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Abstract

In the recent years, wireless sensor networks (WSNs) have emerged as new
technology in various applications to obtain information from the environment such
as temperature, humidity, pressure, etc. WSNs are primarily characterized by a
limited, non-renewable power supply. Hence, the need to improve energy efficiency
is becoming increasingly important as it affects the lifetime of the network. In order
to minimize the energy consumption in WSN, this thesis presents models to reduce
the consumed energy and extend the network lifetime by proposing two cases. The
first case discusses five scenarios. In each scenario, the proposed model is divided
into a certain number of clusters, and the proposed model is compared with two other
models. In this case, the model minimizes the number of active sensor nodes, and
determines the optimal position for the single cluster head (CH). To minimize the
energy consumed by the transmit-only sensor nodes, k-mean algorithm is employed
to perform node clustering, and determine one sensor node from each cluster to
represent this cluster. Particle Swarm Optimization (PSO) is used to solve the non-
convex optimization problem of finding optimal location of the CH. In the second
case, the optimal position for the cluster heads (CHs) in the networks where natural
obstacles are studied, such as mountains, buildings or a group of trees, exist within
observer field. These obstacles may block the communication between transmit-only
sensor nodes and a CH in WSNSs. In this case, the observer field is divided into k-
groups, where each group has the greatest number of sensor nodes that have a line-
of-sight (LOS) among them. This sub-problem is formulated as a graph partitioning
problem. Moreover, the optimal position of the CHs is determined in each groups
such that LOS is maintained between the CH and its sensors nodes. In order to
minimize the energy consumed by each group within the target field, PSO algorithm
is used to find the optimal location of the CH. Simulation results show that the first
proposed case achieves better network lifetime compared to its comparators. While
the second proposed case shows that the proposed model achieves the best
partitioning of the network, the best communications between sensor nodes and its
CH, and the best network lifetime compared with a model that splits the sensor nodes
using the coordinates of the obstacles (heuristic model). The percentage of lifetime

improvement is 22% and 16% in the first and second scenarios, respectively.
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Chapter One

Introduction to Wireless Sensor Networks

1.1 Background

Wireless sensor networks (WSNs) have attracted the interest of researchers in the
recent years due to their wide applications. WSN is a kind of wireless ad hoc
networks [1] that is widely used in civilian, military, environment monitoring, and
security approaches [2], [3]. The WSNs used broadcast communication pattern
whereas ad hoc networks use point-to-point communication, the number of nodes in
WSN is greater than in an ad hoc network, and the battery of a WSN is not

rechargeable or replaceable, while the battery of ad hoc network is replaceable.

WSNs are composed of a set of nodes equipped with one or more sensors,
memory, simple process, an RF antenna and limited energy sources. A sub-set of
WSNs is Transmit-Only (TO) sensor Network. These networks are composed of
sensor nodes with TO ability, and cluster head(s) (CH) that have the transmit-receive
ability. The CH bears the additional workload that receives the sensed data from

sensor nodes, collects it and sends it to the base station (BS).

WSNss consist of sensor nodes with the ability to sense and monitor different types
of environment conditions from the observer field such as temperature, pressure,
moisture, vehicle motion, soil features, lightning state, levels of noise, levels of
mechanical stress on annexed objects, the presence or absence of a specific types of
things in an environment, and the existing properties such as directions, sizes, and

velocities of objects [4].



For many WSNs, normal nodes inside the scene are chosen as CHs, which affects
the lifetime of the chosen sensors due to the extra workload [5]. Several researchers
have suggested the use of nodes equipped with additional energy (special nodes)
called gateways, and these gateways are similar in their work to the CHs [5]. TO
sensor nodes are spread in large numbers and usually randomly in the monitoring
field to form WSNs. Energy efficiency is an important factor in the design of WSNs
[6]. Moreover, energy efficiency depends on various parameters for its improvement,
such as the distances between sensor nodes and the corresponding CHs, the position
of the BS, and the residual energies of the TO sensor nodes. BS is usually rich of
energy, while the energy of the sensor nodes is limited (1.5 volts) [7]. There are
several types of batteries used in WSNs such as nickel-cadmium, nickel metal
hydride, alkaline, reusable alkaline, zinc-carbon, and lithium polymer [8]. The
energy of the sensor nodes is the most valuable resource in the network. Therefore,
the efficient consumption of the energy to extend the lifetime of the network is the
focus of recent research on WSNs. Despite the different definitions of WSN network
lifetime (number of rounds), the most common definition is adopted, where lifetime
of a network represents the different time between the operation time of the network

to the depletion and death of the first TO sensor node.

WSNs consist of big number of small, multifunctional, and inexpensive sensor
nodes that are capable to sense, process, and communicate data from the physical

environment to a remote node. These sensor nodes act as transmit-only devices as in

[9].



The base station (BS) is one of the components of the WSNs with much more
computational, energy, and communications resources. It acts as a gateway between
sensor nodes and the user end as they usually forward sensed data from the observer
field to a remote server. WSN includes a mediator device between the sensor nodes
and the BS called a cluster head (CH), which is responsible for receiving data from
the TO sensor nodes and forwarding them to an off-the-field BS for further
processing. CHs deplete their energy by reception and transmission processes, while
TO sensor nodes consume their energy by sensing, processing, and transmitting the
sensing data to the CH. The energy consumed by TO sensor nodes as transmitter is
proportional to the distance between the transmitter and the receiver. Thus, reducing
the transmission distances leads to reduction in energy consumption in TO sensor
nodes. In this thesis, the work considers only the energy dissipated in the network by
transmission and reception process, and do not take into account the energy
dissipated by sensing the observer field and processing the sensing data because the

energy consumption in these two cases is almost constant among sensor nodes.

Figure 1.1 shows the typical structure of the WSNs, where the SN represents the
transmit-only sensor nodes that are distributed in the observer field, and the CH is
responsible for collecting the data from corresponding sensor nodes and transmitting

it to BS.
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Figure 1.1. An illustration of wireless sensor networks [10].

1.2 Problem Definition

The limited energy sources of the wireless sensor nodes are one of the most
factors affecting the lifetime of the WSNs [11]. It is usually difficult to recharge and
replace the energy supply of the sensor nodes due to their spread in harsh
environment [6]. This problem has driven a wave of researches that aim at
optimizing energy consumption and thus prolonging the lifetime of the network. In

some applications, it is impossible to replenish the energy source of the sensor nodes,



and therefore the network lifetime depends on the lifetime of the sensor nodes'

batteries.

Natural obstacles in the observed field can present a problem, due to the absence
of line-of-sight (LOS) among TO sensor nodes and the CHs, and thus affect the
connectivity and coverage of the WSN. Some of TO sensor nodes will prevent
transmitting information to the CH, because there is no LOS between them, which
may reduce the area monitored in the observer environment. Hence, this may result
in coverage holes. To get the coverage of the entire network, one CH is identified for
each specific group of TO sensor nodes. The presence of a LOS was also confirmed

between each TO sensor nodes and its CH.

1.3 Research Aim and Objective

The aim of this work is to extend the lifetime of the network and reduce the
energy consumption in the whole network by selecting the optimal location of the
CH within its group after clustering the network into clusters. In addition to that, this
study aims at ensuring the coverage of the entire network, as well as making a
balance in energy consumption among the partitions in the whole network. The
objective of first case is achieved by proposed a clustering method that schedules the
operator sensor nodes in each cluster, after that determine the optimal location of the
CH within the observer field. The objective of the second case is achieved by
splitting the network with obstacles into k-groups using graph partitioning technique

and determine the optimal location of the CHs within their groups that minimize



energy consumption of the network and provides a LOS between the network

components, to ensure that the entire network is covered.

14 Motivation

WSNs have gained significant research attention in recent years due to its
versatile applications. In WSNs, sensor nodes are usually equipped with limited,
non-rechargeable, and non-renewable power supplies, especially in harsh and hard-
to-reach environments. This power limitation imposes a practical challenge that
researchers face in the field deployment of sensors, which is to keep the network
running for as long time as possible by reducing the energy consumption of the
sensor nodes. This can be realized by the use of different types of technologies, such
as the method of network partitioning, as well as finding the optimal location of the

CHs.

1.5 Contribution

e In the first case, the network lifetime is extended by scheduling the
operation of the sensor nodes in each cluster thus prevent redundant sensed
data, and determine the best CH location.

e In the second case, the best division of the sensor nodes which have
approximately equal number of sensor nodes in each group which leads to
the balance of the energy consumption of the groups. The best
communication between the CHs and their sensor nodes as LOS is

provided between them to ensure the coverage of the whole network. Thus,



1.6

extend the network lifetime by determine the optimal location of the CHs
within their groups that reduce the energy consumption of the network and

provide a LOS between the network components.

Outline of the Thesis

Chapter two: This chapter includes a brief explanation of the wireless
sensor networks (WSNs) in terms of the network model and the
mathematical model, as well as a background on the algorithms used in the
work. Those techniques include particle swarm optimization (PSO), graph
partitioning technique, and k-mean clustering algorithm. Finally, a review

of some published literature related to the work is presented.

Chapter three: It covers the proposed model for the first case with five
scenarios. In each scenario, the proposed model is compared with other two
models, where the first model uses Geometric Mean, finding the location of
the CH. In contrast, the second model uses the PSO algorithm to find the
position of the CH. Finally, the presentation and simulation of the results

are presented in detail in this chapter.

Chapter four: This chapter focuses on studying the presence of obstacles
in the network that may prevent communication link between the network
components, as it is called the second case. The proposed model is

compared with another model that is non-intelligent in dividing the network



into k-groups (it is called heuristic model) in two scenarios. The results are
shown at the end.
Chapter five: This chapter states summary conclusions of the proposed

model, and provides suggestions for improving future work.



Chapter Two

Theoretical Background and Literature Review

In this chapter, the models of the power optimization of wireless sensor networks
(WSNs) are introduced, in addition to the required theoretical background regarding
PSO, graph partitioning algorithm, and k-means clustering algorithm. The chapter

ends with a summary of some published papers related to the work.

2.1 Wireless Sensor Networks

WSNs consist of a large number of low cost and small sensor nodes, which
operate as transmitter-only (TO) devices, and which are usually randomly distributed
in two-dimensional observer field. Each TO sensor node is able to sense, process,
and send the sensed data to a cluster head (CH) or a base station (BS), as the sensor
nodes transmit their sensed data directly to the BS when there is no CH in the
network. The CH acts as a mediator point between the networks’ nodes and a remote

node.

The energy is consumed by TO sensor node for sensing the observer field, and
transmitting the sensed data to the BS. The limited energy sources of the sensor
nodes are the key drawback of WSNs due to the difficulty associated with replacing
and/or recharging the nodes’ batteries because of their large numbers and hostile
environments distributions [12]. Energy conservation and prolonging lifetime of

WSNss are the main challenges in building and implementing these networks [13].



In the transmission phase, the CHs create a time division multiple access (TDMA)
schedule to organize the transmissions and also to avoid interferences during
transmissions [14]. They assign a frame to each cluster, and this frame consists of a
time slot, each sensor node has one time slot to send its data to the corresponding
CH, and remain in sleep state in the rest of the frame. The number of time slots in the
frame depends on the number of sensor nodes in the cluster. After all sensor nodes
transmit their data (at the end of the frame), the CH transmits the collected data to the

BS.

The energy dissipation model that is used here is similar to the model considered
in [9], [15], [16]. The energy dissipated by the i*" transmit-only sensor node Ery;
for transmitting p-bits of sensed data, and the energy dissipated by the CH as a

receiver Egy for receiving p-bits of data from TO sensor nodes are depicted as

follows:

Erxi=(a+p.d").p 2.1
Erx = N.y.p (2.2)
where i = 1,2, ...., N, and N is the number of TO sensor nodes in the observer field.

d; is the Euclidian distance between the i™" transmit-only sensor node and the CH. «
and f are constants associated with the transmitter and receiver circuits [17]. u is the
path loss exponent (2< u <5) [17], [18]. p is the number of data bits. y is a

constant that is related to the receiver circuit and its value is equivalent to a [17].

10



The total energy consumed by TO sensor nodes in the whole network is given as

follows:

Erx = XN (a+p.d").p (2.3)

Hence, based on Equations 2.1 and 2.2, the total energy consumed by the CH for
receiving the sensed data from N transmit-only sensor nodes and forwarding them to

the BS is given by:

Ecy=N.y.p+N.(a+p.d).p (2.4)

where E.y is the total energy consumed by the CH in the observer field, d;, is the

Euclidian distance between the CH and the BS.

The energy consumed during transmission processes is proportional to the
distance between the transmitter and the receiver. Figure 2.1 shows a simple example
of the amount of energy consumption, where the dotted arrows represent the
direction of transmission and the transmission distance of the TO sensor nodes and
the CH in the observer field. The first sensor node (SN1) consumes higher energy
during sending its data to the CH due to the large distance between the SN1 and the
CH. The second sensor node (SN2), however, consumes less energy during

transmission owed to the shorter distance between the SN2 and the CH.

11
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Figure 2.1. An example showing the energy consumed in the WSNs and its relation

to the distance between the transmitter and receiver.

The total energy dissipated in the entire network by the TO sensor nodes and the

CH is the sum of Equations 2.3 and 2.4, which is given as follows:

Eior =Y (a+B.d").p+N.y.p+ N.(a+p.d}).p (2.5)

2.2 Particle Swarm Optimization (PSO)

PSO algorithm is an evolutionary computing technique that has been extremely

popular recently. It is one of the effective algorithms that is inspired from natural

12



life. In general, PSO techniques are inspired by the social demeanor of biological
organisms. PSO is usually chosen to numerically solve complex optimization
problems due to its state of implementation, quality of the solution, ability to eloping
from local idealism, and rapid convergence [19]-[21]. It can be used to solve
nonlinear and multi-peak optimization problems, especially in the fields of science
and engineering [22]. PSO can be used in many fields, such as neural network,
mechanical design, image processing and communication [23], precisely, the ability
of groups of some kinds of animals to act together to search for a desired location in
a target area, for example, a flock of birds searches for a source of food. This search
behavior is linked to optimal searching for solutions to nonlinear equations in a

search area [19].

PSO uses a sequence of iterations in an attempt to improve a particle solution
regarding given measurement quality or application [24]. PSO technique is usually
used to find the position of the particle associated with the best evaluation of a
particular fitness function. The fitness function is used to assess the significance of
each particle in the search area. In the first case, the PSO algorithm was used to
minimize the total energy consumed in the entire network by TO sensor nodes
through minimizing the total transmission distance between TO sensor nodes and a
CH. In the second case, the PSO algorithm was used to minimize the number of TO
sensor nodes that do not have line-of-sight (LOS) with their corresponding CHs. In
addition, PSO was used to minimize the total energy consumed in each group by TO
sensor nodes and their corresponding CHs through minimizing the total transmission

distance between them. The optimization problem here is convex, which is to find
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the optimal location for CH, so using any optimization algorithm will give the same

results.

In the PSO problem, each particle is defined by its position and velocity along
each dimension of the problem. Initially, the particles of the swarm are drawn
randomly from a pre-defined probability distribution within the search space. The
particles iteratively update their position and velocity until they reach a possible best
solution. In each iteration, the particles utilize the information of their previous best
individual position and the global best position to converge to the final answer. The

position and velocity update equations can be stated as follows:

Vig(£) =wx v (6 — 1) + 171 (pig — xia(t — 1)) + o1y (pgd — xiq(t — 1))
(2.6)

Xig(t) = x;q(t — 1) + v;4(t) (2.7

where x;; and v;, are, respectively, the position and velocity of the i*" particle.
(c1,¢2) are learning factors, and ( rq, 1) are two different random numbers uniformly
distributed between 0 and 1. p; is the best position of the i*® particle, and Dga 1s the
global best position. t is the iteration index, and w is the inertia weight [19]. There is

a lot of literature in WSN that uses PSO algorithm to solve problems in these

networks as in [5], [12], [20].
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2.3 Graph Partitioning Technique

Graph partitioning technique (GPT) has attracted the interest of many researchers
in various fields due to its wide range of application. GPT is nondeterministic
polynomial-time complete problem (NP-complete problem) [25]. Hence, no
algorithm can solve this problem in polynomial time, and thus, it is approximately

solved.

The basic idea of this algorithm is as follows: giving an undirected weight graph
G = (V,E), where V is the set of vertices (here represent the TO sensor nodes), and
E is the set of edges. The edges, E, represent the presence of a LOS path between
two TO sensor nodes, and their weight is determined by the distance between these
two TO sensor nodes. If the number of vertices (number of TO sensor nodes) is
N = |V| and the number of edges is m = |E|, the TO sensor nodes can be divided
into k-groups, which form a set of non-overlapping partitions P = {V;,V,, ....., Vi },
ie, VinV;=0 and VUV, U.....UuV, =V [25], where P is the set of non-

overlapping partitions.

The cost (weight) of the edges in the work is inversely proportional to the
distances among endpoints. Also, the objective of the GPT is to partition the vertices
into k-partitions and simultaneously reduce the number of edges that have endpoints

in multiple partitions (aka edge-cut) [25].

When applying the GPT method to WSNs, the algorithm works as follows: the
nodes in the target field are split into k-partitions by cutting the edges that have low
cost (weight) between partitions, minimizing the number of edges that have

15



endpoints in different groups (edge-cuts), and maximizing the aggregate of all edge

weights in the same partition [26].

The definition of cut technique between two subgroups A and B is depicted in

[26], [27] as follows:

Cut(A, B)=Xiea,jes Wi j (2.8)

where W; ; is the cost of the edge between node i and node j. The aggregate of all
edge weights in group A is represent by W(A) = W (A4, A). The goal is to minimize
Cut(4, B) and maximize W (A) and W (B) simultaneously (the min-max partitioning
principle), which can be achieved by minimizing the following objective function

(aka min-max cut function) [26]:

__Cut(A,B) + Cut(A,B)
w(4) W (B)

Mcue 2.9)

where M¢,,; is the min-max function. Figure 2.2 shows a simple example of GPT,
where the circles represent the vertices (TO sensor nodes) and the blue dotted lines
represent the undirected edges between endpoints. The red dashed line represents the

cut line of the edges to create two groups.
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Figure 2.2. An example of a graph partitioning problem.

The L-bounded GPT in which all partitions have equal number of TO sensors

. C : . N .
(i.e., equal size) is considered to be a perfectly balanced. It is defined as L = p (i.e.,
N. . . ..
the output of - is without any remainder). However, when the partitions are not of

L N . . . .
equal size (i.e., the output of p with remainder), it has an € percentage of imbalance,

L=i(1 -I-E).ﬂ 25], [28]. This thesis seeks to obtain an approximately equal
p pp y eq

number of sensor nodes in each group to ensure a balance in the energy consumption

of the groups.

24 K-means Clustering

'k-means' is an unsupervised machine learning technique that is mainly used for

grouping unlabeled data, which makes it a suitable choice for solving the problem
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under consideration. The concept of clustering is usually used to facilitate network
operation, where the network is divided into a number of clusters based on the
physical distance between TO sensor nodes. Clustering is a popular technique that
can be used to reduce the communication distance between the sensor nodes
(transmitter) and the corresponding CH (receiver), and reduce the energy
consumption of the sensor nodes [29]. In addition, clustering reduces communication
overhead, reinforces resource utilization, and scalability where sensor nodes can

enter or depart the cluster without impacting the whole network [29].

Here, the 'k-means clustering algorithm' was used to split the sensor nodes in the
network area into k-groups based on their Euclidian distance from the centroid
nodes, each group contains a random number of sensor nodes. Thus, there is a k

centroids, one for each cluster. The equation of the target function is defined as [29]:

: 2
§ =3 Xllz! - gl (2.10)

where ||.||? is the 2-norm operator, Z; is the two-dimensional location of i*" sensor
node, C; is the two-dimensional location of the j th centroid node, N is the number of

the sensor nodes in the network, and k is the number of clusters.

2.5 Literature Review

Many researchers have focused on WSNs to extend the network lifetime due to

wide applications. Therefore, in order to improve energy efficiency and to prolong
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the lifetime of the network, they have worked to reduce the energy consumption of

the network. Some of the related published papers are summarized as follows:

W. R. Heinzelman, et al. in 2000 [15]: The authors proposed Low-Energy
Adaptive Clustering Hierarchy (LEACH) to minimize energy consumption of the
network. LEACH is a clustering-based protocol that uses random rotation of cluster
heads to evenly distribute the energy load between sensor nodes in the field.

This protocol contains two phases, one is called set-up phase and the other is
called steady-state phase. In the set-up phase, CHs selection and clusters’ formation
tasks are performed, while in the steady-state phase, the CHs aggregate the data from
sensor nodes and forward it to BS. These phases are repeated during regular time
intervals to rotate role of CH between all sensor nodes and re-clustering to balance
the network load. LEACH does not take into account the remaining energy of the
sensor nodes when they are selected to be CHs (i.e. each sensor nodes have equal
probability to become CH).

Simulation results demonstrate that LEACH protocol can achieve up to 8 factor
reduction in energy dissipation compared to traditional routing protocols. It is able to
evenly distribute energy dissipation in the network, and doubling the network

lifetime.

W. B. Heinzelman, et al. in 2002 [30]: In this paper, the authors aim to improve
the performance of LEACH, by protocol called LEACH-Centralized (LEACH-C). In
the set-up phase, all sensor nodes transmit information about their locations and
energy levels to the BS. The BS utilizes these information to find a predetermined

number of CHs and forms clusters. Then, BS sends a message that contains the
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cluster head ID with their TDMA schedules for all sensor nodes. The steady-state
phase of LEACH-C is similar to LEACH protocol. Simulations show that LEACH-C

protocol is better than LEACH protocol in terms of the network lifetime.

N. M. Abdul Latiff, et al. in 2007 [20]: Their proposed protocol has been
compared with LEACH and LEACH-C and showed better results in terms of
network lifetime and data delivery at the BS. The proposed approach is based on the
energy aware cluster-based protocol to minimize energy consumption of the network,
using PSO algorithm.

The main objective of this paper is to determine the CH that can reduce the intra
cluster distance between it and its sensor nodes, and optimize energy management in
the network. Each sensor node transmits its information regarding location and
current residual energy to the BS. The BS in turn calculates the average energy of all
sensor nodes. To make sure that only sensor nodes with enough energy are chosen as
CHs. After that, the PSO algorithm in turn clusters the sensor nodes and select the
best number of CHs that minimized the cost function. The BS sends the information

about the ID of the CHs for each sensor nodes.

E. Natalizio, et al. in 2008 [18]: Proposed a mathematical model to maximize
path lifetime by determine the optimal placement of the sensor nodes on a single data
flow in WSNs. These sensor nodes are located between source and destination that
have previously determined their location. The placement selection of the sensor
nodes depends on the residual energies of the sensor nodes.

In this paper, the results do not show any specific correlation between the path

length and the lifetime. The longer path will contain more sensor nodes than a shorter
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path. The proposed approach (energy spaced) is compared with another two
approaches, first, random, and second, evenly spaced placement of the sensor nodes
along the path between the source and the destination. It was observed that the
proposed approach was the best of the other two approaches in term of the path

lifetime.

S. Babaie, et al. in 2010 [2]: The main aim of this paper is to minimize the
energy consumption by proposing Clustering approach based on Cluster head using
Genetic Algorithm (CCGA). Initially, they choose k cluster heads from the sensor
nodes according to some parameters, and the remaining sensor nodes become
members of the closest CH (i.e. create clusters). There are several constraints that
must be used in order to get the optimal CHs, and divided the network into clusters.
Thus, this is done using the Genetic Algorithm (GA) to find the optimal solutions.
Therefore, the constraints that determine the selection of the CHs and clustering the
network are:

e The distance of the CHs should not be close to each other, rather the distance
between them should be reasonable. If the distance is not reasonable, the
member nodes of each CH is not equal. Hence, this leads to the CHs with
largest number of member nodes to lose their energy prematurely.

e Number of cluster member (number of the sensor nodes associated to each CH
to form clusters), this constraint depends on the first constraint. Thus,
regulating the previous constraint leads to an approximately equal number of
cluster members.

e The last constraint is the distance between the sensor nodes and their CHs.

This constraint is considered one of the most important constraints, as it
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specifies the sensor nodes that have a minimum distance for the CH from
other CHs. In addition, the total internal distance of the cluster is the minimum
for each of the cluster members to their CH.

Simulation results show that the proposed CCGA algorithm produces better

clusters and extend the network lifetime.

S. Ebadi, et al. in 2010 [13]: In this paper, the authors proposed an algorithm to
prolong the lifetime and minimize the energy consumption of the WSNs. They
propose the hierarchical and multi-hop clustering algorithm. This algorithm seeks to
divide the network into clusters and assign two CHs for each cluster, one is called
low level CH and the other is called high level CH. The low level CHs is responsible
for collecting, aggregating, and sending data to the high level CH. The high level
CHs are responsible for receiving data from the low level CHs and sending it to
another high level CHs or to the base station, where the communication process
among CHs and the BS is in multi-hop. Whereas the communication between the
sensor nodes and their CHs is in single-hop. Simulation results showed that the
proposed algorithm is the best in terms of network lifetime compared to LEACH

protocol by more than 28%.

S. E. Khediri, et al. in 2014 [31]: The authors worked to Optimize Low Energy
Adaptive Clustering Hierarchy (O-LEACH) by selecting the cluster according to the
remaining energies of the sensor nodes dynamically. Their proposed algorithm was
compared to LEACH and LEACH-C, and showed to be the best in terms of stability
of the network. Therefore, the stability of the network is that the proposed system

keeps its sensor nodes alive as long as possible than LEACH and LEACH-C (the
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network is called stable network, when all sensor nodes are alive). Hence, the
selection of the CHs among the sensor nodes is based on the residual energy after

each round.

V. Pal, et al. in 2015 [32]: The authors proposed the clustering algorithm by
determining a head for each cluster and optimize the number of the CHs using
genetic algorithm. The authors proposed switching the role of the CHs between the
sensor nodes. They compared their proposed work (LEACH-GA) with LEACH and
LEACH-C protocol, LEACH-GA works to optimize number and selection of the
CHs. Thus, they found that the LEACH-GA is the best in terms of the first node

death and half node death.

V. Pal, et al. in 2015 [33]: The authors proposed a clustering approach for
extending network lifetime by balancing cluster size using thresholds, that used
initially in cluster configuration in each round. Two thresholds are used in such
approach: Thgyster Which represents the number of sensor nodes in clusters, and
Thgistance (distance threshold) that represents the maximum distances between the
CH and the un-clustered sensor nodes (i.e. when the distance between un-clustered
sensor node and the CH is less than Thy;stqnce » this sensor node joins the cluster).

Thgistance 18 determined initially and its value remains constant in all rounds,
while Th,;,ster changes its value at each round according to the number of
remaining live nodes in each round. Th,p,ster 1S calculated as the number of active
sensor nodes divided by the number of CHs, whereas Thy;stqnce 18 determined by the
trade-off between the total cluster distance and cluster size to obtain the best cluster

quality. CH forms the TDMA schedule and send it to its cluster members. Hence,
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each sensor node has a time slot to send its sensed data to corresponding CH and
remain in sleep state otherwise, i.e. in the rest of the time slots. The results
demonstrate that the proposed clustering approach is better in terms of network
lifetime and has a lower rate of expired sensor nodes compared to the traditional

clustering approach.

M. Aldeer, et al. in 2016 [17]: In this paper, the authors proposed a new model to
increase network lifetime and reduce energy consumption in the network, by
clustering the static TO sensor nodes into clusters. Moreover, it involves determining
the optimal location of the CH within each cluster, which reduces the energy
consumption of TO sensor nodes and the CHs. Therefore, they reduced the energy
consumed by the network as a whole, through minimizing the energy dissipated by
TO sensor nodes and the CHs. The optimization problem is solved by minimizing the
total distance between the CH and its sensor node as well as minimizing the distance
between CH and the BS. They compared the proposed model with two other models
in two scenarios, in each scenario, the proposed model outperforms the other two

models in term of the network lifetime.

J. Wang, et al. in 2016 [34]: The Energy-balanced Unequal Clustering Routing
(EUCRP) algorithm is proposed to balance the energy consumption of the network.
The aim of the proposed algorithm is to divided the network into clusters using non-
uniform clustering approach. Thus, creating shortest path tree to find the best multi-
hop transmission paths to achieve efficient data transmission between the sensor
nodes and the base station. The selection of the CHs in the proposed algorithm

depends on the density of the sensor nodes in the target field, the residual energies,
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and the distances between the sensor nodes and the BS. Simulation results show that
the EUCRP can efficiently balance the energy consumption of the sensor nodes,
reducing the speed of the death of the sensor nodes, and extend the lifetime of the

network.

A. John, et al. in 2017 [35]: Energy Saving Cluster Head Selection (ESCHS)
method are proposed in this paper to improve network lifetime, by using of the
notion of uniform clustering to form clusters and residual energy of the sensor node
to select the CH in each cluster. The sensor nodes with higher residual energies than
the average residual energies of their corresponding clusters are selected as CHs. The
number of clusters are decided initially. They calculate the mid points by calculating
the central point and the average distance between the central point and all sensor
nodes. Thus, clusters are formed according to the distance between the sensor nodes
and each mid point, where the sensor node with a minimum distance to a certain mid
point, the sensor node belongs to that cluster. The ESCHS is compared with LEACH
and D-LEACH algorithms. The results showed that the ESCHS is the best in terms of
the rate of the residual energy of the sensor nodes in each round (energy saving) and

of the first sensor node died.

M. Aldeer, et al. in 2019 [9]: In this work, the authors proposed to increasing the
lifetime of the network (reduce energy consumption), and maintaining network
coverage. The sensor nodes are randomly distributed and are static while the CH is
moving among the sensor nodes in the monitoring field. The position of the CH
changes with each round as the CH tends to be located near a sensor node that has

less residual energy than the rest of the sensor nodes in the monitoring field. The
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optimization problems are solved by maximizing the total residual energies of the

sensor nodes and the CH in each round.

P. Zhuojin, et al. in 2019 [36]: The researchers proposed an algorithm to
minimize energy consumption of the sensor nodes in WSNs. They divided the
network into four groups such that each group contains an equal number of sensor
nodes. In this work, the authors proposed an Energy Efficient Sleep-Scheduled Tree-
Based Routing Protocol (EESSTBRP) that corrects the formation of the chain in
PEGASIS.

In [37] they proposed an improved PEGASIS protocol (Power-Efficient
Gathering in Sensor Information Systems) to improve the lifetime of the sensor
nodes in the network. In PEGASIS protocol, a chain is created to connect all sensor
nodes with each other using the greedy algorithm, where the data is sent along the
chain until reaching the chain leader. The chain leader in turn collects the data and
sends it to the BS.

In EESSTBRP protocol, they assumed that every two adjacent sensor nodes at a
certain distance sense similar data from the target field, and thus they make these two
sensor nodes work alternately, to prevent data duplication. These sensor nodes are
called paired nodes. All sensor nodes that do not have adjacent sensors are assigned
with an active mode throughout the rounds until they are dead, while the paired
sensor nodes are switched between active and sleep modes during rounds until they
are dead.

The CH selection in each round is based on the weight value that is based on the
residual energy of the active nodes and its distance to the BS. Therefore, they build a

minimum spanning tree for each group, where the roots are represented by the CHs.
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This procedure is done by using prim's algorithm. The child active node transmits its
sensed data and residual energy data to its parent node. The parent node will collect
the received data and its sensed data in addition to its remaining energy. This
procedure is done throughout the tree, until data is received by the CH nodes.
Therefore, the CH node in turn sends its information and the received aggregate data

to the BS.

T. J. Swamy, et al. in 2019 [38]: An Energy Efficient Leveling Protocol (EELP)
is proposed to ensure communication security, reduce message delay and maintain
energy efficiency in military communications. The optimization problem is solved by
selecting the optimal CH and determining the sensor node location in WSNs. The
network is divided into clusters and each cluster is headed by a CH. Among CHs,
some are important and others are normal. The important CHs are responsible for
transferring data between the BS and other CHs. These important CHs are identified
by reducing their depth from the BS by minimizing the number of hops. The
proposed EELP protocol are compared with the LEACH and HEED protocols. The
simulation results show that the proposed approach increases the network lifetime,

providing secure data compared to LEACH and HEED protocols.

M. Zivkovic, et al. in 2020 [39]: The authors proposed an improved version of
the firefly algorithm (IFA) to extend the lifetime of the network and reduce power
consumption by dividing the network into clusters and determine the optimal CH for
each cluster. Their proposed approach took two things into consideration when
dividing the network into clusters, the first is the energy consumed during the

transmission process from the sensor nodes to the corresponding CH, and the second
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is the energy consumed by the CH to collect data and send it to the BS. The proposed
approach (LEACH-IFA) was compared with LEACH, LEACH-PSO, and LEACH-
FA, which were conducted for the same network infrastructure. Simulation results
proved that LEACH-IFA is the best in terms of the death of the first sensor node, the
death of half of the sensor nodes and the death of all sensor nodes, as well as in terms

of the number of data packets sent to the BS for a certain number of iterations.

J. Singh, et al. in 2021 [40]: The authors proposed a clustering approach to
obtain uniform size clusters (USCs) and reduce the intra-cluster communication
distance, hence increasing the lifetime of the network. They compared their proposed
approach (LEACH-USCs) with [30], [33] in terms of the number of sensor nodes in
each cluster, the intra-cluster distance, and the lifetime of the network (in terms of
first node death, half node death, and last node death). The selection of the CHs is
similar to [30], [33] after which the formation of clusters begins, as the sensor nodes
join the nearest CH. Each cluster after this step contains a different number of sensor
nodes. Then the cluster refurbishes phase beginning, as the sensor nodes of large
clusters try to join to other clusters based on the second best choice CH. Simulation

results show that the LEACH-USCs outperforms the comparative methods.

In this thesis, two cases are discussed. The first proposed case aims to schedule
the operation of the TO sensor nodes in each cluster to reduce energy consumption
and prevent data redundancy. The sensor nodes are divided into k clusters using k-
means clustering algorithm, and then one TO sensor node from each cluster is
selected to represent its corresponding cluster. In addition, the optimal location of the

CH is determined using PSO algorithm, such that it is closer to the sensor node that
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has lower initial energy than the rest of the sensor nodes to reduce the energy
consumed in this sensor node during transmission. Most of the literature discusses
flat, obstacle-free environments that may impede the communication links between
sensor nodes and the CH in the network. In the second proposed case, the work is
interested in optimizing the location of the CHs in environments where an obstacles
can block the direct communication link between the TO sensor nodes and their
corresponding CHs as well as extend the lifetime of this WSNs. For this purpose, the
network divided into k partitions using GPT. Further, identify the location of the CH
within each group to facilitate LOS communication between the TO sensor nodes
and their CHs, and increasing the lifetime of the sensor nodes, as well as the entire
network. This optimization problem can be solved using PSO algorithm to determine

the optimal location of the CH within its partition.

2.6  Summary

This chapter presents a brief overview of the techniques that have been used in
this work to facilitate and find the best solutions to the problem of improving the
energy efficiency of WSNs. PSO algorithm is used to determine the optimal location
of the CHs in the network, whereas k-means and GPT are used for splitting the TO
sensor nodes into k-groups in the first and second cases, respectively. Previous
literature discussing reducing energy consumption in WSNs and extending network

lifetime has been reviewed.
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Chapter Three

Simulation and Results of the First Case

3.1 Introduction

This chapter involves explaining the network and the mathematical models of the
first case. It also presents simulation results of five scenarios, and compares the

results of proposed model with two other models in terms of the network lifetime.

3.2 System Model

This section shows the structure of the WSN for the first case, including the
method of distribution of TO sensor nodes, optimal location of the CH, statement and
clarification of the three models, comprising the proposed model. In addition, the
mathematical model (energy model) of the first case is shown. They are described as

the following:

3.2.1 Network Model

This work considers a network model with N transmit-only sensor nodes that is
randomly distributed in an M X M observer field with one CH that has large energy
(i.e. the energy of the CH is not constrained) and a single stationary BS. The results
of three models are compared in terms of the network lifetime. The location of the
CH varies among the three models. It is assumed that the amount of energy

consumed by TO sensor nodes is proportional to the distances between TO sensor
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nodes and the CH. The location of a CH within the monitoring field have been

determined in these three models as follows.

First model: In this model, the CH location is obtained by using the concept
of the geometric mean (GM), where the coordinates of TO sensor nodes are
used to determine the location of the CH. The coordinates of the CH can be

determined as follows [41]:

GMX - A(/ZXl * ZXZ * e e ZXN (3.1)

GMY = I\(/ZYl * ZYZ * e e ZYN (3.2)

where Zyy and Zyy are the locations of TO sensor nodes in two dimensional
spaces, and GMy, GMy are the locations of the CH within two dimensional
observer fields. Figure 3.1 shows the structure of the first network model in
50%50 m? observing field, where the blue circles represent a 50 transmit-
only sensor nodes that are distributed in the monitoring field. The black star
represents the location of the CH within the target field using the concept of

geometric mean.
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Figure 3.1. The first model of the first case.

Second model: The location of the CH is similar to the concept that was used
to find the location of the CHs in [17]. This model reduces the total distances
between TO sensor nodes and the CH to reduce the energy consumption in

the monitoring field to increase the network lifetime.

Figure 3.2 shows the network construction of the second model, showing

the location of the CH in the monitoring field.
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length of monitoring field/m

Proposed model: In this model, the sensing field is divided into k clusters
according to the distances among TO sensor nodes using k-means clustering
algorithm. Each cluster has unequal number of TO sensor nodes. This work
assume that each cluster covers a specific area of the target field, and the
sensed information are highly correlated (i.e., the sensed data of the sensor
nodes in each cluster are the same). The aim is to prevent the transmission of
redundant sensed data that are received from each cluster and to improve the
energy efficiency of the network. The centroid node is selected in each cluster
to represent its corresponding cluster and sense the corresponding part of the

field. It is also assumed that the centroid node has the accumulated energy of

O sensor node

50 % clusterhead| ©O O o
O
45 1o ©
O
40 ° ©
o o}
O
35 O
5 O
~ O
30 o
O
i o o o
25 % O
O O
20 O O
O o o)
15 - o)
O
O O o
10 - @]
o) o) o o
St © o o
O
0 OI LO) 1 1 O 1 1 1 1 1 |

0 5 10 15 20 25 30 35 40 45
width of monitoring field/m

Figure 3.2. The second model of the first case.
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all TO sensor nodes on its cluster, so the energy of the centroid nodes are

unequal based on the number of TO sensor nodes in each cluster.

The case of a single CH that is not constrained (i.e. has large amount of
energy) is considered. Finding the optimal location of the CH in the target
field has been done using PSO algorithm, where the optimal location is near-
by the sensor nodes that have low amount of energy (i.e. close to the cluster
that has low number of TO sensor nodes). The CH receives sensing data from

the centroid nodes, then forwards them to a base station.

Figure 3.3 shows the division of 50 transmit-only sensor nodes in 50X50
m? observer field of the proposed model when the number of clusters is ten.
The proposed model is not affected by the number of sensor nodes and the
network dimensions, because the network infrastructures are the same for the
three models. The circles represent the TO sensor nodes that are randomly
distributed in the observer field, where each color of the circles representing
a particular cluster. The centroid nodes of each cluster are represented by the

pink stars, and the optimal location of the CH is represented by the black star.
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Figure 3.3. The proposed network model of the first case.

In fact, the locations of the CHs in the three models are different, as
shown in the three figures above, where the position of the CH in the first
model is (18.36, 16.4), the position of the CH in the second model is (25.4,

23.68), and the location of the CH in the proposed model is (23.4, 26.86).

3.2.2 Mathematical Model

Giving the observed field, and assuming that there are k clusters, the amount of

energy dissipated by the j™ centroid node as a transmitter Egyo ; for transmitting p-
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bits of data packet is as in Equation 2.1, but is divided by the number of TO sensor

nodes in each cluster. It is given as follows:
1
Erxoj = o (a+B.1)p (3.3)

where j=1,2,...., k. k is the number of clusters or the number of centroid nodes in the
observer field. G; is the number of TO sensor nodes in the j™ cluster. l; is the

Euclidian distances between the j™' centroid node and the CH, and it is given as

follows:

l; = \/(Cxj — CHx)? + (Cy; — CHy)? (3.4)

where the pairs (C xj» Cy j) and (CHy, CHy) are the two-dimensional locations of the

j™ centroid node and the CH, respectively. The amount of energy dissipated by a CH
as a receiver Epyo for receiving p-bits of data packet from all centroid nodes is as in

Equation 2.2, which is given by:

Erxo = k.y.p (3.5)

The total energy consumed by all centroid nodes in the observer field for

transmitting the sensing data, Erxcy, 1S given as:

1
Erxen = j?zla—j(a +B.15).p (3.6)
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The CH consumes energy as a receiver and a transmitter, so the total energy
consumed by CH, E.yrr, is the sum of the total energy consumed by CH as receiver

and transmitter, which is represents as follows:

ECHTR = ERXO + k'ETX = k.y.p + k- (a + ﬁ.dg).p (3.7)

where d;, is the Euclidian distance between the CH and the BS. The number of
clusters affects the proposed model in term of the network lifetime, so when the
number of clusters is ten, it is better than if it was a large number because the energy
consumed during transmission and reception changes according to the number of
clusters. In other words, the energy consumption changes according to the number of
transmitted and received bits of sensed data, which depends on the number of
clusters (number of the centroid nodes). This work takes the number of clusters nine
and not less than that because when the number of clusters is taken less than nine,
clusters are formed in large areas and this may not achieve the assumption, that each
group of sensor nodes are sensed similar data from their part. Therefore, the number
of clusters is greater than eight was taken to achieve the assumption, as well as to

ensure good coverage of the network.

In this model, the optimal location of the CH is near the cluster that has low
number of TO sensor nodes (i.e. near by the centroid node that has low energy).
Also, in order to conserve the energy source of the centroid node which has less
energy, the distance between this centroid node and the CH can be reduced. For this
purpose, the PSO algorithm is used to select the optimal location of the CH, which

reduces the energy consumption for these centroid nodes, and minimizes the energy
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consumption of the entire network. Since the energy consumed by the CH is already
reduced by reducing the number of TO sensor nodes that operating and thus reducing
the number of bits received at the CH, as well as reducing the number of bits that the
CH will send to the BS. So this work assumes that the CH has a high potential (the

CH has a large energy).

The total energy consumed for the entire observer field in each round is the sum

of Equations 3.6 and 3.7, which is presented as follows:
1
Econs = z;;lG—j(a +B.1).p+k.y.p+k.p.(a+B.dy) (3.8)

where E;oys 1s the total energy consumed in the whole network. Equation 3.8
contains two terms: the first term is the total energy consumed by the centroid nodes
to transmit the sensed data to the CH, and the second term is the energy consumed by
the CH to receive the sensed data from all the centroid nodes and then send it to the
BS. Due to the large amount of energy associated with the CH compared to the
energy associated with TO sensor nodes, the amount of energy consumed by the CH
can be discarded from the Equation 3.8. Mathematically, the energy minimization

problem can be formulated as follows, to get the optimal location for the CH:

. 1
CHxopt, CHyopt = argmmCHX‘CHY{ ?zlG—j (a + 5. l]“) p} (3.9

st. 0< (CHy, CHy) <M

38



where the pair (CHyopt, CHyope) is the optimal two-dimensional location of the CH.

The location of the CH must be restricted within M X M monitoring field.

3.3 Simulation and Results

Five scenarios are considered, in each scenario, the proposed model was
compared with two other models for different values of k, and their results have been
compared. In each scenario, the results of the proposed model are compared with two
other models in terms of the number of rounds (network lifetime). The difference in
the scenarios is the number of clusters in the proposed model. All models have the
same way of distributing TO sensor nodes in the observer field. The first and second
models are not clustering, while the proposed model is clustering using k-means
clustering algorithm. The difference between the models lies in the method of
determining the CH location. The simulation parameters are summarized in Table
3.1. The 50x50 m? observer field with 50 transmit-only sensor nodes that are
randomly distributed in the observer field, a single CH with high energy, and one BS
is placed at the edge of the target field are the components of the WSN. The location
of the BS affects the energy consumption in the CH, as the energy consumed in the
CH is proportional to the transmitting distance between it and the BS. The iterations
continue until the first TO sensor node in the observer field consumes all its energy

and dies.
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Table 3.1. Simulation parameters.

Parameter value
Observer area (M*M) (50%50) m?
Network size 50 nodes
Path loss exponent (@) 2
a,y 50 nJ/bit
I 100 pJ /(bit.m?)
Initial energy of each sensor (E,) 5]
Packet size(P) 1000 bit
Simulation round 100000
Base station location (x, y) (25,50)
Communication radius 35m

All models are simulated using MATLAB software. These scenarios discuss the
number of rounds (network lifetime) until the energy of the first TO sensor node in
the observer field is expired. The TO sensor nodes consume a specific amount of
energy in each round as transmitter. Thus, the energy of the TO sensor nodes is

decreased in each round.

Figure 3.4 shows the performance of the first scenario in term of the number of
rounds, where the proposed model is compared with two other models in which the
number of clusters in the proposed model are nine. In the first scenario, it is noticed

that the proposed model is better than the other two models. Thus, the results
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demonstrate that the proposed model increased in the first scenario about eight times

over the first model and five times over the second model.

x10*

N N N N N
o N £ [e)] [e]

number of rounds(lifetime)
oo

first model second model proposed model
CH location

Figure 3.4. The number of rounds of the first scenario when k=9.

In general, all scenarios are the same as the first scenario, but the number of
clusters is different in the proposed model, whereas the first and second models have
the same results in all scenarios. Figure 3.5 shows the performance of the second
scenario when the number of clusters are ten. The results of this scenario show that
the proposed model increased by almost seven and four times over the first and

second models, respectively.
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Figure 3.5. The number of rounds of the second scenario when k=10.

Figure 3.6 shows the results of the third scenario when the number of clusters of
the proposed model are eleven. Thus, the proposed model outperforms the other two
models in terms of the number of rounds (network lifetime), due to the reduction in
the transmitting and receiving energy consumption of the TO sensor nodes, and the
CH in each rounds. Therefore, the proposed model increased by about six times over

the first model and three times over the second model.
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Figure 3.6. The number of rounds of the third scenario when k=11.

The fourth scenario discusses the number of rounds when the number of clusters
in the proposed model are twelve as shown in Figure 3.7. The results showed that the
proposed model is better than the other two models, and therefore the proposed
model increased about five and three times over the first and second models,

respectively.
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Figure 3.7. The number of rounds of the fourth scenario when k=12.

However, as the number of clusters increases in the proposed model, the number
of rounds (network lifetime) gradually decreases, as in the fifth scenario depicted in
Figure 3.8. The lifetime of the proposed model decreases from that of the second
model when the number of clusters is 45. The reason for this behavior can be seen
from Equations 3.8 and 3.9, where the total consumed energy relates to the number
of clusters, and, thus, as the number of cluster increases the consumed energy
increases as well. In other words, the proposed model outperforms the other two
compared models when the number of clusters is small related to the number of

sensor nodes in the field (i.e. when k/G is small).
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Figure 3.8. The number of rounds of the fifth scenario when k=45.

The results show that the energy consumption in the TO sensor nodes as
transmitter and the energy consumed in the CH as receiver and transmitter are
minimized. Since instead of receiving sensing data from all TO sensor nodes it will
only receive sensing data from the centroid nodes and send it to BS. This work notes

that the proposed model is better if the number of clusters is relatively small.

34 summary

In this chapter, the first proposed case is discussed, where the goal is extend the
network lifetime and minimize the energy consumption of the observer field. This
goal is achieved by reducing the number of operating TO sensor nodes by splitting

the network into k clusters and determine one sensor nodes from each cluster to
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represent its corresponding cluster. In addition, the optimal location of the CH is
determined within the target field that reduces the energy consumption of the TO
sensor nodes, thus reduces the energy consumption of the CH, and thus, reduces the
energy consumption of the whole network. The presence of obstacles in the
monitoring environment caused a gape in the first proposed case, forcing work to
address the presence of obstacles that may hinder direct communication links

between the network components, which will be presented in the next chapter.
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Chapter Four

Simulation and Results of the Second Case

4.1 Introduction

This chapter discusses the second proposed case that deals with the presence of
obstacles in the monitoring field that may hinder the communication links between
the sensor nodes and the CHs in the network. This work discusses the proposed case
for solving the problem of power optimization of WSNs, introducing the system
models (network model and mathematical model), building a simulation
environment, and evaluating the generated results in a similar manner to that
introduced in the previous chapter. Two scenarios are discussed in this chapter, in
each scenario the proposed model is compared with a heuristic model in terms of the
minimum network lifetime and the lifetime difference between the maximum

lifetime and the minimum lifetime of the network groups.

4.2 System Model

This section provides an explanation of the structure of the wireless sensor
network (network models) that includes the proposed model, the heuristic model and

the mathematical formulation of the second case.

4.2.1 Network Model

This work considers a network model with stationary TO sensor nodes that are

distributed randomly in two-dimensional monitoring field (M X M). Hence, random
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deployment is a simple way to deploy TO sensor nodes, but it may result in
unbalanced deployment [42]. In addition, there are obstacles in the target field that
may block the communication link between TO sensor nodes and the CHs in the
network. Therefore, the observer field is divided into two groups and one CH is
allocated for each group to receive data from its TO sensor nodes and forward them
to an out-of-field BS. The reason for this nodes grouping is to guarantee a LOS link
between each TO sensor nodes and the CH in the presence of field obstacles that may

hinder the TO-CH communications.

Two scenarios are considered in this chapter:
o The first scenario: when the energy of the CH is not constrained (i.e., the
CH has sufficient source of energy and has high potential).
o The second scenario: when the energy of the CH is constrained (i.e., the

CH has limited energy).

In the latter scenario, the energy consumed by the CH affects the network lifetime
and the optimal location of the CH. In each scenario, the proposed model is
compared with another heuristic (or a Naive) model, where there is no intelligence
involved in the solution when splitting the sensor nodes into groups. The two models

are described as follow:

e Heuristic model: the presence of the obstacles and the knowledge of their
locations may suggest that the process of splitting the TO sensor nodes can be
done by using the coordinates of the obstacles, where the sensor nodes under

the obstacles are in the first group and the rest are within the second group as
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shown in Figure 4.1 which appears later in this chapter. With this model,
determining the location of the CH in each group considers the presence of a
LOS path between the CH and its sensor nodes and reduces the energy
consumption in each group. This is achieved using PSO algorithm. However,
this partitioning leads to a large difference in the consumed energy between
the two groups due to the non-optimal partitioning of the TO sensor nodes
between the two groups. This makes the group with the larger number of TO
sensor nodes depletes its energy faster than the other group, and thus the

network lifetime expires as well.

Proposed model: in this model, the sensing field is divided into two groups
using GPT. Initially, a LOS paths are found among TO sensor nodes and then
create an N X N binary matrix of 0’s and 1’s to indicate the presence (1) and
absence (0) of the LOS path between every two sensor nodes in the observer
field. In other words, an entry of 1 means the presence of an edge between the
two sensor nodes, and an entry of 0 means there is no edge between the two
sensor nodes. The distances between TO sensor nodes is taken into account
when GPT is used to compute the cost (weight) of each edge. So, when the
distance between two TO sensor nodes is small, the edge cost is large and it is
difficult to cut it. Meanwhile, when the distance is large, the edge cost is
small and it is easy to cut it. This is achieved by dividing (element-wise) the
0-1 matrix by the distance matrix, where N X N distance matrix represents
the distance between each two TO sensor nodes. Finally, the optimal location
of the CHs is determined using the PSO algorithm by minimizing the number

of TO sensor nodes that do not have LOS with the CH, as well as minimizing
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the total energy consumption in each group by minimizing the total distance

between each CH and corresponding TO sensor nodes.

4.2.2 Mathematical Model

The total energy consumed by all TO sensor nodes in the j™ group to transmit p-
bits of data packet to the j™ CH, Erx j 1s the sum of the dissipated energy of the

individual nodes, which was given in Equation 2.1. Mathematically, this can be

stated as follows:

Eryj = Y0 (a +.db).p (4.1)

where d;; is the Euclidian distance between the i™® transmit-only sensor node and the

j®™ cluster head, and N; is the number of the TO sensor nodes in the j th group.

The CH consumes energy as a receiver and a transmitter. Thus, the total energy
consumed by the j™ cluster head is for receiving p-bits of data packet from the TO

sensor nodes and transmitting them to the BS, E¢y;. Using Equations 2.1 and 2.2,

Ecpj can be modeled as follows:

Ecyj = Nj.y.p + Np.(a + B.df).p 4.2)

where d; is the Euclidian distance between the j™ cluster head and the BS. The total

energy, E;oj, dissipated in the j™ group by the TO sensor nodes and its CH is the

sum of Equations 4.1 and 4.2, which is given as follows:
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N.
Etorj = Zizjl(a + B. df;-).p +N;.y.p+ N.(a+ B d]’-‘).p 4.3)

This work finds the optimal location of the CHs by minimizing the number of TO
sensor nodes that do not have LOS with their CH. In addition, it aims to minimize

the total energy consumed by transmitting and receiving data in each group.

Two scenarios have been considered here. In the first scenario, as the aim is to
minimize the total energy in the target group, the energy consumed by the CH is not
considered when determining the optimal location of the CH in the target group. This
is because the CH has high potential (high energy) and the amount of energy it
consumes does not affect its lifetime. Thus, this work only minimizes the total
energy consumed by the TO sensor nodes in each group when determining the
optimal position of the CH using PSO algorithm. Mathematically, the minimization
problem for finding the location of the j™ cluster head in the first scenario is

formulated as follows:

. N .
CHxoptj» CHyopej = argminey, ; cpy; {Zizjl{(a +B. d{lj) ptp -ILOS(l)}} 4.4)

st. 0<(CHyj,CHy)) <M

where (CHxoptj» CHyoptj) is the optimal location of the j** CH in the j™* group.
I;05(i) 1s an indication function that represents the absence of LOS between the CH
and the i*™ transmit-only sensor node. The absence of this part of the above equation
results in a large number of TO sensor nodes that are not connected to their
corresponding CH, due to the absence of LOS among them. p is a trade-off factor

that 1s used to increase the cost of the TO sensor nodes that do not have LOS with
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their CH. The constraint indicates that the location of the CH must be within the
M X M observing field. The process of determining whether the LOS is present or

not between endpoints is presented in Appendix A of this thesis.

In the second scenario, the CH has a finite energy source (the CH has limited
energy) and thus its energy consumption affects the lifetime of the network. When
determining the optimal location of the CH that is determined using PSO algorithm,
the aim of the second scenario is to minimize the number of TO sensor nodes that do
not have LOS with their CH and also minimize the total energy consumed by the TO
sensor nodes and the corresponding CH in each group. Based on that, the
minimization problem for determining the optimal location of the j™ cluster head in

the second scenario is formulated as follows:

. N; .
CHXoptjr CHYoptj = argmlnCHXj,CHyj {Zizjl{(a + .3 d{j) p + p- ILOS(")} +

S(N.y.p + N;.(a +B. d;‘).p)} (4.5)

where § is a trade-off factor that is used to reduce the weight of the total energy

consumed by the j™ cluster head when determine its optimal location within its

group.
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4.3 Simulation and Results

Two scenarios are considered, in each scenario the results of the proposed model
are compared with the heuristic model. The simulation parameters are presented in
the Table 4.1. The 80 transmit-only sensor nodes are randomly distributed in a
50 X 50 m? monitoring field. The proposed model is not affected by the number of
sensor nodes and the network dimensions, because the network infrastructures are
the same for the two models. If obstacles are present in the middle of the monitoring
field, they impede the communications link between the TO sensor nodes and the
CH. Therefore, to facilitate the simulation, two rectangular obstacles were placed in
the observer field, which are later shown in Figures 4.1 and 4.2. Thus, the observer
field is divided into two sections (two groups of TO sensor nodes) to ensure that the
entire network is covered, and find the optimal location of one CH within each
group. This work also assumes that there is a BS located at the corner of the sensing
field, because this location is better in terms of providing LOS and reduce
communication distances between the CHs and the BS. The goal is to increase the
lifetime of the two groups and reduce the difference in lifetime between them.
Hence, the network’s lifetime is computed as the moment when the first TO sensor
node depletes its energy in any group and expires, so the network lifetime is
determined by the minimum lifetime of the two groups. Since the lifetime for both
groups are calculated separately, the smaller lifetime between the two groups is used

to determine the lifetime of the entire network.

Each TO sensor node has an initial energy of 5 J. For example, the TO sensor
node consumes 60 pf of energy to transmits 1000 bits of sensed data to the CH when

the communication distance between them is 10 m. Each TO sensor nodes consumes
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about 0.0012% of its energy in each round depending on the communication
distance. The initial energy of the CH in the second scenario is 30 ] .The CH
consumes about 8900 pJ of energy in each round as receiver and transmitter when
the number of its corresponding sensor nodes is 40 and its communication distance to
the BS is 35 m. Each CH consumes about 0.029% from its energy in each round in
the second scenario. In each round, all TO sensor nodes send their sensed data once

to the corresponding CH, and the CH in turn collects the received data and sends it to

the BS.
Table 4.1. Simulation parameters.
parameter value
Observer area (M X M) (50x50) m?
Network size 80 sensor nodes
Path loss exponent () 2
ay 50 njJ/bit
B 100 pj/(bit. m?)
Initial energy of each TO sensor (E,) 5]
Packet size (P) 1000 bit
Simulation round 100000
Base station location (x, y) (0,50)
é 1/30
Initial energy of each CH 30
Communication radius 35m
p 1000000

54



Dimensions of the first obstacle (15%2) m?
(x x y) m?

Dimensions of the second obstacle (2x16) m?
(x x y) m?

This work uses MATLAB software to perform the simulations and extract the
results. The difference between the heuristic and the proposed models is that in the
heuristic model the target field is partitioned using the coordinates of the obstacles,
while in the proposed model the partitioning is performed using a GPT. Compared to
the proposed model, where the difference between the number of TO sensor nodes in
the two groups is too small, the difference is large in the heuristic model. This is due
to the more intelligent GPT used in the proposed model. This is better explained in
an example. The partitioning outcomes are shown in Figures 4.1 and 4.2. In the
heuristic model , whose results are shown in Figure 4.1, 29 transmit-only sensor
nodes can be seen in the first group and 51 transmit-only sensor nodes in the second
group. The circles represent the TO sensor nodes and the stars represent the CH in
each group. TO sensor nodes and CHs are represented by different colors in each
group. It is clear that the energy of the second group in the heuristic model will be
drained quickly as there are 175% of the number of TO sensor nodes as that in the

first group. Therefore, the network lifetime dies out faster as well.
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Figure 4.1. Network partitioning with the heuristic model.

However, in Figure 4.2 (the proposed model), 43 transmit-only sensor nodes are
in the first group and 37 transmit-only sensor nodes in the second group. Therefore,
the lifetime of these two groups is close, and in result, the lifetime difference
between them is small too. These results are attributed to the fact that the number of
the TO sensor nodes in the both groups in the proposed model is approximately

equal.
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Figure 4.2. Network partitioning with the proposed model.

Figures 4.3 and 4.4 show the simulation results of the heuristic model and the
proposed model, respectively, for the first scenario when the CHs are not constrained
(the CHs have high energy). Figure 4.3 shows the lifetime for the first and second
groups, as well as the lifetime difference between them. It can be seen that using the
heuristic model, the achieved minimum lifetime is > 30,000 rounds and the lifetime
difference is > 25,000 rounds. This lifetime difference between the two groups is
considered to be very large as the group with more TO sensor nodes will expire

faster. Thus, the entire network expires.
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Figure 4.3. The heuristic model with the first scenario.

Figure 4.4 shows the results for the proposed model. It can be seen that the
minimum lifetime among both groups is > 37,000 rounds and the lifetime difference
between them is < 2,500 rounds. The reason for the small lifetime difference between
the two groups in the proposed model (relative to that in the heuristic model) is that
the partitioning process of the monitoring field in the proposed model is more
intelligent, where the number of TO sensor nodes in the two groups is approximately
equal. In result, this makes the amount of energy consumed in both groups
approximately equal. Thus, achieving a balance in the energy consumption of the

network.
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Figure 4.4. The proposed model with the first scenario.

Simulation results of the heuristic model and the proposed model are presented in
Figure 4.5 and Figure 4.6, respectively, for the second scenario when the CHs are
constrained (the CHs have limited energy). Figure 4.5 shows the results where the
minimum lifetime and the lifetime difference are, respectively, ~ 2,600 and 1,600 for
the heuristic model. Therefore, the lifetime difference between the two groups is
considered to be very large. This is due to the significant difference in the number of
TO sensor nodes between the two groups in the heuristic model, due to the lack of

intelligence used in network segmentation.
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Figure 4.5. The heuristic model with the second scenario.

In the proposed model (Figure 4.6), however, the minimum lifetime found to be ~
3,000 and the lifetime difference is ~ 750. Therefore, these results are better than the

heuristic model in terms of the minimum lifetime and the lifetime difference.

The reason behind this behavior is, again, the lack of intelligence in the heuristic
model relative to the GPT used in the proposed model. It is worth noting that the
location of the BS is an important factor to consider in the second scenario due to the
limited energy of the CH. Thus, the location of the BS and its distance from the CH

is accounted for in the calculation of the network lifetime and when determining the
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location of the CH, where the energy consumption of the CH as transmitter is

proportional to the distance between it and the BS.
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Figure 4.6. The proposed model with the second scenario.

Comparing the two scenarios, it can be seen that the lifetime of the network in the
first scenario is larger than in the second scenario because the energy consumed by
the CH is not taken into account in the first scenario when the lifetime of the network
is calculated due to the assumption of high CH energy (i.e. unconstrained power). In
comparison, in the second scenario, the network lifetime is smaller than that of the
first scenario because the energy consumed in the CH is taken into consideration

when calculating the network lifetime.
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From the results and discussion above, It can be concluded that the energy
consumption in the proposed model in both scenarios is the better in terms of the
network lifetime as a whole. The improvement in the network lifetime is ~ 22% in
the first scenario and 16% in the second scenario with the proposed model compared

to the heuristic model.

Finally, Figures 4.7 and 4.8 show the results of a Monte Carlo simulation to study
the average behavior of the two models with the two scenarios. The average of the
minimum lifetime and the average lifetime difference is used as comparison metrics.
The simulation is repeated 100 times for both scenarios, where the distribution of the
TO sensor nodes varies in each iteration. Monte Carlo simulation is presented in a

flowchart shown in Appendix B of this thesis.

Monte Carlo results for the first scenario are shown in Figure 4.7. The results
show that the proposed model performs better than the heuristic model in terms of
the average minimum lifetime and the average lifetime difference between the two

groups in the observer field.
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Figure 4.7. Monte Carlo simulation for the first scenario.

Monte Carlo results for the second scenario are shown in Figure 4.8, and
demonstrate that the proposed model has a larger average minimum lifetime and less
average lifetime difference compared to the heuristic model. These average results
confirm the previous results about the superiority of the proposed model as compared
to the heuristic model. The reason for this improvement lies in the partitioning
process of the monitoring field, where the number of the TO sensor nodes in the two
groups is approximately equal in the proposed model. This makes the lifetime of the

two groups approximately equal in each iteration.
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Figure 4.8. Monte Carlo simulation for the second scenario.
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Chapter Five

Conclusions and Suggestions for Future Works

5.1 Conclusions

In this thesis, two cases are presented to minimize the energy consumption and
prolong the lifetime of the network. These goals are achieved by splitting the
observer field into k-partitions and determining the optimal location of the CHs

within the observer field.

In the first case, the TO sensor nodes of the target field are divided into k-clusters
using k-mean clustering algorithm. A single TO sensor node (centroid node) is
selected from each cluster to represent the entire TO sensor nodes on its cluster to
prevent redundant sensed data. This centroid nodes with the aggregation energy of all
TO sensor nodes on its cluster. Assume that the target field contains a single CH and
N transmit-only sensor nodes that are randomly distributed in the observer field. The
proposed model reduces the energy consumption of the entire network by
determining the optimal location of the CH using the PSO algorithm with a fitness
function that represent the energy consumed by all centroid nodes in the observer
field. The proposed model consumes less energy during transmissions and receptions
by TO sensor nodes and the CH, due to the small number of operating TO sensor
nodes in the observer field. The proposed model has been compared with two other
models in five scenarios. The simulation results showed that the lifetime of the
proposed model outperforms the other two compared models when the number of

clusters is relatively small.
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In the second case, this work has presented a model to divide the network into k-
partitions using GPT, which considered the presence of a line-of-sight and the
distance between every two TO sensor nodes in dividing it into k-partitions,
assigning a CH to each group to collects the sensed data from corresponding TO
sensor nodes and transmitting them to the BS. The two conditions considered when
determining the optimal location of the CH within its partition are: maintaining a
line-of-sight between the CHs and their corresponding TO sensor nodes, and
minimizing the energy consumption in the observer field. The possibility of the
presence of an obstacles in the monitoring field that may block the communication
link between the TO sensor nodes and the CH has been considered in the analysis.
The results from the proposed model have been compared with a model (called it the
heuristic model) that does not use an intelligent partitioning technique. The results
show that the proposed model can extend the lifetime of each partition in the
observer field, it can also balance the lifetime among the partitions. In the second
case, two scenarios were studied, in each scenario the proposed model was compared
with the heuristic model. All partitions have close lifetime, and the difference
between the minimum and maximum lifetimes is small compared with the heuristic
model because the number of TO sensor nodes in each partition with the proposed
model is approximately equal. In both scenarios, the results showed that the proposed
model outperforms the heuristic model in terms of the minimum lifetime and the

lifetime difference.
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5.2 Suggestions for Future Work

The following are some suggestions for future work that could improve the
network and extend its lifetime:
1. Studying the network when the sensor nodes have the ability to move over
a specified distances to reduce the communication distance between them
and their CH.
2. Exploring the possibility of splitting each partition in the target field into
clusters to prolong the network lifetime using Grey Wolf Optimization
(GWO) algorithm.

3. Studying the WSNss lifetime in Internet of Things (IoT) application.
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Appendix A

The direct distance between any two points in the 2D space (i.e. between the TO
sensor nodes and the CH or between the TO sensor nodes) can be calculated using

the line segment equation and the coordinates of the obstacles as follows:

LG e+ [rla-o

where x and y are the coordinates of the obstacle. (x,,y;) and (x,, y,) represent the
coordinates of the endpoints of the line segment (i.e. the sensor nodes and the CH). t
is a parameter that characterizes the line segment, and (t € R) and (0 <t < 1).

From the above equation t can be calculated as follows:

X—X
t1: z
X1 — X2
y—=Y2
t, = ——
Y1— )2

The direct path between the communicating endpoints is considered absent (i.e.
passes through an obstacle) if there is an intersection between the range of values
that t; and t, takes on. Otherwise, the LOS is present. Using these information, a 0-
1 matrix is created that is later converted into a weight matrix by replacing the 1’s
with the inverse of the Euclidean distances between endpoints. This weight matrix is

the input to the GPT to split the monitoring field into two partitions.
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Appendix B

Flow chart showing the work of the Monte Carlo simulation in the second case.

Count=1

4

TO sensor nodes are randomly distributed

in the search space.

The TO sensor nodes are divided into k groups
using GPT.

V

Finding optimal location of CHs within their groups that minimize
the energy consumption and reduce the number of sensor nodes
that do not have LOS with their CH using PSO algorithm.

V

Calculate minimum lifetime
and lifetime difference.

Yes

If Count < 100

Calculate the average minimum lifetime
and the average lifetime difference.

V

End
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