routing protocol used in mobile ad hoc called
DYMO. In addition, TinyOS provides multiple services and features including, a specific file
system, distributed services, sensor drivers, database services, security services, and the support

of multiple sensing platforms [44].

1.8.2 Contiki

Contiki is a lightweight operating system that offers a rich execution environment for devices
with limited resources. Contiki is a highly portable operating system codified using the C
programming language. In contrast to TinyOS, Contiki is built following modular architecture.
Contiki is composed of the kernel, a set of libraries, the program loader, and a set of application
programs and services. In Contiki, all communications go through the kernel, which acts as
an intermediate layer that allows drivers and applications to communicate directly with the
hardware components. In addition, the kernel operates using the event-driven model, where an
event scheduler is employed to dispatch events to running applications. Contiki supports multi-
threading but in a different way called preemptive multi-threading. The Contiki multi-threading
is implemented as a library that can be linked with application programs that require multi-
threading. Contiki uses a simple method for scheduling where the incoming events are fired to
the target application as they arrive. Contiki comes with a set of communication protocols that
allows applications to communicate easily. Besides, it provides a layered protocol stack called
Rime that supports single-hop unicast, single-hop broadcast, and multi-hop communication.
Contiki also supports dynamic memory management, security services, simulation services, and

multiple sensing platforms [45].

1.8.3 MANTIS OS

MANTIS OS is another lightweight open source operating system designated for WSNs.

MANTIS is an abbreviation for MultimodAl system for NeTworks of In-situ wireless Sensors.
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MANTIS OS also called MOS, is an easy-to-use and energy-efficient operating system written
in the C programming language. The main components of MOS are the kernel, the scheduler,
system APIs, and the network stack. The size of all these components does not exceed 500
bytes. MOS is designed using the layered architectural design where each layer represents a
service provided by the MOS. MOS provides a convenient environment for creating, testing,
and debugging WSN applications. Besides, MOS is a flexible and expandable OS that supports
multiple features including, dynamic reprogramming of sensors, remote debugging of sensors,
and multimodal prototyping. MOS is a multi-threading OS designed to use a priority-based
scheduling mechanism similar to that found in classical UNIX systems. In addition, binary
mutexes and counting semaphores are implemented in MOS to avoid race conditions and allow
safe resource sharing. In MOS, the layers of the network protocol stack are separated into
two parts. The first part consists of the network, transport, and application layers. These
layers are implemented in user space to provide more flexibility. The second part contains the
implementation of the MAC and physical layers, which have been merged into a single layer
called the COMM layer. The main task of the COMM layer is to provide a unified interface
for communication with device drivers. MOS provides a set of additional features including,
application development in the C language, WSN simulation, and implementation of a Unix-like
shell [46].

For further information about other WSN operating systems including, Nano-RK OS and
LiteOS, please refer to the following reference [45].

1.9 WSNs applications

WSNs provide numerous features that made it the focus of attention of several applica-
tions. Due to these features, WSNs became a modern technology currently installed to perform
multiple tasks in several domains. In the following paragraphs, some of the popular WSNs

applications including, military, environment, health, and industry, are reviewed in detail.

1.9.1 Military applications

Military operations are the main reason behind the emergence and the development of
wireless sensor networks. WSNs are considered an excellent surveillance tool for military appli-
cations that assists the military in performing several operations including, intrusion detection,
battlefield surveillance, and force protection. A popular use of WSNs is to detect intrusion in
a secret military area. Sensors are placed in strategic locations inside the area or in the area
borders to sense the environment and alarm the military in case of an intrusion. Another use
of WSNs is to monitor the battlefield during the war. Critical regions and points can be closely
monitored using sensors to help the military in decision-making and organizing counterattacks
by using the collected information about the enemy activities inside that area. Force protection
is another important task in military applications that relies on sensors to protect the lives of
soldiers. Soldiers can wear the sensors in order to enable the military base station to track their
vital functions and detect states of serious distress or risks of fatality. In real applications, a

counter-sniper system is developed to detect and locate the positions of shooters (see Figure
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I.14). In this system, acoustic sensors are installed to detect the acoustic shock wave that
originates from the sound of gunfire. Each sensor that detects the acoustic wave forwards the
data to the sink. Then, the sink uses all the incoming data about the acoustic waves and the

trajectory of the bullet to guess the location of the shooter [10, 47].

Shooter o Base Station
(o] O
Application o |
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Operating System Sensors »
Hardware © o

Figure 1.14: System architecture in the counter-sniper application.

1.9.2 Environment monitoring applications

WSNs are at the top of the preferred technologies used in several environmental monitoring
applications. These monitoring applications typically require real-time measurements of several
parameters including, wind, humidity, temperature, and water level, to enable the user to react
in order to avoid the numerous losses caused by inaccurate or late measurements. Environmen-
tal monitoring applications are numerous in both indoor and outdoor environments. Habitat
monitoring is an important task in environment monitoring that enables us to avoid disasters
that destabilize the ecosystem as a whole. Ecological disturbances are generally caused by
pollution. WSNs are extensively used in habitat monitoring to avoid the negative impacts of
pollution by sending alerts in case of any ecological disturbance spotted in animals or plants.
Furthermore, WSNs are employed to provide a real-time monitoring for agricultural chambers
that are also known as greenhouses. The main objective in greenhouses is to adjust the levels
of temperature and humidity to proper levels. WSNs are deployed in greenhouses where the
sensors are placed at accurate locations to allow a rapid intervention in case the temperature
and humidity levels drop below the threshold value. The sensors send alerts to turn on fans
and other systems in order to smoothly adjust the different measurement levels. Another use
of WSNs is to prevent natural disasters such as forest fires. The rapid climate change causes
the temperature to reach high levels in many places around the world. This abnormal change
causes huge forest fires that destroy both animals and plants. WSNs are used as forest fire
prevention systems that are capable to provide real-time monitoring to several measurements
in order to make quick estimations of fire danger and inform the authorities [48]. Figure 1.15

shows a wireless sensor network used for detecting fires in forests.
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User

Figure 1.15: WSN architecture for forest fire detection.

1.9.3 Healthcare applications

The various features offered by WSNs prompted their use in healthcare systems. Nowadays,
a special type of WSNs that consists of tiny sensors having little power is used to monitor health
conditions. This type of WSNs is called Wireless Body Sensor Networks (WBSNs). WBSN is
composed of wearable tiny sensors embedded in hardware. WBSN monitors the patients’ health
conditions such as the heartbeat rate, temperature, stress level, and oxygen level and then sends
the collected data to the end-user, which is typically a physician (see Figure 1.16). Based on
the reported data, if the physician spots an abnormal condition, the patient will receive proper
treatment before the condition get worsens. WBSN is also used in home assisting systems
that are designed for patients. The home assisting systems are utilized to provide personalized
medical care assistance for those patients that do not need to stay in the hospital, but still,
their health conditions must be monitored. In these systems, the sensors are placed on the
body of the patient or in its vicinity in order to record their daily activities. In case of any kind
of health crisis, alerting messages are automatically sent to the doctor. For patients that are
in critical condition, WSNs are installed in healthcare facilities to provide real-time monitoring
for hospitalized patients. WSNs send emergency alerts when the patient’s health deteriorates

in order to allow doctors and nurses to respond quickly [49].

1.9.4 Industrial Applications

The domain of industrial applications is considered an area of interest where WSNs are
applied. Many industrial systems rely on WSNs for monitoring and controlling various pa-
rameters in order to acquire better handling capabilities of problems. Industrial systems are
numerous, and in all of them, the WSNs can be installed to perform primary or secondary
tasks. One essential use of WSNs is in safety systems where immediate action is required in
order to enable the system administrators to react faster in case of problems. In these systems,
the sensors are placed at predetermined locations that enable them to cover the entire area of

concern. Sensors monitor some measurements and send alerts when an abnormal situation is
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Figure 1.16: Architecture of WBSNs in a medical healthcare system.

spotted. An example of such systems is fire alarm systems. WSNs are also utilized to regulate
the industrial systems by periodically sending measurements to special equipment called the
controller. The reported measurements assist the controller in making decisions and ensure a
smooth operation of the system in normal and abnormal situations (see Figure 1.17). In addi-
tion, WSNs are installed in massive facilities to examine the performance of various types of
industrial equipment. This domain is called machinery health surveillance. Sensors are used
to detect or predict the occurrence of faults that are obstructive for the equipment work. As a
final example of WSN industrial applications, the WSNs features are utilized in the transport
logistics domain to ensure the delivery of packages in high-quality by reducing losses during
transportation. Sensors are placed in a cargo container with the packages to allow continuous

supervision of their status during transportation [49, 50].

Figure 1.17: Architecture of industrial WSN.
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I.10 Design issues and challenges in WSNs

WSNs are considered the dominant technology in remote monitoring and data gathering
because of the countless advantages they offer for different applications. However, there are
still numerous challenges and critical issues facing the network administrators and the designers
of applications while setting up a workable and efficient sensor network. In the following
subsection, we will give a detailed overview of the major design problems encountered during

the setup of a reliable and optimized WSN.

1.10.1 Clustering

In most applications, wireless sensor networks are formed using a large number of sensors
that are equipped with limited energy resources. To conserve energy and extend the network
lifetime, topology control is a major requirement to be considered during the design of WSNs
[61]. Clustering techniques are the most popular approaches used for topology control. Sensor
clustering offers many advantages, such as scalability, energy efficiency, and reducing routing
delay. Clustering methods achieve these goals by dividing the sensors into several groups called
clusters. Within each cluster, a sensor named the cluster head is chosen to be the leader or
the coordinator of the cluster. The main challenge in clustering is how to divide the network
into groups and how to choose the cluster heads among the sensors. The number of sensors in
each cluster has to be chosen carefully to avoid several problems, such as cluster overhead and
intra-cluster communication failure. Moreover, optimal cluster head selection can significantly
decrease energy consumption, which allows the sensors to remain functional for a longer time.
Thus, the distance between the cluster members and their cluster head should be decreased as
possible to avoid long-distance communication. Furthermore, proper selection of cluster heads
increases the success probability of inter-cluster communications used to forward the gathered
data to the sink directly or using multi-hop communications via other cluster heads. Therefore,
the design of effective clustering methods is an essential step in large WSNs that contributes

to optimizing energy consumption and increasing the lifetime of the networks [8].

1.10.2 Data aggregation

In WSNs, the energy consumed during data transmission is much more than that consumed
in performing computation. To avoid fast energy depletion during transmission, data aggre-
gation techniques are applied in WSNs. Data aggregation can be defined as the process of
combining the data coming from different sensors and outputting the aggregated data prepared
for transmission to the sink node. In large networks, the data transmitted directly to the
sink node is massive and cannot be processed efficiently. The transmitted data from neigh-
boring sensors are generally redundant and highly correlated [52]. Therefore, data aggregation
techniques attempt to collect the most vital data from the sensors and then forward it to the
sink in an energy-efficient manner. Considering data aggregation during the design of WSNs
can provide several advantages including, elimination of redundancy, minimizing the number
of transmissions, enhancing the Quality of Service (QoS), and reducing energy consumption.

There are many challenges while performing data aggregation. Firstly, accuracy and quality of
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data have to be maintained during data aggregation by eliminating only repeated and useless
data. Secondly, the latency and the network overhead should be reduced in order to ensure
rapid transmission of data. Thirdly, the data aggregation strategy has to ensure a reliable
transmission through employing congestion control mechanisms and reducing the number of
hops to reach the sink [53]. All the aforementioned challenges make the development of an
efficient data aggregation strategy a fundamental task that facilitates the design of effective
WSNs.

1.10.3 Localization

Wireless sensor networks have been used by many promising applications in several domains.
In applications that operate in harsh and inaccessible environments, the sensors are randomly
scattered over the terrain, which renders the exact locations of sensors unknown. Most appli-
cations such as object tracking and data tagging require the information of the place of origin
of events to be transferred with the gathered data in order to make decisions and analyze the
information efficiently. Moreover, the location information of sensors is also indispensable in
many WSN operations including, geographic routing and clustering. Therefore, determining
the locations of sensors is a basic requirement in WSNs. Localization is defined as the task of
determining the coordinates of sensors in 2D or 3D space. There are many accurate technologies
used for sensor localization, such as the Global Positioning System (GPS). However, equipping
each sensor with a GPS increases the network cost and energy consumption and degrades the
performance of the WSN. As an alternative, localization techniques are used to determine the
accurate positions of sensors. The complexity of localization arises from different design factors
including, the network architecture, sensor density, geometric shape of the area, and type of
sensors (static, mobile). Furthermore, the various application requirements also determine the
used localization technique because some applications are satisfied with an estimation of the
locations, whereas others need the accurate locations of sensors. Therefore, all these factors

have to be taken into account while designing a localization algorithm for WSNs [54].

1.10.4 Fault tolerance

As in any normal system, the faults in WSNs are inevitable. Faults are abnormal conditions
of system components that lead to the occurrence of errors if not addressed quickly. Several
factors lead to the occurrence of faults in WSNs including, the harsh environmental conditions,
the abrupt modification in network topology, lack of power, hardware and software failures,
and network bottlenecking [55]. During the design of WSN, careful measures must be taken
to allow the WSN to maintain its functionality at an acceptable level even with the presence
of faults. Fault tolerance is the ability to sustain the functionality of the WSN even with the
presence of interruptions caused by the faults. A proper fault tolerance strategy has to ensure
the availability, dependability, and reliability of WSNs operations. In addition to the obvious
factors that cause faults, the harsh environment and the limited energy source add another layer
of complexity that must be dealt with by putting in place a robust fault tolerance mechanism.

The fault tolerance mechanism has to identify and/or predict the occurrence of a failure in the



CHAPTER I. WIRELESS SENSOR NETWORKS

48

correct time in order to perform a fast fault recovery and allows the WSN to continue its service
even after the occurrence of faults [56]. All the aforementioned challenges make fault tolerance

an essential step to be considered during the design of WSNs.

1.10.5 Security

The security of wireless sensor networks is of great concern for almost all applications.
The constrained nature of WSNs and the limited remote access of the network administrator
makes the WSNs very vulnerable and result in threats that expose the sensors to dangerous
situations [57]. Unlike wired networks, wireless sensors broadcast their messages to forward the
data to the sink. An attacker can easily compromise a sensor, alter the integrity of the data,
inject fake messages, and waste its limited resources. Hence, a set of countermeasures must be
implemented to address the issue of security in WSNs. The goal of security services in WSNs is
to avoid the catastrophic consequences of attacks by protecting the information collected by the
sensors. Therefore, designing security protocols that utilize several security mechanisms such
as key management, cryptography, certification, and authentication are necessary to avoid the
disastrous effects of attacks and help to create a relatively safe working environment for wireless
sensors [58]. The security protocols have to ensure all the security requirements, including,
confidentiality, integrity, and availability of data because WSNs that are developed without
security requirements are easy targets for attackers. The main problem in WSNs is how to
implement efficient security services taking into consideration the limited energy, bandwidth,
computation, and storage capacity of sensors. This problem remains an open research issue that

requires substantial research efforts in order to develop robust security solutions for WSNs.

1.10.6 Deployment

A wireless sensor network is a collection of sensors dispersed in an area of concern to perform
the monitoring task. The success of the monitoring task highly depends on the locations of
sensors. These locations must be chosen carefully to ensure complete surveillance for the entire
area. The planning of network topology and the locations of sensors is referred to as sensor
placement or sensor deployment problem. Deployment is a challenging issue in WSN, which
directly affects the quality of service of the network. The deployment scheme should be able to
determine the number of used sensors and their optimal locations, especially in inaccessible and
harsh environments, where the sensors are firstly placed at random, and then the deployment
scheme is employed to move the sensors to strategic locations. Besides, the complexity of several
problems in wireless sensor networks can be reduced by designing an efficient deployment scheme
that optimizes the coverage, connectivity, cost, and network lifetime. Based on the application,
the deployment scheme has to determine the optimal placement pattern for sensors in order to
satisfy the different requirements [59]. The planning of a sensor placement strategy by taking
into account the various application requirements makes the deployment a critical issue in the
design of WSNs.
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1.11 Conclusion

In the first chapter, we have presented a general overview of the Wireless Sensor Network
(WSN) technology, we have reviewed the physical architecture of a sensor node and the different
sensor types employed in WSNs. Besides, we have surveyed the architectures, types, protocol
stack, standards, and operating systems of WSNs. Moreover, we have highlighted popular
applications of WSN in various domains. Finally, we have presented in detail the issues and
challenges encountered by administrators and designers while setting up a workable and efficient
sensor network that is capable to satisfy all application requirements.

Among the design challenges, the deployment problem has emerged as one of, if not the most
critical problem that directly affects the performance of the WSNs. If the deployment of WSN
does not consider the intrinsic properties of the quality of service, all the following operations
will fail to achieve the application requirements, thereby, the whole WSN will fail to deliver the

expected performance.
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II.1 Introduction

Nowadays, many real-world problems have become very complex and hard to solve. The
complexity of such problems arises from several reasons, such as the limitation of resources and
multi-objectivity. Therefore, the need for specific tools that handle this type of problems is an
important requirement. In fact, the literature provides a set of tools called deterministic (ex-
act) methods used to obtain the optimal solution of a given problem. However, these methods
are often designed for specific problems and not for all problems. Besides, deterministic meth-
ods require a lot of computational time to achieve a satisfactory solution. As an alternative,
bio-inspired algorithms can provide appropriate techniques to solve the majority of real-world
problems with an acceptable cost through simple mathematical modeling of social intelligence
and the concepts of evolution in nature.

In this chapter, we start by defining the optimization process and the combinatorial optimiza-
tion concept. Then we describe the types of methods used to solve combinatorial optimization
problems. We will focus on giving a detailed overview of stochastic optimization, metaheuristics,
nature-inspired algorithms, and the two classes of bio-inspired algorithms namely evolutionary
algorithms and swarm intelligence. This chapter allows gaining a valuable understanding of the

theory of bio-inspired algorithms, which is considered an essential part of our contribution.

I1.2 Optimization Problem

In the last few decades, the complexity of real-life problems has increased much more than
before, which has given rise to the need for new and efficient optimization techniques [60]. Op-
timization problems can be found in all fields of applied mathematics, engineering, economics,
and other sciences. They are wide-ranging and numerous, hence methods for solving these
problems have attracted the attention of researchers.

Optimization can be found in all life aspects, as regular people, engineers, and researchers strive
to find the best way to achieve a particular objective. Optimization relies on the concept of
optimal thinking in solving problems. Based on this concept, the problems are formalized as
optimization problems and a set of optimization techniques attempt to solve them by deter-
mining an optimal set of decisions [61]. Optimization is key in solving complex problems in all
engineering disciplines. It is the process of finding the optimal solution in the most efficient
manner [62]. The ultimate goal of optimization is to determine the best combination of values
that minimize the effort required for solving the problem or maximize the desired benefit.

In order to solve most engineering optimization problems, several elements have to be identified

and formalized to facilitate the problem solving process. These key elements are outlined below.

e The decision variables : During optimization, the optimizer wishes to choose the
appropriate decisions for the model being optimized to maximize the benefit or minimize
the solution effort. The choices for the optimizer are numerous, therefore, the best choices
that lead to the optimal solution in an efficient manner must be chosen. In order to
facilitate decision making, a set of decision variables is determined for each optimization

problem. In most engineering optimization problems, the decision variables represent
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some physical dimensions being optimized in the model [63]. All optimization problems
require at least one decision variable because without decision variables there is nothing

for the optimizer to decide, and thus no problem to solve.

e The objective function : Optimization process aims at finding an acceptable or optimal
design that satisfies the problem requirements. At each step of optimization, the decision
maker will have several decisions to choose from. Each decision will create a unique
and different design model. Consequently, there will be more than one acceptable design
available, and the task of the decision maker becomes to choose the best one of the
many acceptable designs available. In order to make this choice, the decisions must be
evaluated to determine the best among them. These decisions are ranging from poor to
good based on the design quality. The objective function is used to measure the quality of
the decisions by outputting a numerical value that reflects how good the chosen decisions
are. Therefore, the objective function is essentially a formulation of a design criterion
that the decision maker is trying to achieve [64]. Based on the design goals, the decision
maker will either maximize or minimize the objective, e.g., maximize profit, and minimize
the delay. Furthermore, through observing the direction of the objective function, we can

classify the optimization problem into a maximization problem or a minimization problem.

e The constraints : During optimization, the decision maker iteratively attempts to
find the best combination of decision variables that minimize or maximize the defined
objective function. In many practical problems, the values of the decision variables cannot
be chosen arbitrarily because they have to satisfy certain requirements defined by the
decision maker. The requirements or the restrictions that must be satisfied are known as
constraints. Constraints are usually given by a set of inequalities and/or equalities that
impose limits on the decisions that can be made. Although some optimization problems
may not have any constraints, most optimization problems involve one or many constraints
due to the limitation in the availability of resources or in other functional requirements
[65]. Therefore, constraints divide the optimization problems into constrained problems
and unconstrained problems. Through constraints, the decision maker can define the set
of decision variables that can be feasibly chosen during optimization. This feasible set
defines what is known as the feasible region of the problem. The existence of constraints
in problems defines a nonempty feasible region that is filled with some restrictions to be
followed by the decision maker to produce an acceptable solution for the optimization
problem [66].

Based on the three elements described above, the generic form of most optimization problems

can be written as:

Minimize f(x1,22, ..., Tn) (I1.1)

Subject to a;(x1,x2,....,2,) =0 i=1,..,p (11.2)

¢z, 22, .., 2n) >0 j=1,..,¢ (I1.3)

Where 21,29, ..., x, are the decision variables that must be adjusted, the equation (II.1) is the

objective function, and equations (II.2) and (I1.3) are constraints.
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I1.2.1 Local Optimum vs Global Optimum

In general, optimization techniques attempt to find the ”best possible” solution in search
spaces that frequently have a number of sub-optimal (local) solutions. The existence of such
local solutions makes it hard for the optimizers to determine the best (optimal) solution in
the search space. In optimization, the best solution is called global optimum, it represents the
point where the objective function value is smaller/greater than at all other feasible points in
the search space. On the other hand, local optimum is the point where the objective function
value is smaller /greater than at nearby points. Thus, the local optimum is the better solution
in some feasible neighborhood, but not necessary better than all the points in the search space.

Figure II.1 illustrates a local and global optimum of a mathematical function.

+«——Global Maximum

4 Local Maximum

Local Minimum ——

Global Minimum ——

Figure II.1: Illustration of local and global optimum.

11.2.2 Optimization problems classifications

There are several classifications for optimization problems in the literature. Firstly, by
changing the nature of decision variables, the problems are classified into continuous versus
combinatorial. Secondly, some problems attempt to achieve one objective, whereas others seek
several objectives. In this case, the problems are classified into single-objective versus multi-
objective. Finally, keeping or eliminating constraints divides the optimization problems into

constrained versus unconstrained problems.

II.3 Combinatorial Optimization

Combinatorial optimization is a branch of optimization algorithms related to operations re-

search, algorithm theory, and computational complexity theory, which is devoted for discovering



CHAPTER II. BIO-INSPIRED OPTIMIZATION ALGORITHMS: AN OVERVIEW AND
CLASSIFICATION

54

the optimal grouping, order, or arrangement of discrete events with mathematical methods [67].
The goal of combinatorial optimization is to identify an optimal solution from a finite set of
feasible solutions. The solutions are normally discrete or can be formed into discrete. The
so-called optimal solution is typically an integer number, a subset, a permutation, or a graph
structure.

Further, many problems in engineering such as routing, task allocation, scheduling can be mod-
eled in the form of combinatorial optimization problems and solved using different methods.
The methods used for solving combinatorial optimization belong to two groups of different
nature: exact methods (deterministic) versus stochastic methods (approximate). Figure I1.2

illustrates the different optimization methods belonging to each group.
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Figure I1.2: Taxonomy of resolution methods [85].

II.4 Stochastic optimization algorithms vs deterministic

optimization algorithms

Stochastic optimization algorithms are a family of algorithms that is characterized by the
use of stochastic operators. Randomness is an important characteristic employed by stochastic
algorithms when searching for the global optimum in the problem search space [68]. This char-
acteristic makes stochastic algorithms distinct from conventional deterministic algorithms. In
deterministic algorithms, the same answer for a given problem is determined when the optimiza-
tion starts with the same initial starting point. This will give rise to a serious problem known
as the search stagnation problem, in which the algorithm will assume that a local solution is
the global solution, and thus it fails to obtain the true global optimum. Furthermore, some de-
terministic optimization algorithms such as gradient-based algorithms require derivation of the

search space, which is considered as another disadvantage of deterministic algorithms because it
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makes them highly inefficient in solving problems with unknown or computationally expensive
derivation [69]. Moreover, deterministic algorithms assume that there is no uncertainty about
the parameters of the problem. This is not the case in real problems, as it is rare to have a
completely deterministic system.

In contrast to deterministic algorithms, stochastic algorithms can easily avoid local solutions
through using stochastic operators. Although the use of stochastic operators might make them
unreliable in obtaining a similar solution for a given problem in each run, they can avoid the
entrapment in local solutions during optimization, which enables them to obtain the global op-
timum much easier than deterministic algorithms [70]. Besides, deterministic algorithms give
a theoretical guarantee of reaching the global optimum or at least a local optimum, whereas
stochastic algorithms only provide a guarantee in terms of probability because stochastic al-
gorithms are simply a random search with some hints to guide the next potential solution to
evaluate. However, despite the non-guarantee of reaching the global optimum, they are faster
when compared to deterministic algorithms. Moreover, the optimization problems solved by
stochastic algorithms are considered black boxes [71]. This means that they only change the
inputs and monitor the outputs without the need to calculate the gradient of a solution or to
know the derivation of the search space. At each step of optimization, stochastic algorithms
only evaluate the solutions using the objective function and then they make decisions to im-
prove the solutions based on the calculated objective values. This means that the process of
optimization is done completely independent from the problem. Moreover, by considering the
problem as a black box, stochastic algorithms become highly flexible and applicable to different
types of problems [72].

Further, stochastic algorithms are broadly classified into heuristics and metaheuristics. Heuris-
tics refer to experience-based algorithms that are designated for solving optimization problems
where an exhaustive search is impractical. This means that they are used to speed up the
process of finding a global optimum or an approximate solution for the cases where finding an
optimal solution is difficult or when the deterministic methods fail to find the exact optimum
quickly. Moreover, in contrast to metaheuristics, heuristics are problem-dependent algorithms.
Meaning that they are designed to solve a specific problem without the possibility of direct
application to other types of problems [73].

11.4.1 Metaheuristic Algorithms

In the last two decades, computer scientists and researchers in different fields have turned
their attention toward a novel optimization paradigms known as metaheuristic optimization
algorithms. These algorithms become surprisingly very popular in solving real-life challenging
problems in engineering and industry. There are many reasons behind the popularity of meta-
heuristic algorithms such as, their efficiency and the low computational complexity compared to
other existing deterministic optimization techniques. Furthermore, similar to heuristics, they
are used to speed up the process of finding a global optimum or an approximate solution for
cases where the deterministic methods fail to find a satisfactory solution quickly. However,
there is an inappreciable distinction between heuristics and metaheuristics. In contrast to a

heuristic algorithm, which is designed specifically to tackle a given problem, metaheuristics
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are problem-independent algorithms [74]. This means that they are used for computing the
global solution or an approximate solution for many optimization problems without any special
changes in the structure of the algorithm.

In addition to the above, there are many other reasons behind the interest in metaheuristics.
Firstly, their structure is constructed based on very simple rules and concepts, which makes
their application a very simple task for computer scientists. The simplicity of such algorithms is
valuable in terms of computational complexity because it allows them to achieve a satisfactory
solution in a very short period of time. Furthermore, metaheuristics are very flexible due to
their high applicability to numerous optimization problems. This feature emerges from the fact
that metaheuristics consider problems as black boxes. They require only the inputs which are
the decision variables of the problem, and the outputs, which are the objective function values
to perform the optimization task [69]. During optimization, a metaheuristic algorithm starts
by creating one random input or a set of random inputs as the initial candidate solutions for
the problem. Based on the number of candidate solutions, metaheuristics are classified into
single solution-based algorithms and population-based algorithms. In single solution-based al-
gorithms, only one solution is generated and improved by the optimizer. On the other hand,
in population based algorithms, a number of solutions is generated, updated and improved
until the best solution is found [75]. After creating the initial inputs, both types of algorithms
continues the search by evaluating each solution by the objective function, observing the ob-
jective function outputs, and evolving the solutions based on their outputs until the best result
is obtained or until a termination criterion is met. In general, metaheuristics are terminated
when a maximum number of iterations or a maximum number of objective function evaluations
is reached [76].

Last but not least, the stochastic nature of metaheuristics gives them superior abilities in
avoiding local solutions compared to deterministic optimization algorithms. A set of stochastic
operators assist metaheuristics to avoid search stagnation and find the real global optimum or

a good approximation of the best [77].

I1.4.2 Characteristics of metaheuristic algorithms

Regardless of the differences between the inspiration and the search philosophy of meta-
heuristics, there are still common concepts and characteristics among them, such as the division
of the search process into two phases, namely exploration, and exploitation.

The exploration phase, also known as the diversification or the global search phase is an im-
portant process that every metaheuristic optimizer should have. The main purpose behind
exploration is to globally investigate the search space. In this phase, the candidate solutions
are encouraged to change abruptly in order to explore different regions and discover the promis-
ing areas of the available search space. The large and random changes in the solutions are the
main characteristics of exploration [78]. The high rate of randomness in exploration is fruitful
because it assists the optimizer in improving the diversity of the solutions and consequently
discovering the promising regions of the search space.

The second phase in optimization is called exploitation or intensification. In this phase, random

changes are considerably less than those in the exploration phase. The solutions tend to search
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locally to improve the quality and the accuracy of the best solutions [79]. Therefore, in the
exploitation phase, the search is concentrated near the promising regions obtained in the explo-
ration phase. These regions are investigated in detail hoping to obtain a good approximation
of the global optimum.

As can be seen, exploration and exploitation are conflicting therefore, metaheuristics have to
balance those search tendencies to avoid trapping in local optima and increase the chances of
finding the global optimum of the given problem [80]. Moreover, if the metaheuristic fails to
achieve a good trade-off between the two search tendencies, it will face some challenges when
solving real problems. The convergence speed is one of the challenges that face metaheuristics
during optimization. The term convergence describes the behavior of an algorithm towards
the global optimum. According to the literature, metaheuristics suffer from what is known
as premature convergence. This concept refers to the stagnation of a metaheuristic in local
optima and its inability to reach the global optimum. In this case, the algorithm will converge
quickly, which results in search stagnation. Usually, metaheuristics utilize sudden changes (ex-
ploration) in the solutions to avoid the stagnation in local optima [81]. Indeed, this will assist
the algorithm in avoiding local solutions, however, the algorithm will not necessarily be able
to converge because the abrupt changes will reduce the convergence speed towards the global
optimum. Therefore, a proper balance between exploration and exploitation is a requirement

to guarantee a very accurate approximation of the global optimum in a reasonable time.

II.5 Nature-inspired optimization algorithms

Nature has always been considered a rich source of inspiration for researchers. Nowadays,
new algorithms are developed by observing the activities of organisms and converting them
into a computational process in an optimized way. These techniques are called nature-inspired
algorithms or intelligent optimization algorithms. In nature, creatures cooperate and interact in
groups in order to perform many tasks including, survival, hunting, defending, and foraging. By
observing the behavior of different creatures such as fish schools, ant colonies, and bird flocks,
researchers realize that these creatures can find the optimal situations and perform complex
tasks efficiently [82]. Therefore, a great effort is done to develop powerful optimizers by draw-
ing inspiration from nature because it is the best and oldest optimizer on the planet. Hence,
nature-inspired algorithms are designed by mimicking the natural problem-solving methods in
nature, especially those used by creatures.

Further, nature-inspired algorithms are not limited to techniques inspired by animals’ behav-
ior, they further include techniques that rely on different rules observed in nature, such as the
evolutionary process and physical phenomenon. For instance, physics-based algorithms usually
simulate physical laws of nature, such as gravity, annealing, and thermal exchange [83]. In the
world of optimization, researchers found that it is reasonable that we inspire from the different
rules observed in nature to solve our problems.

Population-based metaheuristics are normally nature-inspired algorithms. Nature-inspired meta-
heuristics rely on several natural behaviors such as, self-organization, coevolution, and learning

to create the highest quality results [84]. These algorithms can be grouped into three main
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categories: physics-based algorithms, biology-based algorithms or bio-inspired algorithms, and
chemistry-based algorithms. Physics-based algorithms mimic the physical laws of nature such
as black holes and gravity. Chemistry-based algorithms are designed based on the principles of
chemical reactions such as transforming a set of reactants into products. Last but not least, the
bio-inspired algorithms, which represent the big chunk of nature-inspired algorithms found in
the literature, are based on the unique and successful characteristics of the biological system.
In the following subsection, we will give a brief overview of bio-inspired algorithms and their

intrinsic characteristics.

I1.6 Bio-inspired optimization algorithms

Bio-inspired algorithms are a sub-class of nature-inspired metaheuristics. They are pop-
ularly used for optimization in almost all areas of sciences, engineering, and industries [85].
These algorithms contribute to solving optimization problems by giving the best possible solu-
tion among the set of feasible solutions in the search space. As aforementioned, the majority of
the nature-inspired algorithms are inspired by the biological system. Since biology is the source
of inspiration for this kind of algorithms, they are named bio-inspired optimization algorithms.
These algorithms are inspired by the different principles of natural biological evolution and
distributed collective of living organisms, including insects and animals.

One of the key features of biological systems is searching for the best solution using very simple
rules. Ants, bees, and birds have the ability to solve complex tasks using very simple rules.
These creatures evolve, self-organize, and learn in order to accomplish a common task. Bio-
inspired algorithms have the ability to solve complex tasks with little or no knowledge of the
search space by using the commonly shared information among individuals [84].

Bio-inspired algorithms are classified into two dominant classes: evolutionary algorithms and
swarm intelligence algorithms. In the following paragraphs, we will explore the different char-

acteristics of each class, and we will give a detailed overview of their working principles.

I11.6.1 Evolutionary algorithms

Evolutionary algorithms (EA) are a subclass of evolutionary computation which belong to
the higher class known as stochastic algorithms. Evolutionary algorithms are popular and old
class population-based algorithms for solving different problems. EAs mimic the concepts of
evolution in nature. They are inspired by the evolutionary processes observed in nature, such
as reproduction, mutation, and selection [86]. EAs are used to solve multi-dimensional, non-
linear, and discrete problems without having detailed knowledge of the problems’ mathematical
structure.

In order to search for the global optimum, evolutionary algorithms start by creating one or
more solutions in the problem search space. EAs work with a population of individuals, each
of them represents a candidate solution to the problem at hand. The solutions created in the
initial step are called the set of candidate solutions. Besides, they are referred to as the initial
random guesses because they are created in the search space using a random operator. After

creating the initial solutions, EAs attempt to find a more accurate optimal solution by itera-
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tively improving the quality of the candidate solutions. The improvement is performed until
the terminating condition is satisfied.

EAs provide several advantages including simplicity in use, problem independency, and local
optima avoidance. On the other hand, EAs require an explicit specification of algorithmic pa-
rameters because their performance is greatly depends on the values of their parameters. In
addition, EAs involve heavy computational burden [87].

Evolutionary algorithms family includes several optimization algorithms such as, Genetic Algo-
rithm (GA), Differential Evolution (DE), Evolutionary Strategy (ES), and Evolutionary Pro-
gramming (EP). In the following paragraphs, the most well-regarded algorithms in the literature

namely: GA and DE, are presented in detail.

11.6.1.1 Genetic algorithm

Genetic algorithms (GA) are the most popular algorithms in the family of evolutionary al-
gorithms. The GA was introduced to the world in 1975. The GA is a simple population-based
algorithm that imitates Darwinian principles of natural evolution including selection, recombi-
nation, and mutation of genes. In GA, each candidate solution is represented as a chromosome
consisting of different genes. The solution in GA is generally represented in the form of strings
of binary numbers. Thus, each gene is either a one or zero. The idea of GA is simple [88].
It utilizes the survival of the fitter individuals in nature to achieve the fittest chromosome by
performing reproduction, mutation, and selection operators. GA maintains the best solutions
in each generation and uses them to enhance the quality of the other solutions.

In GA, the optimization is initiated by randomly creating a set of candidate solutions. Each
chromosome as a candidate solution is an array of genes where each gene represents some data.
The set of candidate solutions is considered as a population in GA. In the next step, the can-
didate solutions are evaluated by the objective function. The objective function is used as the
basis for a process of selection. After evaluating the chromosomes, the best individuals are
randomly selected to form a pair for creating the offspring for the next generation. Similar to
the natural process, the fittest individuals in GA have a higher probability to be selected to
participate in creating the next generation [89]. There are different selection mechanisms em-
ployed by researchers including, roulette wheel selection, tournament selection, rank selection,
and many other selection operators.

After the selection, the chromosomes of the selected parents are combined to produce a new
chromosome (solution). This process is performed by the crossover operator. In the literature,
there are several techniques to perform crossover such as single-point crossover and double-point
crossover. At last, one or multiple genes in the newly created population are randomly altered
to mimic mutation. The mutation operator prevents the solutions to become similar and assists
the GA in avoiding the entrapment in local solutions by introducing another level of random-
ness [90]. The three mentioned operators are used by GA to improve the population until a
termination condition is satisfied. After the termination, GA returns the best chromosome in
the final population as the best approximation of the global optimum. Figure II1.3 shows the
main stages of the GA algorithm.



CHAPTER II. BIO-INSPIRED OPTIMIZATION ALGORITHMS: AN OVERVIEW AND
CLASSIFICATION

60

Initialization

Selection e

!

Crossover

Mutation

No

Stop ?

Figure 11.3: GA algorithm.

11.6.1.2 Differential evolution algorithm

Differential evolution algorithm (DE) is one of the most successful types of evolutionary
computing techniques. Since its emergence in 1995, DE becomes the favorite optimizer for
various optimization applications in different domains of science and engineering.

The working principle of DE is similar to that used in the standard EA. DE operates through
the same computational steps as employed by a standard EA. In addition, it employs difference
of the parameter vectors to explore the objective function landscape [91].

Similar to GA, DE searches for a global optimum solution in a D-dimensional search space.
The DE algorithm starts the optimization process with a number of random solutions being
created in the search space. The candidate solutions which constitute the population are called
parameter vectors or genomes. After initialization, DE performs the mutation operator in which
a set of new vectors called donors are created based on a set of targets from the population. In
the next step, the new offspring (solutions) are formed by recombining the target and the created
donor. The recombination of the two vectors is performed through using the crossover operator.
Finally, a selection is performed to determine whether the target or the offspring vector will
survive through evaluating their quality using the objective function. The set of survived
solutions will form the new population of the DE algorithm. The three operators are executed
and the population is improved until a termination condition is satisfied. DE provides several
advantages including, simplicity in implementation, faster convergence speed, few number of
control parameters, and much better performance compared with other algorithms [92]. The

main stages of the DE algorithm are given in Figure I1.4.
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Figure I1.4: DE algorithm.

11.6.2 Swarm Intelligence

Swarm intelligence (SI) is a term firstly and broadly introduced to the world of optimiza-

tion in 1993 where a group of researchers used the intelligence of swarms in order to develop
cellular robotic systems. Swarm Intelligence is an innovative intelligent paradigm for solving
optimization problems. It is a relatively new subfield of artificial intelligence that showed a
novel direction in optimization research. Swarm Intelligence refers to a family of optimization
techniques that are inspired by the intelligent behavior of biological swarms [93]. Many of
these swarms can be observed in nature, such as ant and bee colonies, bird flocking, and fish
schooling.
It has also been observed in nature that these species can co-evolve and cooperate by interacting
locally with each other and with their environment. The individuals in the swarm also referred
to as search agents, tend to achieve complex goals with only simple rules and local interac-
tion without any centralized control unit [94]. Even though these individuals only use a set
of simple rules that do not exhibit sophisticated behavior when working individually, complex
global optimization patterns, which are unknown to the individual agent may emerge from the
interactions between them.

Below, a more formal definition of swarm intelligence is provided by Kennedy in 2006 [95]:
Swarm intelligence refers to a kind of problem-solving ability that emerges in the interactions of
simple information processing units. The concept of a swarm suggests multiplicity, stochasticity,
randomness, and messiness, and the concept of intelligence suggests that the problem-solving
method is somehow successful. The information-processing units that compose a swarm can

be animate, mechanical, computational, or mathematical; they can be insects, birds, or human
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beings; they can be array elements, robots, or standalone workstations; they can be real or
mmaginary. Their coupling can have a wide range of characteristics, but there must be interaction
among the units.

Such swarm intelligence has inspired researchers to develop various optimization techniques

by imitating the social behavior of the different animal societies. In order to take advantage of
such intelligence, researchers attempt to figure out the local rules for interactions between the
individuals of a swarm that yields to this social intelligence. Swarm intelligence methods have
been widely used as a suitable alternative for deterministic techniques in order to solve many
optimization problems with impressive performance.
Swarm intelligence algorithms are a branch of bio-inspired algorithms inspired by the collective
behavior of a population of animals. Hence, SI-based algorithms are considered population-
based metaheuristics that maintain one or more populations of individuals during optimization.
The main reason behind the success of swarm intelligence algorithms is that they use commonly
shared information among multiple agents. Such information sharing can lead to the occurrence
of self-organization, which results in a set of structures and characteristics at a higher level.

There are multiple reasons responsible for the growing popularity of SI-based algorithms,

some of them are summarized below:
e Sl-based algorithms are easy to implement.
e Most SI-based algorithms usually have fewer parameters to adjust.

e Sl-based algorithms often use a memory to save the best solution obtained during all

stages of optimization.

e ST algorithms have simple operators and they can obtain a good approximation of the

global optimum in a reasonable time.

11.6.2.1 Particle Swarm Optimization

Particle Swarm Optimization (PSO) is a well-known swarm intelligence-based algorithm
developed by Eberhart and Kennedy in 1995. It is inspired by the foraging and navigation
behavior of bird flocks (Figure II.5). In nature, each bird in the swarm tends to maintain
its fly direction towards the best location of the food that the swarm found so far, and the
best location of food source obtained locally by him so far [96]. PSO mimics the interactions
between birds in order to guide the search agents toward the best solution. In PSO, the birds
are represented by particles that fly through the search space to find the optimal solution. The
positions of particles represent a candidate solution to the optimization problem.

Each particle is characterized by its position X;, a velocity V;, and it has a memory to store

best

information about its best local position p and the best global position found by the swarm

g%°*t. During optimization, the particles explore a D-dimensional space in search for the global

best best

solution by updating their positions and velocities toward the g and p according to the

following equations:

Vit = w x Vit 4 ¢1 xrp x (pPt — XE) 4 ¢o x 1y x (g%t — X1) (I1.4)

7
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Figure I1.5: Bird flocks in nature.

Xit—‘rl — Xit 4 ‘/'it-'rl (115)

Where ¢; and ¢, are acceleration constants, 1 and ro are random numbers generated uniformly
between 0 and 1, w is inertia weight starts with a value 0.9 and linearly decreases to 0.4, and
X is the position of the i-th particle in the t-th iteration.

best

The update process is iteratively repeated until either an acceptable g is achieved or the

maximum number of iterations is reached.

I11.6.2.2 Ant Colony Optimization

The ant colony optimization (ACO) is a well-regarded swarm intelligence-based algorithm
initially introduced by Dorigo et al. in 1996. ACO mimics the social intelligence of ants when
seeking food.

In nature, when ants search for food sources, they mark their own paths using a chemical
substance called pheromone. The ants use the pheromone to communicate with other members
of the colony. Upon encountering a food source, they head back to the nest while depositing
pheromones in proportion to the quality of the food source [97]. The ants move and build paths
incrementally by applying a local stochastic decision policy based on the use of pheromone
traces.

When other ants encounter the pheromone marks of an ant, they follow the ant’s path and leave
their own paths if the level of pheromone in the discovered path is higher. If the food source is
discovered by multiple ants, each ant will build a different path to the food source. It is observed
that eventually, all ants tend to choose the shortest path to the food source [98]. This is achieved
using the pheromone marks because the pheromone vaporizes with higher rate before it is re-
marked by other ants in longer paths. Whereas in shorter paths, the level of pheromone is high,

which makes the ants follow it and abandon the paths with weaker pheromone levels. Using
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in Figure IL.6.

Figure 11.6: Ants’ path in nature.

The described behavior of ants is the main inspiration of the ACO algorithm. In ACO, at each
step, the ant k& which is on the point 7 applies a probabilistic transition rule to select which
point j it will visit next. The transition probability of the ant from point ¢ to point j is given
by:

(r2) ;)
Z(Tfj)(nf,j)

Where the variable 7; ; is the intensity of the pheromone on the edge (¢, j), 1; ; is the heuristic

value of the path from point i to point j. « and (B are two parameters that determine the
relative influence of the pheromone and the heuristic on the decision of the ant.

The intensity of pheromone traces decreases over time by a constant factor called evaporation
coefficient. From a practical point of view, pheromone evaporation is necessary to avoid pre-
mature convergence of the algorithm. After each step, the pheromone intensity of each edge

(i,7) is updated according to the equation below:
Tij = (1 — ,0)7'1‘7]‘ + ATiJ (117)

p is the evaporation coefficient of the pheromone in the range (0, 1) and the amount of pheromone

added by the ant is given by:

Ary = Atl (11.8)
k=1

Where m is the number of ants in the colony and Arilfj indicates the amount of pheromone
deposited by the k-th ant.
The ACO is used intensively in the literature to optimize several problems. It’s most popular

use is solving the well-known travelling salesman problem.

11.6.2.3 Artificial Bee Colony Algorithm

The Artificial Bee Colony (ABC) algorithm was introduced by Karaboga in 2005 for solving
optimization problems. It is a swarm intelligence-based algorithm that simulates the foraging

behavior of honeybees (Figure I1.7). ABC is a population-based optimization algorithm, in
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which the colony is divided into three groups of bees: employed bees, onlookers, and scouts.
Employed bees exploit food sources and examine the properties of the discovered food sources
such as the quantity of nectar, direction, the distance between food sources and the hive and
they carry this information back to the hive and share it with onlooker bees [99]. Each of the
employed bees is associated with one and only one food source, so the number of employed bees
is equal to the number of food sources around the hive. Recruitment of unemployed bees for
foraging is the crucial part of the algorithm. The onlookers wait in the hive to select good food
sources to exploit depending on the information shared by the employed bees. The information
exchange happens in the dancing area of the hive using a special dance called the “waggle
dance”.

The nature of dance is proportional to the nectar content of the food source exploited by the
dancing bee. Therefore, good food sources attract more onlooker bees. The employed bees
whose food sources are exhausted become scout bees [100]. These bees abandon their food
sources and carry out a random search for new ones.

The ABC has been successfully applied for solving several combinatorial and discrete optimiza-

tion problems such as feature selection, multicast routing, and machine scheduling.

Figure I1.7: Honeybees in nature.

11.6.2.4 Other swarm intelligence algorithms

The literature provides a significant number of swarm intelligence algorithms. The number
of the algorithms is high to the extent that it is not possible to list all the existing algorithms
in one table. Therefore, the most popular swarm intelligence algorithms found in the literature
are listed in Table II.1.
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Table I1.1: Swarm intelligence algorithms.

Algorithm Publication Year
The Aquila optimizer 2021
The Archerfish Hunting Optimizer 2021
Golden eagle optimizer 2021
Artificial lizard search optimization 2021
Black widow optimization algorithm 2020
Bald eagle optimizer 2020
Water strider algorithm 2020
Tunicate swarm algorithm 2020
Rat Swarm Optimizer 2020
The Sailfish Optimizer 2019
Seagull optimization algorithm 2019
Harris hawks optimization 2019
Emperor penguin optimizer 2018
Squirrel search algorithm 2018
Earthworm optimization algorithm 2018
Owl search algorithm 2018
Grasshopper Optimization Algorithm 2017
Salp Swarm Algorithm 2017
Spotted hyena optimizer 2017
The Whale Optimization Algorithm 2016
Crow search algorithm 2016
Dolphin Swarm Optimization Algorithm 2016
The Ant Lion Optimizer 2015
Moth-flame optimization algorithm 2015
Dragonfly algorithm 2015
Elephant herding optimization 2015
Grey Wolf Optimizer 2014
Social spider optimizer 2013
Dolphin echolocation algorithm 2013
Krill herd optimizer 2012
Bat algorithm 2010
Glowworm swarm optimization 2009
Cuckoo search 2009
Firefly Algorithm 2008
Fish swarm algorithm 2002
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I1.7 Conclusion

In this chapter, we have discussed the optimization methods, their classification, and we
have highlighted the different characteristics of each class. In the literature, a significant num-
ber of optimization methods are proposed to solve optimization problems. Researchers have
focused on important novel ideas for solving these problems with the minimum cost.
Deterministic methods are very popular, and they are still being used by different researchers
for optimization. For some problems, the use of deterministic methods is necessary. However, it
is not always possible to apply these methods due to their shortcomings. Deterministic methods
have some disadvantages where they fail to provide satisfactory results in an acceptable time
when the complexity and the problem dimension are high.

As an alternative, bio-inspired metaheuristics have emerged, and they have already proven their
efficiency in solving several challenging problems. The intrinsic characteristics of these algo-
rithms, such as simplicity, applicability, and reasonable computational time, make them well
suited for solving different optimization problems.

Another feature provided by bio-inspired algorithms is the possibility of combining the strengths
of two or more algorithms in order to construct an efficient optimization method. This mech-
anism is known as hybridization. Using hybridization, the weakness of an algorithm is com-
pensated by another algorithm and vice versa. Hybridization is becoming a trend in solving

combinatorial optimization problems in recent years.
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I11.1 Introduction

Deployment optimization is a crucial issue that must be taken into consideration while
designing an efficient wireless sensor network. Similar to various problems related to the design
of WSNs, deployment optimization got its share of attention from the research community. In
the literature, several studies have proposed plenty of solutions that differ according to the
optimization objective, the method, and the application where the WSN is implemented.

This chapter is designed to give a detailed survey that focuses on the deployment problem in
WSNs. Firstly, we present a general overview of the deployment problem in WSNs. Secondly, we
highlight the most important objectives, which have a great impact on the performance of WSNs
including, coverage, connectivity, cost, and network lifetime. Thirdly, we present a complete and
up-to-date review of the deployment techniques of WSNs. The different deployment techniques
are studied and classified into several categories. We categorize the deployment techniques
based on the method used to obtain the optimal solution. Throughout this review, we offer
a systematic overview of the existing deployment works, and we highlight the advantages and
disadvantages of each work. Finally, we will end the chapter with a set of conclusions about

the current scope of WSNs’ deployment.

I11.2 The deployment problem in WSNs

The deployment problem is a critical issue that directly affects the intrinsic performance
criteria of WSNs. Successful operation of WSN highly depends on the positions of sensors.
Based on the application, sensors are deployed to achieve one or many objectives. One common
objective in many applications, which is considered the main purpose behind the usage of WSNs,
is coverage [101]. Depending on the WSN’s usage, whether it is for point surveillance, target
tracking, or area surveillance, the goal is to place the sensors in optimal locations to achieve
the maximum possible coverage and ensures a complete collection of data [102]. Furthermore,
ensuring that the required coverage can be achieved with a fewer number of sensors is another
objective of deployment. By deploying a smaller number of sensors, the network becomes less
crowded, and several problems can be avoided, such as coverage redundancy and communication
overhead. Moreover, using the appropriate deployment plan, the complexity of several problems
in wireless sensor networks can be reduced, such as routing and energy conservation. Above
all of this, all the deployment objectives have to be achieved using techniques that allow the
saving of sensors’ energy. Therefore, energy efficiency is of great concern in the deployment of
WSNs.

The complexity of the deployment problem arises from the constrained nature of sensors and the
different application requirements. So there is no deployment technique capable to satisfy all
usage requirements as several objectives are usually conflicting, such as maximizing the coverage
and minimizing the cost and energy consumption [103]. Besides, achieving multiple design
objectives such as maximum coverage with the minimum cost puts the deployment problem
in the category of the NP-hard problems. Furthermore, optimizing conflicting objectives adds

an additional layer of complexity to the deployment problem, which makes the choice of the
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proper deployment technique a very critical task.

Different studies in the literature have given the main characteristics and design steps that
any deployment technique must have. Some of them divided the deployment into three phases:
pre-deployment and deployment phase, post-deployment phase, and re-deployment phase. In
the first phase, the sensors are placed manually or launched from the air over the area of
concern. The post-deployment consists of adapting the wireless sensor network in case the
network topology is changed. For the re-deployment, it is needed when a set of sensors are
added or removed from the network [104]. The other studies that are interested in maximizing
the amount of gathered data have addressed the deployment problem from another perspective
where they divide the deployment into two main phases namely coverage and placement. In the
coverage phase, a large number of sensors are placed such that all the targets are covered. The
placement has the objective of minimizing the number of the used sensors while maintaining
the same coverage quality [105]. However, these design steps are not feasible for all situations
and applications because the deployment problem depends to a large extent on the application
concerns, the characteristics of sensors, and the deployment environment. For instance, when
the area of concern is inaccessible, the placement phase is impossible to perform. Therefore,
finding a good deployment technique that addresses all the application concerns is considered

a challenging task in the researches of the deployment problem.

III.3 Deployment modes

The deployment strategy is used to define the topology of the network, the number, and
the position of sensor nodes. Different modes are proposed in the literature to deploy WSNs.
The choice of the appropriate mode mainly depends on the application and the environment
where the sensors are deployed. Figure III.1 shows the two popular deployment modes: static

(deterministic) mode and dynamic (random) mode [108].

l— Deployment modes —l

Static Deployment Dynamic Deployment

Figure III.1: Deployment modes.

I11.3.1 Static deployment

In static deployment, the sensors are precisely placed in exact locations to achieve the re-
quired coverage and connectivity. Besides, static WSNs are easy to implement. The locations
of static sensors are precisely chosen based on a predefined deterministic pattern. These loca-
tions remain constant during the network lifetime. Static deployment is generally used when

deploying the WSN in a friendly environment.
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II1.3.2 Dynamic deployment

In contrast to static deployment, dynamic deployment is used when the sensing area is
inaccessible or when the deployment is scaling over a large geographical region. In these cir-
cumstances, the only available choice is random deployment, in which the sensors are scattered
from the air over the sensing area. Due to this random scattering, some areas can be highly
covered whereas others are not covered at all resulting in what is known as coverage holes.
Therefore, the random deployment of sensors might not always meet the desired requirements.
Generally, in the case of random deployment, most applications utilize mobile sensors, which
gives them the ability to improve the coverage by moving the sensors to new locations after the

initial random scattering.

II1.4 WSN deployment objectives

The following sections outline the different WSN deployment objectives and highlight their
importance for designing an efficient deployment scheme. These objectives include coverage,

connectivity, energy efficiency, network lifetime, and cost.

I11.4.1 Coverage

Coverage is considered an important criterion when evaluating the effectiveness of a WSN.
When deploying WSNs, a set of sensors is placed in a region of interest. Each sensor has a
limited sensing range, and it can detect only events and objects within its sensing range. The
sensors are supposed to cover all the objects located at different places inside the region of
interest for better performance [106]. Therefore, the quality of surveillance, which the network
can offer is determined based on the coverage quality. Coverage can be defined as how effectively
the WSN can monitor areas, points, and objects. Maximizing the coverage becomes a basic
requirement that directly affects the sensor network quality of service. Therefore, almost all
applications consider coverage as the main objective during deployment.

Based on the application and the stipulation of monitoring of events, we distinguish three types
of coverage: area coverage or blanket coverage, point coverage, and barrier coverage.

A more detailed classification is provided in Figure II1.2. Coverage type can be referred to
as f-coverage, where 0 refers to the percentage of the covered area. From that perspective,
coverage type can be classified into full coverage, where #=1, and partial coverage, where 6
ranges from 0 to 1. Partial coverage can be further divided into point, path, and trap coverage.
Point coverage is where coverage of a specific point is required, which can be further classified
into focused coverage, and target coverage. Path coverage; on the other hand, requires a certain
path in the deployment area to be covered. It can be classified into barrier, and sweep coverage
[107].

I111.4.1.1 Area coverage

Area coverage aims to provide continuous surveillance of all the points and objects located

inside the region of interest. An object in the area of interest is said to be covered if it



CHAPTER III. DEPLOYMENT OF WIRELESS SENSOR NETWORKS: A STATE OF THE

ART REVIEW 72
| Coverage
I
[ I
Coverage Coverage
Degree (Level Type
|
1-Coverage || K-Coverage 8 - Coverage
I i 1
Full Partial
6=1 0=6 <1
i
Focused Directional
(F-Coverage) Target (D-Coverage) || SWeeP
T
Barrier
——
Strong Week

Figure I11.2: Coverage types.

is detected by at least one sensor node [107]. According to application requirements, the
required coverage can be full or partial. Deployment techniques generally attempt to achieve
full coverage. However, in some situations, the number of sensors is limited, which prevents
the WSN from providing full coverage. Therefore, the goal becomes to provide partial coverage

where only the important regions and objects are covered.

Full coverage

The main demand of many applications is to obtain the best quality of surveillance from the
WSN. WSN can provide it by ensuring that every location in the entire area is covered by
at least one sensor node; this type of coverage is referred to as 1-coverage. The surveillance
area can be a region of any shape with various conditions. If each point is covered with at
least one of the deployed sensors, effective data collection about all the events that take place
inside the area of interest is guaranteed. As an example, the military requires full coverage
of battlefield areas in order to detect intruders and make critical and effective decisions. In
some other applications, covering each point with only one sensor is not enough due to several
reasons, such as when the sensors are deployed to track important objects. Such applications
require that at least k (k > 1) different sensors to cover each point in the area of interest; this

type of coverage is called k-coverage [108].

Partial coverage

Partial coverage is an objective of applications that do not consider full area coverage a necessary
requirement or do not afford the high complexity and cost of full coverage. This kind of
application requires only an acceptable coverage quality, which is generally expressed as a
percentage. In partial coverage, sensors cover only a percentage of targets. In contrast, 100%
coverage is required for full coverage. Thus, full coverage can be regarded as a special case

of partial coverage [109]. Similar to full coverage, in partial coverage, either 1-coverage or k-
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coverage of the targets is needed. Partial coverage requires a small number of sensors to achieve
the desired purpose. Therefore, it helps to save the network cost and the energy of sensors. The
applications of partial coverage are numerous, for example, temperature measurement systems
require to sense the temperature of 70% or 80% of the area of interest in order to estimate the

temperature in the whole area.

111.4.1.2 Point coverage

Point coverage, also called target coverage, is considered a requirement in many applications.
Point coverage aims to monitor a set of discrete target points located inside the region of interest.
The target points are usually given prior to the deployment of sensors. The nearby sensors have
to detect all the events that happen in the defined targets and report the data back to the sink
for processing [102]. Based on the application and the nature of targets, the point coverage can

be classified into fixed point coverage and mobile point coverage.

Fixed point coverage

A target point is said to be fixed if it always maintains the same location. The fixed points are
determined prior to the deployment of WSNs. The monitoring of fixed points is easy, and only
static sensors can be used to cover them [110]. When monitoring fixed points, the sensors are
precisely placed at accurate locations inside the area of interest to allow real-time surveillance
of the targets. Monitoring enemy bases and spots of exchange are popular examples of fixed

point coverage.

Mobile point coverage

A mobile target point changes its location frequently and abruptly. When covering the mobile
target point there are two possibilities, if static sensors are deployed, they must be placed in
strategic locations so that for each new position of the mobile target, there will exist at least one
sensor that can cover it. The second possibility and the most effective is to use mobile sensors.
Firstly, the mobile sensors have to be deployed in locations that allow them to cover the initial
position of the moving target. Secondly, the sensors are required to follow the moving target
as it moves to new positions, and at least one sensor has to cover the point in a given time in
order to avoid the loss of the target [111].

111.4.1.3 Barrier coverage

Barrier coverage is used by applications that aim to detect intruders passing across bor-
ders. The sensors are deployed along an open or closed belt shape region to detect objects
that attempt to penetrate the area of interest. For efficient monitoring, each and every point
of the border should be covered by at least one sensor. Barrier coverage assures the detection
of all types of intruders regardless of their penetrating direction and their speed [112]. Barrier
coverage is mainly used to prevent illegal breaches of international borders and to detect po-
tential sabotage of all types of pipelines. Depending on the requirements and circumstances of
applications, barrier coverage is classified into strong barrier coverage and weak barrier coverage

[113]. The first assures efficient monitoring since it can detect all border intruders whatever
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path they take. Therefore, the path followed by the object does not matter. The latter can

detect only objects moving along congruent paths.

I11.4.2 Connectivity

Many WSN applications expect the guarantee of network connectivity during and after
deployment. The significance of connectivity cannot be neglected and should have the same
degree of importance as coverage. FEnsuring full connectivity is necessary to guarantee the
transfer of the gathered data to the sink for processing [114]. Usually, connectivity is defined
as the ability of each sensor to find a direct or a multi-hop path to reach the sink. A sensor
node is said to be connected if its location is within the communication range of at least one
connected node. A WSN is often represented by a graph with the sensors as vertices and the
communication link between a pair of sensors as an edge. A WSN is fully connected if the
associated graph is connected [115]. Due to the limited energy, a sensor can send data only for
short distances. Therefore, in multi-hop communication, the sensors exchange data with their
direct neighbors until it reaches the sink. In order to ensure reliable data transmission, the
deployment technique has to prevent the formation of disjoint groups of sensors by organizing
the sensors into a connected network.

In most applications, ensuring that each node has exactly one neighbor directly connected to
it is sufficient for reliable data transmission. This type of connectivity is called 1-connectivity.
However, in applications that operate in harsh environments where it is very likely that sensor
failure will occur, ensuring that each sensor is connected to at least k (k > 1) sensors is a basic
requirement. The k-connectivity ensures the continuous operation of WSN despite the failure
of one or more sensors [116]. Furthermore, k-connectivity is considered an efficient solution that

ensures fault tolerance and improves the WSN resistance in case the energy is fully depleted.

I11.4.3 Network lifetime

WSNs are usually deployed in inaccessible environments, and with the limited battery capac-
ity of sensors, their lifetime is considered a major design objective during deployment. Unless
they have a direct power supply, which is not the case in inaccessible environments, gener-
ally, sensors are powered using limited batteries. In inaccessible environments, it is difficult to
recharge or replace the batteries, which means that it will not take a long time before their
energy is depleted and the sensors become nonfunctional [117].

When reviewing the literature, we can find several definitions that have been proposed for the
WSN lifetime. Each definition is originated from a different perspective based on the specific
application and the objective function of the WSN. However, there is a general definition of the
network lifetime that summarizes all the definitions: we say that the network lifetime is expired
when the network degrades to a point, in which it is no longer able to perform its intended
function [118]. That point could be the time instant at which a certain number of nodes in the
network depleted their batteries or when the network is partitioned, and the communication
between the disjoint groups is lost, or when coverage is degraded below a predefined threshold.

Controlling energy consumption during deployment has a significant influence on the lifespan of
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the WSN. If sensors are uniformly deployed, some sensors, which are located near the sink will
deplete their energy faster than the others in the network. This situation occurs frequently in
WSNs because all the incoming communication to the sink passes through these sensors. The
extensive data transmission performed by these sensors will deplete their energy more quickly,
and eventually, they will die [119]. Due to this, the network performance will degrade, and the
connectivity with the sink will be lost. Therefore, optimal placement of sensors is required to

balance the energy consumption of sensors and prolong the network lifetime.

I11.4.4 Network cost

From a user point of view, one of the major objectives in the deployment of WSN is cost.
Achieving a good coverage quality and guaranteeing a long lifespan of the WSN at a minimum
cost are basic requirements for the users. The cost of WSN is directly related to the number
and the type of sensors. Deploying a large number of sensor nodes leads to a high deployment
cost [120]. Therefore, many applications aim to achieve the maximum possible coverage with
the least number of used sensors. By deploying a smaller number of sensors, several problems
can be avoided, such as coverage redundancy and communication overhead. Furthermore,
the deployment of a smaller number of sensors reduces the WSN’s deployment cost because
deploying fewer sensors decreases the monetary expenditure of the user.

When deploying sensors of the same type, all sensors will have the same cost. Therefore,
deployment cost can be minimized by achieving the lowest sensor count with the satisfaction of
the user’s requirements. However, when deploying a different type of sensors, the cost can be
minimized by finding the best possible combination of sensors that can satisfy the requirements
because the cost varies according to the sensor type [121]. In practical applications, rather than
using expensive sensors with high characteristics, we can construct a mixed sensor network

composed of different kinds of sensors to achieve a balance between performance and cost.

III.5 WSNs deployment techniques

Finding optimal solutions to the deployment problem is considered a very active search
field. The literature provides a huge number of methods that differ according to the opti-
mization objective, the method, and the application. In the rest of this chapter, the differ-
ent deployment strategies including grid-based techniques, geometry-based techniques, virtual
force-based techniques, integer linear programming techniques, and bio-inspired deployment
techniques are discussed in detail. Figure II1.3 illustrates a multidimensional classification of

deployment techniques.

I11.5.1 Grid-based deployment strategies

Grid-based strategies are used to deploy the sensors deterministically in the area of interest.
In this type of deployment, the area of interest is divided into virtual grid cells having the same
size. Figure II1.4 shows that several cell shapes are used to represent the area of a cell, such as

triangular shape, square shape, and hexagonal shape. After the partitioning of the area, sensors
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are precisely placed in optimal locations to achieve the specific application requirements [122].
Sensors are either placed on the center of the cells or at the cell vertices, in which their sensing
zones overlap. It is favorable to use the regular patterns to deploy the sensors because such
patterns provide an acceptable degree of coverage and connectivity. Furthermore, grid-based
deployment strategies allow the application to achieve several levels of coverage and connectiv-
ity using a few sensors only by adjusting the relationship between the communication and the

sensing ranges.

Figure II1.4: Regular patterns for deployment.

The work in [123] presented a grid-based strategy for deterministic deployment of sensors.
In the proposed strategy, the sensing area is divided into equal square cells. Each sensor node
is supposed to occupy a cell center to cover it. After initial random deployment, the sensors
use the location information of their neighbors to locate the uncovered cells. After covering the
located cells, the sensors attempt to maximize the coverage by covering the cells that do not
have any sensor. Therefore, if the sensing range of the sensor allows him to cover the neighbor-

ing cell and maintain the coverage of its current cell, it should decide where to move to cover
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the two cells. The sensors perform these steps until all cells are covered by at least one sensor.
In [124], a hexagonal grid-based deployment algorithm called Push & Pull is proposed. Push
& Pull is a distributed algorithm where the decisions regarding the behavior of each sensor
are taken locally using the available information. Push & Pull starts by dividing the area of
interest into a number of hexagons, where the hexagon side length equals the sensing range of
sensors. The basic idea of Push & Pull is as follows: when a sensor is positioned at the center
of a hexagon, it examines the hexagon area looking for other sensors located within its sensing
range. After the neighbor discovery, the sensor determines whether the adjacent hexagons are
still to be covered. If there are uncovered neighboring hexagons, the sensor leads the sensors
located inside its hexagon to cover the adjacent hexagons. After leading all the neighbors, if
some hexagons are left uncovered, the sensor initiates the pull operator to attract other sensors
towards the uncovered hexagons. Push & Pull builds progressively the hexagonal cells until all
the sensors are deployed. Push & Pull is capable to achieve complete coverage and guarantee
connectivity when the relation between the transmission radius R; and the sensing radius R,
is Ry > \/ﬁ .

In [125], another grid-based deployment strategy that minimizes both the cost and energy con-
sumption is proposed. A regular hexagonal architecture is used to divide the area of interest
into equal cells in order to satisfy the constraints of coverage and connectivity. The hexagonal
cells are further divided into groups, each of which represents a layer. The center hexagon of
the area is considered the first layer, and the cells located at the boundaries of the area are
considered at the final layer. At first, the sink is placed in the first layer, and then the algorithm
uses a set of theorems and constraints to optimally place the sensors in the other layers. Sensors
are deployed at the center of hexagons to monitor the hexagon area. The sensors are placed in
cells such that the cost is minimized and the energy consumption of sensors in the same layer
is balanced. After a set of experiments, the authors show that their algorithm can reduce the
network cost by uniformly deploying the sensor nodes in appropriate cells.

The triangular deployment pattern is used in [126] to maximize the coverage using the mini-
mum number of sensor nodes. The authors proposed a centralized deployment algorithm named
HGSDA to deploy the sensors in a triangular lattice. Similar to the above-described techniques,
HGSDA divides the area of interest into hexagonal cells where the center of the cell represents
a candidate position for a sensor. Although the cells have a hexagonal shape, HGSDA deploys
the sensors in a triangular lattice by ensuring that the distance between every two neighbors is
v/R;. The proposed algorithm starts by identifying the redundant sensors that cover the same
cell, and then these redundant sensors are moved to empty cells to maximize the coverage. The
results indicate that HGSDA can guarantee full coverage if a sufficient number of sensors are
deployed.

To achieve high degrees of coverage and connectivity, authors in [127] study a set of deploy-
ment techniques based on the triangular, square, and hexagon patterns. The goal of the three
deployment techniques is to achieve p-coverage and g-connectivity with different ratios between
the sensing and communication ranges (where p and ¢ are smaller than 6). Each technique
attempts to form an optimal regular deployment pattern by deploying a minimum number of

sensors that achieve the required coverage and connectivity levels. The authors presented sev-
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eral theorems to adjust the distance between the sensors and estimate the number of sensors
required to achieve the predefined coverage level. Besides, the authors conducted a comparison
between the three patterns, and they recommended that the triangular pattern is better than
the other two especially, when p > 3. Table III.1 shows a comparison between grid-based de-

ployment techniques.

Table III.1: A comparison between grid-based deployment tech-

niques.
Technique Objectives Advantages Disadvantages
Coverage | Connectivity | Cost | Lifetime

[123] v -Achieve full | -Increase
area coverage the moving
-Coverage ex- | distance of
pansion speed | sensors
is high

[124] v -Increase cov- | -High energy
erage even in | consumption
areas of irreg- | -High com-
ular shapes munication
-Autonomous overhead due
deployment of | to the frequent
mobile sensors | transmissions

[125] v v -Balance the | -The configu-
energy  Con- | ration of initial
sumption energy is not
-Reduce  the | arbitrary
unnecessary
energy  costs
during deploy-
ment

[126] v -Achieve a | -High process-
complete cov- | ing time
erage
-Reduce sensor
node moving
distance
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[127] v v -Provide mul- | -Different
tiple degrees of | ratios of the
coverage and | communica-
connectivity tion range to
the sensing

range degrade

the perfor-
mance and
affect the
coverage

I11.5.2 Computational geometry-based deployment strategies

Computational geometry strategies are another class of methods used for the deployment
of WSNs. These strategies are based on geometrical objects such as points, polygons, and line
segments. In general, computational geometry strategies are used to eliminate coverage holes
by relocating mobile sensors from densely deployed areas to sparse ones. Voronoi diagram and
Delaunay triangulation are considered the utmost well-liked computational geometry techniques
used for WSN deployment.

I11.5.2.1 Voronoi diagram

The Voronoi diagram is an important structure in computational geometry that represents
the proximity information about a set of geometric nodes. In Voronoi diagram, the region of
interest is partitioned into a number of sub-regions called Voronoi polygons [128]. In WSNs,
the partition is performed based on distances between sensor nodes. Each Voronoi polygon is
occupied by only one sensor node such that every point in the polygon is closer to the sensor
node in this polygon than to any other node. Each polygon is composed of several edges called
Voronoi edges, where the intersection point of two or more Voronoi edges is called a Voronoi
vertex. Two sensors are neighbors if their Voronoi polygons share one Voronoi edge. The
Voronoi diagram for a WSN is constructed based on the initial positions of sensors, then if
there are uncovered areas within the polygons, sensors are moved to cover them. Figure II1.5
represents the Voronoi diagram.

In [129], the authors presented three deployment algorithms based on Voronoi diagram, namely,
the vector-based algorithm (VEC), the Voronoi-based algorithm (VOR), and Mini-max. The
idea behind the three algorithms is to detect and determine the existence of coverage holes
using Voronoi diagram. In all the algorithms, the area of interest is partitioned using Voronoi
diagram, and sensors are placed to effectively cover Voronoi cells. In VOR, if a hole is detected,
the sensors calculate where to move to eliminate or reduce the size of that hole. Min-max is
similar to VOR, however, the sensors are pushed to cover the furthest Voronoi vertex in order
to eliminate coverage holes. The characteristic that distinguishes Min-max is that sensors move

more conservatively with the consideration of not generating new holes. Whereas in VEC, the
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Figure III.5: Voronoi diagram.

behavior of electromagnetic particles is used to move sensors away from dense areas, where
sensors are placed close to each other.

Based on the multiplicatively weighted Voronoi (MW-Voronoi) diagram, three deployment al-
gorithms are developed in [130] to solve the coverage problem in mobile sensor networks. The
algorithms are abbreviated as MWV, MWP, and MDW. The authors assume that the deployed
sensors have different sensing capabilities, and the area of interest is free from any obstacles.
The goal of the three algorithms is to detect coverage holes in the MW-Voronoi region of each
sensor and then move the sensor to an optimal location to reduce the coverage hole. Therefore,
each sensor is required to sweep its MW-Voronoi region looking for a coverage hole. If a hole is
identified, the sensor moves toward a point in its MW Voronoi region, which has the maximum
coverage weight. In MWV, the sensor moves toward the vertex with maximum weight in its
MW-Voronoi region. In MWP, the sensor chooses a point in its MW Voronoi region that has
the maximum weight and starts moving toward that point. Unlike MWV and MWP, the sensor
in MDW chooses its destination based on both distance and weight because MWV and MWP

do not move sensors when the weight of all points of the area are equal.

111.5.2.2 Delaunay triangulation

In graph theory, Delaunay triangulation is formed based on Voronoi polygons, and it is
considered the dual graph of the Voronoi diagram. Delaunay triangulation is used to obtain the
two nearest neighboring sites by taking the shortest edge in triangulation. We can construct
Delaunay triangulation by connecting every two adjacent points in the Voronoi diagram whose
polygons share a common edge. By connecting the adjacent points, the area is partitioned
into triangles so that no point in any triangle is located within the circumscribed circle of any
other triangle in the area. The empty circle property of the triangulation is used in WSNs to
eliminate the coverage holes. Figure III.6 illustrates the Delaunay triangulation constructed

from the Voronoi diagram shown in Figure ITI.5.
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Figure I11.6: Delaunay triangulation.

A deterministic deployment algorithm based on computational geometry is proposed in [131]
to maximize the coverage of an area that contains obstacles with regular and irregular shapes.
The first step of the proposed algorithm is to deploy the sensors over the entire area, even
over obstacles. The second step is to minimize the number of deployed sensors by eliminating
the sensors that are located inside the obstacles. When eliminating sensors, coverage holes
with different sizes may occur around the obstacles. Therefore, the role of the algorithm is to
detect these coverage holes and then partitioning the holes into triangulations using Delaunay
triangulation. Finally, sensors are placed in the triangle vertices to cover the holes. To ensure
full coverage, the length of triangles’ edges are set to be less than the sensing range.

In [132], a centralized deployment technique called DT-Score is proposed for solving the cover-
age problem in an area with obstacles. To optimize the deployment, this technique attempts
to cover the sparse regions in the area of interest. In order to achieve this, two deployment
phases are presented. In the first phase, a contour-based deployment method is used to detect
and eliminate the coverage holes near the edges of the area and obstacles. The second phase
employs the Delaunay Triangulation to deploy the sensors in optimal positions for covering the
remaining regions in the area of interest. The empty circle property of the Delaunay triangula-
tion is used to find the sparse regions and place the sensors in locations that achieve the most
coverage gain. Table ITI.2 shows a comparison between the previously mentioned computational

geometry-based techniques.
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Table II1.2: A comparison between computational geometry-based

deployment techniques.

Technique Objectives Advantages Disadvantages
Coverage | Connectivity | Cost | Lifetime
[129] v -Maximize the | -High  com-
area coverage | putational
through reduc- | complexity for
ing coverage | coverage holes
holes detection
-They have the | -Require
ability to deal | complex cal-
with obstacles | culation when
estimating
new positions
of the sensors
[130] v -Improve the | -High compu-
initial  cover- | tational com-
age of mobile | plexity
sensors -High mobility
-Support  the
deployment
of sensors
having differ-
ent sensing
capabilities
[131] v v -Achieve full | -High compu-
area coverage | tational com-
with minimum | plexity for cov-
number of | erage holes de-
Sensors tection
-Deal with
regions  hav-
ing arbitrary
boundaries
and obstacles
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[132] v

-Achieve high
coverage in
an area with
obstacles

-It is scalable
and  support

different types

the

network cost

-Increase

-The locations
of obsta-
cles must be
known before

deployment

of sensors

111.5.3 Force-based deployment strategies

In the virtual force-based deployment technique, the locations of sensor nodes are determined
on the basis of the forces that are originated from the interactions among them. Different vir-
tual forces including, attraction, repulsion, and friction, affect the sensor nodes. For optimal
placement, a sensor node should maintain a fixed threshold distance that separates it from
others. Generally, the threshold distance is equal to the sensing range of the sensors. Each
sensor affects others by exerting a repulsive force if the distance separating them is less than
the fixed threshold. On the other hand, the attractive force is applied if the distance separating
two neighboring nodes is greater than the fixed threshold. When the distance is equal to the
fixed threshold, neither attraction nor repulsion is applied because the exerted force is null.
The working principle of virtual force algorithms is illustrated in Figure II1.7. As can be seen
from the figure, the position of sensor 3 is changed according to the forces applied by sensor 1

and sensor 2.

New Position of Sensor 3
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Figure II1.7: Virtual force working principle [111].
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The virtual force algorithm (VFA) is introduced in [133] to tackle the problem of area cov-
erage in WSNs. VFA is a centralized algorithm that aims to improve the initial coverage of
randomly deployed sensors. After the random placement, sensors experience three varieties of
forces in order to relocate them into optimal positions. The uncovered regions, obstacles, and
sensors themselves exert a combination of attractive and repulsive forces to determine new loca-
tions for sensors that satisfy coverage requirements. If the area contains obstacles, it will exert
a repulsive force on sensors to push the sensors away. The regions of preferential coverage exert
an attractive force to attract the sensors toward uncovered area blocks. At last, depending on
the orientation and distance between the sensors, they exert either repulsive or attractive forces
on each other. Therefore, based on the above description, the net force on a sensor node can
be calculated by summing the three types of forces. As mentioned above, VFA is a centralized
algorithm, meaning that it is executed by the sink node and the sensors do not change their
positions until the final positions are determined by the sink node. Sensors receive their final
positions from the sink, and they relocate themselves in these positions to enhance the network
coverage. VFA does not work properly when network connectivity is not initially ensured.

To overcome the connectivity maintenance problem in VFA, an Extended Virtual Forces-based
(EVFA) technique for the self-deployment of WSNs is proposed in [134]. The authors dis-
cussed that the connectivity maintenance problem occurs when the communication range is
low. Therefore, they introduce the orientation force to improve the force model and helps the
EVFA to keep the continuous connectivity during sensor movement and eliminate coverage
holes. Besides, EVFA was designed to solve the node stacking problem, in which two or more
sensors occupy almost the same position. This problem is encountered in the VFA when the
attractive forces coefficient is not well-tuned, and the ratio of the communication range to the
sensing range is large. To alleviate this problem, a novel exponential force model is introduced
in EVFA to adjust the distance between a sensor and its faraway neighbors because attractive
forces between a sensor and its faraway neighbors always exist in VFA and considered the main
reason behind the stacking problem. In, EVFA the virtual forces between the sensor and its
distant neighbors are decreasing with the farther distance. Therefore, the stacking problem is
effectively solved by EVFA.

In [135], a Distributed Virtual Forces Algorithm (DFVA) is proposed for redeploying sensors
after initial random deployment. DFVA aims to enhance the initial coverage and ensures net-
work connectivity. Each sensor node is considered an autonomous entity that participates in
constructing the solution by sending and receiving messages. In DFVA, sensors change their
positions according to the principle of VFA until they reach a uniform coverage. The authors
claimed that if full coverage is achieved and the communication range is twice the sensing range,
the network connectivity is ensured. DFVA solves the node oscillations problem by introducing
a threshold to limit the distance that a sensor node can travel. This in return, reduces the en-
ergy consumption during sensor movements. However, the depleted energy of sensors in DFVA
is still higher than that in VFA due to the high mobility during deployment.

Another virtual force-based algorithm using Van der Waals force is proposed in [136] to pro-
vide an optimal solution for the deployment problem. The friction force is introduced to the

force equation to achieve a steady state of node deployment. Besides, Delaunay triangulation
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was adopted to define the relationship of adjacency of nodes because Van der Waal originates
only from the interaction between two adjacent nodes. In this algorithm, sensors move to new
locations according to the acceleration produced by the repulsion and attraction forces. The
proposed algorithm has fast convergence and can achieve a high coverage degree.

Another variant of the VFA named Improved Virtual Force Algorithm (IVFA) is proposed in
[137] for maximizing the area coverage. IVFA addresses the shortcomings of the original VFA
including, slow convergence, neglecting the boundary effect, useless moves of sensors, and the
non-guarantee of virtual force effective distance between sensors. The authors proposed a new
exponential force equation to allow the algorithm to converge faster to a steady state. Besides,
they introduced a maximum number of steps that a sensor is allowed to perform in each iteration
to restrain useless moves. Moreover, IVFA is designed to limit the scope of virtual forces where
each sensor node is affected only by the virtual forces of the nodes in its communication range.
Finally, the boundary effect is considered by setting up the maximum boundary coordinates.
In [138], a hybrid algorithm was applied for the deployment of large-scale WSNs. The proposed
algorithm combines two virtual physical forces namely the dusty plasma crystallization force
and the Lennard—Jones Potential force. The deployment strategy takes advantage of the two
algorithms in order to organize the sensors in a uniform hexagonal topology. In the hybrid algo-
rithm, the interactions among physical sensor nodes are used to achieve a higher coverage rate
and make the equilibrium distance between two nodes more uniform. To achieve these goals,
the algorithm starts by deploying the sensors randomly in a circular area, and then, based
on the force equations of the two algorithms, sensors are redeployed to form a final optimal

hexagonal topology. Comparison between the force-based techniques is illustrated in Table ITI.3.

Table IT1.3: A comparison between force-based deployment tech-

niques.
. Objectives .
Technique — — Advantages Disadvantages
Coverage | Connectivity | Cost | Lifetime
[133] v -Improve the | -High con-
initial  cover- | sumption  of
age the sink’s en-
-The con- | ergy due to the

sideration  of | computation
obstacles and | of the new
coverage holes | positions

-Works  with

mobile sensors

only
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[134] -Enhance net- | -High com-
work coverage | putation
while ensuring | complexity
connectivity -Undesirable
-Solve the | performance
node stacking | for heteroge-
problem neous WSN
-EVFA can
be applied
with different
ratio value of
communica-
tion range and
sensing range

[135] -Achieve good | -More expen-
coverage and | sive than the
guarantee centralized
network con- | VFA
nectivity
-It does mnot
require any
centralized
entity

[136] -Achieve full | -Does not con-
coverage sider obstacles
-Converge
faster

[137] -Provide high | -High  com-
coverage rate putation
-Fast conver- | complexity
gence even in | compared with
large WSNs VFA

[138] - Achieve | -Does not deal
higher cover- | with obstacles
age rate -High mobility
-Provide a
uniform  de-
ployment  for
large-scale
WSNs
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I11.5.4 Deployment strategies based on integer linear programming

Linear programming (LP) techniques are a class of mathematical techniques used for de-
termining the best solution to a problem through satisfying a series of linear equations and
inequalities [139]. A sub-class of LP techniques named integer linear programming (ILP) are
used to solve the deployment problems in WSNs where the requirements of coverage, cost, life-
time, and network connectivity must be satisfied. ILP is simply an LP in which the variables
take integer values. The deployment problem is solved using ILP through the formulation of
the problem and the network settings in a model using a set of constraints and equations. The
main characteristic of ILP problems is that their resolution time is very important due to the
multiple complicated constraints.

In [103], a deployment strategy based on a mixed-integer linear programming (MILP) model
is proposed for target coverage with a minimum number of sensors. Authors assume that the
target region is composed of a finite number of objects. Their goal is to cover the objects with
the minimum number of sensors while ensuring connectivity between the sensors and the sink.
For this purpose, the authors designed two models each of which contains a set of constraints
that ensure the minimization of cost, objects coverage, full connectivity, and avoiding model in-
consistency. The only difference between the two models is in considering the network lifetime.
In the first model, no lifetime constraints are imposed, whereas the second model considers the
network lifetime as the period before the first sensor depletes its energy. The presented results
show that these techniques achieve good deployment solutions under coverage, connectivity and
network lifetime requirements.

An integer linear programming model is developed in [140] for solving the problem of area cov-
erage with a minimum number of sensors. In this model, the deployment area is regarded as a
grid that contains a finite number of points. Covering the grid points and minimizing the total
number of deployed sensors are taken as the main objectives of this strategy. Furthermore, the
authors introduced a set of constraints to guarantee the connectivity between the nodes and
to ensure that each point in the grid is covered by at least one sensor. Besides, the authors
proposed an improved version of their integer linear model that aims to improve its resolution
computation time by reducing the number of decision variables. The authors indicated that
the proposed model could be applied to solve k-coverage and m-connectivity problems just by
changing a constraint and adding some other constraints. However, an additional number of
sensors is needed to achieve k-coverage and m-connectivity.

In [141], an integer linear programming model is proposed to achieve k-barrier coverage in
WSNs. The authors attempt to cover a rectangular two-dimensional belt region with minimum
relocation of sensors. For this purpose, they used the weighted barrier graph to represent the
network where the weight of each edge in the graph is taken as the number of sensors needed
to be relocated to connect the two vertices of the corresponding edge. In this algorithm, k-
coverage is achieved by the formation of a k sensor-disjoint barrier. Thus, the model objective is
to relocate the minimum number of sensors to form the k-coverage barrier. A set of constraints
are introduced that every sensor-disjoint barrier should satisfy. The constraints ensure that
each sensor should belong to at most one barrier and that the total number of barrier path

nodes satisfies the constraint bounds. However, the authors did not consider other important
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constraints such as battery constraints and the influence of the surrounding environment. A
comparison between the aforementioned integer linear programming techniques is summarized
in Table TI1.4.

Table I11.4: A comparison between integer linear programming

techniques.
Objectives
Technique — — Advantages Disadvantages
Coverage | Connectivity | Cost | Lifetime
[103] v v v v -Achieve  full | -Very high
coverage  for | consumption
targets complexity es-
-Consider con- | pecially when
nectivity, cost, | the number of
and network | targets is large
lifetime -Requires long
amount of
time to find
a  reasonable
solution
[140] v v v -Solve 1- | -High con-
coverage and | sumption
k-coverage complexity
problems -Does not con-
-Ensure  net- | sider obstacles
work connec- | -Not efficient
tivity when deploy-
ment area is
large
[141] v v -Achieve -The formu-
k-barrier cov- | lation is com-
erage putationally
-Ensure net- | intractable due
work connec- | to complicated
tivity constraints
-High energy
consumption

I11.5.5 Bio-inspired deployment strategies

The importance of the deployment problem can be easily noticed by observing the growth

of the volume of works presented by researchers that attempt to solve this problem. The bulk
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of works tackled the problem of deployment through using a special type of optimizers called
Bio-inspired optimization algorithms. As we discussed earlier, these optimizers can achieve an
excellent approximation of the optimal solution in a reasonable computational time.

Finding approximate solutions to the deployment problem using bio-inspired algorithms is con-
sidered a very active search field. The literature provides a huge number of techniques based
on bio-inspired algorithms for solving the deployment problem in WSNs. The works presented
in the literature offer several deployment solutions that differ according to the optimization
objective, the method, and the application where the WSN is implemented.

There are several classifications of bio-inspired deployment techniques. In this chapter, we clas-
sify the different bio-inspired deployment techniques based on the method used to obtain the
solution. Regarding the method, a big portion of deployment techniques is based on swarm
intelligence algorithms. Therefore, in our classification, the techniques are categorized into two
main categories: swarm-based deployment techniques (SI) and non-swarm deployment tech-
niques (NON-SI). The latter includes evolutionary algorithms such as Genetic Algorithm (GA)
and plants-based algorithms such as Flower Pollination Algorithm (FPA).

I11.5.5.1 Swarm intelligence deployment techniques

Despite of their source of inspiration, rules, and concepts, all swarm intelligence algorithms
use a population of individuals in order to search for the global optimum in the problem’s search
space. When solving optimization problems, there are two possibilities to represent solutions.
The first one is using all the individuals in the population for representing a potential solution.
After the termination of the optimization process, the final positions of all the individuals in
the population are returned as a solution to the problem at hand. The second and the most
common strategy for solution representation is considering each individual in the swarm as a
potential solution to the problem being optimized.

The authors that addressed the problem of deployment used the two representation strategies
for representing a potential solution to the deployment problem. The deployment solution refers
to a set of coordinates for the sensors in a two-dimensional space.

Suppose we have a set of sensors to be deployed in the area of interest. On the one hand, when
using the first representation, each sensor is considered as an individual search agent in the
optimization algorithm. This means that the number of individuals in the population exactly
equals the number of sensors. In this case, each individual is characterized by two coordinates
(z,y), and the final positions of sensors are those of the population’s individuals in the search
space.

On the other hand, when each search agent in the swarm is taken to represent a potential
solution individually, each search agent is considered as a vector that contains the position
coordinates of all the deployed sensors. Figure II1.8 shows the solution representation used by

each search agent.
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Figure I11.8: SI solution representation.

Where z; and y; represent the coordinates of the i-th sensor in 2D space. After the rep-
resentation of solutions, each optimization algorithm employs a set of operators and rules in
order to optimize the defined deployment objective (s) and obtain a good approximation of the

global optimum for the deployment problem.

Particle Swarm Optimization

The authors in [142] implemented the Particle Swarm Optimization (PSO) algorithm to achieve
the maximum coverage using the minimum number of sensors. In this technique, the elements
of the particle’s position vector are used to represent a solution to the deployment problem. The
monitored area is divided into R regions, and each region has to be covered by one sensor. The
sensing range of a sensor is defined as the distance between the sensor node, and the farthest
location point is his region. The objective is to minimize the sensing range and determine the
optimum locations for deploying all R sensors such that every location point is covered.

To avoid premature convergence of PSO and to achieve a better coverage ratio, an improved
particle swarm optimization is presented in [143]. The algorithm is based on the ideology of
GA. The key of the IPSO is that if the algorithm falls into stagnation after predefined cycles,
one particle is chosen randomly, and it will be altered to generate a new particle. If the fitness
of the new particle is improved, the variation operation is successful, else, this procedure is
repeated until the algorithm achieves a better fitness value.

The authors in [144] presented an improved binary particle swarm optimization for the deploy-
ment of stationary sensors in WSNs. The proposed method determines the optimal locations of
sensors to meet the desired detection requirements. The proposed method combines the char-
acteristics of the binary particle swarm optimization with the WSN’s deployment requirements
in order to derive an efficient sensor placement algorithm. The algorithm adopts a new posi-
tion updating procedure to compute the minimum number of deployed sensors along with their
locations. The goal is to improve the detection capabilities and avoid premature convergence.

In [145], a Discrete Particle Swarm Optimization Algorithm (DPSO) for optimal deployment of
WSNs in a non-convex region is presented. In DPSO, the position of each particle is limited to
a discrete set of values. The area of interest is divided into a finite number of points by a grid
of imaginary lines. The grid points denote the potential locations of sensors, and their coordi-
nates are the allowed discrete set of values for the particle position. The proposed method can
improve the coverage and reduce the computational complexity since not all the points located
inside the area need to be evaluated.

The work in [146] proposed two improved versions of the classical Particle Swarm Optimization
algorithm (PSO) called cooperative PSO and cooperative PSO using fuzzy logic to solve the
problem of target coverage in WSNs. The optimal locations of sensors that cover the set of

targets are determined by optimizing the network lifetime. The two algorithms are designed to
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prolong the network lifetime and solve simple coverage, K-Coverage, and Q-Coverage problems.

Artificial Bee Colony Algorithm

Ozturk et al. were the first to use the Artificial Bee Colony metaheuristic (ABC) to tackle the
deployment problem in WSNs. In their first study [147], they considered a WSN composed of
both stationary and mobile sensors with a probabilistic detection model, which gives a more
realistic results. Whilst in their second study [148], a binary detection model was adopted in
a network of mobile sensors. In both studies, the position of a food source is considered as a
potential solution to the deployment problem, and the ABC metaheuristic is employed to direct
sensor movement in order to maximize the coverage area.

The authors in [149] proposed a dynamic deployment strategy for positioning mobile sensors
based on a modified ABC algorithm. The goal of the M-ABC is to improve the search capa-
bility of the standard ABC algorithm. Two shortcomings of the ABC algorithm are addressed
namely: the undirected search for new food sources around old ones and the way the algorithm
balances exploration and exploitation. To overcome these shortcomings, a hybrid local search
with a crossover operator is presented. Therefore, instead of searching randomly around the
old solution, the proposed hybrid local search combines the local search of the standard ABC
and the search guided by the global best for balancing exploration and exploitation. Besides,
the crossover operator is used to generate new solutions from the fittest ones that have already
been found.

The work in [150] presents a parallel and cooperative parallel artificial bee colony algorithm for
sensor deployment based on a migration process. The author manages to achieve a better con-
vergence speed by dividing the entire colony into small colonies of equal size and simultaneously
evaluating them. In addition, the migration operator is used to substitute the worst solutions
in each sub-colony with the best solution discovered in their neighboring sub-colonies. This
strategy assists the algorithm in enhancing the solution quality in each sub-colony, thereby,
enhancing the quality of the final solution.

The problem of coverage and connectivity of a set of target points is investigated in [151]. The
authors highlighted the two shortcomings of the Artificial Bee Colony (ABC) algorithm when
using the traditional roulette wheel selection mechanism: the entrapment in local optima and
the fast convergence. To overcome the shortcomings, a modified ABC is proposed where the
roulette wheel selection mechanism of the follower bees is replaced with the free search algo-
rithm pheromone sensitivity model. The proposed improvement enables the proposed algorithm
to achieve higher coverage and connectivity.

The quick Artificial Bee Colony algorithm (qABC), which is a variant of the standard ABC
algorithm, was introduced in [152] to solve the problem of deployment in WSNs. The au-
thors considered both the Boolean and the probabilistic detection models. The deployment
optimization is taken as a minimization problem where the aim is to minimize the uncovered
area, thereby maximizing the coverage of the WSN. The qABC proved that it is effective in

optimizing the coverage. However, it needs more CPU to perform optimization.
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Ant Colony Optimization Algorithm

In [153], a deployment method based on the Ant Colony Algorithm (ACO) called EasiDesign
is proposed. In EasiDesign, the sensing field comprises discrete points that must be covered
by sensors. At the beginning of the algorithm, the ants are placed on the sink, and they start
building solutions to the problem by moving from one point to another. Each point visited
by the ant is a candidate position of a sensor node. Thus, the set of all points visited by the
ant is a solution to the deployment problem. The ant moves into locations that enable it to
cover the maximum number of points in the detection field. At each step, the ant evaluates the
solution using a fitness function. Then, it deposits a quantity of pheromone proportional to the
quality of the solution (path). This pheromone information will guide the future ants to move
to positions that improve the quality of the solution. Once each ant has built a solution, the
solution with the minimum number of sensors is selected. This procedure is repeated until the
maximum number of iterations is reached.

The work in [154] also achieved an optimal deployment of WSNs by designing an ant transfer
method with three classes of transitions (ACO-TCAT). The idea of ACO-TCAT is the same
as EasiDesign, where the ants have to build solutions to the problem by moving in a sensing
field that comprises a discrete set of points that must be covered by sensors (Figure II1.9a).
In addition, instead of the simple selection mechanism of the traditional ACO, the authors
presented three novel types of ant’s movement. The proposed method aims to decrease inferior
solutions and narrow the searching range of the algorithm. As an example, a solution to the
problem returned by ACO-TCAT is shown in Figure II1.9b.
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Figure I11.9: An example of ant deployment. (a) Before node deployment and (b) After node
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deployment.

The authors in [155] presented a deterministic deployment method based on the ant colony
optimization algorithm. They extended their previous work [154] to consider the problem of
grid-based coverage with low-cost and connectivity-guarantee (GCLC). In the proposed method,
the region of interest contains a number of grid points that must be covered by sensors. The
ants’ solutions are constructed incrementally by choosing a set of optimal positions that cover

the maximum number of points. For this purpose, in addition to the three types of movement,
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the authors used a simple greedy migration strategy to cover the set of points with the mini-
mum number of sensors. The novel greedy migration strategy contributes to complete the full
coverage quickly and decreases the deployment cost. The influence of the greedy migration

strategy on the ant movement is shown in Figure I11.10.
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Figure III1.10: The influence of the greedy migration strategy on the ant movement.

In [156], a Dynamic Ant Colony Algorithm (DACA) for sensor nodes deployment is proposed.
The algorithm includes the integration of new parameters to improve the traditional ant colony
algorithm. The integration of the parameters named heuristic factor, expectations heuristic
factor, dynamic evaporation factor aims at solving the problem of slow evolution and frequently
falling into local optimum.

Aiming at constructing a wireless sensor network that ensures a specified minimum level of
reliability during its mission time, the authors in [157] proposed a deployment technique based
on the ant colony optimization algorithm. Authors attempt to achieve reliability through
minimizing the cost, internal interference, bandwidth usage, and energy consumption during
the deployment of the network. As with any ACO-based deployment technique, the ant in this
technique starts building a deployment solution from the sink node and concludes the building of
the solution when complete coverage of the target points is achieved. After that, the reliability
measures are calculated for the constructed solution, and they are compared to the predefined
minimum reliability level. If the minimum reliability is achieved, the ant concludes the tours.
Otherwise, the ant starts building a new solution. Each ant continues building solutions until

the minimum reliability level is met.

Bat Algorithm
In [158], a novel technique based on a smart bat algorithm is proposed for the deployment of

WSNs in 3D environments. The authors addressed the problem of deployment by considering
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several design factors including, network lifetime, coverage, cost, and connectivity. The authors
used a set of tabu points to simulate the obstacles in the area of interest. Hence, sensors cannot
be deployed at these points. The smart bat algorithm is designed by enhancing the original
BA’s search mechanism using decision theory and fuzzy logic techniques. The position of each
bat is chosen to represent a solution to the deployment problem. In other words, the position
vector of each bat contains the coordinates of the grid points where sensors are placed using the
smart bat algorithm. The smart bat algorithm is executed with a population of bats generated
randomly in the search space with the coverage and the cost as the main objectives. A weight
is attached to each objective in order to adjust its importance during the evaluation of the
solutions by the objective function.

In [159], a novel deployment technique based on the Bat Algorithm (BA) is proposed. In
this technique, each sensor is represented by a bat, and its location is updated based on the
steps of the BA metaheuristic. The BA deployment algorithm is designed to maximize the
coverage of a set of grid points by minimizing the average distance between the sensors and the
grid points. During optimization, the optimal positions of sensors are selected such that the
distance between grid points and sensors is small. Besides, the proposed technique reduces the
overlapping area between sensors by guaranteeing that each grid point is covered by only one
sensor. This is done by ensuring that the grid points covered by one sensor are excluded for

the remaining sensor nodes.

Glowworm Swarm Optimization

The work in [160] suggested a deployment technique based on the Glowworm Swarm Optimiza-
tion (GSO) algorithm. Glowworms in nature carry a luminescent substance called luciferin
used to communicate with others. The intensity of the emitted light by a glowworm is pro-
portional to the intensity of luciferin associated with it. Glowworms move according to the
luciferin intensity where they are attracted towards the brighter glow of other glowworms in
the neighborhood.

Based on this behavior, an efficient deployment technique is proposed where each sensor node
is treated as an individual glowworm. In order to maximize the coverage, the authors used the
luminescence of the luciferin emitted by glowworms to direct sensors’ movement in the area of
interest.

After initial random deployment, each sensor receives luminance from its neighboring sensors.
The light intensity of the luciferin is related to the overlapping area of the sensor. Sensors with
small overlapping areas produce a brighter light than those with the large overlapping area.
In the next step, the sensor selects a neighbor using a probabilistic operator and moves towards
the selected sensor. After the movement, the luciferin intensity is updated depending on the
overlapping area between the two sensors. In addition, the overlapping area is controlled by
reducing the distance between the sensors to be equal to /37, where 7, represents the sensing

range. The sensors keep moving until coverage above a defined threshold is achieved.

Grey wolf optimizer

An Improved Grey Wolf Optimizer (IGWO) for coverage optimization is presented in [161].
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GWO is a swarm intelligence algorithm that mimics the leadership hierarchy and hunting
mechanism of grey wolves in nature. In GWO, the position of a wolf represents a candidate so-
lution to the optimization problem. For solving the deployment problem, the position of a grey
wolf is represented as a vector that contains the coordinates of the deployed sensors. In order to
optimize the deployment efficiently, some improvements are introduced to the original GWO.
Firstly, a nonlinear convergence factor is introduced to balance exploration and exploitation.
Secondly, the position updating equation of the GWO is improved by an enhanced weighting
strategy. Finally, a dynamic variation strategy is used to maintain the diversity of the popula-
tion and avoids entrapment in local solutions. After applying the IGWO, the position of the
grey wolf individual with the largest coverage rate is selected as the final solution.

Another improved grey wolf optimizer is proposed in [162] for deploying WSNs on 3D surfaces.
The authors proposed a new deployment technique named the enhanced grey wolf optimizer
(EGWO) for optimizing the coverage and the network cost. The EGWO brings several novelties
compared with the traditional GWO. The first novelty is the division of the grey wolf population
into two parts, one part is responsible for performing the outer-layer encircle, and the second
is responsible for the inner-layer encircle. The second novelty is the introduction of chaos to
enhance the exploitation and exploration through using Tent mapping. By introducing these
improvements, the convergence performance and optimization precision of the algorithm is im-
proved. As an outcome, they led to superior results when solving the problem of deployment

in 3D surfaces.

Social Spider Optimization Algorithm

The authors in [163] presented a dynamic deployment technique based on the Social Spider
Optimization (SSO) algorithm. The SSO algorithm is inspired by the collective and cooperative
behavior of a group of spiders, which interact with each other to perform different activities
such as nest building, prey capture, and mating. Each spider is associated with a weight that
reflects its quality. Spiders are divided into two categories based on gender: males and females.
For solving the deployment problem, the authors represented each social spider individual as
a vector that contains all node coordinates in a two-dimensional space. In this technique,
the coverage is considered as the weight of social spiders, which refers to the objective in the
deployment problem. This means that the higher the coverage, the higher the weight of the
spider.

Spiders update their positions based on the communication behavior using vibration. Female
spiders present an attraction or dislike based on the weight (fitness) over others irrespective
of gender, whereas males are attracted to the closest female spider for mating. Based on
this model, sensors change their positions to reduce the blind areas in the sensing region by
improving network coverage. The updating process is repeated for several iterations, and the
fitter spider is returned as the final solution for the deployment problem.

In [164], a new deployment technique based on the Social Spider Optimization (SSO) algorithm
for area coverage maximization is proposed. The proposed technique called real-coded SSO
(R-SSO) comes intending to optimize the coverage by changing the nature of the sensing area

that is usually modeled as a grid with a discrete nature into a continuous flat surface. This
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change assists the algorithm in determining the exact surface of the covered area by reducing
the coverage uncertainty of sensor nodes. In the R-SSO, the original steps of the SSO algorithm
are implemented to optimize the coverage of an entire area or selected disjointed regions in the

area.

Whale Optimization Algorithm

The work in [165] presented a dynamic deployment algorithm based on the Whale Optimization
Algorithm (WOA) for optimizing area coverage of homogeneous WSNs. This metaheuristic is
inspired by the bubble-net hunting strategy used by humpback whales while hunting. When
solving the deployment problem using WOA, the authors supposed that each sensor node is
treated as an individual whale. Based on the WOA model, the sensor updates its position
according to the positions of other sensors. A fitness interval is used to evaluate the coverage of
each sensor. If a sensor node achieves a coverage value in the predefined coverage interval, it is
marked as an optimum sensor. Therefore, it will maintain its current location in the following
iterations. The sensors will keep changing their positions until no further movement is captured
in the network. This deployment strategy is faster than any other technique presented so far.

However, it does not maximize the coverage efficiently.

Salp Swarm Algorithm

The Salp Swarm Algorithm is a swarm intelligence algorithm that mimics the swarming behavior
of salps when navigating and foraging in oceans. In this algorithm, the position of each salp
represents a solution to the problem being optimized. SSA was successfully applied for solving
the deployment problem. The problem of deployment is tackled by a variant of the SSA that
aims to enhance the search ability and the convergence of the SSA.

A new SSA variant named the Weighted SSA (WSSA) is applied in [166] to tackle the sensor
deployment problem in WSNs. In this technique, the coverage and energy efficiency are taken
as the optimization objectives. In addition, the location update equation of salps is improved
by a new strategy called weighted distance position update. In this improvement, a weight
variable similar to the inertia weight of the particle swarm optimization is introduced to balance
exploration and exploitation. The WSSA attempts to achieve a trade-off between coverage and

energy efficiency in order to achieve better placement of sensors in the sensing area.

Firefly Optimization Algorithm

In [167], a novel deployment technique based on the firefly optimization algorithm is presented
to enhance the coverage of sensors that are initially deployed at random in the area of interest.
In addition to coverage, the authors considered the minimization of the energy consumed during
the movement of sensors as a secondary goal. Therefore, a multi-objective function is designed
by combining the two objectives in one function using the weighted sum method.

The working principle of the firefly algorithm is based on the light attraction behavior of fireflies
in nature. Each firefly attracts other ones by its brightness, and fireflies with lower brightness
move toward the brighter ones. Based on this principle, each firefly is represented by a vector
that contains the mobile sensors. The brightness of each firefly reflects the fitness value of

the corresponding solution returned by the designed objective function. In this technique, the
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positions of fireflies are updated based on the light attraction behavior of fireflies, and the firefly
that represents the best individual is returned as a final solution to the deployment problem.

A comparison between swarm intelligence techniques is presented in Table ITI.5.

Table II1.5: A comparison between the different swarm intelligence

deployment techniques.

Technique Objectives Advantages Disadvantages
Coverage | Connectivity | Cost | Lifetime
[142] v -Enhance the | -Premature
network cover- | convergence
age
[143] v -Alleviate the | -Not  prefer-
Premature able in situa-
convergence tions where a
problem full coverage is
required
[144] v v -Achieve good | -Does not con-
coverage with | sider mobility
least number
of sensors
[145] v -Fast deploy- | -Not  prefer-
ment able in situa-
tions where a
full coverage is
required
[146] v v -Prolong -Provide
the  network | medium cover-
lifetime age quality
[147] v -Give more re- | -Not  prefer-
alistic results able in situa-
tions where a
full coverage is
required
[148] v -Enhance the | -Require a lot
network cover- | of iterations
age
[149] v -Enhance -Undesirable
search  capa- | performance
bility of the | for large
standard ABC | WSNs
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[150] -Achieve -High com-
higher cover- | putation
age complexity
[151] -Enhance net- | -High com-
work coverage | plexity due to
while ensuring | complicated
connectivity constraints
[152] -Solve the | -Needs more
problem of | CPU to ac-
deployment complish  the
effectively optimization
task
[153] -Achieve good | -Increase
coverage the  number
of deployed
sensors
[154] -Enhance the | -Require more
network cover- | steps com-
age pared with
ACO
[155] -Reduce  the | -Increase the
number of de- | overlapping
ployed sensors | area
[156] -Solve  slow | -Not  prefer-
evolution able in situa-
problem of the | tions where a
ACO full coverage is
required
[157] -Achieve high | -Require a lot
level of relia- | of evaluations
bility compared  to
the mentioned
ACO-based
techniques
[158] -Solve the | -Not  prefer-
problem of | able in situa-
deployment in | tions where a
3D surfaces full coverage is
required
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[159] -Fast deploy- | -Provide
ment medium cover-
age quality
[160] -Achieve full | -High mobility
coverage
[161] -Optimize the | -Suffer  from
coverage effec- | slow evolution
tively
[162] -Solve the | -Works only in
problem of | simple 3D sur-
deployment in | faces
3D surfaces
[163] -Enhance the | -Premature
network cover- | convergence
age
[164] -Determine -Not  prefer-
the exact net- | able in situa-
work coverage | tions where a
full coverage is
required
[165] -Fast deploy- | -Provide
ment medium cover-
age quality
[166] -Provide good | -Undesirable
coverage performance
and mini- | for large
mize  energy | WSNs
consumption
[167] -Enhance the | -Fail to achieve
network cover- | a good trade-
age off between the
objectives

I11.5.5.2 Non-Swarm intelligence deployment techniques

This category of deployment methods contains several types of algorithms arranging from
the popular GA to the plants-based algorithms such as Flower Pollination Algorithm (FPA).
Different works have been proposed based on non-swarm intelligence algorithms to tackle the
problem of deployment in WSNs. In the following paragraphs, we will review these works and

we will explain how each one of them has addressed the deployment problem.
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Genetic Algorithm

The authors in [168] presented an efficient technique based on a genetic algorithm for solving the
coverage holes problem in WSNs. the authors addressed the problem of coverage holes caused
by the random deployment of static sensors. The idea of their proposed algorithm is to deter-
mine the minimum number of mobile sensors that must be added after the initial deployment
and their optimal locations using the genetic algorithm. Each chromosome, as a solution in the
GA, represents the location of a potential mobile sensor in the sensing field. The values of the
location’s coordinates are represented using binary digits. The two well-known GA operators
are implemented in this technique. The crossover operator is used to create new individuals,
and the mutation operator is applied to avoid trapping in the local optimum.

In [140], a deployment technique based on a Genetic Algorithm (GA) for solving the grid cov-
erage problem with the least number of deployed sensors is proposed. In this proposition, each
chromosome, as a solution in the GA, represents a solution to the deployment problem. Hence,
each chromosome is regarded as an array that contains all the sensors’ coordinates. The steps of
the classical GA are implemented with a new chromosome generation algorithm for minimizing
the number of deployed sensors. The GA-based deployment technique deterministically deploys
the sensors to achieve the maximum possible coverage.

The work in [169] tackled the deployment problem using Non-Dominating Sorting Genetic Al-
gorithms (NSGA-II) in an indoor environment with obstacles. In NSGA-II, the authors dealt
with the deployment problem by optimizing the coverage, cost, and connectivity. To take ad-
vantage of the GA operators, each chromosome, which encodes the positions of mobile sensors,
is represented by a binary string. Additionally, a multi-objective function is designed to com-
bine the three objectives in order to achieve an optimal deployment with maximum coverage
using fewer sensor nodes.

The authors in [170] proposed a novel genetic algorithm for area coverage maximization in
heterogeneous WSNs. They employed the GA with multiple crossover operators and a new
heuristic initialization of individuals to maximize the area coverage. In addition, they intro-
duce a new fitness function to calculate the exact area covered by the set of sensors. Besides,
the VFA is applied as a local search algorithm to improve the final solution quality.

In [171], an improved genetic algorithm for area coverage maximization with a minimum num-
ber of deployed sensors is proposed. A variable-length encoding is used in this technique to
represent the size of chromosomes. Each chromosome as a solution in the genetic algorithm
is utilized to represent a deployment sequence of mobile sensors. For solving the deployment
problem, the authors focused on maximizing the coverage, minimizing the overlapping area, and
reducing the number of sensors. To achieve the above-mentioned goals, a two-point crossover
operator is proposed to produce new individuals with a variable number of sensors. Besides,

the connectivity is ensured by employing a penalty to the objective function.

Bacterial Foraging Optimization
In [172], a deployment technique for finding optimal locations that reduce the sensing range
of sensors is proposed. This technique optimizes the deployment using the Bacterial Foraging

Optimization (BFO) algorithm. The BFO algorithm is inspired by the foraging behavior of
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Escherichia Coli bacteria that live inside the human intestine. In this technique, the bacteria
is used to find the optimal coordinates of sensors inside the area of interest. It is supposed
that the area contains a finite set of location points where the sensors can be deployed. The
objective is to determine an optimal subset from the set of location points that enhance the
coverage and reduce the sensing range of sensors. Initially, a population of bacteria is initialized
randomly in the search space. Then, the bacteria start to swim to the next position if the next
position is best otherwise, it tumbles to the other direction. The swimming and tumbling are
repeated until all the bacteria converge towards a single point in the area. This point is an
optimal position where a sensor is to be deployed. These steps are repeated until all the sensors
are deployed.

The work in [173] proposed another deployment technique based on the bacterial foraging
optimization algorithm for maximizing area coverage. In the proposed technique, the sensors
are considered as the bacteria that are in search of food. The area of interest is partitioned into
regular hexagons, and the sensors are supposed to occupy the vertices of the hexagons in order
to ensure communication and complete coverage. The sensors are initially deployed at random,
and their positions are updated according to the steps of the BFO algorithm. Once a sensor
reaches the vertex of a hexagon, it will stop moving and this sensor is moved into a queue.
If two sensors (bacteria) reach the same vertex, then, they produce a new sensor with double
battery power but a single communication link as per BFO. When all the sensors are in the
queue, it means that all the sensors have reached some vertex. Therefore, the BFO deployment

algorithm converges, and the optimal positions of sensors are returned.

Biogeography-Based Optimization Algorithm

In [174], a Biogeography Based Optimization (BBO) algorithm is applied to the dynamic de-
ployment of WSNs including both mobile and static sensors. In the standard BBO algorithm,
each candidate solution to the optimization problem is called a “habitat” (or island). The
goodness of each solution is called the habitat suitability index (HSI), which corresponds to the
fitness value of the solution. The habitat with a high HSI is considered optimal.

In the BBO-based placement algorithm, the deployment of sensors in the area of interest refers
to a habitat (a solution in the BBO algorithm), and the coverage rate of the network corre-
sponds to the fitness value (HSI) of that solution. The algorithm starts by deploying a number
of stationary and mobile sensors randomly in the sensing area. Then, the migration and mu-
tation operators of the BBO are used to move the mobile sensors to optimal locations that
optimize the network coverage. Migration operator is used to modify existing solutions using
both immigration and emigration rates, whilst mutation is a probabilistic operator that ran-
domly modifies current solutions to produce new ones.

The work in [175] proposed a new technique for deploying WSNs using biogeography-based
optimization (BBO) algorithm. The goal of the proposed technique is to solve the connected
coverage problem by ensuring k-coverage and m-connectivity requirements. In this technique,
the area of interest contains a set of target points that must be covered by sensors, and the
objective is to organize the sensors by finding an optimal number of suitable positions such

that the network requirements are satisfied. To achieve this purpose, the authors designed an
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objective function with some constraints in order to guarantee the coverage and connectivity
requirements. Besides, the steps of the BBO are implemented with an efficient encoding scheme
for representing the habitats, and then the BBO’s migration and mutation operators are used

to optimize the defined objective function.

Immune Algorithm

In [176], a deployment technique that aims to maximize the coverage of a set of sensors placed
randomly in the area of interest is proposed. In this technique, the Immune Algorithm (IA)
is used to move the mobile sensors into optimal positions after initial random deployment.
The proposed technique determines a set of optimal positions that minimize the amount of
energy consumed by the sensors to reach them. For this purpose, each antibody as a solution
in the immune algorithm is encoded as a vector of floating-point numbers representing the
position coordinates of the sensors in the area of interest. The popular operators of the immune
algorithm namely: selection, replication, mutation, and elitism, are repeated until the coverage
value doesn’t change for a certain number of iterations or when the number of iterations exceeds

the specified maximum iterations.

Flower Pollination Algorithm

In [177], the Flower Pollination Algorithm (FPA) is employed to find the best placement pat-
terns for sensors that maximize the overall area coverage. The ultimate goal of this technique is
to achieve the optimal placement of sensors without affecting network connectivity constraints.
The authors used a deterministic placement strategy as the first step to guarantee connectivity
before the flower pollination algorithm optimizes the deployment. In order to perform coverage
optimization, authors represent each flower as a solution by a vector that contains the coordi-
nates of all sensor nodes in the area of interest. As a final step, the FPA is applied to optimize
the coverage without losing connectivity until a termination criterion is met.

The work in [178] presents two flower pollination algorithms for heterogeneous WSNs deploy-
ment with the presence of obstacles. The first proposition is a single-objective improved flower
pollination algorithm that aims at maximizing the network coverage. The improved algorithm
introduces a chaotic map to maintain the diversity of the population, and a nonlinear con-
vergence factor to deal with the slow convergence of the FPA. In addition, a greedy crossover
strategy is adopted to improve the individuals’ quality where it replaces some variables with
others obtained from superior individuals. The second proposition is a multi-objective algo-
rithm based on non-dominated sorting designed to tackle the problem of deployment in a forest
environment. The algorithm aims at maximizing the coverage, minimizing radiation overflow
rate, and minimizing the energy consumption of the sensor nodes while maintaining connec-
tivity. Table III.6 summarizes the comparison between the previously mentioned non-swarm

deployment techniques.
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Table I11.6: A comparison between the different non-swarm deploy-

ment techniques.

. Objectives )
Technique Advantages Disadvantages
Coverage | Connectivity | Cost | Lifetime
[168] v -Reduce cover- | -High compu-
age holes tation  com-
plexity due
to the binary
representation
[140] v v -Achieve -Not suitable
higher cov- | for random
erage with | deployment
minimum cost
[169] v v v -Optimize -Bad  perfor-
several de- | mance in large
ployment WSNs
objectives
[170] v -Perform well | -High mobility
in terms of
coverage
[171] v v -Achieve good | -Premature
coverage with | convergence
least number
of sensors
[172] v -Cover the set | -Designed
of targets ef- | only for small
fectively WSNs
[173] v -Achieve high | -Designed only
coverage for areas with
hexagonal
shape
[174] v -Outputs -Falls easily in
good coverage | local optima
results
[175] v v -Ensure k- | -High  com-
coverage and | putation
m-connectivity | complexity
[176] v -Provide -Increase the
acceptable overlapping
coverage qual- | area
ity
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[177] -Enhance net- | -Not suitable
work coverage | for random
while ensuring | deployment
connectivity
[178] -Optimize the | -Designed

deployment ef-
fectively

only for small
WSNs

111.5.5.3 Hybrid deployment techniques

In the last few years, researchers have turned their attention toward a new research trend
known as hybridization. Hybridization is a ubiquitous concept, where it allows combining the
strengths of original methods to construct an efficient solution. Using hybridization, the weak-
ness of an algorithm is compensated by another algorithm and vice versa. Some researchers
that addressed the problem of deployment in WSNs have used hybridization between several
methods to develop robust and efficient solutions. In the following paragraph, the most efficient
and recent hybrid deployment techniques are briefly reviewed.

In [179], a hybrid algorithm for solving the coverage problem in WSNs is presented. The pro-
posed algorithm combines the strengths of the GA and binary ant colony optimization. The
algorithm aims to determine the optimal set of active sensors and their locations while ensuring
some defined constraints related to the coverage and sensor count. In this hybridization, the
operators of the GA namely crossover and mutation, are introduced to the binary ant colony
optimization. The main algorithm that constructs the solutions is the binary ant colony op-
timization, however, the operators of the GA are injected into the ACO in order to enhance
the global property of solutions. The proposed algorithm shows its efficiency in enhancing the
accuracy of solutions and improving the coverage using the minimum number of working set
nodes.

In [180], the problem of 3D indoor deployment of sensors is solved using a well-designed hy-
brid algorithm. The authors highlighted the shortcomings of the NSGA-III algorithm, which
is a variant of the GA when solving mono-objective and two-objective optimization problems,
and those of ACO which concerns premature convergence. To alleviate the shortcomings, the
authors suggested the hybridization of the two algorithms to take advantage of their strengths
in order to construct an efficient solution. In this hybridization, the ACO is employed as an
operator in the NSGA-III algorithm. The solution to the deployment problem is constructed
incrementally by the ants. The proposed algorithm performs an efficient mutation strategy to
speed up the local search and allows finding a suitable solution to the 3D deployment problem.
The work in [181] proposes a Maximal Coverage Hybrid Search Algorithm (MCHSA) for maxi-
mizing area coverage using multiple types of sensors. The MCHSA is constructed based on the
framework of the Particle Swarm Optimization (PSO) algorithm and the Hooke Jeeves method.
The latter is applied to overcome the stagnation problem of the PSO algorithm. That is, if the
PSO search stagnates, the Hooke Jeeves method is called to improve the fitness of the global

best. MCHSA has the advantage of maximizing the coverage using multiple types of sensors.
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However, it takes a longer computational time because of the repetitive calling of the Hooke
Jeeves method.

The authors in [182] employed two nature-inspired algorithms to optimize the area coverage in
heterogeneous WSNs. The first algorithm is an Improved Cuckoo Search (ICS) derived from
the original CS algorithm in which some important parameters are functionalized to enhance
the convergence rate. The second is a Chaotic Flower Pollination algorithm (CFPA), where the
global searching mechanism of the original FPA is improved. In this improvement, the global
pollination equation is altered by considering the information of the whole population instead
of only the information about the best individual. After optimizing the coverage using both
algorithms, the authors applied the Virtual Force Algorithm (VFA) to reduce the overlapping
area between sensors.

In [183], a deployment technique is proposed by hybridizing the classical GA and the binary
particle swarm optimization algorithm. The proposed technique labeled GA-BPSO, is designed
to find the optimal locations of sensors while maximizing both coverage and connectivity. The
solution in GA-BPSO is considered as a sequence of potential positions, where the sensors can
be deployed and it is encoded as a binary vector. When the i-th vector cell has the value 1, it
means that the i-th potential position is selected to deploy a sensor. Consequently, the vector
cell with the value 0 means that the corresponding potential position is not selected to deploy
a sensor. The GA-BPSO works as follows: a population of solutions is generated, then, the
population is divided into two parts of equal size. One sub-population contains the best indi-
viduals and the other one contains the rest of the population. The sub-population with the best
individuals is used as input for the GA, while the sub-population with the worst individuals is
used as input for the BPSO algorithm. After the run of both algorithms, the outputted sub-
populations, which contain the best solutions returned by the two algorithms, are merged into
one population and serves as the input population for the GA-BPSO. A detailed comparison

between hybrid deployment techniques is provided in Table III.7.

Table I11.7: A comparison between hybrid deployment techniques.

Objectives
Technique — — Advantages Disadvantages
Coverage | Connectivity | Cost | Lifetime
[179] v v -Achieve good | -Long  com-
coverage and | putational
enhance the | time due to
accuracy of | the binary
solutions representation
[180] v -Enhance the | -Not suitable
coverage in 3D | for dense
surfaces deployment
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[181] v -Maximize the | -Long  com-
coverage of | putational
heterogeneous | time due of
WSNs the repetitive
calling of the
Hooke Jeeves
method
[182] v -Achieve high | -High mobility
coverage
[183] v v -Solve k- | -Undesirable
coverage and | performance
m-connectivity | for large
problems WSNs

II1.6 Conclusion

In this chapter, we have reviewed in detail the problem of deployment in wireless sensor
networks. We have also presented an up-to-date review that summarizes the current status
of the research works presented in the literature to resolve this issue. Furthermore, we have
highlighted the strengths and weaknesses of the different deployment techniques by putting in
place a set of clear and useful comparisons.

The optimal deployment of WSNs was defined as an NP-hard optimization problem in most
works in the literature. As can be seen from the presented state of the art, both exact and
bio-inspired techniques have been used by researchers for obtaining the optimal solutions for the
deployment problem. Although the problem of deployment is intensively studied, no method is
designed for solving all types of deployment problems. Therefore, the issue of deploying WSNs
remains largely open to possible improvements where more effort is required to achieve optimal
deployment patterns. From a theoretical point of view, the possible improvements concern
either the quality of the solutions or the effectiveness of the resolution technique. Those two
improvement possibilities are the subject of our contributions that are presented in the follow-

ing chapters for solving the deployment problem.
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IV.1 Introduction

Effective deployment of Sensor Nodes (SNs) is a major point of concern, as the performance
of any WSN primarily depends on it. This chapter is devoted to solving the deployment
problem in WSNs. We address the deployment problem by maximizing the area coverage in
both homogeneous and heterogeneous mobile WSNs. We present a novel technique based on an
Improved Bees Algorithm (IBA) for providing optimal deployment patterns regardless of the
number of deployed sensors and their initial locations.

In order to validate the proposed technique, it is compared with recently proposed deploy-

ment techniques through several experiences in terms of coverage, convergence, and stability.

IV.2 Problem description

The main objective of any wireless sensor network is to ensure continuous monitoring of
an area or for a given set of targets. Coverage is considered an important Quality of Service
(QoS) criterion for many WSN’s applications. To ensure that the required QoS is achieved, the
sensors must be placed in locations that optimize the area coverage and eliminate the coverage
holes, especially when deploying sensors with heterogeneous sensing ranges.

As we explained in chapter III, WSNs are classified into two categories: homogeneous and
heterogeneous WSNs. The heterogeneous sensor network is more demanded in real-life applica-
tions compared with a WSN with fixed sensing capabilities. Moreover, the use of heterogeneous
sensors is more practical and provides more flexibility to the network. For example, rather than
using expensive sensors with high characteristics, we can construct a mixed network with dif-
ferent kinds of sensors to achieve a balance between performance and cost.

Regarding deployment, the deployment of heterogeneous sensors is much difficult compared
with the deployment of homogeneous sensors. The problem of redundant coverage (sensors
covering the same targets) usually occurs when deploying a set of heterogeneous sensors (sensors
with multiple sensing ranges). This problem becomes a main issue that has a great influence
over the detection performance and the deployment cost. In this problem, a sensor with a
small sensing range might be placed in a location where its sensing zone overlaps partially or
completely with the sensing zone of another sensor with a bigger sensing range (Figure IV.1).
The deployment strategy has to ensure the choice of the appropriate positions for the sensors
despite their sensing ranges to maximize the covered area. Therefore, our interest is focused in
particular on the problem of maximizing the area coverage in homogeneous and heterogeneous
WSNs.

In this study, we investigate the deployment problem in WSNs by presenting a novel sensor
deployment scheme based on an Improved Bees Algorithm (IBA) for optimizing the area cov-
erage after an initial random scattering in both homogeneous and heterogeneous WSNs. The
IBA metaheuristic includes a neighborhood shrinking procedure that aims to improve the local
search efficiency and a site abandonment procedure for enhancing the ability of the algorithm

in avoiding the entrapment in the local optimum.
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I: Overlapping completely I: Overlapping partially I:No Overlapping
Not preferable Acceptable in dense WSNs Optimal
Figure IV.1: Overllaping vs non-Overllaping Coverage

IV.3 Proposed Sensor Deployment Technique

In this section, IBA-based technique for solving the problem of deployment in WSNs is
discussed. First, we present the network assumptions and the coverage model. Then, the steps

of the proposed deployment scheme are described in details.

IV.3.1 Network assumptions
The initial network assumptions of the proposed model are:

e The network is composed either of a number of homogeneous sensor nodes with the
same sensing capabilities or a number of heterogeneous sensors with different sensing

capabilities.

e All sensor nodes are mobile and have the ability to change their positions during deploy-

ment.
e The sink node is placed in a predetermined position in the sensing region.

e Initially, the sensors are scattered at random over the sensing area.

IV.3.2 Coverage model

For coverage calculation, we utilize the Boolean perception model to define the detection
capability of a sensor. The Boolean perception model in WSNs describes the probability of
detecting targets by a sensor node. In this model, a perception circle with the sensing range as
its radius is drawn around the location of each sensor. As illustrated in Figure IV.3, the sensor
can only detect events within its perception circle (white shape). Consequently, the other events

that happen outside the circle are undetectable (black shape).
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Figure IV.2: Network assumptions.

Randomly deployed sensors

Figure IV.3: Binary detection model.

We assume that the sensing area is a two-dimensional M x N grid where the distance
separating two adjacent points of the grid is equal to 1 unit. Figure IV.4 shows the shape of

the area of interest used in our work.
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Figure IV.4: The deployment area.

To optimize the coverage, the sensors are supposed to cover the maximum number of points
in the grid. The coverage of each point in the grid is judged based on the Euclidean distance
separating it from the set of sensors. Considering a target point T located at (z¢,y;) in the 2D
space, the coverage of the point T by a sensor s; in the Boolean perception model is decided
based on the distance separating them. For covering the point T', the distance between the
sensor s; located at (z;,y;) and the target point 7" should be less than the sensing range R, of

the sensor s;.

L if /(zi— 2>+ (yi —y)? < Rs

(Iv.1)
0, otherwise

P(xiayi,xta yt) = {

To cover the entire area of interest, the deployed sensor nodes have to ensure full coverage

of all the grid points. Therefore, given a set of sensors S = {s1, sa,..., Sps}, the probability
that a target point T located at (z,y:) is covered by the set of sensor nodes S can be written

as:
ns

PC(S» Ty, yt) =1- H(l - P(mz‘, yz‘,xnyt)) (IV~2)

i=1
The coverage is then expressed by the total grid points covered by the set of sensors. There-

fore, the coverage rate of the entire area is defined as follows:

ZZ:I Z’f}i:l PC(S7 Tt, yt)

CR= M x N

(Iv.3)

IV.4 The Bees Algorithm (BA)

The Bees Algorithm (BA) was proposed by Pham and Castellani in 2006. It mimics the

behavior of a swarm of honeybees when searching for food sources. In BA, the bees are classified
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into two categories; scout bees and foragers. The scouts are responsible for discovering new
food sources to collect nectar. They start exploring randomly the surroundings of the hive in
search for promising flower patches. When a scout finds a good food source, it remembers the
position information of the discovered food source and returns to the hive. The scout shares
the information about its findings with the foragers that are waiting in the hive. The scout
utilizes a special dance called the waggle dance to inform the foragers about the discovered
food source. The highly-rated patches that contain rich and easily available nectar (with higher
fitness) attract the largest number of foragers. Finally, the scout bee goes back to the flower
patch followed by the recruited foragers to collect the nectar. When a forager bee comes back
to the hive, it may in turn waggle dance to direct other bees to the flower patch.

The artificial BA starts with ns scout bees being placed randomly in the search space.
Then, the position of each scout is evaluated using a fitness function. At each iteration, the nb
scouts that discovered the solutions with highest fitness perform the waggle dance to recruit
a number of foragers. The ne top-rated solutions recruit the largest number of foragers (nre)
to the discovered flower patch. The remaining scout bees recruit (nrb < nre) foragers. This
mechanism allows a larger number of bees to exploit the most promising areas in the search
space.

The foragers are placed randomly on solutions in the discovered flower patch. The flower
patch represents the visited food source and its vicinity expressed by the neighborhood size
(ngh). If within the neighborhood a forager lands on a solution better than the solution adver-
tised by the scout, this forager becomes the new scout and replaces the old scout in performing
the waggle dance in the next iteration. The remaining scout bees (ns - nb) that have found
poor food sources are assigned randomly in the solution space scouting for new promising flower
patches. The above steps are repeated until a satisfactory solution is found or a maximum num-

ber of iterations is reached. The flowchart of the BA is presented in figure IV.5.
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Figure IV.5: Flowchart of Bees Algorithm.

The BA has been widely used for solving different classes of problems, it has been successfully
applied to project scheduling problem, multiple disc clutch problem, printed circuit board
assembly minimization problem, etc. This makes it suitable for solving different engineering
design problems.

The algorithm steps shown in Figure IV.5 are detailed below to solve the sensor deployment

problem.

IV.4.1 Solution Representation

In the BA, the position of each food source represents a feasible solution for the problem
being optimized. Assume we have S = {s1, 89, ..., $;, S, } wireless sensors to be deployed in the
area of interest. Each solution X;(i = 1,...,m) is a vector X; = (x1,Y1,%2,Y2, - - -, Tn, Yn) that
contains the position coordinates of all the sensors. Where x; and y; represent the coordinates
of the ith sensor node in 2D space. Figure IV.6 shows the solution representation of five sensors

for both homogeneous and heterogeneous cases.

IV.4.2 Initialization

The BA starts by employing a fixed number of scout bees randomly in the search space
looking for food sources. As mentioned before, the position of each food source can be identified
as a vector of coordinates. Furthermore, in our work we assume that the sensors are deployed
randomly over the sensing area. Therefore, given a deployment area of size M x N, the initial
coordinates are chosen randomly inside the bounds of the deployment area such that 0 < z < M
and 0 <y < N.



CHAPTER IV. OPTIMAL DEPLOYMENT OF HOMOGENEOUS AND HETEROGENEOUS

WIRELESS SENSOR NETWORKS

115

(a)

Sonsors with the same radius

1

(b)

Sensors with radius 1 Sensor with radius 2 Sensors with radius 3

] 1 1

[ 1 f 1 [ 1

X1 Y1 X2 Y2 X3 V3 Xg Va X5 Vs

Figure IV.6: Solution Representation of IBA: (a) homogeneous case, (b) heterogeneous case.

IV.4.3 Deployment optimization

Similar to other metaheuristics, the search process in BA is divided into local search phase
and global search phase. Local search is based on a random distribution of foragers in a pre-
defined range. Thus, a flower patch (neighborhood) of size (ngh) is created around the most
promising solutions. The flower patch represents the visited food source and its vicinity ex-
pressed by the neighborhood size. Then, at each iteration, the scouts that located the solutions
of highest fitness perform the waggle dance and recruit a number of foragers to further ex-
plore the selected flower patches. This mechanism allows a larger number of bees to search the
neighborhood of the most promising solutions.

The recruited foragers are placed on solutions in the vicinity of the solution advertised by
the scout. They conduct a local search in the neighborhood in the hope of finding a better
solution than the scout.

For creating new deployment solutions in the vicinity of the solution advertised by the scout,
the foragers are placed on solutions that are generated by changing the position of one of the

sensors in the scout’s solution as follows:
V;-j = Xij +w (IV4)

Where Xj; is the selected solution, V; is the new produced solution, w is a random number
in the range [—ngh, +ngh], and j is the randomly selected mobile sensor’s position.

By choosing the value of w in the range [—ngh, +ngh|, we guarantee that the generated
solutions are located within in the bounds of selected flower patch (Within the neighborhood).

After creating new solutions for the foragers, the quality of the generated solutions are
evaluated in terms of coverage. If one of the recruited bees finds a better network coverage
than the scout, that recruited bee becomes the new scout and participates in the waggle dance
in the next generation. While foragers are recruited to conduct local search, the bees that have
found a poor food sources under certain threshold (worst coverage) are assigned randomly in
the solution space scouting for new promising flower patches.

The steps used in deployment optimization are illustrated in Figure IV.7.
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Figure IV.7: Deployment optimization using BA.

IV.4.4 Bee colony population

At the end of each iteration, the selected bee (best solution) from each patch combined with
the remaining scout bees assigned randomly to conduct the search will form the new population

in the next iteration.

IV.4.5 Stopping criterion

The above steps are repeated until a coverage rate value above a predefined threshold is

met or a maximum number of iterations is reached.

IV.5 The Improved Bees Algorithm (IBA)

With the algorithm proposed so far, the locations of sensors are changed according to the
steps of the basic BA algorithm. However, these steps are not enough to optimize the coverage
effectively due to several reasons. The first is when the chosen neighborhood size is very large.
In this case the search space for the forager bees becomes large too, which makes the search
inefficient and the local search becomes more like a random search. In this case, the BA loses
its exploitative ability, which in turn leads to an unsatisfactory outcome when optimizing the
coverage. The second drawback of the BA emerges when the foragers fails to improve the

coverage in a particular site. In other words, this drawback emerges when the foragers keeps
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falling in local solutions. In this situation, there is no feature in BA that allows the algorithm
from escaping from these local solutions. This will again lead to an unsatisfactory outcome
when optimizing the WSN’s coverage.

To overcome these drawbacks and achieve the desired search accuracy, the local search must
be concentrated around the best solutions by narrowing the local search space. This mechanism
increases the chances of obtaining a good approximation of the global optimum. Furthermore,
avoiding the stagnation in local solutions is a major requirement especially when the local search
in a flower patch fails to enhance the quality of the produced solutions. Generally, metaheuristic
algorithms utilize random changes in the solution to escape from the local optimum.

In this regard, two procedures named neighborhood shrinking and site abandonment are intro-
duced to the basic BA. The two procedures are called when the local search fails to improve

the coverage value in a particular flower patch.

IV.5.1 Neighborhood shrinking procedure

The shrinking strategy is proposed to improve the solution quality. Initially the patch size

is assigned a large value using the following equation:
ngh(0) = (max — min) (IV.5)

Where min and maz denote the lower bound and the upper bound of sensors coordinates
respectively.

During optimization, the initial size is kept unchanged as long as the local search in the
neighborhood can improve the solution quality. If the local search does not yield any progress in
coverage after a predefined number of cycles, the patch size is shrunk according to the following
heuristic formula:

ngh(t+ 1) = 0.8 X ngh(t) (IV.6)

The shrinking procedure promotes exploitation over exploration by narrowing local search space

and searching more densely the area around the best solutions.

IV.5.2 Site abandonment procedure

If the neighborhood shrinking procedure fails to improve the quality of solutions and the
local search in a particular patch keeps falling into stagnation after a predefined number of
iterations, it is assumed that the fitness value of that particular patch has reached a peak.
Consequently, that solution is replaced with a new randomly produced one. This procedure
prevents the search from being trapped in sub-optimal solutions. If the abandoned solution
corresponds to the best global solution it will be stored so that if the algorithm fails to achieve
any improvement the stored solution is taken as the final one.

The pseudo-code of the IBA-based deployment algorithm is given in Figure IV.8.
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Pseudo-code of the IBA

Input: size of area of interest, the number of sensor types, the sensing radius of each
sensor type, the number of sensors for each type, the number of scout bees,
neighborhood size, stagnation /imit, and maximum number of iterations MaxIter.

Output: an array contains the optimal positions of the mobile sensors.

Initialize population by deploying S sensors randomly for each food source Xi.
For t =1 to Maxlter do

1. Evaluate the fitness of the population.

2. Sort the solutions based on their fitness.

3. Select nb solutions with the highest fitness for neighborhood search.

4. Recruit nre foragers for each of the ne elite sites selected among the nb best sites.
5. Recruit nrb foragers for each of the remaining best sites.

6. Produce new solutions for the foragers in the neighborhood of the selected sites
using Eq.(IV.4)

7. Check the feasibility of produced solutions.

8. Select the fittest solution (bee) from each patch.

9. Perform the shrinking procedure using Eq.(IV.6) when the neighborhood search of
the retained solutions does not yield any progress.

10. Abandon sites that keeps falling into stagnation after a /imit number of iterations.
11. Record the abandon solution if it corresponds to the best global solution.

12. Allocate the rest of the bees (non-selected sites) randomly for global search,

13. Form the new population.

14. Memorize the best solution achieved thus far.

End.

Figure IV.8: IBA-based deployment algorithm.

IV.6 Experimental Results and Analysis for IBA

To observe the performance of the proposed technique in solving the deployment problem,
we provide a set of simulations for two types of wireless sensor networks: the first network is a
homogeneous WSN in which all sensors have the same characteristics and the same detection
capability. Whereas the second network is a heterogeneous WSN with three types of sensors
differ in the sensing range. Five related work algorithms are used to assess the performance of
the IBA in optimizing the network coverage. Table IV.1 illustrates the information about the
comparison algorithms used in the set of experiments. The parameter settings of the algorithms
are the same as those in the corresponding publications. In all the experiments, the sensors are
deployed in an area with a size of 100m by 100m. The parameter settings of the IBA used for

comparisons with related works are presented in Table IV.2.
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Table IV.1: The comparison algorithms.

Algorithm Reference Sensor type Coverage type
BA [184] homogeneous Area coverage
qABC [152] homogeneous Area coverage
SSO [163] homogeneous Area coverage
MCHSA [181] heterogeneous Area coverage
IFPA [178] heterogeneous Area coverage

Table IV.2: Parameter settings of the IBA.

Parameter Value

Scout bees (ns) 7

Best sites (nb) 5

Elite sites (ne) 3
Recruited bees of elite (nre) 7
Recruited bees of best (nrb) 1
Neighbourhood size (ngh) 40
Stagnation limit 10
Shrinking factor 0.8

IV.6.1 Deployment of Homogeneous WSNs

In order to analyze the performance of the IBA algorithm on the optimal deployment of
homogeneous sensor nodes, a set of experimental studies has been carried out with a wireless
sensor network including 100 mobile sensors. The sensing range of sensors is the same and fixed
to 7m. In all the experiments, the initial positions of sensors are generated randomly inside
the sensing area. The results of the IBA are compared with those of BA, qABC, and SSO

algorithms. The experiments were performed 10 times for each algorithm over 1000 iterations.

IV.6.1.1 Coverage and stability comparison

Figure IV.9 shows the best deployment distributions returned by the qABC, the SSO, the
BA, and the IBA. The associated quantitative results are detailed in Table IV.3.

Table IV.3: Coverage results comparison in homogeneous case.

Algorithms Best value (%) Mean value (%) STD
IBA 99.47 99.27 0.1332
BA 98.31 98.01 0.1740

qABC 98.93 98.67 0.2182
SSO 96.58 96.58 2.2781e-16
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Figure IV.9: (a) final deployment of qABC, (b) final deployment of SSO, (c¢) final deployment
of BA, and (d) final deployment of IBA.

As can be seen from Figure IV.9 and the results of Table IV.3, the SSO algorithm achieves
the worst coverage value among the four competitors where it covers only 96.58% of the area
of interest resulting in multiple coverage holes. The BA is ranked in third place outperforming
the SSO by 1.73% where it provided an acceptable coverage value of 98.31%. On the other
hand, the gABC shows good results compared to SSO and BA by achieving 98.93% of coverage
and a good distribution of sensors as illustrated in Figure IV.9(a).

Figure IV.9(d) shows that the IBA can optimize the coverage effectively outperforming SSO,
BA, and qABC algorithms. The superiority of the IBA has been confirmed by the best distri-
bution of sensor nodes in the mission area with a coverage of 99.47%.

In direct comparison with BA, the coverage provided by IBA is improved up to 1.16%, which
proves the superiority and the validity of the improvements introduced by the proposed tech-
nique. Besides, unlike BA, the optimal positions provided by the IBA avoid sensor clustering
where the overlapping area between sensors is reduced to a minimum value. This decrease in

the overlapping area eliminates both coverage redundancy and coverage holes.
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In addition to the above, the IBA provides a better mean coverage value where it reaches
99.27% of coverage higher than those obtained using SSO, BA, and the gABC by 2.69%, 1.26%,
and 0.60%, respectively.

When comparing the standard deviation of the algorithms, the SSO algorithm provides
a much smaller value than that provided by the IBA. Still, it fails to achieve a nearest ap-
proximation of the full coverage where it covers just 96.58% of the area of interest. On the
contrary, the standard deviations obtained by the BA and the qABC are considered the worst.
Nevertheless, they perform better in optimizing the network coverage compared with the SSO.
The IBA provides also a smaller standard deviation of 0.1332, which is considered a good value
outperforming BA and qABC. Besides, it achieves the highest coverage values covering the area
of interest effectively. This indicates that most of the time the IBA can optimize the coverage
and obtains a good approximation of the full coverage despite the initial random positions of

SEeNnsors.

IV.6.1.2 Convergence Speed Comparison

For further observing the performance of the proposed technique, the convergence of the
IBA algorithm is investigated. The convergence curves of the four algorithms are illustrated in
Figure IV.10. This figure shows that the IBA was successful in improving the quality of the best
solution as the iteration counter increases where it reaches 99.47% of coverage. The ABC and
BA algorithms provide competitive results and much faster convergence compared with SSO
which has the worst convergence speed. However, we observe from the early iterations that
the IBA coverage curve is always above the curves of the other algorithms, this indicates that
IBA has the fastest convergence speed. Although the algorithm converges faster in the early
stages, it still has the ability to develop in the later iterations. This is because the IBA employs
a number of foragers to perform an extensive exploitation search in the neighborhood of the
best sites. In addition, the shrinking of the neighborhood boundaries assists the algorithm in
searching the areas around the optimal solution, which improves the search efficiency and allows

more accurate exploitation of the best sites.
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Figure IV.10: Convergence curves of gABC, SSO, BA, and IBA.
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IV.6.2 Deployment of Heterogeneous WSNs

In the second part, we analyze the performance of the IBA on the deployment problem in
heterogeneous wireless sensor networks. For this purpose, we used a wireless sensor network
with 3 types of sensors S, S5, and S5 for which the sensing range for each sensor type is 6m,
7.5m, and 9m respectively. In our experiments, different densities for each sensor type are
deployed in the area of interest, the total number of sensor nodes is varied from 20 to 100. The

experiment settings are summarized in Table IV 4.

Table IV.4: Heterogeneous wireless sensor networks test cases.

Total number of Number of S} Number of Sy Number of S5
Sensors
20 5 7 8
60 17 30 13
100 80 9 11

The IBA is compared to two recent related works that are also based on metaheuristics
MCHSA and IFPA. Each algorithm was executed 10 times for every test case over 500 iterations.
The same metrics used to evaluate the performance of the IBA for the homogeneous sensors are
adopted for the case of heterogeneous sensors. The comparison results are presented in Table
IV.5.

IV.6.2.1 Coverage and stability comparison

It can be seen from Table IV.5 that the IBA was able to optimize the network coverage and
achieve the highest values in all the test cases. To be more specific, the IBA provides 38.91%,
90.08%, and 96.63% of coverage when deploying 20, 60, and 100 sensor nodes respectively,
followed by MCHSA with a big difference from IFPA which ranked last, especially when the
number of deployed sensors is large. The MCHSA provides competitive results outperforming
the TFPA, this is probably due to the improvement in the local search introduced in MCHSA

performed by the Hooke—-Jeeves pattern search method.

Table IV.5: Coverage results comparison in heterogeneous case.

N IBA MCHSA IFPA

° Best (%) | Mean (%) | Best (%) | Mean (%) | Best (%) | Mean (%)
20 38.91 38.87 38.75 38.68 38.61 38.51
60 90.08 89.45 88.06 86.70 83.96 83.26
100 96.63 96.29 94.02 92.52 91.18 90.68

In comparison with the coverage produced by IFPA, the coverage provided by IBA is im-

proved up to 0.3%, 6.12%, and 5.45% when deploying 20, 60, and 100 sensors respectively.
Moreover, the coverage of the IFPA when deploying 100 sensors reaches 91.18% with a dif-
ference of 1.10% from IBA that achieved 90.08% of coverage when deploying only 60 sensors.
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Therefore, under the same coverage requirements, the IBA minimize the network cost by de-
ploying a smaller number of sensor nodes.

In further analysis, the standard deviation values for the three algorithms illustrated in
Figure IV.11 shows that the IBA provides much less standard deviations than that of MCHSA
and IFPA in all the test cases. This indicates that the IBA is more stable than the two other
algorithms regardless of the number of deployed sensors, where it achieves coverage values close

to each other in the majority of the experiments.
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Figure IV.11: Standard deviation values for MCHSA, IFPA, and IBA.

In terms of the overall solution quality, Figure IV.12 shows that the IBA offers excellent
solutions and a good distribution of sensors in the area of interest throughout the experiments
outperforming the other two algorithms. The superiority of the IBA in optimizing the network
coverage is confirmed by the best mean coverage values achieved during the experiments with
a different number of used sensors. Moreover, it is clearly shown from the results that the IBA

provides relatively good solutions in optimizing the coverage of heterogeneous WSNs.
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Figure IV.12: Solutions derived by IBA: (a) for 20 sensors, (b) for 60 sensors, and (c) for 100

SEeNnsors.

IV.7 Conclusion

In this chapter, we have focused on solving the deployment problem in homogeneous and
heterogeneous WSNs. We have focused on maximizing the area coverage after the initial random
deployment of sensors. We have introduced a novel deployment technique based on a bio-
inspired algorithm called the Improved Bees Algorithm (IBA). The IBA aims to maximize the
network coverage by choosing optimal positions for the sensor nodes regardless of the sensing
range values.

The IBA includes two improvements namely: neighborhood shrinking and site abandon-
ment. The two improvements introduced to the basic BA strengthens the algorithm by im-
proving the search efficiency and allows more accurate exploitation through narrowing the local
search space. The goal of the shrinking procedure is to keep the search concentrated around
the best solutions in the hope of finding optimal positions of sensors that improve the cover-

age of the WSN. Furthermore, the site abandonment procedure strengthens the ability of the
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algorithm to jump out of the local optimum when there is no improvement in a particular site.

The performance of the IBA was evaluated in terms of coverage, convergence, stability
and compared with other well-known bio-inspired algorithms. Comparison results have verified
that the IBA can maximize the network coverage and outperform the other algorithms in terms
of solution quality and stability. Besides, the IBA contributes to minimizing both coverage
redundancy and coverage holes where it is capable of providing optimal deployment patterns
in a very short time.

In the next chapter, we will focus on maximizing the coverage and reducing the energy
consumption during the displacement of sensors toward their final locations. To achieve those

objectives, we will propose a new technique for enhancing the local search of the bees algorithm.
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V.1 Introduction

In this chapter, we are interested in solving the deployment problem of both mixed and
mobile wireless sensor networks. For this purpose, we propose a deployment technique by hy-
bridizing two bio-inspired algorithms, namely the Bees Algorithm (BA) and the Grasshopper
Optimization Algorithm (GOA). Our proposed technique named BAGOA is designed to solve
the deployment problem by maximizing the area coverage and minimizing the energy consump-
tion during the displacement of sensors. In this chapter, we will show how these two objectives
are achieved by using our novel hybrid algorithm.

As we presented in the previous chapter, the BA is an optimization algorithm that demon-
strated promising results in solving many engineering problems. However, the local search
process of BA lacks efficient exploitation due to the random assignment of search agents inside
the neighborhoods, which weakens the algorithm’s accuracy and results in slow convergence,
especially when solving higher dimension problems. To alleviate this shortcoming, we pro-
pose a hybrid algorithm that utilizes the strength of the GOA to enhance the exploitation
phase of the BA. We apply the BAGOA for deployment optimization with various deployment
settings. BAGOA is then compared with recently proposed deployment techniques through
several experiences in terms of coverage, overlapping area, average moving distance, and energy

consumption.

V.2 Problem description

The deployment problem has several forms. The most popular one is constructing the WSN
using a set of sensors that have the mobility feature. The deployment of mobile sensors is
preferable because the designer have a complete control of all the sensors, which makes the
planning of the deployment patterns much easier.

However, deploying a WSN that is composed of only mobile sensors is not always preferable
due to several reasons that are directly related to the applications, such as the limited budget,
because mobile sensors are expensive compared with fixed sensors. In such applications, the
WSN is designed using both mobile and stationary sensors. This type of network is called a
mixed WSN. In a mixed network, a number of stationary sensors are firstly deployed at random,
then some mobile sensors are added to improve the network coverage. Essentially, the mobile
sensors are deployed to expand the covered area and ensure full data collection.

In addition to coverage, controlling energy consumption during deployment has a significant
influence on the life span of the WSN. After optimizing the deployment, the mobile sensors are
required to move from their initial random positions to their final positions optimized by the
algorithms. Because sensors are constrained in terms of energy, the movements of sensors should
be reduced as much as possible in order to conserve energy.

In this study, we address the deployment problem of both mixed and mobile wireless sensor
networks. We try to solve the deployment problem by maximizing the area coverage. In the
case of mobile WSNs, the initial locations are chosen randomly in the area of interest, then

our developed deployment technique attempts to determine the optimal locations of the mobile
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sensors. In the case of mixed WSNs, both types of sensors are deployed at random, and then
our technique attempts to maximize the network coverage by changing the positions of the
mobile sensors only.

We study also another major challenge in WSNs, which is minimizing energy consumption.
We attempt to alleviate this challenge by minimizing the moving distance of sensors during
displacement because mobility contributes a lot in depleting the energy of sensors. Therefore,
how to reduce energy consumption during deployment is a major concern in our study.

In our contribution, we solve the problem of deployment optimization in WSNs by hy-
bridizing two bio-inspired algorithms. In this hybridization, one algorithm is used to enhance
the search capability of the other in order to deliver high-quality solutions when solving the

deployment problem.

V.3 Proposed hybrid algorithm

In this section, our technique for solving the problem of deployment in WSNs is discussed.
First, we present the idea behind our deployment technique. Then, the steps of the proposed

deployment scheme are described in detail.

V.3.1 The standard Bees Algorithm shortcomings

The BA as an optimization algorithm has proven its efficiency in solving several challenging
problems. It has been successfully applied to project scheduling, multiple disc clutch problem,
printed circuit board assembly minimization, etc. However, the standard BA faces difficulties
during optimizing a number of problems. For instance, when the problem dimension is high (as
in the case de WSN deployment), it fails in producing high-quality solutions, which prevents
it from achieving approximate solutions of the global optimum. The disadvantages of the BA
are mainly in the exploitation phase where the repetitive unguided random search performed
by the forager bees results in slow convergence and low precision.

Therefore, aiming at improving the exploitation of the BA, we propose a hybrid algorithm
based on the Bees Algorithm (BA) and the Grasshopper Optimization Algorithm (GOA) named
BAGOA. The GOA is a modern optimization algorithm inspired by the swarming behavior of
grasshoppers. The strength of GOA lies in its high level of exploitation guided by the social
interactions between all the agents in the swarm, which makes it ideal for hybridization with
the BA.

V.3.2 Overview of Grasshopper Optimization Algorithm

Grasshoppers are voracious insects that eat almost all types of plants that come in their
path. These small insects are considered a nightmare for farmers due to the huge damage that
they inflict on agricultural crops. Usually, the grasshoppers live and eat individually in nature
but most of the time millions of these insects meet and form one of the largest swarm seen in
nature. Similar to other insects, the grasshopper life cycle is divided into two stages: larval and

adulthood. The swarming of grasshoppers is seen in both stages but with different behaviors.
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In the larval stage, the grasshoppers move slowly in the ground with very small steps because
they have no wings. In contrast, adult grasshoppers form a swarm in the air where they move
abruptly with larger steps.

The Grasshopper Optimization Algorithm (GOA) is a modern bio-inspired algorithm pre-
sented by Saremi et al., 2017 [185] for solving optimization problems. The characteristics of the
two swarming behaviors are the main motivation of the GOA. The movement of grasshoppers

in a swarm is mathematically formulated as follows:

Where X; denotes the position of i-th grasshopper, S; is the social interaction, G; is the
gravity force, and A; represents the wind advection.
Among the three components in equation (V.1), the social interaction is the most important

factor in the movement of grasshoppers, which can be expressed as follows:

N
Si = Z S(dij)dij (VZ)
j=1
JFi
dij = |xj — i (V.3)
dij = (xj — @)/ dij (V.4)

Where d;; is the distance between the i-th and the j-th grasshopper, 37; is a unit vector from
the i-th to the j-th grasshopper, N is the number of grasshoppers, and finally the s() function

represents the strength of social forces:
s(r)=feT —e? (V.5)

Where f and [ represent the intensity of attraction and the attractive length scale, respec-
tively.

Based on the distance, the space between two grasshoppers is divided into three zones:
repulsion zone, attraction zone, and comfort zone (where there is neither attraction nor re-
pulsion). Each grasshopper updates its position either by attraction or repulsion taking into
consideration the positions of all grasshoppers in a swarm.

The gravity force and wind advection of the i-th grasshopper are calculated according to the
following equations:
Gi=—gég (V.6)

Where g and u are constants, €, and €, represent the unity vector towards the center of
the earth and the direction of the wind, respectively.
The mathematical model proposed so far cannot be utilized directly to perform optimization

because the swarm does not converge to a particular point, a modified version of equation (V.1)
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is proposed in [185] to solve optimization problems as follows:

N
Xl=c ECWS(‘x?—xf|)JCJCZ:j% + Ty (V.8)
J#i
Where ubg and lb; denote the upper and the lower bounds of the d-th dimension, T, repre-
sents the value of the d-th dimension in the best solution. The outer c¢ is a decreasing coefficient
that balance exploration and exploitation around the best solution, the inner c¢ is utilized to
shrink the comfort zone, repulsion zone, and attraction zone with respect to the number of
iterations. The parameter ¢ is computed by the following equation:
€ = Cmaz — | Gmaz — Cmin (V.9)
L
Where [ is the current iteration and L is the maximum number of iterations. Generally, the
values of ¢qz and ¢, are taken as 1 and 0.00001, respectively.
In the modified equation, the gravity force has not been considered and the wind direction
has been assumed towards the target T;. The pseudo code of the GOA algorithm is illustrated
in Figure V.1.

Pseudo-code of GOA
Randomly initialize the position of the swarm of grasshoppers
Initialize ¢, gy, Cmin and maximum number of iterations
Evaluate the positions of grasshoppers
T = the best grasshopper
While (t < Maximum number of iterations ) do
Update c using Eq.(V.9)
For each search agent
Normalize the distances between grasshoppers in [1, 4]
Update the position of the current search agent by Eq.(V.8)
Bring the current search agent back if it goes outside the
bounderies
End for
Update T if there is a better solution
increment t by 1
End while

Figure V.1: Pseudo code of the GOA algorithm.

V.3.3 Hybrid Bees Algorithm with Grasshopper Optimization Algo-
rithm (BAGOA)

Randomness is an important characteristic employed by metaheuristics mainly in the ex-
ploration phase, where the search agents are subject to abrupt movements to explore different
areas of the search space. In addition, it is also utilized to avoid entrapment in local solutions

during optimization. However, in the exploitation phase, the search should be directed and
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concentrated near the best solutions to improve the solution quality and increase the chances
of obtaining a good approximation of the global optimum.

The foremost matter of concern is that the BA relies on randomness in all the phases of
optimization. When exploring the search space, the scouts that have found low-quality solutions
are distributed uniformly at random in the search space scouting for new promising solutions.
Similar to exploration, in the exploitation phase, the foragers in the BA are placed on solutions
that are also generated randomly in the neighborhood of the selected solutions. Essentially, both
exploration and exploitation are mainly performed using random mutations in current solutions.
This random behavior is not efficient, especially during exploitation due to its influence on
the convergence speed of the algorithm. The random and undirected search leads to slow
convergence because the search agents were not allowed to exploit the neighborhood efficiently.
Moreover, the repetitive random local search performed in the neighborhoods relatively weakens
the algorithm’s accuracy, stability, and success rate.

To overcome the aforementioned shortcomings, the BA is hybridized with GOA to enhance
the exploitative strength of the algorithm. The purpose of proposing the hybrid algorithm is to
minimize the effect of randomness in BA during exploitation to improve the algorithm’s search
capability and makes the search oriented toward the best solution in the neighborhood.

As aforementioned, the GOA utilizes the information of all search agents to define the next
position of each one of them. Therefore, instead of randomly searching around the solution
advertised by the scout, the BAGOA updates the position of each forager based on its current
position, the position of the target (best solution in the neighborhood), and the position of
all other foragers in the corresponding neighborhood. Initially, the foragers are distributed at
random in the neighborhoods, and then the BAGOA selects the best experienced forager bee
in each neighborhood as the target and adjusts the positions of the other foragers based on the
social knowledge according to equation (V.8). This mechanism allows the foragers to exploit
the neighborhood efficiently. Moreover, the directed search toward the best solution in each
neighborhood increases the chances of achieving a good approximation of the global best, which
in return leads toward superior results in terms of convergence and accuracy.

It should be noted that the parameter c in equation (V.8) reduces the movements of foragers
around the best solution in the neighborhood, which is essential in exploitation. The foragers
will converge towards the target as much as possible in the last steps of optimization seeking
a more accurate target. The pseudo code of the proposed BAGOA algorithm is illustrated in
Figure V.2.

V.4 BAGOA for deployment optimization

V.4.1 Coverage model

Similar to the work presented in the fourth chapter, we use the Boolean perception model
for coverage calculation. The mathematical formulation of the Boolean perception model is
detailed in chapter IV.
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Pseudo-code of the BAGOA

Randomly initialize the position of the scouts
Initialize Cpay) Cmin
While t < MaxIter
. Evaluate the fitness of the population
. Sort the solutions based on their fitness
. Update c using Eq.(V.9)
. Select nb solutions with the highest fitness for neighborhood search
. Recruit nre foragers for each of the ne elite sites selected among the nb best sites
. Recruit nrb foragers for each of the remaining best sites
. Randomly produce new solutions for the foragers in the neighborhood of the
selected sites
8. Calculate the distances between foragers and normalize them in [1, 4]
9. Update the position of the foragers by Eq.(V.8)
10. Check the feasibility of produced solutions
11. Select the fittest solution (bee) from each patch
12. Allocate the rest of the scouts randomly scouting for new solutions
13. Form the new population
14. Memorize the best solution achieved thus far
15. increment t by 1
End

~N NN B W N~

Figure V.2: Pseudo code of the proposed BAGOA algorithm.

V.4.2 The overlapping area

Given the fact that the sensors are homogeneous, two sensors are said to be overlapped
if the distance separating them is less than twice the sensing radius. The overlapping area
between the two sensors can be expressed as the sum of common grid points covered by them.

Therefore, the overlapping area between the set of sensors can be computed as follows [37]:

M N

Overlapparea = Z Z overlapp(S, x,y) (V.10)
z=1y=1

Where

1, if the grid point T(x,y) is covered by at least two sensors from S

overlapp(S, z,y) = {

0, otherwise
(V.11)
V.4.3 Energy consumption

In the present work, the total energy consumed by the sensing devices during movement
can be computed as follows [39]:
FEF=wx da” (V12)

Where w is the amount of energy depleted per meter of movement, d,;; represents the average
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moving distance in the network, and it is expressed as follows:

Yot dist(initial;, final;)
sn

doyy = (V.lg)

Where sn is the number of sensors, dist is a function that calculates the Euclidean distance

between the initial and final positions of sensors.

V.4.4 Solution Representation

In BAGOA, the position of each food source represents a feasible solution for the problem
being optimized. Assume we have S = {s1, 89, ..., $;, S, } wireless sensors to be deployed in the
area of interest. Each solution X;(i = 1,...,m) is a vector X; = (21,y1, T2, Y2, ..., Tn, Yn) that
contains the position coordinates of all the sensors. Where x; and y; represent the coordinates

of the i-th sensor in 2D space.

V.4.5 Initialization

The BAGOA starts by employing a number of scout bees randomly in the search space
looking for food sources. As aforementioned, the position of each food source can be identified
as a vector of coordinates. Therefore, given a deployment area of size M x N, the initial
coordinates are chosen randomly inside the bounds of the deployment area such that 0 <z < M
and 0 <y < N.

V.4.6 Deployment optimization

The algorithm starts by randomly deploying S sensors for each solution (food source). Then,
each scout bee is assigned to one solution, which means that the number of generated solutions
is equal to the number of scouts. After that, the solutions are evaluated in terms of coverage to
determine the best and the elite bees. In the next step, the selected scout bees recruit a number
of foragers for neighborhood search. The recruited foragers are placed on random solutions in
the vicinity of the solution advertised by the scout. At this stage, the best forager in each
neighborhood is selected as a target and the positions of the foragers in the corresponding
neighborhood are updated according to the position update equation of GOA (equation (V.8)).
If one of the foragers finds a better network coverage than the scout, that forager bee becomes
the new scout and participates in the waggle dance in the next generation. The global search
of the BAGOA is the same as BA where the bees that ranked last are assigned randomly in
the solution space scouting for new promising solutions. The above steps are repeated until
a coverage value above a predefined threshold is met or a maximum number of iterations is
reached. The flow chart of the BAGOA deployment algorithm is illustrated in Figure V.3. The

dotted rectangle shows the improvement introduced in this work.
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| Random initialization of ns scout bees | I Selection I
_.I Fitness evaluation | Randomly initialize nre Randomly initialize nrb
T foragers for each Elite foragers for each Best
: Site Site
| Sort the population I S e e e e e e +_____I
l ! Determine the target in Determine the target in 1
| Update the value of ¢ using Eq.(V.9) | : each patch each patch 1
! | ) ¥ 1
| Local search 1 | Update the position of each Update the position of each !
T | forager using Eq.(V.8) forager using Eq.(V.8) :
| Global search - ——=-- i- ————————————— l ————— =
l Select the fittest bee in Select the fittest bee in
I Form the new population each patch cach patch
No
Assign the (ns—nb) remaining bees to
Yes random search

| Solution |

Figure V.3: Flow chart of the proposed BAGOA deployment algorithm.

V.5 Experimental Results and Analysis for BAGOA

This section is designed to prove the superiority and the effectiveness of the proposed hybrid
algorithm in solving the problem of deployment in WSNs. Three groups of experiments are
conducted with different area sizes and sensing range values. In the first experiment, the pro-
posed algorithm is compared with two related work algorithms namely BA and IGWO in terms
of search accuracy and convergence. In the second experiment, the deployment performance
of the BAGOA in a large sensing area is assessed with a different number of mobile sensors.
The obtained results are compared with those of the gQABC algorithm. The last experiment
simulates a wireless sensor network composed of both stationary and mobile sensors. The BBO
is chosen as a comparison algorithm to evaluate the results of the hybrid algorithm presented

in this paper. Please note that the values written in bold represent the best results.

V.5.1 Parameter settings

Table V.1 illustrates the information about the comparison algorithms used in the set of
experiments. The parameter settings of the algorithms are the same as those in the corre-
sponding publications. The size of the population of all the comparison algorithms is set to
30. Each algorithm is executed 10 times, and the best and average results are analyzed. In
all the simulations, the initial positions of mobile sensors are generated randomly inside the
sensing area. The parameter values of the BAGOA used for comparison with related works are

presented in Table V.2.
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Table V.1: The comparison algorithms.

Algorithm Reference Sensor type Coverage type
BA [184] Mobile Area coverage
IGWO [161] Mobile Area coverage
qABC [152] Mobile Area coverage
BBO [174] Static and Mobile Area coverage

Table V.2: Parameter settings of the BAGOA.

Parameter Value
Scout bees (ns) 7
Best sites (ub) 5
Elite sites (ne) 3
Recruited bees of elite (nre) 7
Recruited bees of best (nrb) 2
Neighbourhood size (ngh) 40

V.5.2 First experiment results

In the first experiment, the BAGOA is simulated in an area of size 50m x 50m, the sensing
radius of the sensors is the same and fixed to 5 m, and the maximum number of iterations is
200. The collected quantitative results are compared with those obtained from the simulations
of the standard Bees Algorithm (BA) and the Improved Grey Wolf Optimizer (IGWO). The

comparison results are illustrated in Table V.3.

V.5.2.1 Coverage and stability comparison

Table V.3 shows that BAGOA provides superior deployment results compared with the
other algorithms in all the test cases. In particular, BAGOA was the most efficient algorithm
in optimizing the coverage where it achieves 87.56% and 97.52% when deploying 30 and 40
nodes respectively. Furthermore, it covers almost the entire sensing area effectively where it
reaches 99.72% of coverage with 50 deployed sensor nodes higher than those obtained using
BA and the IGWO by 0.72% and 0.84%, respectively. Moreover, after BAGOA optimizes the
deployment, the sensors are evenly distributed as illustrated in Figure V.4 covering the sensing
area effectively.

When comparing the coverage mean values of the three algorithms, Table V.3 shows that the
BAGOA provides significantly better results in all the test cases. For instance, in comparison
with the mean values produced by IGWO, the values provided by BAGOA are improved up to
1.54%, 2.45%, and 1.45% when deploying 30, 40, and 50 sensors, respectively. The standard
deviation (Std) values in Table V.3 also prove the superiority of the proposed algorithm where

it achieves the smallest standard deviations in the majority of the test cases. This indicates
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that most of the time the BAGOA can optimize the network coverage and obtains a good

approximation of the full coverage.

Table V.3: Deployment results comparison between the algorithms

in an area of size 50 m by 50 m.

N BAGOA BA IGWO

* | Best(%) | Mean(%) Std | Best(%) | Mean(%) Std | Best(%) | Mean(%) Std
30 87.56 86.45 0.680 84.56 83.90 0.385 86.52 84.91 0.861
40 | 97.52 96.74 | 0.420 94.88 94.30 0.426 95.84 94.29 1.089
50 99.72 99.39 | 0.190 99 98.38 0.343 98.88 97.94 0.756

Figure V.4: (a) final deployment solutions derived by BAGOA: (a) for 30 sensors, (b) for 40

sensors, and (c) for 50 sensors.

V.5.2.2 Convergence Speed Comparison

In further analysis, the convergence curves of the three algorithms are shown in Figure V.5.
It should be noted that the algorithms are executed with the same experimental parameters

and the average of the solutions obtained in some iterations over 10 runs is compared for clarity.
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As may be seen in this figure, the BAGOA significantly outperforms the BA and the IGWO in
optimizing the coverage where it reaches 99.39% on average. The IGWO is ranked last, where
it provides a coverage value lower than that optimized using BA by 0.44%.

In direct comparison with BA, the BAGOA tends to be accelerated faster as iteration in-
creases. The reason why BAGOA converges fast is that the foragers search the neighborhood
efficiently guided by the social interaction and oriented toward the best solution in the neigh-
borhood instead of the repetitive blind search performed by the standard BA. In addition, we
observe from the first iterations that the BAGOA coverage curve is always above the curves of
the other competitors. This indicates that BAGOA has the fastest convergence speed, followed
by the BA algorithm with a big difference from IGWO, which has the slowest speed. Therefore,
Figure V.5 verifies the validity of the improvement proposed in this work in enhancing the

convergence and the precision of the standard BA.

100
95
]
&
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>
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IGWO
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=
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Number of iterations

Figure V.5: Convergence curves of BA, IGWO, and BAGOA.

V.5.2.3 Energy consumption comparison

In addition to the above, the BAGOA delivers significantly better results in terms of mini-
mizing the average moving distance and energy consumption outperforming both BA and the
IGWO. As can be seen from Figures V.6 and V.7, IGWO results in fast depletion of the en-
ergy of sensors where it fails to minimize the moving distance during deployment. On the
other hand, both BAGOA and BA achieved better results than IGWO with varying numbers of
nodes. However, BAGOA was able to minimize the moving distance of sensors where it increases
the energy saving up to 3.20%, 3.72%, and 3.65% compared with BA when deploying 30, 40,
and 50 sensors, respectively. The main reason is that the movement of sensors is bounded by
the neighborhood size. Unlike IGWO that move the sensors to any locations inside the entire
sensing area, BAGOA avoids long distance movements by reducing the boundaries of the move-
ment area. Therefore, each sensor will move only in the area marked by the neighborhood size.

Furthermore, the shrinking of the comfort zone, repulsion zone, and attraction zone gradually
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reduces the movement of sensors. Consequently, this will decrease the moving distance, which
in return leads to reducing the energy consumed during the displacement of sensors to their
final positions. Besides, the results show that the energy consumption of BAGOA is almost

stable even with the increase in the number of nodes.
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Figure V.6: Average moving distance comparison between BA, IGWO, and BAGOA.
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Figure V.7: Energy consumption comparison between BA, IGWO, and BAGOA.

V.5.3 Second experiment results

The second experiment was designed to observe the performance of the BAGOA in opti-
mizing the WSN coverage when the deployment is scaled over a large geographical region. For
this purpose, an area of size 100m x 100m is used with a perceptual radius equals to 7 m, and

a number of sensors varying between 20 and 100. In this experiment, the qABC is utilized
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as a comparison algorithm with the BAGOA. Each algorithm was executed 10 times with a
maximum number of iterations equals to 200. The best and average results are reported in
Table V 4.

V.5.3.1 Coverage and stability comparison

The results of Table V.4 show that BAGOA again performs better in optimizing the cov-
erage, mean (average coverage), and standard deviation values, also it minimizes the average
overlapping area of the network. To be more specific, the BAGOA provides 31.27%, 62%,
84.19%, and 95.47% of coverage when deploying 20, 40, 60, and 80 sensors respectively. In
addition, it achieves the best approximation of the full coverage with 100 sensors, where it
reaches 99.08% with a difference of 1.31% from qABC. The results indicate that the proposed
algorithm maintains the best deployment performance for a large area of size 100m x 100m.
Besides, by observing Table V.4, the BAGOA has a better mean and standard deviation val-
ues compared with the ABC in all the test cases, which confirms its stability and reliability.
Moreover, it contributes to minimizing the overlapping area in the majority of the test cases
except when the number of sensors is 100. It is well known that maximizing the coverage results
in a decrease in the overlapping area. However, when the network is crowded and there are
too many nodes deployed close to each other, the possibility for sensors to be overlapped will
increase. For instance, when a coverage hole is between a set of sensors, the BAGOA requires
them to overlap in order to eliminate that coverage hole. Therefore, maximizing coverage when
a large number of sensors are deployed (100 sensors in our case) triggers a supplementary cost
by increasing the overlapping area. Generally, as can be seen from Table V.4, the BAGOA
performs better in maximizing the coverage and reducing the overlapping area between sensors

to a minimum value.

Table V.4: Deployment results comparison between two algorithms

in an area of size 100m by 100m.

BAGOA qABC
N A A
Best(%) | Mean(%)|  Std Ve Best(%) | Mean(%)|  Std e
Overlapp Overlapp
20 31.27 31.26 0.014 0 31.20 31.17 0.016 le-03
40 62 61.74 0.134 0,272 60.77 60.18 0.389 0.9780

60 84.19 83.68 0.340 6,171 82.26 80.48 1.072 8.2020
80 95.47 94.67 0.449 21,542 93.43 91.72 0.831 22.8320
100 | 99.08 98.75 0.206 41,407 97.77 97.12 0.461 40.3460

V.5.4 Third experiment results

In the last experiment, we analyze the performance of the BAGOA in enhancing the coverage
of a mixed wireless sensor network. For this purpose, a set of simulations are conducted with a
WSN containing both mobile and stationary sensors. In the simulations, a total of 100 sensors

with 80 stationary sensors and 20 mobile sensors are deployed in an area of size 100m x 100m,
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the perceptual radius is set to 7 m, and the number of iterations is 100. The BBO algorithm is
chosen to make a comparison with BAGOA.

At first, the stationary sensors are deployed in the sensing area, and then the algorithms will
attempt to optimize the network coverage by changing the positions of mobile sensors. To
obtain a fair comparison, it should be noted that the algorithms start with the same initial
positions of stationary sensors. The algorithms were simulated for 10 runs, and the collected

results are presented in Table V.5.

V.5.4.1 Coverage and stability comparison

It can be seen from Table V.5 that BAGOA offers excellent coverage results throughout the
experiment. More specifically, the BAGOA was successful in optimizing the coverage where it
reaches 92.47%, with an increase of 23.46%. On the other hand, the BBO algorithm has an
increase of 21.05%, which is 2.41% lower than BAGOA. Besides, the BAGOA outperforms the
BBO in terms of average results with a difference of 3%. According to the collected results, the
BAGOA is superior to the other competitor in optimizing the coverage in the case of static and
mobile sensors. Moreover, the BAGOA provides a significant reduction in standard deviation

value, which proves that it maintains a stable performance during the simulations.

Table V.5: Deployment results comparison between two algorithms

in the case of mobile and static sensors.

Initial f
Algorithms n1 1-a coverage o Best(%) | Mean(%) | Std
stationary sensors
BAGOA 69.01 92.47 91.86 0.321
BBO 69.01 90.06 88.86 0.599

Figure V.8 shows the best deployment solutions of the two algorithms starting with the
same initial deployment of stationary sensors. As can be seen from Figure V.8¢c, the BAGOA
was successful in maximizing the initial coverage of the network by properly choosing a set of

optimal positions for the 20 mobile sensors.

V.5.4.2 Energy consumption comparison

Regarding energy, as can be observed from Figures V.9 and V.10, BAGOA once again proves
its efficiency in minimizing the amount of energy consumed during the displacement of sensors.
The energy consumed by the sensors using BAGOA is less than half the energy required to
move the sensors to their final positions using BBO. BAGOA offers a significant contribution
to saving energy by deploying the mobile sensors in a way that optimizes the overall coverage and
minimizes energy consumption, thereby, prolonging the network lifetime. The superior results
are due to the shrinking of movement boundaries performed by the BAGOA that contributes
to decreasing the moving distance, where it does not allow movement steps greater than the
neighborhood size. Moreover, the tendency toward the best agent in the neighborhood decreases
the motion rate of sensors, which leads to avoiding the fast depletion of their energy and allows

the sensors to remain functional for a longer time.
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Figure V.8: (a) Initial deployment of stationary sensors, (b) Final sensor distribution of BBO,
and (c) Final sensor distribution of BAGOA.
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Figure V.9: Average moving distance comparison between BBO and BAGOA.
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Figure V.10: Energy consumption comparison between BBO and BAGOA.

V.6 Conclusion

In this chapter, we have proposed a hybrid algorithm based on the Bees Algorithm and
Grasshopper Optimization Algorithm named BAGOA to solve the problem of deployment op-
timization in WSNs. The proposed BAGOA algorithm utilizes the strength of the GOA to
enhance the exploitative capability of the BA by searching the neighborhood more efficiently
instead of the blind random search of the basic BA. By hybridizing the two algorithms, the
BAGOA achieves a significant acceleration in the convergence and an increase in search accu-
racy. As an outcome, it led to superior results when solving the problem of deployment.

We have carried out a set of simulations and comparative studies to prove the relevance
of the proposed algorithm. We compared the performance of the BAGOA with other well-
known deployment algorithms in terms of coverage, convergence, and stability. The conducted
comparative studies proved the efficiency of the BAGOA in optimizing the deployment of WSNs
compared with other state-of-the-art algorithms where it provides excellent coverage results
throughout the experiments. Furthermore, BAGOA is an energy-efficient algorithm, which
contributes to maximizing the network lifetime by minimizing the amount of energy consumed
by the sensors to reach their optimal positions. Besides, the superior results achieved by
BAGOA in the three experiments show that it has excellent adaptability in solving different

deployment problems under different experimental settings.



CONCLUSIONS AND FUTURE
PROSPECTS

In this thesis, we were interested in solving one of the most important problems related to
the design of WSNs. This particular problem has many names, such as sensor placement or
sensor deployment, and it has a direct influence on the operations of the WSN. The importance
of the deployment problem can be easily noticed by observing the growth of the volume of
works presented by researchers that attempt to solve this problem. The deployment problem
is popular because it affects almost all the intrinsic performance criterions of WSNs including
coverage, connectivity, cost, and network lifetime.

Due to the fact that this problem was defined as an NP-hard optimization problem in most
works in the literature, exact methods are not efficient to tackle this problem because they
require a very long computational time to perform optimization. Bio-inspired algorithms as
an alternative to exact methods have been used for obtaining the optimal solutions of various
engineering design optimization problems. The use of bio-inspired algorithms becomes a major
research trend in optimizing several issues related to the design of WSNs.

Our research is dedicated to addressing the problem of deployment through using bio-
inspired algorithms. In the first contribution, we have introduced a deployment technique
based on an Improved Bees Algorithm (IBA) for optimally deploying homogeneous and het-
erogeneous WSNs. The proposed technique, abbreviated IBA, adds two improvements to the
original BA. These improvements aim to enhance the optimization capability of the algorithm
and ensure more accurate positioning of mobile sensors. We have defined the coverage as the
main objective because the essential task of any WSN is maximizing data collection. We have
also given a mathematical model for the coverage, and then we applied the IBA to optimize it
starting from the initial random positions of sensors. The performance of the IBA is evaluated
using a varied number and type of sensors. The conducted comparative studies show that IBA
delivers noticeable coverage results and good deployment patterns in the case of homogeneous
WSNs. Furthermore, from the obtained results we can conclude that our strategy is suitable

for deploying heterogeneous WSNs, in which multiple sensor types are used.
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In the second contribution, we extended our work to consider the minimization of energy
consumption when positioning the mobile sensors in optimal locations. Indeed, all applica-
tions require the guarantee of good coverage quality, however, the designers of WSNs have to
give significant importance to conserving energy during deployment in order to ensure that the
WSN stays operational for a longer time. To satisfy this purpose, we have proposed a novel de-
ployment technique that takes coverage and network lifetime into consideration while planning
the deployment of sensors. The proposed technique abbreviated as BAGOA is developed by
hybridizing two bio-inspired algorithms namely the Bees Algorithm (BA) and the Grasshopper
Optimization Algorithm (GOA). Many bio-inspired algorithms such as the BA face difficulties
during optimizing a number of problems. For instance, when the problem dimension is high (as
in the case de WSN deployment) they fail in producing high-quality solutions, which prevents
them from achieving approximate solutions of the global optimum. To alleviate this short-
coming, we have integrated the GOA algorithm as an operator in the BA in order to improve
the exploitation and the local search accuracy. The strength of GOA lies in its high level of
exploitation guided by the social interactions between all the agents in the swarm, which makes
it ideal for hybridization with the BA. By hybridizing the two algorithms, our strategy showed
remarkable improvement in terms of coverage and energy consumption and proved that it has
excellent adaptability in solving different deployment problems.

To prove the relevance of IBA and BAGOA, they have been compared to other well-known
swarm intelligence algorithms, including the quick Artificial Bee Colony (qABC) algorithm,
Social Spider Optimization (SSO) algorithm, Improved Grey Wolf Optimization (IGWO) al-
gorithm, and many other recent algorithms. The results demonstrate that our techniques can
deliver outstanding deployment results that surpass those delivered by these algorithms.

Although the techniques proposed in this thesis proved their efficiency in solving several
versions of the deployment problem, they are far from over. They can always be improved and
refined in order to support the requirements and conditions of the real world. We can think of

several improvements that can be added to the present works. Some of them are stated below:

e The consideration of real-world conditions that affect the surveillance of the given area,
such as sudden changes in the climate, rather than considering only ideal behavior and a

set of predefined conditions.

e Extending our works to consider the uncertainty of sensor detections. In reality, the
sensing zone shape of the sensor is not ideally uniform like the uniform disk-shaped model
adopted in our work. Many factors affect the sensing range of sensors, such as interferences

and obstacles.
e The implementation of our strategies in real-world scenarios using real sensors.

e The use of energy harvesting and renewable energy techniques to extend the lifetime of

batteries, especially when deploying WSNs in inaccessible areas.

e In addition to coverage and network lifetime, several objectives must be considered by

the deployment strategies, such as connectivity, cost, accuracy, and reliability.
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Wireless Sensor Networks (WSNs) are a type of ad-hoc network technology that has been around for more than two decades. WSNs
typically consist of a number of dedicated sensors, which are fundamentally low-cost, autonomous, resource-constrained devices
organized into a cooperative network to perform a common monitoring task. From their first appearance until the present day, there has
been a significant effort conducted by researchers to achieve a reliable WSN design that can provide better Quality of Service (QoS) for
a wide range of applications. Deployment optimization is one of the crucial issues that must be taken into consideration while designing
an efficient WSN. What is meant by deployment optimization is that the sensors must be placed in strategic locations that optimize one
or multiple design criteria including, coverage, connectivity, cost, and network lifetime.
In this thesis, we have addressed the problem of deployment by using bio-inspired algorithms. We proposed two deployment solutions
for optimally placing homogeneous and heterogeneous WSNSs. The proposed bio-inspired solutions allow the relocation of network
sensors to locations that optimize coverage and energy efficiency. The first solution IBA achieves the desired objectives by eliminating
both coverage redundancy and coverage holes resulted after the random deployment of heterogeneous sensors. Whereas the second
solution BAGOA, which is developed by hybridizing two algorithms, namely the Bees Algorithm (BA) and the Grasshopper
Optimization Algorithm (GOA), achieves high coverage and ensures low mobility during deployment in several deployment situations,
even when the network is composed of both mobile and stationary sensors. The effectiveness of the proposed solutions is confirmed by
the high performance recorded during the comparison with recently proposed solutions in the literature. The presented results show that
IBA and BAGOA provide significantly better performance in all deployment test cases in terms of solution quality, convergence, and
stability.

Keywords: WSN, Sensor deployment, Optimization, Bio-inspired algorithms, BA, GOA.

Les réseaux de capteurs sans fil (RCSFs) sont un type de technologie de réseau ad hoc qui existe depuis plus de deux décennies. Les
RCSFs se composent généralement d’un certain nombre de capteurs dédiés, qui sont des dispositifs fondamentalement peu colteux,
autonomes et limités en ressources, organisés en un réseau coopératif pour effectuer une tache de surveillance commune. Depuis leur
premiére apparition jusqu’a nos jours, des efforts importants ont été
déployés par les chercheurs pour parvenir a une conception fiable qui peut fournir une meilleure qualité de service (QoS) pour un large
éventail d’applications. L’optimisation du déploiement est 1’un des enjeux cruciaux qui doit étre pris en considération lors de la
conception d’un RCSF efficace. L optimisation du déploiement signifie que les capteurs doivent étre placés a des emplacements
stratégiques qui optimisent un ou plusieurs criteres de conception, notamment la couverture, la connectivité, le codt et la durée de vie
du réseau.
Dans cette thése, nous avons traité le probléme du déploiement en utilisant des algorithms bio-inspirés. Nous avons proposé deux
solutions de déploiement pour placer de maniere optimale des RCSFs homogénes et hétérogénes. Les solutions bio-inspirées proposées
permettent de déplacer les capteurs du réseau vers des emplacements qui optimisent la couverture et efficacité énergétique. La premiére
solution IBA atteint les objectifs souhaités en éliminant a la fois la redondance de couverture et les trous de couverture résultant du
déploiement aléatoire de capteurs hétérogénes. Alors que la seconde solution BAGOA, qui est développée en hybridant deux algorithmes,
a savoir Bees Algorithm (BA) et Grasshopper Optimization Algorithm (GOA), atteint une couverture élevée et assure une faible mobilité
pendant le déploiement dans plusieurs situations, méme lorsque le réseau est composé a la fois de capteurs mobiles et fixes. L'efficacité
des solutions proposées est confirmée par la performance élevée enregistrée lors de la comparaison avec les solutions récemment
proposées dans la littérature. Les résultats présentés montrent qu’IBA et BAGOA offrent des performances nettement meilleures dans
tous les cas de test de déploiement en termes de qualité de solution, de convergence et de stabilité.

Mots clés: RCSF, Déploiement des capteurs, Optimisation, Algorithmes Bio-inspirés, BA, GOA.
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