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Abstract

In this thesis, we propose a suite of Evolutionary Algorithms (EA)-based protocols to
solve the problems of clustering and routing in Wireless Sensor Networks (WSNs). At
the beginning, the problem of the Cluster Heads (CHs) selection in WSNs is formulated
as a single-objective optimization problem. A centralized weighted-sum multi-objective
optimization protocol is proposed to find the optimal set of CHs. The proposed protocol
finds a predetermined number of CHs in such way that they form one-hop clusters. The
goal of the proposed protocol is to enhance the network’s energy efficiency, data delivery
reliability and the protocol’s scalability. The formulated problem has been solved using
three evolutionary approaches: Genetic Algorithms (GA), Differential Evolution (DE) and
Particle Swarm Optimization (PSO) and we assessed each of their performance. Then,
a PSO-based hierarchical clustering protocol that forms two-hop clusters is proposed to
investigate the effect of the number of CHs on network’s energy efficiency. This proto-
col enhances the WSN’s energy efficiency by setting an upper bound on the number of
CHs and trying to minimize the number of CHs compared to that upper bound. It also
maximizes the protocol’s scalability by using two-hop communication between the sensor
nodes and their respective CHs. Then, a centralized weighted-sum PSO-based protocol
is proposed for finding the optimal inter-cluster routing tree that connects the CHs to
the Base Station (BS). This protocol is appropriate when the CHs are predetermined in
advance. The proposed protocol uses a particle encoding scheme and defines an objec-
tive function to find the optimal routing tree. The objective function is used to build the
trade-off between the energy-efficiency and data delivery reliability of the constructed tree.
Finally, a centralized multi-objective Pareto-optimization approach is adapted to find the
optimal network configuration that includes both the optimal set of CHs and the optimal
routing tree. A new individual encoding scheme that represents a joint solution for both
the clustering and routing problems in WSNs is proposed. The proposed protocol uses a
variable number of CHs, and its objective is to assign each network node to its respective
CH and each CH to its respective next hop. The joint problem of clustering and routing
in WSNs is formulated as a multi-objective minimization problem with a variable number
of CHs, aiming at determining an energy efficient, reliable ( in terms of data delivery) and
scalable clustering and routing scheme. The formulated problem has been solved using two
state-of-the-art Multi-Objective Evolutionary Algorithms (MOEA), and their performance
has been compared.

The proposed protocols were developed under realistic network settings. No assump-
tions were made about the nodes’ location awareness or transmission range capabilities.
The proposed protocols were tested using a realistic energy consumption model that is
based on the characteristics of the Chipcon CC2420 radio transceiver data sheet. Exten-
sive simulations on 50 homogeneous and heterogeneous WSN models were evaluated and
compared against well-known cluster-based sensor network protocols.
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Chapter 1

Introduction

Wireless sensor networks (WSN) have attracted significant attention from the research
community and the industry in the last few years. The main reason for the recent research
efforts and rapid development of WSNs is their potential application in a wide range
of contexts including military operations, environment monitoring, surveillance systems,

health care, environmental monitoring and public safety [, 2].

A common practice in these applications is the deployment of a large number of sensors,
often randomly deployed over the entirety of the geographical region of interest. These
sensor nodes sense the environment, communicate with neighboring nodes, and in many

cases perform basic computations on the data being collected [3, 4].

In order to realize the existing and potential applications for WSNs, sophisticated
and extremely efficient routing protocols are needed. However, the inherent properties of
individual sensor nodes pose additional challenges to the communication protocols in terms
of energy consumption and throughput. These properties include limited power supply and
short transmission range. Due to these unique inherent characteristics, it is a challenging

task to select or propose a new routing protocol for a specific WSN application [5].

Using clustering techniques in WSNs can help solve some of those concerns. In clus-



tering, the network nodes are organized into smaller clusters and a Cluster Head (CH) for
each cluster is elected. Sensor nodes in each cluster transmit their data to their respective
CH and the CH aggregates data and forwards them to a central Base Station (BS) [0].
The fact that only the CH is transmitting information out of the cluster helps avoiding
collisions between the sensors inside of the cluster because they do not have to share the

communication channel with the nodes in other clusters [7].

The objective of clustering is to search among a group of sensor nodes to find a set of
nodes that can act as cluster heads. For a given network topology, it is difficult to find
the optimal set of CH nodes. Finding the optimal set of CHs has been proven to be a

Non-deterministic Polynomial (NP)-hard optimization problem [3, 9, 10, 11, 12, 13].

Once the WSN has been divided into clusters, the communication between the nodes
can be either intra-cluster or inter-cluster. Intra-cluster communication comprises the data
exchanges between the member nodes and their respective CH. Inter-cluster communication

includes transmission of the data between the CHs and the BS.

The process by which data are forwarded efficiently between the CHs and the BS,
the inter-cluster communication, is an important aspect and essential feature of WSNs. A
simple method to accomplish this task is for each CH to exchange data directly with the BS,
a single hop-based approach. Another method is to allow intermediate nodes to participate
in forwarding data packets between the CH and the BS which is a multihop-based approach
[3]. However, in a WSN, individual nodes have limited communication range and form an
ad hoc network over a shared wireless medium. Furthermore, the BS is usually located far
away from the sensing area and is often not directly reachable to all nodes due to limited
communication range and signal propagation problems. A more realistic approach is to use
the multihop inter-cluster communication model. For a more reliable data communication,

data packets need to be routed using a multihop communication model [14].

The basic function of a routing protocol is to select a route, from the set of available



routes, which is most efficient based on some specific criteria. Once the optimal set of CHs
is elected in the clustering phase, the next step is to find the optimal routing tree from the
CHs to the BS while minimizing the total cost of that tree. Routing is, at its most basic
level, an optimization problem [15]. Moreover, finding an optimal routing tree is known to

be NP-hard problem [16, 17].

Therefore, polynomial-time algorithms are infeasible to use for selecting the optimal
set of cluster heads and finding the optimal routing tree, due to their high computational
complexity in real-time communications systems. Solutions to NP-hard problems involve
searches through vast spaces of possible solutions. Evolutionary computation approaches

have been applied successfully to solve a variety of these problems [18, 19].

1.1 Thesis Motivation

Clustering sensor nodes is an efficient topology control method to maximize the network’s
energy efficiency, data delivery reliability and scalability. In order to have an efficient

clustering and routing protocol, three main issues should be considered:

e Low energy consumption during clustering and routing to enhance the network energy

efficiency.
e Good link quality between the sensor nodes to enhance the data delivery reliability.

e Good distribution of the cluster heads to minimize the number of unclustered nodes
and therefore maximize the number of nodes which participate in the communication.

That in turn will enhance the protocol’s scalability.

Energy efficiency, data delivery reliability and scalability are key requirements in WSNs
[20, 21]. The primary objective of this thesis is to address these requirements via designing

a suite of clustering and routing protocols for WSNs.



Many clustering and routing protocols have been proposed for WSNs. However, the
performance of these protocols is limited by challenges related to determining an accurate
radio model for the sensor nodes in the network. A common limitation is the use of an
idealized energy model [22, 23]. A discrete radio model should be used for more accurate
and realistic calculation of the power consumption and to determine which links between

sensor nodes are available for transmission [22, 23, 24].

In this thesis, we aim at lowering the barrier to designing and developing more realistic
clustering and routing protocols. To achieve that goal, we designed the protocols under
no assumptions about the nodes’ location awareness or transmission range capabilities.
Moreover, we tested the protocols under a more realistic energy consumption model, a
discrete radio model that is based on the characteristics of the Chipcon CC2420 radio

transceiver’s data sheet, for realistic computation of the energy consumption.

1.2 Research Contributions

The purpose of this thesis is twofold. First, to design, implement and test protocols to solve
the problems of clustering and routing in WSNs. Since both the cluster head selection and
finding the optimal routing tree have been proven to be NP-hard problems, evolutionary
computation approaches were used to solve these problems. The proposed protocols take
into consideration the following properties: the network’s energy efficiency, the network’s
data delivery reliability, and the protocol’s scalability. Second, to test and investigate the
performance of the proposed protocols against well-known clustering protocols, under a

realistic energy consumption model.

In this thesis, the problem of CHs selection in WSN is formulated as a single-objective
optimization problem. A centralized weighted-sum multi-objective optimization protocol
is proposed to find the optimal set of CHs. The proposed protocol finds a predetermined

number of CHs in such way that they form one-hop clusters. The goal of the proposed

4



protocol is to enhance the network’s energy efficiency, data delivery reliability and the
protocol’s scalability. The formulated problem has been solved using three evolutionary
approaches: Genetic Algorithms (GA), Differential Evolution (DE) and Particle Swarm

Optimization (PSO) to assess their performance.

Then, in order to study the effect of minimizing the number of CHs on the network’s
energy efficiency, a PSO-based hierarchical clustering protocol that forms two-hop clusters
is proposed. The proposed protocol’s objective is to enhance the network’s energy efficiency
by setting an upper bound on the number of CHs and minimizing the number of CHs
compared to that upper bound. Furthermore, it improves the protocol’s scalability by

using two-hop communication between the sensor nodes and their respective CHs.

Then, a centralized weighted-sum PSO-based protocol is proposed for finding the op-
timal inter-cluster routing tree. This protocol is appropriate when the CHs are predeter-
mined in advance. The proposed protocol uses a particle encoding scheme and defines an
objective function to find the optimal routing tree. The objective function is used to build
the trade-off between the energy-efficiency and data delivery reliability of the constructed

tree.

Finally, a centralized multi-objective Pareto-optimization approach is adapted to find
the optimal network configuration that includes both the optimal set of CHs and the
optimal routing tree. A new individual encoding scheme that represents a joint solution
for both the clustering and routing problems in WSNs is proposed. The proposed protocol
uses a variable number of CHs, and its objective is to assign each network node to its
respective CH and each CH to its respective next hop. The joint problem of clustering
and routing in WSNs is formulated as a multi-objective minimization problem with a
variable number of CHs, aiming at determining an energy efficient, reliable (in terms of
data delivery) and scalable clustering and routing scheme. The formulated problem has
been solved using two state-of-the-art Multi-Objective Evolutionary Algorithms (MOEA),

and their performance has been compared.



Furthermore, we developed the protocols under realistic network settings. No assump-
tions were made about the nodes’ location awareness or transmission range capabilities.
The protocols were also tested using a realistic energy consumption model that is based on
the characteristics of the Chipcon CC2420 radio transceiver’s data sheet. Extensive simu-
lations on 50 homogeneous and heterogeneous WSN models were evaluated and compared

against some of the well-known clustering protocols.

The main contributions of this thesis include the design and development of:

1. A One-hop clustering protocol that adapts a centralized weighted-sum multi-objective
optimization approach to find a predetermined number of CHs and form one-hop
clusters. This protocol defines an objective function that takes into consideration the

network’s energy efficiency, data delivery reliability and the protocol’s scalability.

2. A PSO-based hierarchical clustering protocol that forms two-hop clusters. The main
objective of this protocol is to enhance the network’s energy efficiency by lowering
the number of CHs. Moreover, it enhances the protocol’s scalability by using two-hop

communication between the sensor nodes and their respective CHs.

3. A PSO-based routing protocol that finds the optimal inter-cluster routing tree. A
new particle encoding scheme is proposed to find a complete routing tree solution,
and a multi-objective fitness function is defined to evaluate the constructed tree based

on its energy efficiency and data delivery reliability.

4. A Pareto-based optimization protocol to find a joint solution for both the clustering
and routing problems. To achieve that goal, a particle mapping scheme is proposed
and the objective functions are defined to consider the following properties: the

network’s energy efficiency, data delivery reliability and the protocol’s scalability.
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1.4 Thesis Outline

The remainder of this thesis is organized as follows. Chapter 2 gives the background
knowledge about WSNs. Chapter 3 presents a review of the related work about clustering
protocols based on heuristic and meta-heuristic approaches. In Chapter 4, we give a
detailed explanation of the system model that was used to develop and test the proposed
protocols. Chapter 5 gives a detailed description of the two proposed clustering protocols,
the one-hop clustering protocol and the hierarchical clustering protocol. Chapter 6 gives
a detailed description of the PSO-based routing protocol that is used to find the optimal
routing tree. Chapter 7 gives a detailed description the Pareto-based Optimization Protocol
that is used to solve the joint problems of clustering and routing in WSNs. Finally, Chapter

8 concludes this research work and highlights a few future directions.



Chapter 2

Wireless Sensor Networks and

Evolutionary Algorithms

2.1 Wireless Sensor Networks

Wireless Sensor Networks (WSNs) have emerged as a powerful technological platform with
tremendous and novel applications. It has become an important technology for realizing
many applications including both simple phenomena monitoring applications and heavy-
duty data streaming applications including military operations, environment monitoring,

and surveillance systems.

A WSN usually consists of tens to thousands of sensor nodes that communicate through
wireless channels for information sharing and cooperative processing [2]. Usually, the nodes
are statically deployed over vast areas. However, they can also be mobile and capable of

interacting with the environment.

Though the sensor nodes can work autonomously, they work in a collaborative way to
sense the physical parameters of an environment. WSN nodes can sense the environment,

communicate with neighboring nodes, and in many cases perform basic computations on



the data being collected [3, 1]. These features make WSN an excellent choice for many

applications [2].

Routing is a key process to be considered in WSN. Due to the limited transmission
range of each node, it may be necessary for one sensor node to use other sensor nodes in
forwarding a packet to its destination, usually the Base Station (BS). The task of finding
and maintaining routes in WSNs is non-trivial due to the energy restrictions and trans-
mission range restrictions. To minimize energy consumption, routing protocols proposed

in the literature for WSNs employ some well-known routing strategies such as clustering.

Clustering protocols in WSN aim at grouping the sensor nodes into clusters and electing
a cluster head (CH) for each cluster. In order to realize an energy efficient WSN, the CHs
can aggregate the data sent from the cluster members and send them directly to the BS.
A clustering protocol is mainly a two layer protocol. The first layer is used to select the
optimal set of CHs while the second layer is responsible for transmitting the data to the
BS. Figure 2.1 shows the generalized view of WSNs, which consists of a BS, CHs and sensor

nodes (devices) deployed in a geographical region.
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Community Network Vehicular Adhoc Network

Figure 2.1: Generalized View of a clustered WSN [25]

The clustering protocol in WSN should not only facilitate the data transmission, but
also consider the sensor nodes’ constraints. It should also meet the WSN requirements in-

cluding the energy efficiency, the data delivery reliability, and the scalability requirements.

2.1.1 Applications of Wireless Sensor Networks

WSNs are currently being employed in a variety of applications [20] ranging from medical
to military, and from home to industry. Potential WSNs applications are briefly introduced

in this section.
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Environment Monitoring Systems

Environment monitoring has been an important part of WSN applications [27]. Environ-
ment monitoring systems control and monitor environment parameters including temper-

ature, humidity, light and pressure.

The applications of environmental monitoring have grown rapidly in agricultural moni-
toring, habitat monitoring, indoor monitoring, greenhouse monitoring, climate monitoring

and forest monitoring.

There are several studies that focus on environment monitoring applications [28, 29, 30].
The main requirements of environment monitoring applications are scalability, coverage and
energy efficiency. Monitored sites can reach several tens of hectares, so the number of nodes
deployed varies from dozens to thousands. For this reason, scalability is an important issue
when developing protocols to support a large quantity of nodes and to ensure full coverage

of the controlled area [31].

The protocols proposed in this thesis are suitable for environment monitoring applica-

tions.

Human Body Monitoring

In recent years, research interest in the area of wireless healthcare systems has grown.
Increasing numbers of aging population, people who need continuous health monitoring
and rising costs of health care have triggered the concept of the novel wireless technology-

driven human body monitoring.

Wireless Body Sensor Networks (WBSNs) have great potential to enable a broad variety
of assisted living applications such as human biophysical/biochemical control and activity
monitoring for health care, e-fitness, emergency detection, emotional recognition for social

networking, security, and highly interactive games [32].

12



Several efforts have been made by researchers to use WBSNs for human body monitoring
[33, 34, 35]. Human body monitoring is performed using a network of wireless sensors which
may be attached to the body surface or implanted into the body tissue. Recent technology
developments have produced small and intelligent medical sensors that can be worn or
implanted in the human body. The sensors acquire the data and send it to the center in

which the data is aggregated and analyzed.

Health monitoring applications demand high reliability because they involve the life of
human beings [36]. The network’s energy efficiency is another important requirement to

ensure long time operation of the system [35, 30].

Intelligent Buildings

WSNs have been recently adapted for building automation to address the rising cost of
energy and the growing green movement. Buildings can optimize their energy consumption,

improve safety and security, and reduce operating expenses by using smart sensor nodes.

Several intelligent building management systems, using WSNs, have been proposed in

the literature [37, 38, 39].

WSNss used in intelligent building management systems consist of different types of sen-
sor nodes measuring parameters such as temperature, humidity, light, and asphyxiating
smoke. In addition, the systems may include actuators, gateways, servers, and commu-

nication and application software on different levels as well as different home appliances
[10].

Intelligent building management systems require the use of multihop communication to
cover entire buildings. Specific data-centric or hierarchical protocols can be used to realize
this requirement [38]. The network’s energy efficiency is another important requirement

for such systems [10].
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2.1.2 Limitations, Requirements and Challenges of Wireless Sen-

sor Networks

WSNss consist of a large number of sensor nodes. Sensor nodes are small-scale devices that
are very limited in the amount of energy they can store. Hence, energy efficiency is a

major requirement in WSN design.

WSNs should facilitate the data transmission to the BS and at the same time con-
sider the sensor nodes’ limited transmission range. The data delivery reliability is another

important requirement of WSNs.

Clustering allows sensors to coordinate their local interactions efficiently in order to
achieve global goals such as scalability and more efficient resource utilization [11, 20].
Scalability refers to the capability of the system to perform useful work as the size of the
system increases [12]. Due to the limited transmission range of the individual nodes relative
to the large area of interest, thousands of sensors may have to be deployed for a given task.
Any routing scheme must be able to work with this huge number of sensor nodes. Any
mechanism employed in WSN should be able to adapt to a wide range of network sizes.
Therefore, scalability is another critical requirement in the design of the system. In order
to measure the performance of the proposed protocols in terms of their scalability, we used
the number of un-clustered nodes metric. A higher number of un-clustered nodes indicates

a lower performance in terms of the protocol scalability.

However, due to the unreliable nature of wireless communication and the limited re-
sources of sensor nodes, these requirements pose challenges for WSN researchers. The main

challenges for the realization of the WSNs can be outlined as follows:

1. Energy poses a big challenge for the WSN designers. Since sensor nodes are battery
powered, they have limited energy capacity. When the energy of a sensor reaches

a certain threshold, they become faulty and are unable to function properly which
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affects the overall network’s performance. Consequently, the routing protocols de-
signed for sensors should be as energy efficient as possible to minimize the energy

consumption of the nodes and hence prolong the network’s lifetime.

. The main task in WSN is the data transmission from the target area to the BS.
However, the sensor nodes have a limited transmission range. Moreover, the link
quality between the sensor nodes should be maximized to enhance the network’s
throughput and hence enhance the data delivery reliability of the network. Clustering
techniques coupled with multi-hop routing protocols should be employed to achieve

this requirement.

. WSNs consist of an extremely high numbers of nodes and relatively high node density.
It can be a great challenge for WSN designers to design a routing protocol that is

scalable enough to work with this huge number of sensor nodes.

. Finding the best clusters and routes in WSNs is highly impacted by the used link qual-
ity metric. Many location-aware or link quality-based clustering protocols assumed
that each node is equipped with self-locating hardware such as a Global Position-
ing System (GPS). Though this is a simple and effective solution, the resulting cost
renders such a solution inefficient and unrealistic [13]. In order to design realistic

protocols, no assumptions should be made about the nodes’ locations.

2.1.3 Link Quality Metrics in Wireless Sensor Networks

Link quality estimation in WSNs has a fundamental impact on the network performance

and affects the design of clustering and routing protocols. Many of the previously proposed

clustering and routing protocols used the distance between two nodes as a metric of their

link’s quality. However, this solution suffers from the following problems:

1. In order to calculate the distance between two nodes, each node should be equipped
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with self-locating hardware such as a Global Positioning System (GPS). The resulting

cost of attaching a GPS to each node renders such a solution inefficient and unrealistic

[43].

2. Link asymmetry is an important characteristic of WSN. Using the distance between
two nodes as a link quality metric ignores this fact and assumes that links are sym-

metric.

3. Several studies have shown that link quality in WSN is not necessarily correlated

with distance [11, 15, 16, 47].

Two other prominent link-quality metrics are, the Received Signal Strength Indicator
(RSSI) and Link Quality Indicator (LQI). These metrics are provided by most of the

wireless sensor chips [18].

The RSSI is a parameter that represents the signal strength observed at the receiver
at the moment of reception of the packet. The LQI is described as the characterization of

the strength and quality of the received packets.

Several studies proved that RSSI can provide a quick and accurate estimate of whether
a link is of very good quality [15, 46, 47, 44]. In [17], the authors conducted empirical
measurements of the packet delivery performance of various sensor platforms. They found
that there was a strong correlation between RSSI and Packet Delivery Rate (PDR). Fur-
thermore, they proved that if the RSSI of a link is -87dBm or stronger, it is almost but
not completely set to have a PDR > 99%. Below this value, a shift in the RSSI as small
as 2 dBm can change a good link to a bad one and vice versa, which means that the link

is in the transitional or disconnected region [1].

The symmetry of RSSI and LQI in two directions was studied, and the relation between
RSST and LQI as link quality metrics was analyzed in [18]. Experimental results showed a

significant correlation between the two directions of the link in RSSI but a weak correlation
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between them in LQI. Moreover, statistical tests on the collected data showed a significant
correlation between RSSI and distance in short distance scenarios, which makes RSSI a

routing protocol link-quality metric.

In this thesis, the RSSI value for the link between any two nodes is used to assess the

quality of that link.

2.2 Evolutionary Algorithms

Evolutionary algorithms (EAs) are powerful optimization techniques that imitate principles
of natural selection and survival of the fittest to find near optimal solutions in an unknown

search space [15].

In this section, we present a brief overview of three widely used EAs: Genetic Algo-
rithms (GA), Differential Evolution (DE) and Particle Swarm Optimization (PSO). These

algorithms will be applied to the formulated problem.

2.2.1 Genetic Algorithms

Genetic Algorithms (GA) is a population-based approach for heuristic search in optimiza-
tion problems. It has been applied to many scientific and engineering problems [19], in-
cluding optimized routing [50], engineering design [51], job scheduling [52], quality control

[53] and so much more.

GAs evolve a set of coded solutions to a specific problem to find the best optimal
solution. In GA, each solution is encoded as a vector of binary numbers or floating point
numbers, with the same length as the vector of decision variables. The working mechanism

of GA is explained below.
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Initialization

A vector (p1,ps, ..., pn) is a chromosome to represent a solution to the optimization prob-
lem. The GA begins with a randomly initialized population of M chromosomes. There-
after, the fitness values of all these chromosomes are calculated. A fitness of a chromosome
is defined as a value that quantifies the optimality of a solution in such a way that any
chromosome in the population can be compared and ranked against all the other chromo-

somes.

To form a new population, chromosomes are selected according to their fitness. A
chromosome is evaluated on its performance with respect to the fitness function. The
ones with better fitness values are more likely to survive than the ones with the worse
values. Crossover and mutation operators are then applied respectively on the selected
chromosomes to find new points in the search space. The result is usually a new generation

with better survival abilities. The process is repeated until a stopping criterion is reached.

Selection

GAs use a selection scheme to select individuals from the population to insert into a mating
pool. It is desirable that the mating pool comprises good individuals since these individuals

will pass their genes on to the next generation [54].

In tournament selection, sets of individuals are chosen randomly from the population
and the fitness of individuals from each set is compared with one another. These sets
have a fixed size called tournament size. The individual with better fitness is taken to
the mating pool. The loss of diversity of the population increases with the increase in the
tournament size. In this paper, the tournament size is chosen as two in in order to keep

the diversity loss to a minimum.
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Crossover

Crossover describes the swapping of fragments between two binary strings at a randomly
chosen crossover point (single-point crossover). In other words, it creates two new offspring
from two parents. After recombination, two new strings are formed, and these are inserted

into the next population.

In this chapter, we use the Simulated Binary Crossover (SBX) [55]. SBX attempts to
simulate the offspring distribution of binary-encoded single-point crossover on real-valued
decision variables to favour offspring closer to the two parents. The procedure of computing

the offspring pi1 1 and p?’tﬂ from the parents pi " and p?’t is described in [55].

Mutation

The mutation operation is used to prevent the premature convergence of a new generation
and to ensure diversity. Mutation alters one or more gene values in a chromosome from
their initial state. A mutation probability factor is defined. This probability should be

small since it adds some randomness in the population.

In this thesis, we use a polynomial mutation operator. Using this operator, the proba-
bility of creating an offspring closer to the parents is higher than the probability of creating
one away from them. As the generation ¢ proceeds, this probability of creating an offspring

closer to the parents gets higher and higher, and the offspring created are given as follows:

yf = pf + (pz}rnax - pz,mzn) X 51 (21)
Where 0; is calculated from the polynomial probability distribution as:

2r)m =1,  0<r <05

1—2(1—r))mt', 05<r<1
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r; is a random number in the range [0, 1]. 7, is called the mutation distribution index
and it is a non-negative real number. Smaller values of §; are considered a strong mutation
and results in new values that are far away from the parents. On the other hand, using
bigger values of 7, gives more probability of generating new values that are very close to

parents. Strong mutation has better chances of escaping local optima.

2.2.2 Differential Evolution

The differential evolution (DE) algorithm is a simple and powerful population-based stochas-
tic optimization technique that performs well in various standard test functions and real-

world optimization problems. The working mechanism of DE is explained below.

Initialization

The DE begins with a randomly defined population of NP vectors. Each vector, also
known as genome/chromosome, contains D optimized variables and forms a candidate
solution to the optimization problem. The subsequent generations in DE are denoted by

G=0,1,...,Gunae- 2 =[5}, 2, ..., 2¢p] denotes the ith solution in the Gth generation.

The population of the Gth generation is denoted by X¢ = [2§, 2§, 25, ..., 25 p).

Mutation

the mutation operation is performed following the creation of the initial population. For
each member of the population X¢ at generation G, a mutant vector, v¥, for 2§ i €
{1,2,..., NP} is formed by adding the weighted difference between two individuals (vectors)

chosen randomly from the population to a third one, also chosen randomly, as shown in

Eq. 2.3

& =28 + F x (28 — 25) (2.3)

%
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The indices r1,r2 and r3 are mutually exclusive integers randomly selected from the

range [1,..., NP] which are also different from the base vector index i. The scale fac-

tor I controls the amplification of the differential variation (z% — 2%). The step that

differentiates one DE approach from another is the mutation process. In the literature,
the notation for the mutation scheme in (2.3) is referred to as DE/rand/1. Additional

mutation schemes are summarized in [50].

Crossover

The following step involves a crossover operation in order to enhance the potential diversity

G+1

of the population. For each individual 2§, a trial individual, ™" | is generated as follows:

(

UG-+1 Zf(R] S CR)OT(] = jrand)»j = 1a 27 ceey D

j

uSt = (2.4)

v

xg otherwise
\

where R; is a uniform random number in the range [0, 1], and j,qnq is a randomly chosen
integer within the range [1, D]. The crossover threshold CR € [0, 1] is used to decide if

each dimension of the mutant solution will be brought over to the trial solution.

Selection

Finally, according to the fitness value, selection determines which of the vectors should
be chosen for the next generation by implementing one-to-one competition between the
generated trail vectors and the corresponding parent vectors. The evaluation operation is

expressed as follows, assuming a minimization problem:
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ug i fufh) < f(af)

)

&t = (2.5)

7

2%, Otherwise

Where f(z) is the fitness value for z§.

2.2.3 Particle Swarm Optimization

Particle Swarm Optimization (PSO) is a stochastic population based optimization algo-
rithm that was introduced by [57] and inspired by social behaviour of bird flocking or fish

schooling.

The basic PSO comprises a swarm of S particles (potential solutions), which fly through
a D-dimensional problem search space in search of the global optimum position that pro-

duces the best fitness of an objective function [57].

Initially, each particle i is randomly assigned a position ;43 and a velocity vy (i =
1,2,...,9), and d = (1,2,..., D). In every iteration, each particle adjusts its velocity to
follow two best solutions. The first is the cognitive part, where the particle follows its
own best solution found so far. This is the solution that produces the lowest cost (has
the highest fitness). This value is called pbest; (particle best). The other best value is the
current best solution of the swarm, i.e., the best solution by any particle in the swarm.
This value is called gbest (global best).

After finding the two best values, particle ¢ then updates both its position and velocity

iteratively with the following equations:

vig(t + 1) = w x viq(t)+
c1 X r1 X (pbest;(t) — xiq(t)) + ca X r9 X (gbest(t) — x;q(t)) (2.6a)

:L'id(t + 1) = :L'id(t) + Uid(t + 1) (26]?))

The parameters, ¢; and ¢y are two positive constants named as learning factors, usually
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set as ¢; = ¢3 = ¢3 = 2. 11 and 1o are random variables between [0, 1]. w is a weight factor

that controls the velocity of the particle.
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Chapter 3

Literature Review

Clustering techniques have been studied extensively to improve the performance of WSNs
[58, 59, 6]. This chapter presents a review of such works based on heuristic and meta-

heuristic approaches.

3.1 Heuristic Approaches

3.1.1 Low Energy Adaptive Clustering Hierarchy (LEACH)

LEACH [60][13] is one of the most common cluster-based routing protocols [55] in WSNs
that has been proven to be an effective approach to prolong the network’s lifetime. LEACH
is a completely distributed approach and does not require a global information of the
network. The basic idea of LEACH has been an inspiration for many subsequent clustering
protocols. The main objective of LEACH is to equalize the energy load distribution among

the CHs.

The operation of LEACH is divided into rounds, and each round is divided into two

phases, namely the set-up phase and the steady-state phase. In the set-up phase, the
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clusters are organized, while in the steady-state phase, data is delivered to the BS. The

Steady-state phase is always longer than the set-up phase to minimize overhead.

During the set-up phase, each node decides whether or not to become a CH for the
current round. This decision is based on the suggested percentage of CHs for the network
and the number of times the node has been a CH so far. This decision is made by the node
by choosing a random number between 0 and 1. The node becomes a CH for the current

round if the number is less than the following threshold:

P .
1-Px(r mod %)’an €G

T(n) = (3.1)
0, Otherwise

where P is the desired percentage of CHs, r is the current round, and G is the set of

nodes that have not been elected as CHs in the last 1% rounds.

When a node is selected as a CH, it broadcasts an advertisement message to the other
nodes. Other nodes decide which cluster they will join for this round based on the RSSI
of the advertisement. Then, each node sends a membership message to its CH. In order to
evenly distribute the energy load among sensor nodes, CHs rotation is performed at each
round by generating a new advertisement phase based on equation 3.1. During the steady-
state phase, the sensor nodes sense and transmit data to the CHs. The CHs compress
the data arriving from nodes that belong to the respective cluster and send an aggregated
packet to the BS directly. LEACH uses Time Division Multiple Access (TDMA) to avoid
inter-cluster and intra-cluster collisions. After a certain time, which is determined a priori
(round length), the network goes back into the set-up phase again and enters another round

of CH election.

In LEACH, any node that served as a CH in a certain round cannot be selected as the
CH again, so each node can equally share the load imposed upon CHs to some extent.

However, LEACH cannot ensure real load-balancing in the case of sensor nodes with dif-
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ferent amounts of initial energy because CHs are elected in terms of probabilities without
energy considerations. Furthermore, the random mechanism of selecting the CHs does not
guarantee even distribution of CHs over the network [7]. LEACH assumes that every node
can communicate directly with the BS, which is an unrealistic assumption in many practi-
cal situations due to the communication range restrictions of the sensor nodes [11, 3]. We
should also take into consideration that increasing the transmission range can cause too

much energy consumption.

3.1.2 Hybrid Energy-Efficient Distributed Clustering (HEED)

HEED [61] is another distributed clustering protocol that is an extension of LEACH.
The objective of HEED is to provide an energy-efficient clustering protocol with explicit

consideration of energy.

HEED is different from LEACH in terms of CH election. HEED does not select nodes
as CHs randomly. CHs selection in HEED is primarily based on the residual energy of each
node. To increase energy efficiency and further prolong the network’s lifetime, a secondary
clustering parameter that considers intra-cluster “communication cost” is introduced and
can be a function of neighbor proximity or cluster density. Elected CHs in HEED have
relatively high average residual energy compared to member nodes. Additionally, one of

the main goals of HEED is to get an evenly distributed CHs throughout the networks.

In HEED, CHs selection is achieved with an iterative approach based on two important
parameters: residual energy and intra-cluster communication cost of the candidate nodes.
Initially, a percentage of CHs among all nodes, Cp,q, is set to assume that an optimal

percentage cannot be computed a priori. The probability that a node becomes a CH is:

Eresi uQ
CHprob = Corob X E—‘“ (3.2)
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where F,.csiduar the estimated current energy of the node, and F,,,, is a reference maxi-
mum energy, which is typically identical for all nodes in the network. The value of C'H,,0p,
however, is not allowed to fall below a certain threshold that is selected to be inversely
proportional to E,,.,. Afterwards, each node goes through several iterations until it finds
the CH. If it hears from no CH, the node elects itself to be a CH and sends an announce-
ment message to its neighbors. Each node doubles its C'H),,,, value and goes to the next
iteration until its C'H,,., reaches 1. Therefore, there are two types of status that a sensor
node could announce to its neighbors: tentative status and final status. If its C'H,,, is less
than 1, the node becomes a tentative CH and can change its status to a regular node at a
later iteration if it finds a lower cost CH. If its C'H,,, has reached 1, the node permanently
becomes a CH. Every node elects the least communication cost CH in order to join it. On
the other hand, CHs send the aggregated data to the BS in a multi-hop fashion rather

than the single-hop fashion of LEACH.

The HEED protocol is a fully distributed protocol that creates a uniform CH distri-
bution across the network. However, more CHs are generated than the expected number
and this accounts for unbalanced energy consumption [62]. Moreover, some CHs, espe-
cially near the BS, may die earlier because these CHs have more workload leading to the
hot spot problem [63, 64]. Similar to LEACH, HEED relies on the assumption that CHs
can communicate with each other and form a connected graph; realizing this assumption
in practical deployments could be tricky due to the previously mentioned communication
range restrictions. HEED suffers from a consequent overhead since it needs several itera-

tions to select the CHs.

3.1.3 Energy-Efficient Clustering Scheme (EECS)

EECS [65] is a distributed non-iterative clustering protocol. EECS is a LEACH-like scheme,

where the network is partitioned into several clusters, and single-hop communication be-
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tween the CH and the BS is performed. EECS extends the LEACH algorithm by dynamic
sizing of clusters based on cluster distance from the BS. Unlike LEACH, the CH is elected
by localized competition and its no iteration property makes it different from HEED. This
competition involves candidates broadcasting their residual energy to neighboring candi-

dates. If a given node does not find a node with more residual energy, it becomes a CH.

In EECS, a node chooses the CH by considering not only saving its energy but also
balancing the workload of the CHs. Two distance factors are considered in EECS, the
intra-cluster distance, d(P;, C'H;) and the inter-cluster distance, d(C'H;, BS). A weighted
function cost(j,i) is introduced in EECS for the ordinary node P; to make a decision,

which is:

cost(j,i) = w x f(d(P;,CH;)) + (1 —w) x g(d(CH;, BS)) (3.3)

Node P; will join the CH that has the minimum cost. In Eq. 3.3, f and g are two

normalized functions for the distance d(P;, CH;) and d(CH;, BS), respectively:

d(P;, CH,
fatp c) = L (3.4)
g(d(CH,, BS)) = N BS) — dy, (3.5)
dgmaz - dgmin

where d 4, = exp(maxd(P;, CH;)), dg,,ax = maxd(CH;, BS) and d,, ;,, = mind(CH;, BS).

w is a function of P; as follows:

d(CH;, BS)

= 1—
w=c+(1—-c¢)x y

(3.6)

Imazx Imin

Function f in cost guarantees that nodes choose the closest CH in order to minimize the

intra-cluster communication cost, while function g makes the nodes join the CH with the
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smallest d(CH;, BS) to alleviate the workload of the CHs farther from the BS. Function
w is the weighted factor for the tradeoff between f and g. Furthermore, the optimal value

of weighted factor ¢ in the function w depends on the specific network scale.

EECS constructs a balancing point between intra-cluster energy consumption and inter-
cluster communication load. Clustering in EECS is performed by dynamic sizing based on
cluster distance from the BS. This technique addresses the problem that clusters with a
larger distance to the BS require more energy for transmission than those with a shorter
distance. However, EECS utilizes single-hop communications between the CHs and BS. It
also requires more global knowledge about the distances between the CHs and the BS. In
EECS, the set of candidate nodes are selected randomly before the competition; this may

result in non-optimal CH selection.

3.1.4 Energy Efficient Heterogeneous Clustered (EEHC) Scheme

EEHC [66] was proposed to study the impact of the heterogeneity of nodes in terms of
their energy [07] in clustered networks. EEHC assumes the case where a percentage of the
population of sensor nodes is equipped with more energy resources than the normal sensor
nodes in the network. Three types of sensor nodes equipped with different energy levels
are used. Nodes under first level are known as normal nodes, second level nodes are the
advanced nodes, and third level nodes are the super nodes. Super nodes have the highest
energy among the three types; hence they have the highest chances of selection as a CH.

It is assumed that all nodes are distributed uniformly over the network field.

Firstly, EEHC calculates the optimal number of CHs, k,,, based on the size of the
sensing field M and the total number of sensor nodes n. EEHC assumes two cases when
calculating k.. The first case assumes that the BS is located in the middle of the sensing
area and that the distance of any node to the BS or its CH is < dy (a pre-determined

distance threshold). In this case, k. is calculated as follows:
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M
Fopn = 0.765 x — (3.7)

If the distance of a significant percentage of nodes to the BS is greater than dy and

given the average distance between a CH and the BS dpg, then k,, is calculated as follows:

In [ers M
kopt = 4/ — — 3.8
Pt 2\ €mp dzBS (3.8)

The optimal probability of a node to become a CH, p,,, can be computed as follows:

x>

Popt = ~2- (3.9)

In the set-up phase, three different kinds of weighted probability formulas are defined
for the three kinds of the sensor nodes to elect their own CHs. The election probabilities
of CHs are weighted by the initial energy of a node relative to that of other nodes in the
network. These probabilities are weighted by the initial energy of a node relative to that

of other nodes in the network.

Let m be the fraction of the total number of nodes n, and mg the percentage of the total
number of super nodes m that are equipped with 8 times more energy than the normal
nodes. The rest n x m x (1 —my) are the advanced nodes that are equipped with « times
more energy than the normal nodes and the remaining n x (1 —m) are normal nodes. Then

the weighted probabilities for normal, advanced and super nodes are, respectively:

_ popt
14+ m x (a+mg x )

P (3.10)

_ popt
L+m x (a+my X [)

Pa x (1+a) (3.11)
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o Dopt
p5_1+mx(a+m0x6)x(1+m (3.12)

The threshold T'(sn), which is used to elect the CH in each round, for normal nodes is

calculated as follows:

P .
7 . ifsn€G
T(Sn) = 1=Pax( od Pn)

0, Otherwise

(3.13)

Where r is the current round, G is the set of normal nodes that have not become
cluster heads within the last Pi rounds. The threshold for advanced and super nodes are

calculated in the same way.

Similar to LEACH, after the CHs election ends, the other nodes choose a cluster and
join in it according with the RSSI value of the advertisement packet. The CHs take the

responsibility to transmit the data packets with a single-hop to the BS.

EEHC is applicable for both homogeneous and heterogeneous WSNs, and it provides
a way to calculate the optimal number of CHs based on the network’s density. However,
if the BS is far from the sensor nodes, calculating k,, usually results in a large number
of CHs which will affect the network’s energy efficiency. Moreover, it requires more global
knowledge about the number of normal, advanced and super nodes, their initial energy

and it assumes that the CHs can communicate with the BS directly.

3.1.5 Enhanced Heterogeneous LEACH Protocol for Lifetime

Enhancement (EHE-LEACH)

Like EEHC, the Enhanced heterogeneous LEACH protocol for lifetime enhancement of
wireless SNs (EHE-LEACH) [65] deals with CH election in heterogeneous networks. There

are two main differences. Firstly, EHE-LEACH assumes two level of node heterogeneity

31



instead of three: nodes under first level are known as normal nodes, at the second level are
the advanced nodes. Secondly, a fixed distance based threshold is used by each node to
choose between direct communication with the BS or cluster based communication. Sensor
nodes that are near the BS send their data directly to the BS and those which are far away

from the BS use cluster based communication.

Authors of EHE-LEACH proved that when using the first order energy model, if the
distance between the BS and sensor node is sufficiently small then energy consumption is
small for direct communication in comparison to cluster-based communication. Therefore,
EHE-LEACH introduces a fixed distance based threshold that divides the network field
into two partitions. The region near to the BS uses the direct communication approach

while the region away from the BS uses the cluster-based approach.

Let m be the fraction of the total number of nodes n, which are equipped with « times
more energy than the normal nodes, these nodes are advanced nodes and the remaining
n X (1 —m) are normal nodes. It is also assumed that all nodes are distributed uniformly

over the network’s field.

Like EEHC, CHs are selected on the basis of weighted probabilities, for the normal and

advanced nodes, which can be defined as follows:

popt
y = ———— 3.14
p l+axm ( )
popt
p l+axm ( —|—a) ( )

Based on these weighted probabilities, the respective threshold for a normal node is:

P .
5 ey, ifsn€G
T(sn) = ¢ '~xt med w0 (3.16)

0, Otherwise
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The threshold for an advanced node can be calculated in the same way.

EHE-LEACH is applicable for both homogeneous and heterogeneous WSNs. It provides
two energy efficient methods for the inter-cluster communication based on the location of
the BS. However, each node in EHE-LEACH requires additional global knowledge about
the number of normal nodes, advanced nodes, and their initial energy. It relies on the

assumption that CHs can communicate with each other and form a connected graph.

3.1.6 Single-hop and Multi-hop Energy-Efficient Clustering
Protocols (S-EECP) and (M-EECP)

S-EECP [69] was also proposed to deal with node heterogeneity in WSNs. S-EECP uses the
same weighted election probabilities concept as EEHC and the same three levels of node
heterogeneity. However, it takes into account the residual energy of nodes in calculating

the threshold used to select the CH in each round.

In S-EECP, the weighted probabilities, P; , for the nodes are calculated in the same

way as EEHC. However, the threshold T'(s;) of each sensor node s; is calculated as follows:

1-Ps Py E Eavg

T(s,) = ‘ : “ (3.17)
0, Otherwise

Pa s (r mod ) x [ + (rdiv;E)(1 = g2-)]ifsn € G

S-EECP is applicable for both homogeneous and heterogeneous WSNs. The CHs are
selected based on the ratio between the residual energy of each node and the average
energy of the network. However, each node requires additional global knowledge about the

number of normal, advanced and super nodes, their initial energy, and their location.

The authors of SSEECP observed that in single-hop communication where data packets

are directly transmitted to the BS without any relay nodes, the nodes located far away
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from the BS have higher energy consumption because of long range transmission, and
these nodes may die out first. They solved this problem in M-EECP by using multi-hop
communication to the BS. M-EECP uses a greedy approach to solving the single-source
shortest problem to find the shortest path from each CH to the BS. Although S-EECP
outperforms EEHC on terms of energy efficiency, the assumption that each node knows
all the other nodes’ energy level is unrealistic in such a distributed setting. Furthermore,
M-EECP suffers from the same problem as S-EECP and assumes that each node knows

all other nodes’ locations.

3.2 Meta-heuristic Approaches

3.2.1 LEACH-Centralized (LEACH-C)

LEACH-centralized (LEACH-C) [13] is a centralized version of LEACH. Unlike LEACH,
where nodes self-configure themselves into clusters, LEACH-C uses the BS for the CHs

selection and cluster formations.

Initially, each node sends its information (location and energy level) to the BS, which
will use this information and employ a Simulated Annealing (SA) approach to find a
predetermined number of CHs and configure the network into clusters. The BS selects the
CHs on the basis of location information and residual energy level of all the sensor nodes.
To ensure even distribution of load among the sensor nodes, the BS calculates an average
energy level and if any nodes’ energy level is below that average energy level, then these

nodes are not eligible to become CHs.

The clusters are chosen to minimize the amount of energy for the non-CH nodes to
transmit their data to the CH, by minimizing the total sum of squared distances between

all the non-CH and the closest CH given by:
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N
Total Dist = Z distance(n, CH,)? (3.18)

n=1

Where N is the number of nodes in the network and distance(n, CH,,) is the distance

from that node to its respective CH.
The steady-state of LEACH-C is identical to that of LEACH [70].

In LEACH-C, the BS utilizes its global knowledge of the network to produce better
clusters that require less energy for data transmission. The number of cluster heads in each
round of LEACH-C equals a predetermined optimal value. However, LEACH-C shares the
same drawback with LEACH in assuming that the CHs can send their aggregated data

directly to the BS and it requires GPS or other location tracking methods.

3.2.2 Energy-aware Clustering for WSNs using PSO Algorithm
(PSO-C)

PSO-C [71] is a centralized PSO-based clustering protocol that is implemented at the
BS. When selecting the optimal set of CHs, PSO-C considers both the residual energy of
the sensor nodes and the physical distances between the CHs and their associated cluster
members. Authors of PSO-C assume that PSO-C can produce clusters that are evenly

positioned throughout the whole network’s field.

At the start of each set-up phase, all the sensor nodes send information about their
current energy status and locations to the BS. Based on this information, the BS computes
the average energy level of all nodes and selects only the sensor nodes with an above
average energy level to act as CH candidates. Next, the BS executes the PSO algorithm to
determine the best CHs that can minimize the objective function. This objective function
tries to minimize both the maximum average Euclidean distance of nodes to their associated

CHs and the ratio of the total initial energy of all nodes to the total energy of the CH
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candidates. The objective function used to evaluate any particle P;:

Fitness(P;) = wy X Fi(P;) + (1 —wy) x Fy(P;),w; >0 (3.19)

Fi(P;) = max (3.20)
J k=1,2,....K VniGZC:pj,k |ij,k|
N
Z E(n;)
B(B) = (3.21)
E(CHp,
k=1

Where Fi(P;) is the maximum average Euclidean distance of the sensor nodes to their
respective CHs and |Cp, x| is the number of nodes that belong to cluster Cy of particle P;.
Function Fy(P;) is the ratio of total initial energy of all the sensor nodes in the network
with the total current energy of the CHs candidates in the current round. w; is a user-
defined weight used to weight the contribution of each sub-objective. K is the number of

clusters.

The objective function, Fitnessp,, has the objective of simultaneously minimizing the
intra-cluster distance between nodes and their CHs, as quantified by Fj(P;), and of opti-
mizing the energy efficiency of the network as quantified by F5(F;). The objective function

Fitness(P;) was formulated as a minimization function.

Similar to LEACH-C, PSO-C assumes that each CH can send its data directly to the
BS.

Authors of [72] showed that PSO-C outperforms GA and K-means-based clustering

protocols in terms of convergence time, network energy efficiency and data delivery.

PSO-C takes into consideration the cost of both the inter-cluster communication and

the network’s energy efficiency. However, PSO-C assumes that the CHs can communicate
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with the BS, and it requires a GPS or other location-tracking methods. Moreover, the
sub-objectives of Eq. 3.19 are not scaled, hence it is hard to determine the optimal weight

coefficient wy.

3.2.3 Energy Balanced Unequal Clustering Protocol (EBUC)

EBUC [73] is a centralized clustering protocol. Similar to PSO-C, EBUC uses PSO at the
BS to find the optimal set of CHs and their associated clusters. EBUC partitions all the
nodes into clusters of unequal sizes. The clusters are created such that the ones near the
BS have a fewer number of nodes, and so it increases the number of clusters around the
BS. The CHs of these clusters can preserve more energy for inter-cluster communication

and thus avoid the "hot-spots” problem.

In the first set-up phase, all the sensor nodes send information about their initial energy
status and locations to the BS. Based on this information, the BS can estimate the energy
level of all nodes in the set-up phase of the following rounds by computing the energy
dissipation of the sensor nodes in the last round. Similar to LEACH-C and PSO-C, only
the nodes with an above average energy level are eligible to be CH candidates for this

round.

The BS uses PSO and defines an objective function to find the best clusters. The
objective function takes into consideration minimizing the intra-cluster distance, balancing
the energy consumption between the CHs and producing clusters with uneven sizes to
balance the energy consumption among the CHs. The objective function used to evaluate

any particle P; is defined as follows:

Fitness(Pj) =wp X Fl(Pj) —+ wy X FQ(.P]) —+ wsg X Fg(Pj) (322)
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d(”ia CHPj,k)
Fy(P) = max > (3.23)

Fy(Py) = = (3.24)

> d(BS,CHp, )
=1

B(F) = 75 d(BS,NC)

(3.25)

Where F(P;) is the maximum average Euclidean distance of the sensor nodes to their
respective CHs and |Cp, x| is the number of nodes that belong to cluster Cy of particle P;.
Function F5(P;) is the ratio of the total initial energy of all the sensor nodes in the network
with the total current energy of the CH candidates in the current round. Function F3(P;)
is the ratio of the average Euclidean distance of the CHs to the BS with the Euclidean
distance of the network center (NC) to the BS. w;, wy and ws are user-defined weights

used to weight the contribution of each of the sub-objectives, w; + wy + ws = 1.

The objective function Fitnessp, has the objective of simultaneously minimizing the
intra-cluster distance between nodes and their CHs, as quantified by F(P;), and of opti-
mizing the energy efficiency of the network as quantified by F5(F;); and also of producing
clusters with different sizes, as quantified by F5(P;). A small value of F5(P;) means that
there are more CHs in the area closer to the BS, i.e., the size of the clusters located in the
area closer to the BS is smaller. The objective function Fitness(F;) was formulated as a

minimization function.

For the inter-cluster communication, EBUC adopts a greedy algorithm to choose a
relay node for CH based on the node’s residual energy and distance to the BS. Each CH,

s; chooses its relay node rn; by using a greedy approach. The node rn; has the least value
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of the cost function among all the CHs located between node s; and the BS. The cost

function is defined as:

(d(si, 55))* + (d(s;, BS))?
E(s;)

cost(si, sj) = (3.26)

Where d(s;, s;) is the distance from node s; to node s;, d(s;, BS) is the distance between

node s; and the BS, and E(s;) is the residual energy of node s;.

EBUC provides a method to construct the inter-cluster communication tree and it takes
into consideration the cost of both the inter-cluster communication and the intra-cluster
communication as well as the network’s energy efficiency. However, it assumes that the
CHs can communicate with each other regardless of their connectivity, and it requires GPS
or other location-tracking methods. Moreover, the sub-objective of Eq. 3.22 are not scaled.

Hence, it is hard to determine the optimal weight coefficients.

3.2.4 A Novel Genetic Algorithm in LEACH-C Routing Protocol

for Sensor Networks (GA-C)

A genetic algorithm (GA)-based clustering protocol (GA-C) was proposed in [741] to find

the optimal set of CHs such that the total network distance is minimized.

In the first set-up phase, all the sensor nodes send information about their residual
energy status and locations to the BS. GA-C ensures that only nodes with sufficient energy
are selected as CHs. To ensure that, GA-C randomly initializes each chromosome of its

population with the IDs of the nodes that have an above average energy level.

The BS uses GA and defines an objective function to find the best clusters. The
objective function is defined as the minimization of the total distance from cluster members
to their respective CHs in addition to the distance from the CHs to the BS. The objective

function used to evaluate any chromosome Cj is defined as follows:
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Fitness(C;) = d(n;,CH,,)* + d(CHc, 1, BS)? (3.27)

k=1 VniECijk
Where K is the number of CHs and C'Hg, x is CH number % in chromosome Cj.

Similar to LEACH-C and PSO-C, GA-C assumes that each CH can send its data

directly to the BS.

In GA-C, the BS utilizes its global knowledge of the network to produce better clusters
that require less energy for data transmission. However, GA-C assumes that the CHs can

communicate with the BS directly and it requires GPS or other location-tracking methods.

3.2.5 A Evolutionary Approach for Load Balanced Clustering
Problem for WSN (GA-LBC)

GA-LBC [12] is a centralized GA-based protocol to solve the problem of balancing the
load of the CHs. This protocol forms clusters in a way that the maximum load of each
CH is minimized. In this protocol, the CHs are determined a priori, and the objective of
the protocol is to find the optimal assignments of non-CHs nodes to CHs to form balanced

clusters.

The objective function of GA-LBC is constructed on the basis of the standard deviation
(o) of the CH load that gives an even distribution of the load per cluster. If there are m

CHs and n sensor nodes, the standard deviation of a CH load is given by:

Z(:usj - W])2
j=1
= 3.28
o — (3.28)
2 d:
where, y (average load) = “=-— d; is the load of the sensor node s; and Wj is the
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overall load of the CH g;. Smaller the standard deviation values produce higher fitness
values. Therefore, the objective function to evaluate chromosome C; was chosen as the

reciprocal of the standard deviation of the CH load as given below:

Fitness(C;) = — (3.29)

Authors of GA-LBC compared the results of applying both GA and DE on the for-
mulated problem. They proved that the GA-based approach achieved faster convergence
than the DE-based approach. Another modified DE-based approach was proposed in [10]

to solve the same formulated problem.

The GA-LBC objective is to create load-balanced clusters. However, it ignores how the
CHs are selected and hence it ignores other network factors like the energy efficiency and

the inter-cluster communication method.

3.2.6 Energy-aware Evolutionary Routing Protocol for Dynamic

Clustering of WSNs (EAERP)

EAERP [9] is a centralized single-hop clustering protocol where the BS runs an evolutionary-
based protocol to optimize the CH election for cluster formation. Each individual of the
EAERP population is represented such that it implicitly facilitates the formation of a dy-
namic number of CHs during the single and throughout the entire rounds of the routing

protocol.

The objective function is defined as the minimization of the total dissipated energy
in the network, measured as the sum of the total energy dissipated from the non-CHs
to send data signals to their CHs, and the total energy spent by CH nodes to aggregate
the data signals and send the aggregated signals to the BS. The protocol uses the energy

consumption model defined by [13] to compute the energy dissipated during the process
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of data transmission and reception. Formally, the objective function used to evaluate

individual [, is defined below:

Fitness(Iy) = (Y Y Brx, ey + Erx + Epa) + > ErXep, e (3.30)
i=1 seC}; =1

where nc is the total number of CHs, s € (; is a cluster member associated to the i,

CH node, Erx is the energy dissipated for transmitting data from nodel to node2.

nodel,node2

The energy dissipated during the process of transmitting (Frx) and receiving information

(ERryx) is computed using the first order radio model [13].

After finding the optimal set of CHs, each non-CH determines the cluster to which
it belongs by choosing the CH that requires the minimum energy consumption; i.e., the

closest CH.

EAERP uses a centralized method that leads to better performance since the BS utilizes
its global knowledge of the network to produce better clusters that require less energy for
data transmission. However, EAERP assumes that the CHs can communicate with the BS

directly and it requires GPS or other location-tracking methods.

3.3 Supplementary Remarks

In addition to the previously mentioned problems, and to the best of our knowledge, all
the clustering protocols that were proposed so far use the first order radio model [13] to

model the energy consumption of the sensor nodes.

(Eelec + Efs X d2) X k7d S dO
Erx(k,d) = (3.31)

(Eelec + Emp X d4) X kf, d > d()

ERX<k) = Eelec x k (332)
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Where E... stands for the energy consumption required to run the transmitter or the
receiver circuitry. dp is the distance threshold. ¢4, and ¢,,, are required energies for ampli-

fication of transmitted signals in the open space and the multi-path models respectively.

However, this energy model is very idealized [22, 23] and is fundamentally flawed for
modeling radio power consumption in sensor networks. It assumes that all the sensor nodes
communicate regardless of the distance between them. Moreover, it ignores the listening

energy consumption, which is known to be the largest contributor to expended energy in

WSNEs.

Another problem is that most of the proposed location-aware or link quality-based
clustering protocols assume that each node is equipped with self-locating hardware such
as a GPS. Though this is a simple solution, it is considered inefficient and unrealistic for

the reasons mentioned previously in Section 2.1.3.

Table 3.1 provides a comparison of the clustering protocols mentioned above with re-

spect to different clustering properties.

3.4 The System Model

In this Section, a detailed explanation of the system model that was used to implement
and test the proposed protocols is given. Firstly, we present the WSN model in Section
3.4.1. Then, in Section 3.4.2, we explain the energy consumption model that was used to
test the proposed protocols. Section 3.4.3 gives a general overview of the workflow of the
proposed protocols. Finally, Section 3.4.4 presents the simulator and the WSN simulation

settings that were used to test the proposed protocols.
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3.4.1 The WSN Model

For our model, we consider a two-tiered WSN with N sensor nodes, K cluster heads and
one base station. Each sensor node has a unique ID, and the BS ID is 0. In the cluster
formation process, each sensor node belongs to only one cluster, and each cluster head

node acts as the cluster head of exactly one cluster.

We assume that all nodes are stationary after deployment and that the locations of both
the sensor nodes and the cluster heads are unknown. We consider different network den-
sities in our experiments. Furthermore, we consider both homogeneous and heterogeneous

network settings.

3.4.2 The Energy Consumption Model

In the proposed protocols, a realistic energy consumption model which is based on the
characteristics of the Chipcon CC2420 radio transceiver data sheet [75] is used. The total

energy consumed by node i, E;, is calculated as follows [70]:

Ei = Z Pstatej X tstatej + Z Etransitions (333)

statej

The index statej refers to the energy states of the sensor: sleep, reception, or trans-
mission. Py, is the power consumed in each statej, and tsq¢e; is the time spent in the
corresponding state. Moreover, the energy spent in transitions between states, Fi qnsitions,
is also added to the node’s total energy consumption. The different values of Pyqe; and

E\ransitions can be found in [75].
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3.4.3 Overview of the Proposed Protocols

For all the proposed protocols, the network operating time is divided into rounds. Each
round consists of two phases, the set-up phase, and the steady-state phase. In the set-up
phase, the network is configured. The BS uses an evolutionary algorithm to choose the
best set of CHs and to find the optimal configuration of the clusters. The set-up phase

consists of the following steps:

1. Neighbour Discovery: in this step, each sensor node in the network broadcast a
HELLO packet that includes its ID. A sensor node that receives this HELLO packet
will update its neighbor table with the ID included in the packet along with the RSSI

value in the received packet.

2. Control Data Broadcasting: the proposed protocols use the flooding method to
transfer the control data to the BS. After the neighbor discovery ends by all the sensor
nodes, each node broadcasts the following data about itself: ID, residual energy and

its neighbors. A node that receives this packet will rebroadcast it untill it reaches

the BS.

3. Network configuration: after the BS receives all of the control packets from the
network nodes, the BS starts configuring the network. The BS executes the proposed
EA-based protocols to find the optimal set of CHs, their associated cluster members,

and the inter-cluster communication tree.

4. Configuration Broadcasting: after the BS finishes the network configuration, the
BS uses flooding again to transfer the configuration to all the nodes. It broadcasts a
packet containing that configuration. Each node that receives this packet will modify
its status to either a CH, a cluster member or a relay node. A cluster member will

update its respective CH and TDMA schedule.

The proposed protocols are explained in more detail in the subsequent chapters.
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3.4.4 Simulation Settings

The performance of the proposed protocols was investigated against the well known pro-
tocols LEACH, EHE-LEACH, EEHC, the SA-based protocol LEACH-C, the PSO-based
protocol PSO-C and the GA-based protocol GA-C. In order to provide a fair comparison,
all the competent protocols along with the proposed protocols were implemented under

the same WSN simulator.

Simulations were carried on Castalia, which is based on the OMNeT++ platform and
can be used to test WSN protocols in realistic wireless channel and radio models [77], with
a realistic node behavior. It provides a generic reliable and realistic framework for the
first order validation of an algorithm before moving to implementation on a specific sensor
platform [78]. The comparisons were used for the purpose of benchmarking the proposed

protocols against the well-known protocols cited in the literature.

According to the heterogeneity of the sensors, the simulations were performed on two
groups of WSNs (WSNs#1, WSNs#2), each with 25 different playground topologies.
The first case assumes homogeneous sensor networks (WSNs#1) while the second set
of experiments (W.SNs#2) assumes heterogeneous sensor networks containing advanced
nodes forming 10% of the total number of nodes and super nodes also forming 10% of the

total number of nodes.

Each WSN group consisted of 5 different network sizes ranging from 100 to 500 sensor
nodes. Overall, the simulation results were averaged over five simulation runs for a total

of 50 different networks.

The sensor nodes were deployed randomly in an area of 100m x 100m sensor field.
The BS was located at the field’s corner at position (0,0). For the medium access control
protocol, we used TMAC which is known for its energy efficiency because it adapts a

variable sleep schedule that increases the battery utilization [79].
We ran the protocols for 5000s and in order to minimize the protocol’s overhead, we
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Table 3.2: Summery of the WSN simulation settings for the proposed protocols

Parameter Value

BS location (0,0)

Data transmission rate 1 packet /s
Network Size (100 - 500) sensor nodes
Field size 100m x 100m
MAC protocol TMAC
Simulation time 2000 s

Round length 500 s

Slot length 04s
Parameters Settings for W SN #1

Initial energy 18720 J

Parameters Settings for W SN #2
Percentage of advanced nodes
Percentage of super nodes

10% of Network Size
10% of Network Size

Initial energy of advanced node 18720 J
Initial energy of super node 12480 J
Initial energy of normal node 6240 J

set the round length to 500s with a slot length of 0.4s. Data packets were generated at a

rate of 1 packet/s.

In W SNs#1, the initial energy of a standard node is set to 18720 joules, which is the
typical energy of two AA batteries [20]. In W SNs#2, the initial energy of a normal node
is set to 6240 joules, super node initial energy is set to 12480 joules and advanced node

initial energy is set to 18720 joules.

Table 3.2 summarize the configuration of the network’s simulation environment.
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Chapter 4

Weighted-sum based Optimization

Protocols for Clustering in WSN

4.1 Introduction and Motivation

Clustering sensor nodes into groups is an efficient topology control approach in WSNs.
The performance of clustering is greatly affected by the selection of Cluster Heads (CHs),

which are in charge of creating clusters and controlling member nodes.

The objective of clustering is to search amongst a group of sensor nodes to find a set of
nodes that can act as CHs. For a given network topology, it is difficult to find the optimal
set of CH nodes. For N sensor nodes and K CHs, there are N¥ different combination of
solutions. It is straightforward to use the brute-force method for identifying the optimal
solution by enumerating all possible combinations. However, the brute-force method has
difficulty in solving complex spatial search problems because the solution space is huge. The
computational complexity to discover the optimal set of CHs for a large WSN is very high
when using a brute force approach [10, 11, 12]. Moreover, finding the set of optimal CHs

is a repeated online process that requires quick calculation. Using a brute-force approach
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may take days or even months if the search space is big.

Illustration 5.1: In case of a network that has 500 sensor nodes and 25 CHs, there
are approximately 500%° = 2.98 x 1097 different possible solutions for just one round of
operation. Enumerating all possible solutions may take days or even months. This is
unacceptable in a repeated process such as clustering which is performed in rounds, and

each round could take minutes or even seconds.

The clustering problem in WSN has been proved to be a Non-deterministic Polynomial
(NP)-hard optimization problem [3, 9, 10, 11, 12/ 13]. Solutions to NP-hard problems
involve searching through vast spaces of possible solutions. Evolutionary computation

approaches have been applied successfully to a variety of problems of that kind.

In this chapter, the problem of CHs selection in WSN is formulated as a single-objective
optimization problem. A centralized weighted-sum multi-objective optimization approach
is adapted to find the optimal set of CHs. The proposed approach finds a predetermined
number of CHs in such a way that they form one-hop clusters. The goal of the proposed
approach is to enhance the network’s energy efficiency, data delivery reliability and scal-
ability. The formulated problem has been solved using three evolutionary approaches:
Genetic Algorithms (GA), Differential Evolution (DE) and Particle Swarm Optimization
(PSO). The performance of the three approaches is assessed with respect to the achieved
fitness value. Based on the performance assessment results, the best evolutionary algo-
rithm approach is used to evaluate and compare the performance of the proposed protocol

against well-known clustering protocols.

Furthermore, in order to study the effect of minimizing the number of CHs on the
network’s energy efficiency, a hierarchical clustering approach that forms two-hop clusters
is proposed. The proposed approach objective is to enhance the network energy efficiency
by setting an upper bound on the number of CHs and minimizing the number of CHs

compared to that upper bound. Furthermore, it improves the network scalability by using
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two-hop communication between the sensor nodes and their respective CHs.

The remainder of this chapter is organized as follows. Section 4.2 describes the multi-
objective optimization approach that was adopted to solve the formulated problem. The
first proposed protocol, the one-hop clustering protocol, is described in details in Section
4.3, including the experimental results for assessing its performance. The second proposed
protocol, the hierarchical clustering protocol, is described in details in Section 4.4, including
the experimental results for assessing its performance. Finally, Section 4.5 concludes the

chapter.

4.2 Weighted-sum Approach for Multi-objective Op-
timization

In this chapter, the weighted-sum approach (WSA) was adopted for the construction of
the multi-objective fitness function in both protocols. This approach is computationally
efficient and straightforward to implement [31, 82, 83] which makes it suitable to apply in

WSN.

Since three different EAs will be used in this section, each candidate solution of the

population will be referred to as individual.

Mathematically, the final objective function for Individual I; of the population, using

the weighted-sum approach, can be expressed as follows:

M
Fr, = wp x Fy(L) (4.1)
m=1

where w,, is a weight coefficient that specifies the contribution of sub-objective F}, in

the main objective function Fy,. M is the total number of sub-objective functions.
However, it can be very difficult to precisely and accurately select the final objective
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function weights, even for someone familiar with the problem domain [$1]. In order to
avoid this drawback, each sub-objective F; € FJ, is scaled to produce results in a set of

values in the range [0.0, 1.0], using the following scaling function:

o (4.2)
F]ma;t _ F’]mzn

where F"* is the maximum value for function Fj and F ]mm is the minimum value for
function Fj. Applying this scaling function on every sub-objective F,,(1;) will result in the
scaled value sF,(I;). Then, the final objective function to be minimized, assuming each

sub-objective is equally important, is expressed as follows:
M
Fi, = sFu(I) (4.3)
m=1

4.3 Omne-hop Clustering Protocol

In this section, a clustering approach that results in forming one-hop clusters is proposed.
In this approach, the BS selects a predetermined number of CHs. The objective is to
maximize the network energy efficiency, data delivery reliability and scalability. After
choosing the optimal set of CHs by the BS, the cluster formation process results in one-
hop clusters where each cluster member sends its data directly to its respective CH using

a one-hop communication link.

Based on the information at the BS, the BS computes the average energy level of all
nodes. Only nodes with an above average energy level are eligible to become CH candidates
for this round to ensure that only nodes with sufficient energy are selected as CHs. Then,
the BS uses an EA approach to determine the best K CHs. The average energy for all the

nodes is computed as follows:
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A

AvgEnergy = % (4.4)

where N is the number of sensors in the network and F/(n) is the residual energy

remaining in sensor node number n.

4.3.1 Individual Initialization

The dimension of each individual in the population is same as the number of CH nodes
(i.e., K) in the network. Let, I; = [X;1, X2, Xi3,..., Xi k] be the ith individual of the
population where each component, X; 4,1 < d < K denotes CH number d in individual
number ¢. Each component is initialized with a randomly generated number in the range

[1, networksize — 1] based on a uniform distribution.

It should be noted that the random initialization and the velocity update by (2.6a)
produce non-integer velocity values, which are converted to the nearest integer. In the case,
that an individual solution generates duplicate ID’s after position update, it is assigned
a high penalty value to ensure that the protocol generates the specified predetermined

number of CHs.

Ilustration 5.2: Consider a WSN with 60 sensor nodes and the number of CHs is 3
( 5% % 60). Therefore, the dimension of each individual in the population is same as the

number of CHs, i.e. K = 3.

Now, for each X;4,1 < d < 3 of individual I;, a random number is generated to
initialize it. Let us assume that an individual I; = [31.2,20.8,9.4], has been randomly
generated. The second component of this individual is X; 4 = 20.8 then the 2nd elected
CH ID = |20.8] = 21. Hence, the CH candidates IDs that result from this particle are
31,21 and 9.
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Now, let’s consider another individual [; = [31.2,31.4,9.4]. The CHs candidates gener-
ated are 31,31 and 9. Since there are duplicate values in the generated CHs, this particle

is assigned a high penalty value to exclude it from further consideration.

Optimal Number of Cluster Heads

Several clustering protocols were proposed in the literature most of which used a fixed
number of CHs. The authors in [00, 13] argued that the optimal number of CHs equals 5%
of the number of the network nodes. Based on those results, many clustering protocols also
used 5% as their ideal setting for the number of CHs. In the proposed one-hop clustering
protocol, the percentage of CHs is set to 5% of the total nodes similar to the common

protocols.

Cluster Formation

After electing a set of CHs, the clusters are formed by associating each node with exactly
one cluster head, based on the RSSI value for the links between the cluster members and
their respective CH. The communication link between a sensor node and its respective CH

is one-hop.

4.3.2 Individual Evaluations

The next step after initializing each individual in the population, is evaluating them ac-
cording to an objective function. This helps to periodically converge towards the optimal
solution. The optimal set of CHs are selected such that they minimize the cost of the
objective function. The goal of that function is to optimize the combined effect of the

following WSN properties: energy efficiency, data delivery reliability and scalability.

o4



Energy Efficiency

The residual energy of a sensor node can be a criterion for selecting the best CHs since
a node with a better battery life is a better candidate for cluster management and data
aggregation. In addition, the consumed energy is distributed among all the sensor nodes.
The BS uses the following function to calculate the fitness of individual [; in terms of

energy efficiency:
I " initial E(CH;, 1)
h E(CH;, )

k=1

(4.5)

K is the total number of cluster head candidates. initial E(C'Hy, ;) is the initial energy of

CH number k in individual I;. E(CHy, ) is the remaining energy for that CH.

Data Delivery Reliability

The aim of this sub-objective is to create clusters such that the link quality between the
cluster members and their respective CHs is maximized. This, in turn, will enhance the

Packet Delivery Rate (PDR) and hence maximize the data delivery reliability.

Let RSSI(m,CHy, ) indicate the RSSI value for the link from cluster member m and
cluster head number k£ in individual I;. Then, the link quality for that link, LQ(m,CHIi,k)v

can be calculated using:

(m.CHr ) = minRSSI

(4.6)

Higher values of L@ indicate worse link quality. To maximize the cluster quality in
terms of link quality, the worst cluster quality needs to be minimized. Hence, the following

sub-objective needs to be minimized:

Z LQ(m,CH[i’k)

VmECIl.Yk

CQr, = . lnax (4.7)
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minRS ST is the worst RSSI value among all communicating pairs and is set to —100.

|C, k| is the number of members in cluster & of individual I;.

Scalability

In order to increase the scalability of the proposed protocol, the number of the clustered
nodes should be maximized. To accomplish that, the proposed protocol reduces the number
of un-clustered nodes and increases the number of clustered nodes. That can be realized

by minimizing the following sub-objective:

K
SCL, =N =) |Crs

k=1

(4.8)

where N is the total number of sensor nodes in the network.

After calculating the sub-objectives EE;,, C'Q;, and SCY, , they are scaled using Eq.
(4.2) to result in the following sub-objectives values sEE},, sCQ;, and sSCy, respectively.
Then, the final objective function FinalObj;,, that needs to be minimized is calculated

using:

FinalObj;, = sEE;, + (1 —sCQy,) + sSCy, (4.9)

After a pre-specified number of iterations, the individual with the best fitness (minimum
objective value) is considered the optimal solution. The BS then finishes the network
configuration by broadcasting a packet that containing the CHs, associated clusters, and
each node’s TDMA schedule. Each node that receives that packet will modify its status
to either CH or CM. A CM node will update its respective CH and TDMA schedule. A

node that is not CM or CH is set to sleep to save its energy.
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Figure 4.1: Schedule of set-up and steady-state phases in a given round, in the proposed
one-hop clustering approach

4.3.3 The Steady-state Phase

In the steady-state phase, each non-CH node uses its TDMA schedule to transmit its data
to its respective CH. When a CM node finishes its data transmission slot, it enters the
sleep state to save its energy. Fig. 4.1 shows the schedule for the set-up and steady-state

phases in a given round in the proposed approach.

4.3.4 Experimental Results

In this section, the results of the experiments employed to evaluate the proposed approach

are presented. The goal of the experiments was to:

e Evaluate the performance of applying GA, DE and PSO on the formulated CH se-

lection problem.

e Evaluate the performance of the proposed approach to the well-known clustering

approaches LEACH, EHE-LEACH, EEHC, LEACH-C, PSO-C, and GA-C.

The formulated problem has been solved using three EAs: PSO, GA, and DE. These
algorithms were applied to one random round of W SN#2, and their performance has been

compared in terms of the achieved fitness value.
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Parameter Value
Network Size [100 - 500]
Problem dimension (Number of CHs) [5 - 25]
Population size 50

Number of iterations 500

GA

Tournament size 2

Mutation probability, p,, 1 / Problem dimension
Crossover probability, p. 0.9
Mutation distribution index, 7,, 20
Crossover distribution index, 7, 20

DE

CR parameter 0.5

F parameter 0.5
Mutation scheme DE/rand/1
PSO

Learning Factor cl 2

Learning Factor c2 2

Interia weight w 0.9

Table 4.1: The evolutionary algorithms parameters settings for the proposed one-hop clus-
tering protocol

It should be noted that to solve problems of increasing dimension, it is necessary to
increase the population’s size and to run additional iterations. However, it is very difficult
to predict the population’s size and the number of evaluations required to solve a problem
of known dimension [¢1]. Besides, it is of minor importance to tune this parameter based
on the problem at hand [35]. Authors in [31, 85] established that a swarm size of 50 is a
good choice for PSO if the problem size is above 50. Full analysis and determination of the
optimal population size is beyond the scope of this thesis. In this chapter, the population

size is set to 50, for all the three EAs. The number of iterations is set to 500. Table 4.1

summarizes the configuration of the EAs parameters.

Table 4.2 includes the mean, and standard deviation of 50 independent runs carried
out for the fitness value achieved by the three algorithms, DE, GA, and PSO. In Table 4.2,

some cells have two different levels of gray: a darker one, showing the algorithm obtaining
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Network Size

PSO

GA

DE

100 7.21e — 015.68—03 7.27e — 015.86—03 7.36e — 014‘33_03
200 6.79¢ — 014_16_03 6.88e — 017.26_03 6.93e — 017.06703
300 6.44e — 011 1,02 6.55e — 0153, 03 6.64de — 0154003
400 6.19¢ — 015_06_03 6.28¢ — 016.26—03 6.41e — 014.06703
500 5.97e — 016.76—03 6.10e — 017_16_03 6.27¢ — 016.86—03

Table 4.2: Mean and Standard Deviation for the fitness values for the proposed one-hop
clustering protocol

the best fitness value, and a lighter one, highlighting the algorithm obtaining the second
best fitness value. The boxplots representing the distribution of fitness function values in

the comparison carried out are showed in Fig. 4.2, for different network sizes.

Since the problem was formulated as a minimization problem, the algorithm that
achieves the minimum fitness value is considered the best algorithm. Table 4.2 and 4.2
show that, for all the network sizes, PSO obtains the best average fitness value, and GA

has obtained the second best average fitness value.

As PSO has proved to have the best average performance among the other EA ap-
proaches. The performance of the proposed PSO-based one-hop clustering approach, PSO-
OC, is evaluated and compared against the well known protocols LEACH, EHE-LEACH,
EEHC, the SA-based protocol LEACH-C, the PSO-based protocol PSO-C and the GA-
based protocol GA-C, in terms of the number of un-clustered nodes, the average energy
consumed by nodes, and the Packet Delivery Rate (PDR). The values of the PSO param-

eters are the same values as in Table 4.1.

Fig.4.3 and Fig.4.4 record the average number of un-clustered nodes per round in
WSN#1 and WSN#2 respectively. The results presented here represent the average

of 5 different runs, for each network size, with a confidence level of 0.99.

It can be observed from Figs. 4.3 and 4.4 that PSO-OC shows better scalability than
the other competent clustering protocols. This is due to the clustering phase of PSO-OC

which takes care of minimizing the number of un-clustered nodes as justified by (4.8);
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Figure 4.3: Average number of unclustered nodes per round for W SN#1 for PSO-OC

whereas the existing protocols do not deal with that problem.

In order to judge the cluster-based link quality of PSO-OC, the average (mean) PDR
for packets received by all the CHs for 5 different runs, for each network size, along with
their standard deviations (SD) for both scenarios WSN#1 and WSN#2 are calculated
by varying the number of sensor nodes. The results are shown in Tables 4.3 and 4.4 for
WSN#1 and WSN#2 respectively. It is clear that the average PDR for PSO-OC is at a
maximum with minimum fluctuations in the average PDR. However, GA-C and LEACH-C
outperform PSO-C in terms of PDR at the CHs. Also note that LEACH, EHE-LEACH
and EEHC protocols have much lower PDR because no link quality measure is taken in
either of them. Furthermore, they have more fluctuations around the average due to their

probabilistic nature.
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Tables 4.5 and 4.6 show the average (mean) of the average energy consumed by nodes
(in joules) for 5 random runs along with their standard deviations (SD) for both scenarios
WSN#1 and WSN#2. It is clearly shown that PSO-OC has lower energy consumption
compared to the other competing protocols. Furthermore, much higher energy consumption
is recorded in LEACH, EHE-LEACH and EEHC. This is the result of the un-clustered
nodes which are left unattended without any sleeping schedule. Hence, they are consuming
energy even if their nodes are in the idle state. Theoretically, LEACH-C, GA-C and PSO-C
cluster all the network nodes and thus give each node a sleep schedule depending on its
TDMA turn to transmit. This caused both protocols to have lower energy consumption
compared to that of LEACH type protocols. For PSO-OC, any un-clustered node is set
to sleep during the whole round. Although this should reduce its energy consumption
compared to the other protocols, this is not reflected because the number of un-clustered

nodes is already at a minimum in PSO-OC.

4.4 Hierarchical Clustering Protocol

The number of CHs is one of the key factors influencing the performance of clustering
in WSNs. Since the CHs are constantly active during the entire round, minimizing the

number of CHs will in turn enhance the network’s energy efficiency.

PSO has proved to have better performance that GA and DE, as illustrated in the last
section. Moreover, PSO has many advantages over other alternatives optimization tech-
niques like GA, which has very high processing demands [36]. PSO advantages include ease
of implementation on hardware or software and high-quality solutions because of its ability
to escape from local optima and quick convergence [387, 83]. Clustering is a repeated pro-
cess; therefore, the simpler the optimization algorithm, the better the network’s efficiency.

That is another reason why PSO is a popular choice for WSN clustering.
In this section, a centralized PSO-based approach for Hierarchical Clustering, PSO-HC,
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in WSNs is proposed. The motivation behind proposing this approach is to examine the
effect of minimizing the number of CHs on the network energy efficiency. The proposed
approach objective is to enhance the network energy efficiency by setting an upper bound
on the number of CHs and minimize the number of CHs compared to that upper bound.
Furthermore, it improves the network scalability by using two-hop communication between

the sensor nodes and their respective CHs.

4.4.1 Particle Initialization

In PSO-HC, each particle’s position vector that represents the CH nodes’ IDs is initialized
with random integer values in the range [1, networksize — 1] where node ID 0 represents
the BS. Only nodes with an above average energy level are eligible to be CH candidates

for this round to ensure that only nodes with sufficient energy are selected as CHs.

The particle size is equal to the upper bound on the number of CH candidates. It
should be noted that the velocity update by (2.6a) gives non-integer velocity values, which
are converted to the nearest integer. In the case that a particle generates duplicate IDs
during initialization or after position update, the generated unique IDs are used as CH

candidates.

IMustration 5.3: Consider a WSN with 60 sensor nodes and 3 CHs ( 5% x 60). The

dimension of each individual in the population is same as the number of CHs, i.e. K = 3.

Now, let’s consider another particle P; = [31.2,31.4,9.4]. The CHs candidates gen-
erated from this particle are |31.2] = 31,[31.4] = 31 and |9.4] = 9. Since there is
duplication in the generated CHs, the CH candidates IDs that result from this particle are
31 and 9.

Fig. 4.5 shows an example of two different particles that have an upper bound on the

number of CHs equal to 5, and the CH candidates generated from them.

66



®
N _ @177 \':’16 )
(s) (& ) © o L
@ 0®
® (13)
! @ B
@ & 18 \10/
(a) A particle position vector that has no (b) A particle position vector that has
duplicates; number of CHs = 5 duplicates; number of CHs = 4

Figure 4.5: Example of two different particles and their respective CH candidates, upper
bound = 5, red nodes are CHs

Cluster Formation

The cluster formation phase is done at the BS after generating the CHs from the parti-
cle. We aim at designing two-tier clusters with the objective of improving the network

scalability and minimizing the number of active CHs during each round.

The BS constructs the first tier clusters by assigning each non-CH node to a CH ac-
cording to the RSSI value for the link between them. In the case of multiple CHs, the
node will become a member of the CH having the maximum RSSI strength. Any CH in
the first tier is called Primary CH and has to stay active during the entire round without

any sleep schedule.

The second tier is constructed by the BS by clustering all the non-CHs nodes that
remained non-clustered from the first tier. The BS assigns each non-CH node in the
second tier to a node in the first tier according to the RSSI value for the link between
them. A node in the first tier that has members from the second tier is called Secondary
CH (SCH) and does not need to be active during the entire round and is set to sleep after

it transmits both its own data packets and its members’ data packets.

At the end of the cluster formation process, a node in the network can either be a PCH,

SCH, a cluster member (CM) or un-clustered node (UN). The cluster formation process is
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(a) Construction of the first tier (b) Construction of the second tier

© pcH SCH O oM UN

Figure 4.6: Cluster Formation Process for PSO-HC

illustrated in Fig. 4.6.

TDMA Scheduling

The BS creates a schedule based on TDMA to allocate time slots for the cluster members

according to the cluster size.

Each CM, whether it is in the first tier or the second tier, is assigned a unique TDMA
turn and slot. To illustrate this, Fig. 4.7 depicts an example of TDMA assignment on
a given cluster. In this example, each node is labeled in the form Node ID/TDMA turn.
Node A is the first node to transmit its data. After its finishes its time slot, it goes into
sleep mode to save its energy. The next node to transmit its data is B. Since B is an SCH,
it has to wait in RX (Receive) mode till node C' transmits its data. After C' transmits its
data, it goes to sleep mode then node B goes to sleep mode since it has no more members.
This process continues until the last node, I, transmits its data and goes to sleep mode.

The process is repeated from node A till the round ends.
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Figure 4.7: TDMA Scheduling in PSO-HC

4.4.2 Particle Evaluations

The best CHs are selected in a way to optimize the combined effect of the following prop-
erties: the network’s energy efficiency, the network’s data delivery reliability and the pro-
tocol’s scalability. The proposed protocol enhances scalability by using two-hop communi-

cation between the sensor nodes and their respective CHs.

Energy Efficiency

To achieve an energy efficient clustering protocol, a smaller number of CHs need to be
active during each round. To achieve that, the proposed protocol needs to minimize the

number of CHs.

Let Sp, denote the size of particle P, and vector Vp, denote the vector that represents
the CHs generated from decoding particle P;, after removing duplicate values. Then,

minimizing the number of elected CHs is given by the following sub-objective:

EEp, = Vel (4.10)
Sp,
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Data Delivery Reliability

Let LQp,(m — nextHop) be an indicator of the link quality between cluster member m
of a cluster generated from particle P; and its next hop (which could be PCH or SCH). It

can be calculated using:

RSSI(m — nextHop)
minRSST

LQp,(m — nextHop) = (4.11)

Now, let t refer to tier number ¢. In the proposed protocol, the maximum value of ¢, T,

is 2. If T' =1, this means that the whole network nodes were clustered using one tier only.

To maximize the cluster quality in terms of the data delivery reliability, the following

sub-objective represents the sum of the worst L) among all the tiers:

Z max LQp,(m — nextHop) (4.12)

VmeEtiert

Scalability

To increase the protocol’s scalability, it should cluster as much nodes as possible, regardless
of the number of the CHs and the network size. The following function represents the

number of un-clustered nodes for particle P;:

Vil
Np, =N =Y |Cp, k| (4.13)

N is the total number of nodes in the network. |C'p,, k| is the number of cluster members

in the cluster that corresponds to CH number £ generated from decoding particle P;.

After calculating EEp, CQp, and UNp,, they are scaled using Eq. 4.2 to produce

sEEp, sCQp, and sUNp,. The final objective function that needs to be minimized is:
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Figure 4.8: Schedule of set-up and steady-state phases in a given round, in PSO-HC

Fitnessp, = sEEp, + (1 — sCQp,) + sUNp, (4.14)

After a pre-specified number of iterations, the particle with the best fitness (minimum

objective value) is considered the optimal solution.

4.4.3 The Steady-state Phase

The BS then finishes the network configuration by broadcasting a packet containing the
PCHs, SCHs, associated clusters and each node’s TDMA schedule. Each node that receives
that packet will modify its status to either CH or CM. A CM node will update its respective

CH and TDMA schedule. A node that is not CM or CH is set to sleep to save its energy.

In the steady-state phase, each member node uses its TDMA schedule to transmit its
data to its next hop. When a non-CH node (a CM or an SCH) finishes its data transmission
slot, it enters the sleep state to save its energy. Fig. 4.8 shows the schedule of set-up and

steady-state phases in a given round, in PSO-HC.
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Figure 4.9: Average number of unclustered nodes per round for WSN#1 for PSO-HC

4.4.4 Experimental Results

In this subsection, a performance comparison between PSO-OC and PSO-HC is conducted

in terms of the network’s energy efficiency, data delivery reliability, and their scalability.

Fig.4.9 and Fig.4.4 record the average number of un-clustered nodes per round in
WSN#1 and W .SN+#2 respectively, for both PSO-OC and PSO-HC. The results presented
here represent the average of 5 different runs, for each network size, with a confidence level

of 0.99.

It can be observed from Figs. 4.9 and 4.10 that PSO-HC shows better scalability than
PSO-OC. This is because PSO-HC tries to cluster all the network nodes using a two-hop
clustering approach. If some nodes remain un-clustered in the first tier, PSO-HC will

cluster them in the second tier by assigning them to SCHs.
The results displayed in Fig. 4.11 and 4.12 represent the average (mean) of PDR for
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Figure 4.10: Average number of unclustered nodes per round for WSN#2 for PSO-HC
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Figure 4.11: PDR for WSN#1 for PSO-HC

packets received by all the CHs for 5 random runs with a confidence level of 0.99, for both
WSN#1 and WSN+#2 respectively. It is clear that PSO-OC outperforms PSO-HC in
terms of the PDR. This is because PSO-OC tends to create more compact clusters and

hence this increases the PDR.

Fig. 4.13 and 4.14 show the mean of the average energy consumed per node (in joules)
for 5 runs of the protocols, with confidence level of 0.99, for both W SN#1 and W SN#2
respectively. It is clearly shown that PSO-HC has the lowest average consumed energy due

to the minimization of the number of active nodes during any given round as justified by

(4.10).
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Figure 4.13: Average energy consumed per node in WSN#1 for PSO-HC
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Figure 4.14: Average energy consumed per node in W SN#2 for PSO-HC

4.5 Conclusion

In this chapter, the problem of clustering in WSN was formulated as a single-objective
optimization problem, aiming at maximizing the network’s energy efficiency, data delivery
reliability and scalability. The formulated problem has been solved using three different
evolutionary approaches: GA, DE, and PSO. PSO has proved to achieve the best perfor-

mance in terms of the fitness value.

Based on the results, two PSO-based clustering protocols were proposed. The first, a
one-hop clustering protocol (PSO-OC), solves the CH selection problem by electing CHs to
form one-hop clusters. The second proposed protocol, the hierarchical clustering protocol
(PSO-HC), sets an upper bound on the number of CHs and tries to minimize the number of
CHs compared to that upper bound. Furthermore, it allows using two-hop communication

links between the sensor nodes and their respective CHs in order to increase its scalability.
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Experimental results, under a realistic energy consumption model, showed that the
number of active nodes has a great impact on the network’s energy efficiency. In PSO-HC,
minimizing the number of active CHs led to minimizing the average of energy consumed
per node and maximized the network’s energy efficiency. However, in PSO-OC, increasing
the number of CHs and taking link quality measures into consideration resulted in more

compact clusters and hence increased the PDR.

Prior clustering protocols assumed that the key factor in enhancing the WSN energy
efficiency is to minimize the distance between the cluster members and their associated
CHs. The reason behind their assumption is that they used the first-order radio model
which is flawed for modelling radio power consumption in WSNs. This radio model also
ignores the listening energy consumption, which is known to be the largest contributor to
expended energy in WSNs. Experimental results in this chapter showed that minimizing
the number of active nodes is the key factor in achieving energy-efficient networks, assuming
a realistic energy consumption model is used. Clustering protocols that ignore minimizing
the number of un-clustered nodes, such as the LEACH type protocols, may result in higher

energy consumption unless a sleep scheduling mechanism is used.
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Chapter 5

PSO-based Routing Protocol for
Clustered WSN

5.1 Introduction and Motivation

Several clustering protocols have been proposed in the literature. However, most of these
protocols have unrealistic assumption of how the CHs transmit the aggregated data to the
BS. They assume that each CH can send its aggregated data directly to the BS using a
one-hop approach. However, sensor nodes in WSN have limited communication range, and
the BS is usually located far away from the sensing area and is often not directly reachable

to all nodes.

A more realistic approach would allow the CHs to form a network among themselves
in order to route the data towards the BS (multi-hop approach) [11]. Finding an energy-
efficient and reliable routing tree that connects the CHs to the BS is known to be NP-hard

problem [15]. Therefore, evolutionary approaches can be employed to solve this problem.

In the last chapter, PSO has proven to have better performance than GA and DE.

Moreover, PSO has many advantages over other alternatives optimization techniques like
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GA, which has very high processing demands [$6]. PSO advantages include ease of imple-
mentation on hardware or software, high-quality solutions because of its ability to escape
from local optima and quick convergence [37, 88]. Due to its effectiveness in solving NP-
hard problems, PSO has been adopted in this chapter to find the optimal inter-cluster
routing tree. Clustering and routing are repeated processes; therefore, simpler the opti-
mization algorithm produce more efficient networks. That is another reason why PSO is a

popular choice for solving the WSN clustering and routing problems.

In this chapter, a centralized weighted-sum PSO-based protocol is proposed for finding
the optimal inter-cluster routing tree. This protocol is appropriate when the CHs are
predetermined in advance. The proposed protocol uses a particle encoding scheme and
defines an objective function to find the optimal routing tree. The objective function is
used to build the trade-off between the energy-efficiency and data delivery reliability of the

constructed tree.

In this proposed protocol, it is assumed that the CHs are predetermined in advance
using the PSO-OC protocol. The reason for choosing PSO-OC is that it has proven to have
higher PDR at the CHs and at the same time maintains reasonable energy consumption.
The proposed protocol is named TPSO-CR, from the initials of the words Two-tier Particle
Swarm Optimization for Clustering and Routing protocol. The following sections give a

detailed description of TPSO-CR.

5.2 Particle Initialization

The method to encode a routing tree into particle is critical for developing the second tier

of TPSO-CR. Random encoding can not be used for the following reasons:

e Random encoding results in different particle sizes due to different routes’ lengths.
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e A random sequence of edges usually does not correspond to a valid tree (that termi-

nates on the destination node without any loop).

e The PSO algorithm involves arithmetic operations such as updating velocity and
position which will not be applicable and will increase the number of invalid paths

returned.

Authors in [89] have proposed an indirect priority encoding scheme to solve the prob-
lems of random encoding. This scheme has been applied successfully in many EA-based
protocols like [90, 91, 92]. In this scheme, the particle encodes guiding information about
the solution rather than the solution itself. The guiding information used include the
priorities of various nodes in the network. In this chapter, a slightly modified scheme is
proposed to suit the need of finding the optimal routing tree which connects all the CHs
and the BS.

5.2.1 Particle Encoding Process

The dimension of the particle is same as the number of sensor nodes in the network (i.e.,
N). Let, P, = [Xi1,Xi2, Xi3, ..., Xin] be the iy, particle of the population where each
component, X; 4,1 < d < N denotes node N, priority for selecting it as a relay node. Each
component is initialized with a randomly generated number in the range [—1.0, 1.0] based

on a uniform distribution.

5.2.2 Particle Decoding Process

A routing tree is built from the encoded particle in a branch growth process. Each branch
is a route from a CH to the BS. For example, if there are two CHs in the network, the
decoding process will generate two routes, one for each CH. Each route is constructed by

appending relay nodes starting from the CH. At each step of the route construction, the
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next node with the highest priority is chosen from those which have direct links with the
current node. The node that is already included in a growing path will be assigned a large
negative priority value, hence that node is highly unlikely to be selected again. In a worst
case scenario, if a node is selected again, the concerned route can be treated as an invalid
route and can be assigned a high penalty value. The process continues until the BS is
reached, and all the CHs are connected to the BS. A routing tree is considered invalid if it
has one or more invalid branches (that do not terminate on the destination node or that
have loops) and will be assigned a very high fitness value as a penalty. The best particle at
the end of a run of the algorithm is the one that contains priorities that lead the decoding

procedure to select nodes forming the optimal routing tree.

Illustration 6.1: Consider a WSN with 20 sensor nodes and 2 cluster heads, i.e.,
N, Ng as shown in Figure 5.1. Therefore, the dimension of the particles is same as the
number of sensor nodes, i.e., N = 20. Let’s consider the graph G(V, E) shown in Fig. 5.1.

The edge © — v indicates that u can send to v but not necessarily vice versa.
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Figure 5.1: A wireless sensor network with 20 sensor nodes and 2 CHs (n; and ng)

Let us assume that a particle P; has been randomly generated as illustrated in Fig.5.2(a).

To find a routing tree from N; and Ng to the BS, the protocol will build a route from N;
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to the BS, and a another route from Ng to the BS.

To find a branch from N; to the BS, a node that is connected to N; is identified first. As
seen from Figure 5.1, the nodes [4,5,7,9,11, 12, 16] are the nodes to be considered. Their
priorities are [—0.1,0.5,—0.1,—0.5,0.7, —0.3,0.5] respectively. Node 11 has the highest
priority and hence it is used as the next relay node to N; and its priority is updated into a
high negative value —N to avoid selecting it again in the route. The possible nodes from
node 11 are nodes [0, 1,6,7,17]. The priorities of these nodes are [1.0, =N, —0.7, —0.1, —0.2]
respectively. Since node 0 (BS) has the highest priority, it is taken as the next relay node
while constructing the route. Since the BS is reached, the route construction from N; to
BS ends and results in the following route (8,1,0) . The same procedure is repeated for
the branch from Ng to the BS until a complete route (8,16, 0) is achieved. Fig.5.2(b - d)

demonstrates this process.
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Node ID: O 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19
1.0 I 0.6 I —0.3| 0.3 I —0.1 I 0.5 [=0.7 I —0.1 | -0.5 I —0.5 | —0.1 I 0.7 I -0.3 | -0.4 I —0.5| 0.3 I 0.5

Priority:

—-0.2 I -0.1 I -0.2 ‘

(a) Particle P; encoding for network in Figure 5.1

Node ID: O 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19

Priority:| 1.0 | =N [-0.3| 0.3 |-0.1| 0.5 |-0.7]-0.1|-0.5|-0.5|-0.1] 0.7 | -0.3|—-0.4]1-0.5] 0.3 | 0.5 |—0.2(—0.1|—0.2

1.0 106 |-03|03|-01]05|-07|-01]—-N|]-05]|-0.1] 0.7 |-0.3|-04]-0.5] 0.3 ] 0.5 |—-02|-0.1]-0.2

(b) Particle P; after adding the CHs to the routing tree

Node ID: 0 1 2 3 4
Priority: | 1.0 | =N | —0.3] 0.3 [—=0.1| 0.

ot

6 7 8 9 10 11 12 13 14 15 16 17 18 19

ot

-07]1-0.1{-05|-05({-01] -N | -0.3|-0.4]-0.5| 0.3 | 0.5 | -0.2|—-0.1|—-0.2

1.0 106 |-03|03|-01]05|-07(-01]—-N|]-05]|-0.1] 0.7 |-0.3]|-04]-0.5] 0.3 | -N|-02|-0.1]-0.2

ot

-

(c) Particle P; after adding nodes 11 and 16 as relay nodes

Node ID: O 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19

Priority: | =N | =N | -0.3| 0.3 |-0.1| 0.5 |-0.7]-0.1]-0.5|-0.5|-0.1] =N | —-0.3|—-0.4]-0.5| 0.3 | 0.5 |—0.2(—-0.1}|—-0.2

-N|06|-03]03]-01}05 |-07|-01]-N]|-05[-01] 0.7 [-03|-0.4]-0.5] 0.3 | =N |—-0.2|—-0.1]-0.2

(d) Particle P; after adding the BS and finishing the routing tree construction

Figure 5.2: Example of priority-based encoding and decoding process for an arbitrary
particle P;
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5.3 Particle Evaluation

After particles initialization, the generated routing tree that results from the decoding
process is evaluated to determine its fitness value. The optimal routing tree is selected
such that it minimizes the cost of the objective function. The goal of the function is to

optimize the combined effect of the following properties:

5.3.1 Energy Efficiency

To achieve an energy efficient routing tree, two sub-objectives need to be met:

1. Save energy: fewer sensor nodes need to be active during each round. To achieve
that, the protocol needs to minimize the number of relay nodes and favour CHs as

better candidates to act as relay nodes.

Let Rp, represent the vector of relay nodes IDs in the routing tree generated from
particle P; and Cp, represent the set of CHs IDs that act as relay nodes in that tree.

Then, the function that represents this sub-objective is formulated as follows:

Rp
ESp = — 5.1
S (5.1)

2. Balance energy consumption: a relay node with a higher level of energy is a better
candidate to include in the routing tree. The following function is used to balance

the energy consumption among all the network nodes in terms of routing:

EBp = —=L (5.2)
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N is the current total number of live nodes in the network. F(n;) is the remaining
energy in node n; .|R| is the total number of relay nodes. E(RNp,,) is the remaining

energy for relay node number r in particle ;.

5.3.2 Data Delivery Reliability

To maximize the PDR, the protocol needs to maximize the link quality between the relay
nodes in the routing tree. The following function minimizes the worst link quality among

all the branches in the routing tree:

Z RSS1Ip,(rn; — nextHop)

minRSSIT (5-3)

Vrn; €b
where B is the number of branches (one branch for each CH) in the routing tree. rn; is
relay node number ¢ in branch b

After calculating the sub-objectives ESp,, EBp, and LQp, , they are scaled using Eq.
(4.2) to result in the following sub-objectives values sESp,, sEBp, and sLQ) p, respectively.
Then, the final objective function FinalObjp,, that needs to be minimized is calculated

using;:

FinalObjp, = sESp, + sEBp, + (1 — sLQp,) (5.4)
The pseudo-code of the proposed TPSO-CR protocol executed at an arbitrary node u
is shown in algorithm (1).
5.4 Experimental Results

The goal of the experiments is to evaluate the effect of using a dedicated routing tree,

generated from the TPSO-CR protocol, on both the network’s energy efficiency and data
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Algorithm 1: Pseudo-code of the proposed TPSO-CR protocol

1
2
3
4
5
6
7
8
9

10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
a7
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62

begin Procedure startup()
setTimer(START — ROUN D, 0.0);

end

begin Procedure timerFiredCalback(index)
switch index do

end

end

end

end

end

end

Q

end

end
endsw

case START — ROUND :

double timer = uniform(0.0 , r);
setTimer(FIND — NBRS, timer);
setTimer(BROADCAST — INFO,r);
if isBS then

| setTimer(RUN — PSO,n);
end
else

| setTimer(RUN — STEADY — PHASE, m);
end
roundNumber + +;

setTimer(START — ROUN D, roundLength); > r, n, and m are random times

case FIND — NBRS :

broadcast (ID);

case BROADCAST —INFO :

broadcast (ID, residual Energy, neighbours’ IDs and their RSSI);

case RUN — PSO :
optimalCHs = runFirstPSO(NetworkInfo); > run first tier
optimal RoutingTree = runSecond PSO(optimalCHs, NetworkInfo); > run second tier

broadcast(con figuration = optimalC H s + optimal RoutingTree);

case RUN — STEADY — PHASE :

if (lisCH||'isCM||'isRelayNode) then
| setStateSleep();
end
if (isCH) then
cluster Length = cluster Members.size();
setTimer(START — SLOT, cluster Length x slotLength);
end
else
if (lisRelayNode) then
setStateSleep()
setTimer(START — SLOT, myT DM ATurn x slotLength);

end
end

ase START — SLOT :

setTimer(START — SLOT, cluster Length x slotLength);
if (tsCH) then

aggregatePackets(); > aggregate packets
‘ processBuf feredPackets(); > send packets to next hop
end
else
processBuf feredPackets(); > send packets to CH
setTimer(END — SLOT, slotLength); > go to sleep mode at end of slot
end

case END — SLOT :

if (1isCH||'isCM||lisRelayNode) then
| setStateSleep();
end
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delivery reliability. The simulation settings for TPSO-CR are given in Table 5.1.

Table 5.1: PSO algorithm settings for TPSO-CR

Parameter Value
Network Size [100 - 500]
Population size 50
Number of iterations 200
Learning Factor cl 2
Learning Factor ¢2 2

Interia weight w 0.9

Fig. 5.3 and 5.4 show the comparison of TPSO-CR and the other protocols in term of
the network throughput in W SN#1 and W.SN+#2 respectively, with a confidence level of
0.99. Throughput is defined as the number of data packets successfully received at the BS.
Using the number of aggregated packets delivered to the BS is not accurate, since many
packets result from the aggregation process of many raw packets collected from the cluster
members. In this thesis, the number of the raw packets is used to calculate the throughput
at the BS. It can be observed that TPSO-CR protocol outperforms the other protocols in

terms of network’s throughput as shown in Fig. 5.3 and 5.4.
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Figure 5.4: Throughput for WSN#2, for TPSO-CR

We also studied the effect of using relay nodes for multi-hop data transmission on the
network’s energy efficiency. Table. 5.2 and Table 5.3 show the comparison of the TPSO-CR
protocol and other protocols in term of the average energy consumed by a node (in joules)
in WSN#1 and WSN#2 respectively. It was noted that, in the case of sparsely deployed
WSN, the average energy consumed per node in TPSO-CR is higher than LEACH-C, GA-
C and PSO-C. This is mainly due to an increase in the number of active nodes during
any round. This increase is caused by adding more nodes to act as relay nodes since the
number of CHs is small, and their transmission range is limited. As the sensor density
increases, the number of CHs that cover the same area increases. At the same time, the
routing algorithm favours the inter-cluster communication between the CHs. This caused
the average consumed energy for TPSO-CR to be closer to that of LEACH-C, GA-C and
PSO-C in densely deployed WSN.
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5.5 Conclusion

In this chapter, A PSO-inspired protocol was proposed to solve the routing tree construc-
tion problem for clustered WSN. The protocol runs in two tiers: the first tier finds the best
CHs and their associative clusters using PSO-OC while the second tier solves the problem

of the inter-cluster communication by finding the optimal routing tree.

Prior clustering protocols assumed that the CHs can send their data to the BS directly
by maximizing their transmission power. However, this solution is considered unrealistic
in many practical situations due to the communication range restrictions of the sensor
nodes. Furthermore, maximizing the transmission range will result in high level of energy

consumption and will minimize the network’s lifetime.

Experimental results of TPSO-CR proved that using a dedicated routing tree results
in higher network throughput. Moreover, limiting the inter-cluster communication to the
CHs only will result in a smaller number of active nodes, and this will in turn minimize

the average consumed energy per node.
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Chapter 6

Pareto-based Optimization Protocol

for Clustering and Routing in WSN

6.1 Introduction and Motivation

Using the conventional weight sum approach in multi-objective optimization is computa-
tionally efficient and straightforward to implement [31, 82, 83]. It has been widely used
because of its simplicity. However, it is known that this approach has the following prob-

lems [93, 94, 95, 96]:

e Only one optimal solution can be obtained from one single run.

e This approach can not find the optimal solution when the feasible solution set in the

objective domain is not convex.

e The choice of the weight vector can highly affect the obtained solutions.

These problems are particularly critical if the objectives are conflicting or must be
handled simultaneously. In these cases, the concept of optimal solution changes because

the goal is to find a set of good trade-off solutions from which the decision maker wants to

92



select one. To achieve that, Pareto-based optimization techniques, which make direct use
of the dominance relation for ranking different solutions in terms of the objective functions,

can be used to find the set of optimal solutions.

The clustering problem in WSN consists of multiple conflicting objectives that need to
be optimized simultaneously. Pareto-based optimization techniques can be used to solve
the CHs election problem especially if the number of CHs is not fixed. For example, clus-
tering can provide an energy-efficient solution if only a few number of CHs are involved
in doing the main operations in the network such as routing, management, and data ag-
gregation. However, minimizing the number of CHs may lead to minimizing the number
of clustered nodes and hence minimize the clustering protocol scalability. Another objec-
tive to consider concurrently is the inter-cluster communication cost that affects the data

delivery reliability.

In this chapter, a centralized multi-objective Pareto-optimization approach for deter-
mining an energy efficient, scalable and reliable clustering protocol is adapted. A new
individual encoding scheme that represents a joint solution for both the clustering and

routing problems in WSN is proposed.

The proposed approach uses a variable number of CHs, and its objective is to assign
each network node to its respective CH and each CH to its respective next hop. The joint
problem of clustering and routing in WSN is formulated as a multi-objective minimization
problem with a variable number of CHs, aiming at determining an energy efficient, reliable

and scalable clustering and routing scheme.

The formulated problem has been solved by two state-of-the-art Multi-Objective Evolu-
tionary Algorithms (MOEA), and their performance has been compared using some qual-
ity indicators. Furthermore, a performance comparison between the proposed approach

against the other well-known clustering approaches is conducted.
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6.2 Pareto-based Multi-objective Optimization

A Multi-objective Optimization Problem (MOP) involves optimizing a number of objectives
(usually conflicting) simultaneously [97]. Due to having multiple conflicting objectives in
MOP, there is no single solution that can be described as an optimal solution. Therefore,
we are interested in finding a number of optimal solutions. Evolutionary algorithms (EAs)
are well suited to solve multi-objective optimization problems due to their population-based

nature [98].

6.2.1 Basic Concepts

Assuming a minimization problem for convenience, a MOP with n decision variables and
M objective functions can be expressed as follows: given an n-dimensional decision variable
vector x = {x1,...,x,} in the solution space X find a vector z* which yields the optimum

value for a given set of M objective functions z(x*) = {z(z*), ..., zps(x*)} where M > 2.

However, due to the conflicting nature of the objective functions, it is rare that the
global optimum for all of the individual objective functions occurs simultaneously at one
single point of search space. Instead, we are interested in finding a set of trade-off solutions.

The most commonly adopted notion of optimality is the so-called Pareto optimality.

Pareto-dominance Principle

A feasible solution z is said to dominate another feasible solution y if and only if the

following two conditions are true:

e Solution z is no worse than a solution y in all objectives.

e Solution z is strictly better than a solution y in at least one objective.
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Formally speaking, x dominates y (denoted by (z > y)), if and only if:

zi(z) < z(y), Viel,..,.M (6.1a)

zi(x) < z(y), diel, ..M (6.1b)

If any of the conditions mentioned above is false, then solution x does not dominate the

solution y. If solution z dominates solution y, then solution z is better than solution y.

Pareto Optimality

Solution z* is a Pareto optimal solution if there exists no feasible vector of decision
variables x € X, which would decrease some objective value without causing a simultaneous
increase in at least one other objective value. There are no superior solutions to the problem
than z*, although there may be other equally good solutions. Formally speaking, z € X

is Pareto optimal if and only if,

2(y) < z(z), Yy e X (6.2)

The set of solutions that satisfy Equation (6.2) is known as the Pareto optimal set. A
Pareto optimal set is a set of solutions that are non-dominated with respect to each other.
The vector corresponding to the solutions included in the Pareto optimal set is called non-
dominated vector. The plot of the objective functions whose non-dominated solutions
are in the Pareto optimal set is called the Pareto optimal front [99] which corresponds

to the trade-off surface in objective space.

The literature hosts several interesting approaches for tackling MOPs, with Multi-
Objective Evolutionary Algorithms (MOEAs), posing all the desired characteristics for
obtaining a set of non-dominated solutions, in a single run. These approaches work with

two main goals:
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e Convergence: find a set of Pareto-optimal solutions, and

e Diversity: find a set of diverse solutions in order to prevent premature convergence

and achieve a well-distributed trade-off Pareto front.

The first goal guides the solutions towards the Pareto-optimal region and the second

goal guides along the Pareto-optimal front.

In this thesis, two different types of MOEAs are considered as the optimization tools

to solve the joint problem of clustering and routing in WSN:

1. The Non-dominated Sorting Genetic Algorithm IT (NSGA-II) and

2. Speed-constrained Multi-objective Particle Swarm Optimization (SMPSO)

These two algorithms have found extensive applications in different fields of WSNs
[100, , , , , |. The literature also reveals that these two algorithms have

provided the most to the needs of practical optimization problems known to date [106].

These algorithms are also popular because of their ease of hardware implementation [106].

6.2.2 Non-dominated Sorting Genetic Algorithm IT (NSGA-II)

NSGA-II [107] is a popular non-domination based genetic algorithm for multi-objective
optimization. It has demonstrated better performance than the Strength Pareto Evolu-

tionary Algorithm (SPEA) [108] and Pareto Archived Evolution Strategy (PAES) [109], in

terms of convergence and diversity of the obtained Pareto front [107, 110].

NSGA-II starts with producing a population that consists of nPop random solutions
(chromosomes). In each generation, the population in NSGA-II is sorted into several
non-dominated fronts using a ranking algorithm first (non-dominated sorting). Then, indi-

vidual solutions are selected from these non-dominated fronts by calculating the crowding
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distance. The crowding distance measures the distance between the individual solutions
and the rest of the solutions in the population. If two individual solutions are in the same
non-dominated front, the solution with a higher value of crowding distance will be selected.
The crowding distance calculation is used to preserve the diversity among non-dominated
solutions in the later stage of the run in order to obtain a good spread of solutions. After
that, the algorithm applies the standard crossover and polynomial operators to combine
the current population and its offspring generated as next generation. At last, the best
individuals in terms of non-dominance and diversity are selected as the solutions. The

steps of the NSGA-II algorithm is presented in Algorithm (2).

Algorithm 2: The main steps of the NSGA-IT Algorithm

1 Create a random population of nPop chromosomes (candidate solutions)

2 while Stopping condition is not met do

3 Evaluate the multi-objective fitness of each chromosome in the population.
4 Rank population by following steps:

5 begin

6 Rank population by using Algorithm (3).

7

8

9

Calculate the crowding distance by using Algorithm (4).
end
Choose two parent chromosomes from a population based on the crowding
selection operator described by Algorithm (5).
10 With a crossover probability, crossover the parents to form new offspring
(children). If no crossover was performed, offspring is the exact copy of parents.
11 With a mutation probability, mutate new offspring at each gene.
12 Place new offspring in the new population.

13 end
14 Return the set of the non-dominated Pareto-optimal solutions in current population.

6.2.3 Speed-constrained Multi-objective PSO (SMPSO)

Recently, PSO has been playing a very important role in MOPs because of its convergence
speed and simple operators. Speed-constrained Multi-objective Particle Swarm Optimiza-

tion (SMPSO) algorithm [111] is based on the PSO theory.
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Algorithm 3: Non-dominated Sorting

Let rank number, r =0

while population is not empty do

r=r+1

Find the non-dominated individuals from population P based on the definition
of domination.

Assign rank r to these individuals.

Remove these individuals from population P.

7 end

W N =

(=B

Algorithm 4: Crowding distance calculation

1 Letd; =0forv=1,2,..., 7.
2 For each objective function fi, k = 1,2, ..., M, sort the population ascending.
3 Let di =dz; =INF.
4 for j =2 to (Z1) do
5 | set dj=d;+ (fij 11— fuj1)-
6 end
An experimental comparison was conducted in [I12] to assess the performance of

SMPSO against six of the state of the art Pareto-based MOPSO representatives namely,
Non-dominated Sorting PSO (NSPSO) [113], Sigma MOPSO (Sigma MOPSO) [ 11], Opti-
mized MOPSO (OMOPSO) [115], Another MOPSO (AMOPSO) [116], Pareto Dominance
MOPSO (MOPSOpd) [I17] and Comprehensive Learning MOPSO (CLMOPSO) [118].
SMPSO has outperformed the other protocols in terms of the quality of results. Further-
more, SMPSO has shown a remarkable performance in terms of other different assessment
criteria [119]: convergence towards the optimum solutions [120], and scalability with the

problem size [121].

Similar to NSGA-II, SMPSO selects best solutions by calculating crowding distance and
also stores the selected individual solutions in an archive. SMPSO applies a polynomial

mutation operator [122] to 15% of the population to accelerate the speed of convergence.

Algorithm 5: Crowding Selection Operator

1 x>y iffry <ry orry =1, and dy > d,
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In addition, SMPSO incorporates a velocity constriction procedure [123] to produce new
effective particle positions in those cases in which the velocity becomes too high and hence
avoid the swarm explosion problem [123]. In this procedure, each particle velocity is calcu-
lated according to (Eq. 2.6a). The resulting velocity is then multiplied by the constriction

factor, x, given by the following equation:

B 2
2—p—p*—4p

% (6.3)

where

Cl+027 if01+02>4
¢ = (6.4)
1, ifCL+Cy <4

Then, the accumulated velocity of each variable j, in each particle ¢ in iteration ¢, is

further bounded by means of the following velocity constriction equation:

(

delta;, if v; j(t) > delta;
vij(t) = —delta,, if v; ;(t) < —delta; (6.5)
v;;(%), Otherwise
where
delta; — Upper Limit ; Lower Limit; (6.6)

The steps of the SMPSO algorithm is shown in Algorithm (6).

6.2.4 Performance assessment of different MOEASs

With the existence of different MOEASs, it is necessary to quantify the performance of

each algorithm. A number of quality indicators have been proposed in the literature for
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Algorithm 6: The main steps of the SMPSO Algorithm

Initialize a swarm of N particles (candidate solutions) randomly

Evaluate the particles

Determine non-dominated solutions and store them in the leader archive

while Stopping condition is not met do

Compute the particles’ velocities, according to (Eq. 6.5)

Find the best global particle by randomly taking two solutions from the leaders
archive and select the one that has the largest crowding distance

Update particles’ positions

Apply the polynomial mutation operator with a given probability

Evaluate the particles according to the objective functions

10 Update the leader archive. If the leaders archive becomes full, Use the crowding
distance to decide which particles must remain in it

11 end

12 Return the set of the non-dominated Pareto-optimal solutions in the current leader
archive.

S oUW N =

®

measuring both the convergence and the diversity of the obtained set of non-dominated

solutions.

The quality indicator method is the dominant method in the literature to assess the
performance of different MOEAs [124]. It maps each Pareto set approximation to a number

and performs statistics on the resulting distributions of numbers [124].

Some quality indicators require the knowledge of the true Pareto-optimal front that is
unknown in this application. Instead, an approximation set to the optimal Pareto-optimal
front of the problem is computed. Taking this into account, the hypervolume indicator and
the Epsilon indicator are adopted to access the performance of SMPSO and NSGA-II in
this thesis. The Epsilon indicator takes into account measuring the convergence properties
of the obtained Pareto-optimal front [125]. The hypervolume indicator measures both the

convergence and diversity of the obtained Pareto-optimal front solutions simultaneously

[126, 125].
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The Hypervolume Indicator

The Hypervolume (HV) indicator was introduced in [127]. It has gained increasing interest

in recent years and has become a popular indicator of the performance of different MOEAs
[128, 129].

If solutions are considered as points in objective space, hypervolume is the n-dimensional
space that is contained within a solution set, i.e. the n-dimensional volume of the set rela-
tive to some reference point, usually the anti-optimal point or worst possible point for the
space. In other words, the hypervolume of a set is the total size of the space dominated
by the solutions in the set. A set with a larger hypervolume is likely to represent a better

set of trade-offs than sets with lower hypervolume.

Given a set of non-dominated solutions (), for each solution ¢ € @), a hypercube v;
is constructed with a reference point W and the solution i as the diagonal corners of
the hypercube. Accordingly, a union of all hypercubes is found and its hypervolume is

calculated by:

HY = U9, (6.7)

Figure 6.2.4 shows an example of a HV for a 2-dimensional minimization problem with

set of non-dominated solutions @) = {A, B, C} and reference point W.
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Figure 6.1: HV enclosed by the non-dominated solutions A,B, and C [130].

Algorithms with larger values of HV are desirable [130)].

The Epsilon Indicator

The Epsilon indicator was proposed in [131]. Given two sets of non-dominated solutions
A and B, this indicator computes the minimum factor by which objectives of solutions in
B can be multiplied so that the transformed set of non-dominated solutions is still weakly

dominated by A.

More formally, given 2! = {z{,...,z.} and 2? = {2%,..., 22}, where n is the number of

objectives:

I (A, B) =infer{Vz* € B,32' € A: 2! < 2} (6.8)

where 2! <. 22 if and only if 31 <i <mn:z! <e+ 22 [127].
For the Epsilon indicator, the lower the value the better the computed fronts [125].
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6.3 Joint Clustering and Routing Approach for WSN

This section gives a detailed description of the proposed approach that the BS uses to
find the optimal set of CHs and the routing tree that connects them. The BS adopts a

Pareto-based multi-objective approach for determining the optimal set of CHs.

In the proposed approach, a new individual encoding scheme that represents a joint
solution for both the clustering and routing problems in WSN is proposed. The inter-
cluster communication is limited to the CHs. The proposed approach assigns each network
node to its respective CH, and each CH to its respective next hop, which should be a
CH also. Fig. 6.2 provides an overview of the proposed approach workflow. The next

subsections give a detailed description of the proposed approach.

6.3.1 Individual Initialization

The individuals are presented in such a way that each individual provides the optimal set of
CHs and the route from each CH to the BS. The dimension of an individual is same as the
number of sensor nodes in the network (i.e., N). Let, I; = [X; 1, X; 2, Xi 3, ..., X; n] be the iy,
individual of the population where each component, X; 4,1 < d < N maps the assignment
of the sensor node ny to a CH. Each component is initialized with a randomly generated
number in the range [0.0, 1.0] based on a uniform distribution. Let Nbrs(ng) be the list of all
nq neighbours. Then, the CH of node K is encoded as follows: CHg = [(X;aX|Nbrs(ng)|)]

Ilustration 7.1 Consider a WSN with 20 sensor nodes, i.e., S = {ng,ns, ..., n19} where
ng is the BS as shown in Fig. 6.3. Therefore, the dimension of the individual is same as

the number of sensor nodes minus the BS, i.e., N = 19. The edge u — v indicates that
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[ Initialize each individual, I;, of the population ]

[ Form clusters according to the decoding process ]

[ Find the routing tree that connects the CHs to the BS ]

Is repair function
necessary?

yes

no

[ Run Dijkstra Algorithm to find the tree that connects the CHs to the BS ]

[ Calculate the Objective Functions }—
[ Run the MOEA process ]
[ Return the set of non-dominated solutions ]

[ Run the Fuzzy decision mechanism to return the best comporomise solution ]

Figure 6.2: Workflow of the Proposed Approach
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that node v within communication range of node u hence node u can send to node v but

not necessarily vice versa.
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Figure 6.3: A wireless sensor network with 20 sensor nodes

Now, for each X; 4,1 < d < 19 of individual J; , a random number is generated to initial-
ize it. Let us assume that an individual 7; = [1.00,0.79,0.20,0.43,0.71,0.62,0.61,0.74,0.11,
0.29,0.29,0.33,0.18,0.60,0.46, 0.47,0.24,0.57, 0.77] has been randomly generated as shown
in the second column (i.e., X;4 ) of Table 6.1. We show that this individual actually

represents a candidate solution to both the clustering and routing problems as follows.

Let’s consider the generated random number for the first component, 1.00, i.e., X;; =
1.00 as shown in first column of Table 6.1. Hence, [(X;; x |[Nbrs(n;)|)] = 7, therefore the
7th neighbour from Nbrs(ny), i.e., nyy is selected as a CH for ny as shown in Table 6.1. In
the same way, each sensor node is assigned to a CH using the randomly generated particle.
Then, the CH candidates that result from decoding I; is V; = {nia,n15,ns,no}. Table 6.1

summarize the decoding process for individual I;.

The final assignment of each node to its next hop for individual /; and the generated

clusters and are given in Fig. 6.4 and Fig. 6.5 respectively.
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Table 6.1: Individual decoding process to assign a CH to each node

n; Nbrs(n;) |INbrs(n;)| Xia [(Xia X |Nbrs(n;)|)] CH
s1 {ng,nz,nig, N4, 11, N5, N2 } 7 1.00 7 12
Sy {nig,ng} 2 0.79 2 ng
s3  {Null} 0 0.20 0 None
sy {ns,no} 2 0.43 1 ng
s5 {mis,no, M1} 2 0.71 2 no
Sg {’fllg} 1 0.62 1 19
st {ns,niz, nar} 3 0.61 2 N1
ss  {ns,na, N0, N6, N15, M3} 6 0.74 5 Nis
S9 {ng,ny, nqg, ns, n18} 5) 0.11 1 ng
S10 {72, 78, 13, Mg} 4 0.29 2 ng
sit {ne, nar, 7, Mo} 4 0.92 4 no
s12 {n1,no, N1z, N6} 4 0.33 2 ng
s13 {ns,ng,nis} 3 0.18 1 ng
S14 {ng, n15} 2 0.60 2 N5
S15 M4, M8, Mg, M2} 4 0.46 2 ng
s16 {m3, N2, Mo} 3 0.47 2 N1o
S17 {nlg} 1 0.24 1 12
sig {nis, ng,ng, N5} 4 0.57 3 ng
s19  {n14, n1g, N2, N5} 4 0.77 4 Nis
Source Nodes

1 2 3 4 5 6 7T 8 9 10 11 12 13 14 15 16 17 18 19

N N2 N N2 N2 N2 N2 N2 N2 N2 N2 N2 N2 N2 N2 N2 N2 N N2

128 |—-1] 8 |0 1211215 8 81 0 O 8|15 81212 8 | 15

Destination Nodes

Figure 6.4: Final assignment of the sensor nodes to their respective next hop
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Figure 6.5: The generated clusters that correspond to the final assignments

6.3.2 Routing Tree Construction

The inter-cluster communication is used to carry data from the CHs to the BS. In the
proposed approach, a multi-hop model where the CHs form a network among themselves,

with each CH node using a multi-hop route for routing data towards the BS.

It should be noted that using the proposed individual encoding scheme also results in the
routing tree construction by assigning each CH to its next hop. However, the constructed
routing tree is considered not valid if any condition of the following is violated:

e Loop-free routing tree.

e Fach route from each CH should terminate at the BS.

Otherwise, the constructed routing tree is valid and can be used for the inter-cluster

communication.

Ilustration 7.2: Let’s consider the final nodes assignments in Fig. 6.4 and the generated

CHs set, V; = {n12,n15,n8,n0}. We notice that CH n5 can send to the BS node directly.
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However, there is loop between CH ng and CH n,5 and hence the constructed routing tree
will be considered not valid and is assigned a high penalty fitness value to exclude this

solution from further consideration.

Now, let’s suppose that the generated random number for n,5 was 0.96, i.e. X; 15 = 0.96
in Table 6.1, then node ni5 will be assigned to node nio instead of ng. In this case, the
final nodes assignment to their next hop is given in Fig. 6.6. For the CH set V; =
{n12,m15, 18, N0}, using Fig. 6.6 will result in the following routes from each CH, njy — no,

N1y — N1g — Ny and ng — Nis — N1 — Nyg.

Source Nodes

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 1
N2 N N2 N2 N2

N N2 N2 N2 N N2 N N2 N2 N2

1218 |-1 8|0 12112158 | 810 |0 |8 ]|15]12|12(12] 8 |15

Destination Nodes

Figure 6.6: Final assignment of the sensor nodes to their respective next hop

This routing tree is considered valid since there is no loops between the CHs and each
route from each CH terminates at the BS. The corresponding routing tree is illustrated in

Fig.6.7.
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Figure 6.7: Final assignment of the sensor nodes to their respective next hop

Throughout different experimentation, It was found that, regardless of the network
density, the proposed approach results in a large number of non-valid routing trees due

to existing loops. Hence, there was a need for a repair function to repair the constructed

routing tree.
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Repair Function based on Dijkstra algorithm

In order to construct a loop-free routing tree, the Dijkstra algorithm was used to find the

Shortest Path Tree (SPT) that connects the CHs to the BS.

The network is presented as a weighted directed graph, G = (V, E'), where V represents
the set of CHs in addition to the BS and E represents the set of edges between them. It

is assumed that the best link quality between two nodes represents the shortest path. An

edge e from node u to v has weight w,_,,, given by:
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;

RSSIy—0

e hayr il v is meighbor of u.

Wy—v = 50 if u=v (6'9)

INF otherwise

\
Where RSSI,_,, represents the RSSI for the link from u to v. worstRSSI represent
the worst RSST value between any to nodes, and is set to —100. I NF represents a very

high weight value.

The link quality for the route R from CH ch to the BS is calculated as follows:

Z w, If BS is reachable from ch
LQch—sps = § <R (6.10)

INF  otherwise

It should be noted that the link quality from the sensor u to sensor v is different from
the link quality from the sensor v to sensor u. Therefore, at iteration t, the BS generates

a dynamic Adjacency Matrix D; as follows:

0 Wi—s2 - Wisn
W21 0 T Wasn
Dt -
Wn—1 Wps2 - 0

The BS uses the adjacency matrix D; to find an SPT that connects the BS and all the
CH candidates. The Dijkstra algorithm to find the SPT that connects the CHs to the BS

is shown in Algorithm 7.

6.3.3 Individual Evaluations

The next step after initializing the individuals is evaluating the generated clusters and the

constructed routing tree according to some objective functions. This step helps periodically
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Algorithm 7: The Dijkstra algorithm to find the SPT (and its cost) that connects
the CHs to the BS

Input : The directed graph G = (V, F) and the positive edge lengths {w, : ¢ € E}
given by D;.
Output: The SPT and its associated cost
// For each the CH, ch € V, lg[ch| is the link quality for the route
from ch to the BS and calculated by 6.10. The SPT cost is
calculated using 6.17.
// Q: Set of unvisited vertices
1 1g[BS] =0
2 prev[BS] = null
3 foreach ch € V do

4 if ch! = BS then
5 lg[ch] = o0
6 prev|ch] = null
7 end
8 add ch to @
9 end
10 while @) is not empty do
11 u 4 vertex in ) with minimum rssi(u) value
12 remove u from @)
13 foreach neighbour v of u do
14 alt « lq[u] + wy_yy
15 if alt < lg[v] then
16 lq[v]  alt
17 prev[v] < u
18 end
19 end
20 end
21 return prev|], Z lq[ch]
cheV
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to update the set of Pareto-optimal solutions and the Pareto front. A detailed description

of how the objective functions are calculated is given in section 6.4.

6.3.4 Determining the Best Compromise Individual

Upon obtaining a set of Pareto optimal solutions using MOEAs provide, a mechanism
is needed to determine the best compromise solution. Due to the imprecise nature of
the decision makers judgment, it is assumed that there is fuzziness in the goal for each
objective. This fuzziness is defined by membership functions that represent the degree of

fuzziness of some fuzzy sets using values in the range [0, 1].

The fuzzy mechanism looks at the way the solutions are contributing to each objective
and assigns a fuzzy variable. It shows a possible way of finding a compromise solution in
case solutions are very close to each other. In this thesis, a fuzzy based mechanism [132]
is used to find out a compromise solution on the Pareto front. This mechanism has been

successfully used in many different applications of MOEAs [106, , , .

In the fuzzy-based mechanism, a membership value for ith objective of jth solution in

the Pareto-front is calculated using the membership function as:

1 if F; < Fmm,

J Fmaer—F;

Fmax _F_m,in
i i

if };’me < F < Emax (611)

0 if Fy > Fmoe.

\

/Jf indicates how well the jth solution in the Pareto optimal set can satisfy the ith
objective. The sum of membership values for all objectives of the jth solution suggests

how well it satisfies all the objectives.

Given N solutions in the Pareto-optimal set and M objective functions for each solu-

tion, the achievement of each non-dominated solution with respect to all non-dominated
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solutions can be calculated using:

=L (6.12)

The solution with the maximum value of p/ is a compromise solution that can be

accepted by the decision maker.

6.4 Calculation of the Objective Functions

In this section, the objective functions’ formulation for the joint clustering and routing
problem in WSN is presented. The main goal of the protocol is to find the optimal set of

CHs such that the following objectives are achieved concurrently:

e Minimize the average consumed energy per node in order to maximize the network

lifetime.
e Maximize the protocol’s scalability.

e Maximize the network throughput.

The joint clustering and routing problem is formulated as a multi-objective minimiza-
tion problem. The objective functions are constructed to evaluate each candidate solution

I; depending on the following parameters described as follows.

6.4.1 Energy Efficiency

In order to save more energy, fewer sensor nodes need to be active during each round. Our

main approach to achieving that is to minimize the number of elected CHs, K. Let vector
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V; denotes the vector that represents the CHs generated from decoding individual I;, after

removing duplicate values. Then, the number of elected CHs is given by:

Ky, = |Vil (6.13)

Furthermore, a sensor node with a higher level of energy is a better CH candidate
to both aggregate the data and to act as a relay node towards another CH or BS. The
objective function is chosen as the reciprocal of the average remaining energy for the CH

candidates and is given by:

P, = — L (6.14)

> E(CHy)

k=1

E(CHy, \) is the remaining energy of CH number £ generated from decoding individual I;.

6.4.2 Scalability

To increase the protocol’s scalability, the clustering process should cluster as much sensor
nodes as possible. This, in turn, will avoid creating clusters with one node only. To achieve

that, the protocol minimizes the number of un-clustered nodes UN given by:

Vil

UN, =N =Y "|Cy,, kl (6.15)
k=1

N is the total number of nodes in the network. |Cy,, k| is the number of cluster members

in the cluster that corresponds to CH number £ generated from decoding I;.
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6.4.3 Data Delivery Reliability

In order to increase the network throughput and hence increase the data delivery reliability,

two objectives need to be considered simultaneously:

e Minimize the cost of the intra-cluster communication.

e Minimize the cost of the inter-cluster communication.

It should be noted that the cost of the link between any two nodes was given previously

as link weights in the Adjacency Matrix D;.

The intra-cluster communication cost is defined as the total cost of the links between

all the cluster members and their correspondent CHs and is given by:

CC[Z. = Z Z wcmmHCHIi,k (616)

k=1 m=1

The total cost of the constructed tree, the inter-cluster communication cost, is defined

as the sum of the costs of links between the CHs forming that tree. In the case that any
two CHs are not connected, the constructed tree is assigned a high penalty value to narrow
the search to optimal valid tree solutions only. Therefore, the total cost of the constructed

tree is calculated as follows:

K E
Z Z w, If all nodes in V are connected

TC]Z. = k=1 e=1 (617)
INF otherwise

Where K is the number of CH candidates. E is the number of edges in path number k.

w, is the weight of edge e.

Finally, The protocol objective is to simultaneously minimize Kj,, EE;,, UN;,, CCy,,
and T'CYy, for individual ;.
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6.5 Experimental Results

In this section, the results of the experiments that are employed to evaluate the proposed

approach are presented. The goal of the experiments is to:

e Evaluate the performance of applying both NSGA-IT and SMPSO on the formulated

joint clustering and routing problem.

e Evaluate the performance of the proposed protocol against the well-known protocols

LEACH, EHE-LEACH, EEHC, LEACH-C, PSO-C, and GA-C.

e Evaluate the performance of the proposed protocol against the previously proposed

approach TPSO-CR.

This section is divided into two subsections. Firstly, the simulation parameters for both
NSGA-IT and SMPSO are introduced, and the performance comparison results between
them are presented. Secondly, the performance of the proposed clustering approach is com-
pared to the well-known clustering approaches, LEACH, EHE-LEACH, EEHC, LEACH-C,
PSO-C, and GA-C. In addition, the performance of the proposed protocol is evaluated

against the previously proposed approach TPSO-CR.

6.5.1 Performance Evaluation of NSGA-II and SMPSO

In this subsection, the performance results of applying both NSGA-IT and SMPSO, on the

formulated joint clustering and routing problem, are compared.

To evaluate the performance of both algorithms, fifty independent runs using different

random seeds are performed for a random round of W SN#2. The parameters setting of

NSGA-IT and SMPSO is given in Table 6.2.

The capability of NSGA-IT and SMPSO in comparison to each other is measured using

two quality indicators, namely, the hypervolume indicator (HV) and the Epsilon indicator.
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Table 6.2: Parameters setting of NSGA-II and SMPSO

Parameter Value

Problem dimension NetworkSize — 1
NSGA-II Parameters Settings

Population size 100

Number of iterations 250

Crossover probability 0.9

Crossover distribution index 20

Mutation probability 1.0/Problem dimension
Mutation distribution index 20

SMPSO Parameters Settings

Swarm Size 100

Archive Size 100

Number of iterations 250

Mutation probability 1.0/Problem dimension
Mutation distribution index 20

Table 6.3: Mean and standard deviation for the HV Indicator

Network Size NSGA-II SMPSO
100 4.92¢ — 023.46_01 2.41e aF 029.3e+02
200 1.18e — 025'05_02 1.71e aF 015.2e+00
300 1.80e — 029_16_02 2.08¢e + 011.Ie+01
400 3.07e — 033,46_04 2.07¢e aF 011_26+01
500 1.58e — 029,46_02 2.56e + 011_5e+01

Table 6.3 and 6.4 show the comparisons of the (HV) and Epsilon indicators respectively,
for different network sizes. To ease the analysis of these tables, some cells have a gray
colored background in each row; particularly, there are two different gray levels: a darker
one, pointing out the algorithm obtaining the best value of the indicator, and a lighter one,

highlighting the algorithm obtaining the second best value of the indicator.

The boxplots representing the distribution of values for the HV and Epsilon Indicators
in the comparison carried out are showed in Fig. 6.9 and Fig. 6.8 respectively, for different

network sizes.

It is clearly observed that SMPSO has clearly outperformed NSGA-II, in terms of the

HV and Epsilon indicators, for all the network sizes. Hence, it is concluded that SMPSO
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Table 6.4: Mean and standard deviation for the Epsilon Indicator

Network Size NSGA-II SMPSO
100 9.27e + 012.564_00 6.65¢e + 002,764_00
200 2.04e 4 024.Oe+00 7.67¢e a4 002.654_00
300 3.16e + 024.6e+00 5.34e + 001.734_00
400 4.32e - 025.7e+00 6.20e aF 002.Oe+00
500 5.47e + 026.Oe+00 6.02e + 001.86+00
NSGA sMPSO NSGA SMPSO
(a) The HV for 100 sensor nodes (b) The HV for 200 sensor nodes
] | ' | 5
NSGAI sMPSO NSGAI SMPSO
(¢) The HV for 300 sensor nodes (d) The HV for 400 sensor nodes
&7 [ ]
NSGA SMPSO

(e) The HV for 500 sensor nodes

Figure 6.8: Boxplots of the HV obtained by NSGA-IT and SMPSO in the evaluated prob-
lem, for different network sizes [100 - 500]
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Table 6.5: The Average number of non-dominated solutions per run
Network Size NSGA-II SMPSO

100 24.22 95.76
200 26.26 94.5
300 25.52 85.1
400 24.52 93.62
200 25.56 94.26

outperforms NSGA-II in terms of the diversity of the non-dominated solutions and the

convergence towards the true approximated Pareto-front.

The number of non-dominated solutions (NNDS) is another widely used performance
metric with larger value representing better performance [135, |. Table 6.5 shows the
average number of non-dominated solutions per run for both NSGA-IT and SMPSO. The
computational results show that for the NNDS metric, SMPSO algorithm significantly

outperform NSGA-IT algorithm.

Table 6.6 and Table 6.7 respectively illustrate the average and minimum values, among
all the simulation runs, for the different objective functions. It is clearly shown that SMPSO
has obtained the best values for all the objective functions. Both algorithms were able to

cluster all the sensor nodes.

6.5.2 Performance Evaluation of the Proposed Protocol

In the previous subsection, SMPSO has proved to have better performance than NSGA-II.
Therefore, the performance of the proposed SMPSO-based approach, SMPSO-CR,indicator
is evaluated and compared to the well-known protocols LEACH, EHE-LEACH, EEHC,
LEACH-C, PSO-C, and GA-C. In addition, the performance of the proposed protocol is

evaluated against the previously proposed approach TPSO-CR.

According to the heterogeneity of the sensors, the simulations were performed on two
groups of WSNs (W SNs#1, WSNs#2), each with 25 different playground topologies. The

first case assumes homogeneous sensor networks (W SN s#1) while the second experiments
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(WS Ns#2) assume heterogeneous sensor networks with advanced nodes of 10% and super

nodes of 10%.

Each WSN group consists of 5 different network sizes ranging from 100 to 500 sen-
sor nodes. Overall, the experimental results presented here have been averaged over five

simulation runs for each network size, for a total of 50 different networks.

The sensor nodes were deployed randomly in an area of 100m x 100m sensor field. The
BS was located at the field’s corner at position (0,0). TMAC that is known for its energy
efficiency was used as a medium access control because it adapts a variable sleep schedule

that increases the battery utilization [79].

To execute SMPSO-CR, an initial population of 100 particles is considered, and they
evolve for 250 iterations. The values of the other SMPSO parameters are taken to be the
same as in Table 6.2 and are re-listed in Table 6.8 for convenience. Table 6.8 summarizes

the configuration of the network simulation environment.

The results in Table 6.9 and Table 6.10 record the average number of CHs per round for
both WSN+#1 and W SN#2 respectively, for different network sizes. It can be observed
that as the network density increases, SMPSO-CR achieves a lower number of CHs per
round. LEACH-C, GA-C, and PSO-C always use a fixed number of CHs (which is equal
to 5% of network size) regardless of the network density. As for the EEHC and EHE-
LEACH protocols, they showed better performances in the case of W SN#2 because the
CHs selection process takes into consideration selecting only nodes with higher residual

energy.

Next, the protocols are compared in terms of their scalability by varying the sensor
nodes from 100 to 500 on both of the network scenarios, WSN#1 and W SN#2. Figure
6.10 and Figure 6.11 show the comparison of SMPSO-CR against the other competent pro-
tocols in terms of the number of non-clustered nodes per round in WSN#1 and W SN#2

respectively. The produced results represent the average of 5 different runs, for each net-
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Table 6.8: Simulation settings for SMPSO-CR

Parameter Value

BS location (0,0)

Data transmission rate 1 packet /s
Network Size (100 - 500) sensor nodes
Field size 100m x 100m
MAC protocol TMAC
Simulation time 5000 s

Round length 500 s

Slot length 04s
Parameters Settings for W SN #1

Initial energy 18720 J

Parameters Settings for W SN #2
Percentage of advanced nodes
Percentage of super nodes

Initial energy of advanced node
Initial energy of super node

Initial energy of normal node
Parameters Settings for SMPSO
Swarm Size

Archive Size

Number of iterations

Mutation probability

Mutation distribution index

10% of Network Size
10% of Network Size
18720 J

12480 J

6240 J

100
100
250

1.0/Problem dimension
20
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Figure 6.10: Average number of unclustered nodes per round for WSN#1, for SMPSO-CR

work size, with a confidence level of 0.99.

It can be observed from Figs. 6.10 and 6.11 that SMPSO-CR has better scalability
than the other competent protocols, especially in the case of densely deployed networks.
This result is due to the clustering phase of SMPSO which takes care of minimizing the
number of non-clustered nodes (Eq. 6.15). Whereas the other protocols do not deal with

that problem.

In order to judge the energy efficiency of SMPSO-CR, Table 6.11 and Table 6.12 record
the mean and standard deviation for the average consumed energy per node for WSN#1
and W SN#2 respectively, for different network sizes. It was noted that as the network
density increases, SMPSO-CR records lower energy consumption. This is because it also

used less number of CHs (and hence less number of active nodes), as illustrated in Table 6.9

and Table 6.10. On the other side, LEACH, EHE-LEACH and EEHC protocols recorded
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Figure 6.11: Average number of unclustered nodes per round for WSN#2, for SMPSO-CR

higher levels of energy consumption because there are many non-clustered nodes that are
left unattended without any sleeping schedule. Although, PSO-C have the worst perfor-
mance in terms of the number of unclustered nodes; it showed lower energy consumption
in comparison to LEACH, EHE-LEACH and EEHC protocols. This is because PSO-C

virtually clusters all the network nodes and hence it gives each node a sleeping schedule.

Figures 6.12 and 6.13 show the comparison of SMPSO-CR and other protocols, in
term of the network throughput, for WSN#1 and W SN#2 respectively. Throughput is
defined as the number of data packets successfully received at the BS. Using the number
of aggregated packets delivered to the BS is not accurate, since many packets result from
the aggregation process of many raw packets collected from the cluster members. In this
thesis, the number of the raw packets is used to calculate the throughput at the BS.
The produced results represent the average of 5 different runs, for each network size,

with a confidence level of 0.99. It can be observed that SMPSO-CR outperforms the
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Figure 6.12: Throughput for W SN#1, for SMPSO-CR

other competent protocols in terms of network throughput. This is mainly due to using a

dedicated routing tree for the inter-cluster communication.
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Figure 6.13: Throughput for W SN#2, for SMPSO-CR

In addition to the previous experiments, a comparison between SMPSO-CR and TPSO-
CR, in terms of their scalability, energy efficiency and data delivery reliability has been
conducted. All the produced results represent the average of 5 different runs, for each

network size, with a confidence level of 0.99.

Figure 6.14 and Figure 6.15 show the average number of CHs per round for both
WSN#1 and WSN#2 respectively, for different network sizes. The results show that
TPSO-CR outperformed SMPSO-CR for most of the cases. TPSO-CR showed better
scalability in more than 90% of the networks under test. This is because TPSO-CR uses

a larger number of CHs that cover the network.
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Figure 6.16 and Figure 6.17 show the average energy consumed per node and their 99%
confidence intervals, for both WSN#1 and W SN#2 respectively. It is clearly shown that
SMPSO-CR has lower energy consumption than TPSO-CR. This is because SMPSO-CR
uses a smaller number of active node per round and it limits the inter-cluster communica-
tion to the CHs only. While in TPSO-CR, extra relay nodes can be added in addition to

the CHs in order to construct the inter-cluster communication tree.
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Figure 6.17: Average consumed energy per node for W SN#2, for SMPSO-CR

Fig. 6.18 and Fig. 6.19 show the average network throughput and the 99% confidence
interval for these results, for both W SN#1 and W SN#2 respectively. While SMPSO-CR
has a higher throughput average for 60% of the cases, the confidence intervals in Fig. 6.18

and Fig. 6.19 show that these results are not statistically significant.

6.6 Conclusion

In this chapter, a centralized multi-objective Pareto-optimization approach was adapted to
find a joint solution to both the clustering and routing problems in WSN. A new individual
encoding scheme that represents a complete solution for both the clustering and routing
problems in WSN was proposed. The problem was formulated as a multi-objective mini-
mization problem aiming at determining an energy efficient, reliable and scalable clustering

and routing scheme.
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The formulated problem has been solved by SMPSO and NSGA-II in order to compare
their performance. Simulation results showed that SMPSO outperformed NSGA-IT in terms
of the number of non-dominated solutions, the objective functions values, the convergence

toward the true Pareto-front and the diversity of the obtained solutions.

Furthermore, the performance of the SMPSO-based approach (SMPSO-CR) was evalu-
ated and compared to the well-known protocols LEACH, EHE-LEACH, EEHC, LEACH-C,
PSO-C, and GA-C. Experimental results showed that SMPSO-CR. protocol outperformed
the other protocols in terms of the average consumed energy per node, number of clustered
nodes and the throughput at the BS. The experimental results also confirmed that using
a smaller number of active nodes (CHs) and restricting the inter-cluster communication to
the CHs only enhances the energy efficiency of WSN. Moreover, using a dedicated routing

tree enhances the data delivery reliability by maximizing the throughput at the BS.

In addition, the performance of the proposed protocol was evaluated and compared
to the previously proposed approach, TPSO-CR. Performance results showed that TPSO-
CR has better scalability than SMPSO-CR because TPSO-CR uses a larger number of
CHs (5% of the network size). However, SMPSO-CR showed better energy efficiency than
TPSO-CR because SMPSO-CR tends to minimize the number of CHs per round, and it
limits the inter-cluster communication to the CHs only. However, in TPSO-CR, more
nodes in addition to the CHs may be added to construct the routing tree. As for the
throughput, SMPSO-CR had a higher throughput average for almost 60% of the cases.
However, statistical analysis showed no statistical significance in the obtained throughput

results.
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Chapter 7

Conclusions and Future Research

Directions

7.1 Conclusions

In recent years, wireless sensor networks have been attracting the attention of the research
community due to their potential applications in several areas. We have observed that, a
flat sensor network architecture poses serious issues on the performance of the network.
Under this architecture, the unattended low-powered sensor nodes can deplete their energy
quickly resulting in a short network lifetime. Routing protocols that are based on clustering

can be used to solve these problems.

Cluster-based routing provide an efficient approach to reduce the energy consumption
of the sensor nodes and maximize the lifetime and scalability of WSNs. In WSNs, it is
essential to use a routing protocol that is energy efficient, scalable and robust in terms of

reliable packet delivery.

Many clustering and routing protocols have been proposed for WSNs. However, the

performance of those protocols is limited by problems related to determining an accurate
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radio model for the sensor nodes in the network. A discrete radio model should be used

for more accurate and realistic calculation of the power consumption.

Energy efficiency, data delivery reliability and scalability are key requirements in WSNs.
In this thesis, we have developed a set of clustering and routing protocols to address these

requirements.

Clustering and routing in WSNs are two well-known optimization problems and are
known to be non-deterministic polynomial (NP)-hard problems. The results of this re-
search show that evolutionary approaches can be applied successfully to these problems.
Moreover, experimental results have shown that the PSO algorithm outperforms both the
GA and the DE algorithms in terms of the fitness value. Due to its effectiveness in solving
NP-hard problems, PSO can be adapted to solve the clustering and routing problems in
WSNss.

Experimental results, under a realistic energy consumption model, showed that the
number of active nodes has a great impact on the network’s energy efficiency. Minimizing
the number of active CHs led to minimizing the average of energy consumed per node and
in turn maximized the network’s energy efficiency. However, increasing the number of CHs
and taking link quality measures into consideration resulted in more compact clusters and

hence increased the PDR.

Clustering protocols that ignore minimizing the number of un-clustered nodes lead to
leaving those nodes unattended, and hence deplete their energy quickly. A sleep scheduling

mechanism should be employed to minimize the energy consumption of such nodes.

The main task in clustered WSNs is the data transmission from the CHs to the BS.
Many of the prior clustering protocols assumed that the CHs can send their data to the
BS directly by maximizing their transmission power. However, this solution is considered
an unrealistic assumption in many practical situations due to the communication range

restrictions of the sensor nodes. Furthermore, maximizing the transmission range will result
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in a high level of energy consumption and will minimize the network’s energy efficiency.

Experimental results in this thesis have showed that using a dedicated routing tree
results in higher network throughput and hence enhance the network’s data delivery relia-
bility. Moreover, limiting the inter-cluster communication to the CHs results in fewer active
nodes, and this minimizes the average consumed energy per node and hence enhances the

network’s energy efficiency.

The clustering problem in WSN consists of multiple conflicting objectives. Further-
more, it can be viewed as a problem that is divided into two sub-problems: finding the
optimal set of CHs and finding the inter-cluster communication tree that connects them
to the BS. Pareto-optimization approaches can be adapted to find a joint solution to both
the clustering and routing problems in WSNs. The SMPSO algorithm and the NSGA-II

algorithm are two popular Pareto-optimization techniques.

Experimental results showed that the SMPSO algorithm outperforms NSGA-II in terms
of the number of non-dominated solutions, the objective functions values, the convergence
toward the true Pareto-front and the diversity of the obtained solutions, when applying
them to the joint problem of clustering and routing in WSNs. The experimental results also
confirmed that limiting the inter-cluster communication to the CHs only results in fewer
active nodes which minimizes the average consumed energy per node and hence enhances
the network’s energy efficiency. Moreover, using a dedicated routing tree enhances the data

delivery reliability by maximizing the throughput at the BS.

7.2 Future Research Directions

During our research work, we have identified several future research directions that can

add to or enhance the proposed protocols:

1. A method to significantly reduce the energy consumption in WSNs is applying Trans-
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mission Power Control (TPC) techniques to adjust the transmission power [137, 31]
dynamically. In the proposed protocols in this thesis, each node transmits packets
at the same power level that is normally the maximum possible power level. How-
ever, if a node transmits packets at the high power level, it may generate too much
interference in the network and consume more energy than necessary. In the case
of two nodes that are close to each other, low transmission power is sufficient to
communicate with each other. The power level should be high enough to guarantee
the transmission and should be low enough to save energy. TPC techniques can
be embedded into any existing Medium Access Control (MAC) protocol [138]. As
a future research direction, a cross-layer clustering protocol can be proposed such
that it takes into consideration finding the optimal CHs and finding the optimal

transmission power for each sensor node.

. The WSNs contains a large number of sensor nodes. As a result, many nodes share
the same monitored regions, some of the nodes are redundant and can be turned off
to preserve energy while the others still work to offer full coverage [139]. Activating
only the necessary sensor nodes at any particular moment can save energy. The
Optimal Coverage Problem (OCP) in WSN is defined as finding the smallest set of
nodes to monitor an area in order to save energy while meeting the full coverage and
connectivity requirements. Sensor scheduling selects only a subset of sensor nodes to
be sensing active, such that the area covered by these active nodes can still be the
same as the one covered by all nodes. Both network clustering and sensor scheduling
can help to conserve energy. As a future research direction, an integrated solution

for both problems can be proposed to enhance the network’s energy efficiency.
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