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ABSTRACT

In Wireless Sensor Network (WSN), the data collected and transmitted
continuously over time. This presents an energy issue for such restricted battery
powered devices (sensor nodes). In this thesis, exploit both spatial and temporal

relations in data to address the energy consumption in WSN devices.

We proposed an energy-efficient protocol called a Data Reduction Based
on a Dual Prediction Scheme (DRDPS). DRDPS suggests controlling the
amount of data transmitted and avoiding the transmission of redundant data
thus avoiding excessive energy consumption. DRDPS is implemented in three
stages; network clustering stage, Dual Data Prediction (DDP) stage, and
statistical-based data model in the cluster head stage. Three algorithms are
employed to minimize energy consumption and prolong WSN lifetime, these
algorithms are the K-means algorithm, Autoregressive Integrated Moving

Average (ARIMA) algorithm, and Granger Causality (GC) algorithm.

K-means algorithm is a clustering algorithm employed to divide the
sensors network into clusters, the optimal number of clusters is decided by
using of Elbow method. ARIMA is a prediction method used dually to
eliminate the redundant data transmissions between the sensor node and the
cluster head. While the GC method is a statistical method used at the cluster
head level to reduce the amount of data sets that are sent from the cluster head

to the base station.

DRDPS performance was evaluated by computing network lifetime,
network energy consumption, amount of data transmitted, and data prediction
accuracy. Also, the DRDPS results were compared with P-DPA and ELR
methods. The experiment results demonstrated that the suggested approach has
significant improvement in terms of energy conservation. It has the ability to
enhance the lifetime and keep acceptable data accuracy. DRDPS reduces the

amount of energy expended by 75% when error prediction threshold is 0.5.
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CHAPTER ONE
INTRODUCTION

1.1  General Introduction

The wireless sensor network (WSN) is ordinarily made of a large
number of homogenous/ heterogeneous microelectronic devices called
sensor nodes (SNs). The SNs are low-cost devices made of low-energy
batteries, limited storage, and restricted processing capabilities. The SNs
distributed spatially to cover a widespread area and cooperatively track the
physical or environmental phenomena of that region [1], [2]. The SNs
operations comprise data sensing, make simple processing and short-range
wireless communications. The collected data is sent to one or more
collection points called sink node. From a technical perception, SN is a
device that translates parameters or events in the physical world into

measurable and analyzed signals [3].

The basic design of the WSN is always encountered with many
limitations. The WSN lifetime is restricted due to obligate tied resources
and accessibility of the actual sensors. The energy in WSN is the key issue
that should be examined and analyzed because it is related to the lifetime
survival of the network. Energizing or replacing these batteries of energy
sources is very difficult. This implies managing the available energy
efficiently [4].

In WSN, the energy is depleted in many ways (e.g. collecting and
processing data, transmitting data). The data transmission is the most costly
power exhausting, where the primary energy waster in the SN is the radio

module.



Chapter One Introduction

The energy consumed for data processing is considered to be much
fewer. Actually, the energy required to execute 3000 instructions may be
equivalent to that required to transmit 1 bit of data over 100 meters distance
[5]. Therefore, the critical issue of WSN related to extending its lifetime is

well fulfilled the application demands.

To reduce energy depletion in WSN, many strategies are suggested to
enhance the network performance and prolong the network lifetime [6], [7].
These strategies are to adjust the transmission power, improve energy-
efficient routing protocols, decrease the amount of data transmissions (e.g.
data prediction, data compression, data aggregation), and place unnecessary

sensors in sleep mode (e.g. scheduling) [1].

At the topology level, WSNs can be constructed either flatly or
hierarchically. Flat architecture is the traditional form of WSN. The flat
network does not suppose any sub-networks, rather whole nodes are dealt
as a single network. The state and capability of each node in classical flat
WSN are equivalent, and each node serves as a data collector and gateway
for its neighbor nodes. WSN built on this architecture has multiple issues,

including sink dropout, energy-hole trouble, ...ctc. [8].

In hierarchical architecture, the network can take many forms like a
chain, cluster, tree, or grid-based network. The most relevant method is
clustering [9], [10]. The clustering technique is one of the approaches that
divide the network into groups for the network maintenance. SNs work
together to collect data from their environment. Due to the correlation of data
collected from contiguous nodes, the cluster head (CH) aggregates data from
every node in the cluster to lessen the amount of data that needs to be
transmitted to the base station(BS). The fundamental idea of clustering is to
localize message transmission inside clusters as well as between CHs and

BS. This has various benefits, including maintaining bandwidth, avoiding

2



Chapter One Introduction

redundancy, minimizing transmission overhead, and minimizing data

travelling distance.

Based on application requirements in WSN, the collection of data can
be classified into event-driven (for example oil and gas leaks, forest fires
detection) and time-driven (for instance monitoring of ecosystem, weather
temperature, humidity recording). The periodic data collection (time-driven

model) is adopted in this thesis.

In applications where continuous monitoring is required, it has been
noted that data changes occur slowly over extended periods. This can lead to
significant duplication of data, as well as frequent communication between
SNs and sink, which can quickly deplete the limited energy resources
available. Consequently, reducing the number of transmitted data can help
to conserve energy and increase the network's lifetime. As well as, it
minimizes the network overhead at the same time. The amount of data
produced by WSN prompted researchers to move towards approaches to
obtain data without the need to transmit it over the network. This solution is

suitable for applications that do not require real-time data.

Data reduction methods are employed for such purposes. Data
prediction is considered to be a crucial criterion to reduce duplicated data of
time series. It helps to minimize the number of repetitive transmissions and

leads to energy conservation which results in enhanced network lifetime.

1.2 Problem Statement

The WSN composed of tiny battery powered sensors energy, so that
the battery is the most important resource in the sensor node that influences
the lifespan of WSN. As stated earlier, most of the energy of SN is dissipated
as a result of the transmission and reception of data [11]. Since the SN's

battery has a finite lifespan, replacing or recharging it might be challenging
3



Chapter One Introduction

or impossible, particularly in harsh or remote environments [12]. So, to
increase the lifetime of the network, the node's energy consumption must be
appropriately managed. This thesis focuses on extending the lifetime of the
network by eliminating redundant data transmissions which in turn reduces
the amount of WSN energy expended.

However, The challenge is how to design an efficient protocol to
minimize the number of transmitting data to achieve energy conservation

and extend the lifetime of the WSN while maintaining overall efficiency.

1.3 Thesis Objectives

This thesis aims to achieve the following objectives:

1. Improve an energy-efficient technique based on data reduction will
be proposed, which will operate at two levels: the sensor node level
and the cluster head level.

2. Minimize the amount of data transmitted and increase the network
lifetime.

3. Maintain acceptable data accuracy.

4. Achieving good performance (in terms of data reduction,
prediction accuracy, and energy conservation) compared to some

of the recent existing related works in the literature.
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1.4 Main Contributions of Study
This study focuses on designing and implementing energy-efficient
based on data reduction techniques to enhance the lifetime of WSN. The key

contributions include:

1. We proposed a Data Reduction Based on a Dual Prediction
Scheme (DRDPS) at the sensor node level. DRDPS effectively
predicts WSN sensor data readings, conserving energy, reducing
data transmission volume, and preserving the accuracy of data
readings received at the cluster head, thus extending the WSN
network lifespan.

2. We proposed a statistical analysis method at the cluster head level.
It is used to identify correlations between the gathered data sets and
send only the most representative data sets to the sink. This will
minimize the need for transmissions and energy consumption at
the CH.

1.5 Literature Review

The issue of limited energy in WSN has spurred significant research
efforts aimed at addressing it resulting in a wealth of literature in this field
[13]. However, for the purpose of illustrating the impact of our proposed
solution, we limit our investigation to two main techniques that are used in

this thesis (the clustering technique, and the data reduction technique).

1.5.1 Clustering Literature Review

A clustering process is a form of procedure that is used to save energy
and expand the network's coverage. Different research is proposed and
developed to prolong the network lifetime of the WSN. The K-means
clustering strategy, which is widely used in various applications is a well-

known approach for forming clusters. Some researches use K-means
5



Chapter One Introduction

algorithm to increase network lifetime by improving it while other searches
study the effect of using K-means on the efficiency of work. A brief
description of some of this research is given below section:

Handy, M. J., et al. presented a clustering-based protocol called
LEACH protocol. It employs a hierarchical approach to distribute the energy
load among sensor nodes. LEACH rotates the clusters heads role among the
sensor nodes using a probabilistic model at each round and taking in count
the remaining energy of each sensor node. This approach ensure a certain
nodes from depleting their energy before other nodes. LEACH also employs
local data fusion techniques to minimize the communication overhead and
conserve energy [14].

Panag T. and Dhillon J. suggested a dual-head static clustering
algorithm (DHSCA). In this algorithm, the clusters are formed as static
clusters. Each cluster contains two nodes elected to be cluster heads based
on their position relative to the other nodes and the base station, and the
remaining energy of them. One of these heads allocate to data gathering and
the other transmit data to the BS [15].

Jain B., et al. suggested an Efficient K-Means Clustering algorithm
called EKMT. This algorithm increases the efficiency of WSN by taking into
account the shortest distance between the base station and the newly selected
cluster head. The EKMT is based on the concept of locating the cluster head
by reducing the sum of squared distances between the closest cluster centres
and member nodes, as well as taking into account the shortest distance
between cluster heads and base stations. When the remaining energy of a
cluster head falls below a certain threshold, the suggested protocol can be
implemented to reselect the cluster head by using the k-means technique that
considers the shortest distance between the BS and the new CH. The CH
selection and the communication between the CHs and BS are issues not

covered in this research [16].
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Yuan C. and Yang H. presented a comparative study of the four most
common methods used to approximate the suitable number of clusters. The
presented search included the implementation and analysis of Gap-statistic,
Elbow algorithm, Silhouette coefficient, and Canopy algorithms. The Gap-
statistic can be used with small data sets but it is not desired when we have
large data sets because of its cost in terms of time complexity and space
complexity. The Elbow method has the simplest implementation and best
execution time, but it totally depends on extracting the inflection point which
Is difficult to notice when the curve is smooth. The silhouette coefficient also
works well with a small data set. It is required to calculate the distance
matrix; which is computationally expensive (O (n?)), especially with a large
dataset. The results explained that all prior methods can be used reasonably
when dealing with a small amount of data. While Canopy is the most
appropriate choice when the dataset is large [17].

El Alami, Hassan, and Abdellah Najid proposed a clustering algorithm
based on hierarchical approach called an enhanced clustering hierarchy
(ECH) protocol. Itis aims to maximize the lifetime of WSNs. They minimize
the redundant data produced by neighboring and overlapping nodes by
employed sleeping waking mechanism. For more energy saving they
proposed enhanced method to select the cluster head optimally [18].

Zhu B., et al. proposed an "improved soft- K-means (IS-K-means)
clustering algorithm™. It is working to achieve the balance in WSN energy
exhaustion. The authors proposed perfection in the selection of initial centers
by utilizing the method of “Clustering by FAST SEARCH and Find of
Density Peaks (CFSFDP) and Kernel Density Estimation (KDE)". The
probability of node membership is used to ensure that low density of each
cluster edge to balance the node's number in each cluster. And to get more

efficiency the idea of multi-CH within the cluster is used. When compared
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to various clustering techniques in the literature, the suggested algorithm
may postpone FND, HND, and LND on average [19].

Khediri S., et al. introduced an algorithm called optimal K-means
(OK-means) based on K-means algorithm. They employed the single-hop
and multi-hop communication for the intra-communication and inter-
communication respectively. In the initialization phase, the optimal K-means
algorithm starts with a random number of clusters K. The optimal number of
cluster heads is selected based on nodes density. The suggested approach can
produce a uniform spatial distribution of CHs and balance the network's
energy use to the greatest possible extent. OK-means results compared with
O-LEACH, Bee-Cluster, and LEACH. The aggregation and security issues
are not taken into account in this article [20].

Chowdhury A. and De D. explained that the distribution of sensor
nodes is an essential issue in WSN to conserve energy and ensure monitoring
guality. So that the coverage of the network considers one of the most
parameters that should take into consideration to achieve these goals. The
authors of this study suggested an approach to enhance the coverage area
and expand the network lifetime by using of VVoronoi cell structure, K-means

algorithm, and Glowworm Swarm Optimization (GSO) algorithm [21].

1.5.2 Prediction Literature Review

Several research works have been done in the area of prediction in
WSN, including energy consumption prediction, traffic prediction, node
failure prediction, environmental parameter prediction, and anomaly
detection. This thesis deals with environmental parameters prediction; this
involves predicting parameters like temperature, humidity, etc., which is
important for various applications such as agriculture, weather forecasting,

etc. The next sections describe some prediction research.
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Zhao J., et al. have presented the Periodic Data Prediction Algorithm
(PDPA) which is based on a linear regression model. The algorithm utilises
the potential periodicity pattern hidden in the data to improve the data
prediction process, leading to improved prediction accuracy. The temporal
periodic data correlation decreases the frequency of communications in
WSN [22].

Shu T., et al. focused on reducing energy consumption in the
environmental monitoring of WSN. The authors noted the energy consumed
In data transmission operations between SNs and the sink accounted the
major proportion of the energy consumed in a WSN. To address this issue,
the authors proposed a solution that uses a "dual prediction scheme based on
the least mean square (LMS) filter". The dual prediction scheme allows both
the SNs and the sink to make data predictions at a simultaneous time. If the
difference between the actual observations and the prediction beats a pre-
determined thresh, the SNs will transmit the data to the gateway, and the
filter coefficients will be updated. The results of this approach showed that
it was effective in reducing the number of transmissions, leading to energy
savings [23].

Cheng H., et al. used LSTM to develop a bidirectional prediction
model, called the "multi-node multi-feature model (MNMF)". They showed
that the long-term time series prediction can be improved by combining
adaptive algorithms of feature selection, and the dynamic prediction model
that can deal with a multi-dimensions time series [24].

Zhang C., et al. suggested an approach that makes use of the
correlation between sensors in the same area to enhance prediction accuracy
by combining observations from various SNs in a neural network that has
multi-headed. The proposed method was compared to general regression
neural network (GRNN), a nonlinear autoregressive exogenous model

(NARX), "Elman neural network", and a typical local forward network.

9
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Although the reduction of transmission was not included in the work, they
found significant improvement in the accuracy of prediction and the
conclusion that temporal & spatial correlation can make the performance of
the model more efficient. This complicated scheme includes combining
observations from various SNs into a single model and then transmitting
observations from multiple SNs to the BS or CH to establish the model. The
suggested method trains the machine learning by utilizing of moving sensor
feature sliding window. Comprehensive experiments are carried out on two
real datasets (Intel Berkeley research lab data, and Chicago park district

weather and water data) [25].

Soleymani S., et al. utilized the symmetrical correlation of sensor data.
They suggest a hybrid strategy based on clustering and prediction
approaches. It combines Decision Tree (DT), Auto-Regressive Integrated
Moving Average (ARIMA), and Kalman Filtering (KF) methods. the data
prediction systems and data aggregation techniques are utilized to minimize
redundant communications, and for satisfying sampling requirements in

sensor nodes and to decrease processing overheads in cluster heads [26].

Salim C. and Mitton N. proposed Pearson Data Correlation and
Prediction (PDCP) algorithm. They utilized the mathematical ability to
retrieve data locally instead of sending/receiving it over the network; by
using the correlations between data and combining it with the prediction
techniques to construct a data reduction method. The objective of this
method is to decrease the data transmitted to the sink by considering the level
of correlation among various parameters. They applied equations of Pearson
correlation coefficient between two nodes. This approach has reasonable
accuracy because they implement the prediction on both sink and node levels
[27].

10
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Chreim B., et al. offered an autonomous prediction method for diverse
applications in wireless sensor networks. The method is given in phases that
may be customized to address specific challenges. Correlation analysis is
used to predict time series, followed by a Multiple Linear Regression Model
layer [28].

Jain K., et al. proposed an extended version of linear regression
(ELR). It is an adaptive (i.e., it continuously updates the prediction model
based on the latest sensor data) technique for reducing data in sensor
networks by utilizing correlation-based data prediction. The basic idea is that
predict the value of a sensor's data based on the values of other sensors. The
paper addresses the problem of data overload in WSN where a large amount

of data is generated [29].

1.6  Thesis Layout

The thesis structure includes the following chapters:

e Chapter 2: Presents the fundamental tools and basics that are
needed to achieve the goals of the thesis.

e Chapter 3: Presents the proposed scheme that is used to maximize
the conservation of energy and prolong the lifetime of the whole
network.

e Chapter 4: Presents the implementation of the proposed model
and comparison it with other models, and analysis of results.

e Chapter 5: Includes conclusions, and suggestions for future work.

11
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CHAPTER TWO
THEORETICAL BACKGROUND

2.1 Introduction

This chapter provides an outline of the clustering, prediction techniques
in WSN, and energy consumption model. Focusing on the strategies needed for
avoiding undue transmissions as well as on the approach that will be used to

minimize wasted energy.

2.2 Wireless Sensors Network (WSN)

The WSN is a group of wirelessly connected devices called Sensor
Nodes (SNs). These SNs are versatile design and are often equipped with a
non-rechargeable and non-irreplaceable battery in an unattended access
environment. Each SN comprises on four basic units: a sensing unit, processing
unit, transceiver module and power source furthermore may contain other
optional components for position recognition units such as a Global Positioning
System (GPS) and a mobilizer. The sensing unit compromise on two major
components; a sensor and an Analog-to-Digital Converter (ADC). The SNs
make use their sensors to make collaboratively track the changes in the
surrounding environment circumstances and to provide a global view of the
target field. The sensed data are digitized to electrical signals through the ADC

converter. Then; the transceiver unit transmits it wirelessly to the next station.

The deployment of sensor nodes is a crucial process in which SNs are
positioned to enable their optimal functionality and operation in real-world
scenarios, as well as in laboratory or simulated environments. The primary
purpose of deploying sensor nodes is to gather data about their surroundings

and relay it to the appropriate Cluster Heads (CHs) for further processing.

12
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Depending on the nature of the network, various deployment strategies that can
be employed for both mobile and static sensor networks. Sensors play several
roles in their environment such as being a source node, cluster head, relay node
or sink/BS node. Hence, any of the topologies (i.e. star, tree, mesh, star-mesh,

. etc.) can be used to deploy SNs. To ensure implement an optimal
deployment strategy, it is essential to satisfy the following points: 1) The
application requirements should be defined clearly. 2) Striving for the best
performance and maximizing the network lifetime. 3) Enable detection of

network topology errors and failures.

2.3  WSN Applications

The applications of WSNs have become more widespread, especially
with the recent development of sensors, as they have become cheaper, smarter,
smaller, and more available. WSNSs have evolved from being primarily used
for military purposes, then spread to many various applications such as
monitoring applications in environments (disaster monitoring/ management),
health care, industrial (smart factories), and security applications. The most
important attribute to make WSNs suitable for any application is real-time

support, low power requirement, and low cost [30].

1. Environmental Applications
One of the interesting applications of WSNs is monitoring of the
circumferential environment, involving the monitoring of disaster, monitoring
the quality of air, water, and tracking animals/plants [31], analysis of the
situation of pollution, debris flow prediction, forest fire prediction, and
explosion prediction. For example, WSNs can be used to measure pollutants in
the air and water, such as carbon monoxide, sulfur dioxide, and dissolved

oxygen. The energy consumption for the environmental systems is generally
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caused by the radio connection when the data is transmitted/received, and the
GPS when data is questioned. To improve the power consumption of such
sensors, a power supply is designed for each unit, which is controlled
separately. In WSN through using an adaptive sensing technique the behavior
of an application is adjusted to check the energy budget of the SNs and ensure

its energy does not run out and extend their battery life.

2. Industrial Applications

The industrial facilities use a connected network of sensors for ongoing
administration and monitoring. WSNs are more efficient than conventional
wired systems in terms of infrastructure costs, scalability, elasticity, lack of
cabling, dynamic topology, and ease of deployment. These advantages are
optimistic for the sector, where significant growth is anticipated over the next
few years. In the industrial field, WSNs are used to monitor the production
process and the status of the production equipment. For instance, oil producers
or chemical plants may use sensors to monitor the condition of miles of pipes.

These sensors are employed to alert users in the event of any errors [32].

3. Healthcare Applications

WSNSs can be used as preventative healthcare networks for humans to
track the body functions and to get the physiological characteristics of a person,
analyze their conditions, and timely receive medical treatment. This can
potentially improve that patient's health through ongoing monitoring at a
relatively low cost of health monitoring. And the energy can be harvested from
the biomechanical and biochemical sources of the human body and exploited
to support the body monitoring network, where they found that the human body
wastes an estimated 100 watts, which is energy that can be invested by using
thermoelectric generators (TEG) to prolong the life of these networks [33],

[34].
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4. Transportation Applications

Transportation applications in WSNs involve using of SNs to track and
monitor various aspects of transportation systems, such as vehicles, traffic, and
infrastructure. This can include monitoring traffic flow, detecting accidents or
congestion, measuring air quality, and monitoring the condition of roads and
bridges. The recorded data can be used to improve traffic management, reduce
accidents, and increase the efficiency of transportation systems. WSNs can also
be used in intelligent transportation systems (ITS) that are utilized in the timely
provision of real recent information to the drivers and other users, such as

traffic conditions and the location of available parking spots [35].

5. Military Applications

Defense military is a significant application for WSNs. The role of the
WSNSs is represented by coordinating army movements and monitoring
adversary movements. The sensor nodes are placed in the area to be tracked.
The sensors work to scan the target area for signs of hostile activity, when
distinct occurrences or suspicious activities the SNs will communicate with BS.
The SNs will automatically trigger messages to the base station in such cases.
The base station collects data from various sensors and implements necessary
actions, such as reporting to the responsible authorities or sending notifications

to nearby sensors. The base station should be placed in a secure location [36].
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Figure 2.1 Wireless sensor network applications

24 WSN Challenges

Although the proliferation of WSNs, it is suffering from many issues that

should be taken into account, such as restrictions on the hardware structure and

physical attacks, lack of robust security mechanisms, etc. where the SNs can

be faulty/ unreliable at any time according to the characteristics that distinguish

such network to suit the harsh conditions environments and the huge amount

of data. Some of these challenges explored and explained in the next sections .

Figure 2.2 illustrated the main challenges.
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1. Energy Consumption

The dramatic issue of WSN is the drain of energy over time. The primary
goal of WSN is to collect data and send it over the network for additional
processing. Moreover, because most of the sensor networks depend on
batteries, they have limited energy, and the process of maintaining and
recharging the battery is difficult, especially when these networks are in remote
areas difficult to reach (e.g. observing natural phenomena such as earthquakes
and volcanoes, observing forests or monitor underground areas... etc.). So that,
energy conservation is one of most critical points that need to attend in WSN
[37].

2. Privacy and Security

WSNs can collect sensitive data, for example, wireless body area
network technology (WBAN), is increasingly popular for monitoring and
collecting patient health data using wearable sensors. One of the factors that
indicate the strength of the network is the ability to ensure that the information
has arrived without being accessed, and viewed by an unauthorized entity. The
fact that wireless communication is broadcasted means that the information
being transmitted can be picked up by external parties who are listening to the
radio signals, potentially revealing details from the signal's contextual [38].
This means that the network must be designed to protect the privacy of the
individuals whose data is being collected to ensure that patients' records remain
secure and protected. On the other hand, WSNs can be attacked via a variety
of security risks, such as denial-of-service attacks, eavesdropping, and
tampering. The integrity methods may be used to ensure that data are accessed
as it is sent by the original source. To maintain security, the network must be
designed to protect against these threats and secure the data transmitted over

the network. Moreover, the security algorithms should be possible to execute
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on such memory and processor-restricted devices. The high levels of security
and privacy are crucial for protecting these data, both when being used by

healthcare professionals and when being stored [39].

3. Localization
WSNs are often deployed in large-scale environments randomly and
require the ability to locate the position of SNs. It is a challenge that locates
and manage the SNs without any supporting infrastructure, especially when
dealing with large numbers of these nodes with limited resources. Localization
refers to the process of defining the approximate physical location of sensor
nodes in the network [40]. This can be accomplished through a variety of
techniques, such as trilateration, multidimensional scaling, and particle
filtering. The accuracy of localization in WSNs depends on many factors such
as the density of the network, the quality of the sensor measurements, and the
presence of interference or noise. Localization is an important aspect of WSNs
because it allows for the efficient deployment of sensors and enables a wide
range of applications, including monitoring and control of physical systems,
navigation, and tracking. The localization algorithms should be scalable,
reliable, precise, and distributed, in some cases, they should be able to handle

mobile nodes [41].

4. Quality of Service (QoS)

Service quality is among the most interesting challenge in WSNSs,
particularly for surveillance systems. The quality metrics vary depending on
the application requirements. QoS is defined as an evaluation of how the WSN
satisfies the demands of a particular application. For example, the quality
metric for the animal tracking application includes the accuracy of the
approximate location of the target, and the rate of packets delivery for each

sensor node QoS may include many evaluation metrics such as quality of
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measured data, delay, high throughput, low latency, bandwidth... etc. This can
be challenging to achieve, especially when dealing with limited resources and
a large number of SNs [31].

5. Mobility
In WSNs, mobility refers to the ability of sensor nodes to move within
the network. It is a key feature that enables WSNs to adapt to changing
environments and perform tasks such as target tracking, surveillance, and
rescue operations. There are several protocols and algorithms that have been
proposed to support mobility in WSNs (e.g. location-based routing protocols,

handover schemes, and target tracking algorithms... etc.) [42].
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Figure 2.2 Wireless sensor network challenges.
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2.5

Network Topology

Wireless sensor network applications are normally optimized by the

given underlying network topology [43]. The network topology refers to the

spatial arrangement or connectivity pattern of sensor nodes in the network.

Most of topology schemes have proven to be able to provide a better network

monitoring and communication performance with prolonged system lifetime.

The network topology has effect on the communication distance, number of

hops, routing paths between nodes. Also, the network topology plays a critical

role in determining the scalability of a WSN and the degrees of coverage and

so on [44]. WSN topology can be as following:

1.

251

Point to point topology: In this topology, a central hub is not required.
A sensor node can directly communicate with other nodes. This is a very
popular topology and has a single channel. Every device can be used as

a client and a server [45]

. Star netwrok topology: Unlike point to point topology, a centralized

communication hub is required in a star network. In this topology, there
IS no direct communication between the nodes; every communication is
accomplished through the centralized hub [46].

Tree topology: This topology is a combination of point to point network
and star network topologies. The central hub is known as the parent node.
Data is transferred from leaf sensor node to parent sensor node . The main
benefit of this topology is consuming less power as compared to other

network topologies [47].

Clusters Based WSNSs

Clustering is one of the most popular unsupervised energy-efficient

techniques used to break down a large network into groups [48]. Clustering is

considered the most commonly used approach for topology management in
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WSN which can improve the efficiency of the network. Clustering architecture
gets this attention because of its advantages over the flat WSN in terms of
energy conservation, communication efficiency, topology management
efficiency, delay minimization, and network lifetime extension [49], [50]. The
principle of clustering is that partition the network into logical groups (called
clusters) based on certain features (such as distances between nodes, nodes

density...etc.) and the application requirements.

The basic idea of clustering implementation is to reduce communication
distance between nodes and sinks, hence energy saving [51]. Clustering
localizes message transmission and reduces the quantity of messages flowing
through the network. In the clustering structure, each sensor node called cluster
member will connect with a certain CH [52]. that's able SNs to avoid direct
contact with sink node/BS, which may cause resource consumption

inefficiency, energy depletion, and interference if it happens.

The clustering process can be centralized or distributed. Choosing which
one is implemented depends on what is needed. If the network requires longest
lifetime as possible then the centralized approach is more efficient since it
utilizes BS global view of the network topology, and it is more suitable for high
computations i.e. optimization algorithm, it offers reasonable quality and
ensures balancing of CHs distribution through the network with respect the
remains energy of each sensor node while distributed protocols have

advantages such as fault tolerance, fast execution, and self-adaptation [52].

In a clustered network, every cluster incorporates three types of nodes.
These nodes are the Member Node (MN), Cluster Head (CH), and Gateway
Node (GN), figure 2.3 [53]. In fact, MNs cannot deliver data straightly to the
BS, but only through the CH, which in turn forwards them to the BS [54]. It
has been confirmed that a clusters heads all together with the encircling nodes

consume more energy than the remaining nodes, and this is attributed to heavy
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cluster traffic of both types whether inter or intra, in addition to the process of

collecting data.

(O Cluster Member
. Cluster Head
— Intra-cluster Communication

""" P Inter-cluster Communication

S(X? Base Station

Figure 2.3 Network cluster component.

2.5.2 Characteristics of the Cluster

Clustering characteristics are associated with the internal structure of the
cluster and include factors such as cluster size, clusters count, and cluster
communication. The cluster size is classified into two classes: equal and
unequal, with the same and differing sizes of clusters. Unequal clustering
achieves uniform energy usage and avoids the energy-hole problem. Also, the
cluster counts can be variable or fixed based on a variety of clustering
algorithms. In clustering, communication between sensor nodes can take two
forms: communication inside and across clusters. The communication that
takes a place between SNs and the CH is intra-cluster communication. Inter-
cluster communication, on the other hand, is the communication between the
CHs and the BS or sink node [55].
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2.5.3

Objectives of Clustering

Different objectives were explored in the literature based on the desired

application. Following we'll go through some of the most important objectives

of clustering [49]:

254

Scalability refers to the ability of the network to handle an increasing
number of nodes without significant degradation in performance [56].
Fault tolerance is the ability of a system to continue functioning and
reconfigure itself even in the presence of hardware or software failures
[57].

Lifetime refers to the duration for which the network can operate
correctly[58] .

Data aggregation/ fusion is a technique used to reduce the amount of
data that needs to be transmitted to the BS, which relieves SNs of
additional communication load [59].

Latency reduction: The overall time taken to transmit messages from a
source node to a destination node is called latency.

Secure data communication refers to the ability of the network to resist
security threats, such as eavesdropping, tampering, and denial-of-service
attacks [60].

Quality of services efficiency (QoS): WSN functions and network
applications necessitate the requirement QoS. Effective QoS
characteristics are often bandwidth, jitter, throughput, reliability, and
end-to-end latency [61].

Clustering Algorithm

Clustering algorithms can be divided into partitioning and hierarchical

techniques. The K-means algorithm is an unsupervised non-hierarchical

popular clustering algorithm that is based on a partitioning (non-overlapping

clusters) approach. The principle of this algorithm divides the entire network
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into K-clusters [20]. The cluster number is represented by K. The cluster
formation is established based on Euclidian distance. The objective function of
K-means algorithm is known as a sum of squared function, which aims to
minify the sum distance between the cluster centroid and other points that
belong to that cluster [62]. Each SN in the network belongs to only one cluster
rather than being overlapped.

For the K-means algorithm, the cluster number is an important issue that
needs to address, since it’s required to be entered by the user. Many suggestions
are presented; the authors in [63] propose uses of DB-SCAN algorithm to
estimate the number of clusters. Moreover, authors in [64] showed that
Silhouette method and Elbow method, are the two recent most commonly used
to choose the appropriate number of clusters. Gap-Statistic, Canopy is another
way presented to initialize the K value [17]. The centroids locations selected
by K-means convergence from the optimum solution [65]. A cluster's centroid
Is a point whose values are the average of all the points in the clusters. However,
due to its simplicity of interpretation/ implementation, and speed, it is very
helpful in a variety of scenarios. In addition, K-means can deal with different
shapes and sizes of clusters.

The non-hierarchical partitioning algorithms, such as K-means provide
rational results on large datasets and a short time in comparison with the
hierarchical algorithms. K-means has a linear time complexity making it
relatively superior on other clustering algorithms [66], [65], [67].

The steps of K-means algorithm are as follows: -

Inputs: D is a data points collection;

K is the desired of cluster number.

Step 1: Identify K locations at random positions from D to serve as centroids/
cluster centers. It is ideal to the initialization phase is that put the centroids as

far as possible from each other.
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Step 2: For each data point, find the closest centroid. Use Euclidean distance,
to calculate the Euclidean distance between each centroid and data-points.
Suppose Ci = (p1, p2, p3... pn) and Pj= (p1, p2, ps... pn), Euclidean distance is
described as follows:

Distance(C;, P;) = \/ZEFl(Ci — Py)? (2.1)

Step 3: Group points with minimum distances to form clusters.

Step 4: Using the average values of all data points in the corresponding cluster,
determine the new cluster centre.

Step 5. Repetition of step 2 with the updated centroids; if the data points are

assigned to different clusters, go back to step 3; otherwise, end the procedure.

e

|

Data: k the maximum number of class desired. ]

!

Assign each node to the nearest centroid and form
initial clusters

Y

[ Recalculate the positions of the centroid in each

cluster

If the positions of
the centroids change

[ End Clustering process ]

Figure 2.4 Procedure of K-means algorithm.
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2.5.5 Elbow Method

The Elbow method is used in machine learning to calculate the suitable
clusters number. The basic principle of Elbow is the degree of aggregation of
each cluster would gradually grow with an increase in the clustering number
K, leading to a naturally decreasing sum of squared errors (SSE). Reducing
values of the SSE will drastically decline and flatten out with the growth in the
K value [3], [68].WSS can be formulated as bellow.

WSS = X1 Ypec(p—u)? (2.2)

Where K and C; are the number of clusters, p is each element in the cluster C;,
and Wi is the Cicentroid (refers to the average of all points within a cluster).
Initially start with K=2, increment K by one until reaches the maximum
predefined (expected) ideal number of clusters, and then identify the
prospective optimal cluster number K that corresponds to the plateau. The ideal
number of clusters is determined by the point where the cost function rapidly
decreases up to a certain cost peak value before K and then continues to
increase with almost no change in the peak value after exceeding K. Elbow
suppose that the point at which there is a considerable shift in the SSE value,
resulting in the formation of an angle, is regarded to be the best location to
determine the K value.

Elbow Method

-

Elbow point

WSS(within sum of squares)

—t———F—F—F—F+—+—
1 2 3 4 5 6 7 8

K(no. of clusters)

Figure 2.5 Elbow method.
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2.6 Data Prediction

Data prediction is a popular data reduction method that aims to decrease
the number of transmitted and sensed data as well. Prediction is a process of
constructing a model to predict future values by using previously collected data,
based on statistical computations and probability operations. The fundamental
purpose of using prediction techniques is to create a regression model that
represents the association between past, present, and future data values [69].
Many techniques were developed to solve the continuous communication of
resource-constrained sensor nodes.

There are two types of prediction models; the first type is backward
models that reconstruct the historical data and this takes superfluous time
causing a delay. The other type is forward models that predict future values
based on previous ones [70]. Data prediction approaches attempt to provide
data locally without the need to brought it from a remote node. In the network,
two model instances of prediction algorithms are formed: the first one, in the
BS/sink side and another in the corresponding source node. The model in the
BS answers all current queries without requiring connection with other nodes,
thus minimizing communication costs and, as a result, energy usage saved.
Each sensor node is preparing a prediction model by training on the current
data and then equipping the sink with this model. After that, the node
predicts/reconstructs detected data using the same model as the sink. A
particular threshold is considered to adopt the predicted values and regard it as
acceptable.

The data prediction method categorizes into algorithmic approaches,
time series forecasting, and stochastic approaches [71]. The predictive model
may create in the sink node as well, the same model is kept on the other nodes
by utilizing the synchronization; this assumption will ensure both models
produce same predictive values. In other cases, the prediction model generated

at the sensor node then sends to the sink, this scheme requires continuous
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updating each time model get deteriorates when the model results don't match
the actual data. This additional energy consumption to update the model can be
reduced by putting the prediction model on the node side only; in such case,
the node is decide when the reading data should be sent [72].

There are some areas where prediction plays a key role in WSNs. The
specific prediction methods used in these areas can range from statistical

methods like regression analysis to machine learning techniques.

2.6.1 Time Series Model

Time series is set time-based evenly spaced observations/data collected
over specific series of periods (the time unit might be in minutes, hours, days,
years, etc, but the time difference between any two consecutive samples will
be the same). The key feature of such data is time-dependent, where time is an
important vector in time series and this is what specialize it from regression
methods, which are based on independent relations between variables hence,
the regression method is not suitable for such data [73].

Time series analysis is a crucial statistical technique that enables us to
understand the characteristics of changes in the values of a particular
phenomenon over time, identify their causes and their effects, interpret the
observed relationships between them, and predict future changes based on
historical data and previous measurements of the phenomenon under study. The
spatial patterns correlation can be used in analysis processes to able forecast
future values [74].

Generally, time series forecasting categorizes into univariate time series
forecasting (if the forecasting depends on past values only, predict the future
time series values by using only its previous values ), and multivariate time
series forecasting (if the forecasting depends on external variables in addition
to previous values. It is a chain of interrelated univariate time series, each one

describing a specific variable (such as temperature, wind speed, humidity, etc.)
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and exhibiting correlation with other variables in the series. Unfortunately,
most methods can predict the value of a single variable only at a time [75].
ARIMA model is the most common linear algorithm example of univariate
time series used in WSN [71], [76].

Time series data may be trendy, seasonal, recurrent or irregular [73],
[77], [78]. In trend exploration, the analysis process tends to be growing,
waney, or stay slack for a long period. Seasonal analysis reveals variations that
recur at regular intervals within the observed time. The recurrent analysis
describes patterns that may repeat in a single cycle in terms of average where
each cycle might take a relatively long time. Irregular patterns are showing
unexpected vicissitudes so the prediction is difficult using time series methods.

In time series, the stationary nature of data is really important so that can
analyze this data using statistical methods where it is not possible to analyze
data that does not show this feature. After removing the trend and cyclic
fluctuations, there may still be residual values. Sometimes these values can be
so high that they can hide both the seasonality and the trend. Robust statistics
are typically employed to deal with these residuals, in this instance are referred
to as outliers. the authors in [79] suggest methods to deal with such residuals.

The term “stationary" refers to data that has consistent changes/features
over time. The series of stationary data has three traits: a settled covariance;
settled mean; and settled variance. If a time series is stationary and exhibits a
certain pattern across a given period of time, it is reasonable to think that it will
exhibit the same pattern at a later time. Error-Trend-Seasonality separation
(ETS separation) is the process of separating the error, trend and seasonal series
of data into different components [74].

Time series mostly have serial correlation/autocorrelation relations
where the current observation distribution depends on the previous one. This
correlation makes time series not stationary so differencing is used to remove

this autocorrelation. Autocorrelation and data stationary are checked by the
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autocorrelation function (ACF). The autocorrelation function plots the
relationship between each observed data and its prior values at different lags.
The lag refers to the correlation between an observation and its prior values
with discarding the linear effects of the intermediate points between these
observations (lag is the number of time points of the consecutive observations).
The counterpart to the ACF is the partial autocorrelation function (PACF). It
shows the association between an observation and its previous values that

cannot be explained by the correlation at small lags. In the stationary series, the
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autocorrelation in the ACF plot should rapidly decrease. In contrast, a non-
stationary series will have a slowly decreasing ACF [80].

Figure 2.6 Illustration of seasonality, trend, residual, and time series.

2.6.2 Time Series Forecasting

A forecast is a prediction process of future values that is performed by
using historical series data with taking the time dimension into account. A
forecast can be one or several steps ahead. In the first situation, prediction is

implemented to find the next value only, while in the second situation, the
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forecast is done for forecasting horizon which means forecasting several values
in the same iteration [81].

Most of the forecasting algorithms statistical-based are put to work on
static/ stationary time series. If data showed non-stationary, it should be
transformed into stationary time series by eliminating the seasonal components
and trends [75]. Statistical forecasting methods include Naive and sNaive,
Moving Average, Exponential Smoothing (ETS), Double Exponential
Smoothing (DETS), Autoregressive Integrated Moving Average (ARIMA),
Seasonal Autoregressive Integrated Moving Average (SARIMA). Figure 2.7
[82] shows the data reduction architecture based on the prediction methods of

WSN, where categorized into a Dual Prediction Scheme (DPS), and Single
Prediction Scheme (SPS).

Prediction based
data reduction
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scheme : scheme
I +
I :" ml  Model generated in CH - G{R; friisnifsg;n
|
B :_ - Model generated in -’
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Distributed
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-

Independent model
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Figure 2.7 Data reduction architecture based on prediction methods of WSN.

1. Single Prediction Scheme (SPS): the prediction method is implemented
in a single node (could be either SN, CH, or BS). When the forecasting
method is applied by BS or sink node, the accuracy of the current
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prediction is taken into consideration to judge whether there is a need to
make receiving data from other nodes and to determine the appropriate
time points to make the next prediction [83]. This approach utilizes the
spatial and temporal correlation feature in collected data that presents in
close nodes and uses a certain value as a threshold, the prediction results
are acceptable if it was in a certain range [84]. Alternatively, apply
predictions in the SN if the prediction performs less cost than the data

gaining.

2. Dual Prediction Scheme (DPS): in a DPS, both SN and the sink node
can make predictions. They are implementing the same prediction model
to produce similar results. This has a benefit when the current period data
and previous period data are approximately the same to avert redundant
data transmission. The SN is continuously comparing the prediction
result with current observed data in each iteration to ensure prediction
accuracy, and if the difference (error) is sufficiently large(exceeds a pre-
defined threshold), data transmission to the gateway is done to update
the coefficients of the prediction model, and to use it in the next
forecasting [23], [85]. In this manner, the entire process not only
maintains updates of the most recent changes in the environment but also
makes sure that forecasted data are pretty correct and transmissions are
reduced, thereby reducing energy usage in long-term environmental
monitoring applications. Figure 2.8 provides a detailed explanation of

how the DPS is implemented.

When SN connects to a CH, n samples (x1, X, ..., Xn) are first gathered
by the SN and then sent to the CH. Both CH and SN initialize a prediction
model using those samples. While DPS is being implemented, the sensor node

and the CH both continuously predict data, which are represented by the
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symbol x. At every iteration, the SN compares the recently sampled data with
the recently predicted data, and if the differences are acceptable, the recently
collected data is discarded. Otherwise, the SN will alert the CH by sending the
collected data so that readjust the prediction model bilaterally if the difference
exceeds a pre-defined threshold. However, the DPS implementation
necessitates setting a strong network protocol, to ensure that every time a
correct transmission certainly occurs, the subsequent receiver (such as SN, CH,
or GW) will be able to successfully receive the data. The prediction model's
coefficients may not be updated if the data are not synchronized correctly,
rendering the DPS implementation ineffective [86]. In this thesis, the data

transmission failure is not taken into consideration.
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Figure 2.8 Dual prediction scheme in WSN.

2.6.3 ARIMA Model

The ARIMA model (also known as the Box-Jenkins model) is a linear
regression model. It is one of the most recent prediction models for univariate
time series used [87], [88]. The SNs and CHs reduce the amount of energy
depletion within the network through utilize ARIMA to predict the data of the
next periods based on the same quantity of observed data. There is no obvious
size of the sample that is required to apply ARIMA model. In [89] Box and

Jenkins suggest that the minimum number of time points is 50 but this does not
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have a practical basis. With short time series, ARIMA works well if the time
points are enough to assess all parameters [73].

ARIMA method consists of four main processes: identification,
estimation (model recognition), verifying (diagnostic checking) and
predicting(forecasting) [90]. Before implementing these stages, it is necessary
to ensure the stationary of the time series.

The user of this method can suppose a temporary model that is believed
to be suitable for the data type and then test the predictive accuracy of the
proposed model to determine whether the model makes the prediction
correctly. With this iterative procedure, a predictive model with minimal errors
can be obtained to represent the studied time series.

ARIMA model components include the following :

1. Autoregressive (AR) model: AR is the number of lags of y that can be
used as predictors. It assumes that the present value y: of the time series
Is dependent on and correlates with the past values (yt1, yt2, ..., etc) of
the series itself. The values of one or more lags are utilized to predict y:.

Equation 2.3 represents the AR model [91].

yi=Ct+taryt-1 tazyt2 +....+Faqpyi-pt & (2.3)

Where ¢ is a constant value, t is the time t = 1,2,3, ..., n where n is the
length of the time series or the number of observations. p is the lagged
values of y: weighted by the corresponding coefficients a1, az, ..., ap.
These coefficients capture the influence of past values of y: on the

current value. & represents the error [92].

2. Moving average (MA) model: While AR uses historical data, MA

considers prior forecast errors. The MA model assumes that the current

34



Chapter Two Theoretical Background

value y: is dependent on the error terms including the current error (&,
& 1, £t-2, ..., &q). MA model is given in equation 2.4.

yi=c+tO1e-1 +0et-2 +....t05e1-q (2.4)
The model includes g-lagged values of the error denoted by &.1, &-, ...,
&.q that are weighted by the corresponding coefficients &;, 65, .., 6,.
These coefficients capture the influence of past values of the error term

on the current value.

3. Differencing (integration): To generate meaningful predictions for an
ARIMA model, the time series being modelled must exhibit stationarity,
which means that the observations should not be dependent on time.
However, for time-dependent data, such as seasonal rainfall, this
condition may not be met since different time intervals can result in
different observation values. To make the data stationary, trend and
seasonal patterns that negatively affect the regression model are removed
by applying a degree of differencing. The "Integrated” component of
ARIMA, denoted by the parameter d, represents this differencing process
equation 2.5. By computing the differences between adjacent data points,

differencing transforms the time series into a stationary one.

yi=yi—yu (2.5)

The AR and MA models are combined with the differencing to establish

what is known as ARIMA model. ARIMA formula could be represented as:

_')’/t =c+ a’lj'lt_l + -+ ap),/t_p + ngt—l + -+ qut—q + &t (26)
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Where a represents the autoregressive (AR), 8 represents the moving
average (MA) and ¢ represents the error . The order of the AR and MA is
denoted by p and g, respectively.

The best values of AR and MA determined based on values of Akaike
Information Criterion (AIC), and Bayesian Information Criterion (BIC).
These values are used to compare the models in terms of quality, which is
achieved by striking a balance between a model’s fit and its complexity. The

formulas for determining the BIC and AIC are as follows:

AIC = =2l + 2k/, (2.7)

Bic = — 21/, 4 (KlogT)/ (2.8)

In equations 2.7 and 2.8, [ represents the log-likelihood, T represents the
number of sensed data, k represents the number of regressors on the right-

hand side, and &’¢ in equation 2.9 represents the sum of squared residuals.

[ =7 (1+log(2m) + log(¢'é/p)) (2.9)
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Figure 2.9 Building of ARIMA model [93].

2.6.4 Granger Causality

Forecasting methods are divided into systematic methods and in-

systematic methods. The systematic methods are objective, giving the same

results when using the same information to interpret any phenomenon.

Systematic methods in turn are also divided into causal models and non-causal

models. Causal models are based on the response of an element (dependent

variable) to the influence of other phenomena (independent variables). For

instance, during the past thirty years, researchers began analyzing fluctuations

and changes in air temperature and studying them by determining the direction

and amount of this change and trying to predict the weather for the next 24
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hours in terms of different climatic elements. Predicting the air temperature
with the maximum and minimum temperatures, which are considered more
significant climatic conditions in the agricultural field. Non-causal models are
based on deconstructing time series into their components. Which is considered
the most common method if it is applied and achieved for statistical hypotheses.
The most prominent of them are ARIMA models according to the Box Jenkins

theory of time series.

Granger causality characterizes the dependence relations between
bivariate time series, it talks about linear prediction, it is statistics widely used
to examine whether it is possible to predict the value of a variable depending
on lagged values of another variable (it assesses the temporal relationship

between two events and facilitates its prediction) [94].

Definition: The concept of Granger causality involves the relationship
between two stationary series, x; and y;. The x; is Granger causal for y; if x;
helps to predict y; at some stage in the future where the regression result of y;
in terms of its past value is less accurate than the regression result of past values

when use x; and y, together. The Granger model is defined as follows:

Ve =t YX Viyver + 25 Bexe— + & t=1,..,n (2.10)

Where y; is the variable needed to be examined, a is a constant, k represents
the largest lag order, and & is regression error. An F-test can be used to

investigate this causality by testing the following null hypothesis:
Null hypothesis (Ho): Time series x does not Granger-cause time series y
H0:61="'=6K=0 (211)

Alternative hypothesis (Ha): Time series x is Granger causes time series y.

38



Chapter Two Theoretical Background

One may get the conclusion that there is causation from x to y if H; is rejected.
It is feasible to see bidirectional causality by switching the x and y variables to
test for causality in the other direction (in this instance, we are referring to a
feedback system) [95].

Let {x,}_, represents the data sets at the cluster head CHi and
{y }i¥, denote the representative data sets that will send from CH; to the BS.
Each set in y is "Granger cause” for one or more other sets in x. A linear
regression model called Vector Auto-regression (VAR) is used to fitting two
different regression models to the data: one model uses only the past values of
the first time series to predict its current value, while the other model adds the
past values of the second time series as additional predictors. The difference in
the prediction error between these two models is then used to test the hypothesis
of Granger causality. The residuals of the VAR model are computed and used
to complete the statistical test (F-test) of GC. The F-test determine if the addition
of lagged values of the first time series to the VAR model significantly improves

the overall fit of the model when predicting the second time series.
The formula for the F-statistic for Granger causality is:
F = ((RSS_r - RSS_u)/q) / (RSS_u/(T - k-2 q)) (2.12)
RSS _r is the residual sum of squares from the restricted model.
RSS u is the residual sum of squares from the unrestricted model.
q is the number of lags used in the VAR model.
k is the number of variables in the VAR model.
T is the number of observations in the time series data.

The F-test result of both models is compared to a critical value (e.g. 0.05).
If it is lower than the critical value, we reject the null hypothesis of no GC and
conclude that the potentially causal variable is a significant predictor of the other

variable [86].
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2.7 Evaluation Parameters
There are several parameters to evaluate the efficiency of the suggested

method some of them are described below [96]:

1. Energy Consumption

Energy consumption is a crucial factor in the development of WNSs
[97]. First order radio method is employed to evaluate the energy of the
presented method. We just take into account the communication unit energy
usage. The communication energy includes the transmission and the reception
energy. The same energy consumption model indicated in [98] is used to
evaluate the proposed methods' energy usage. The energy consumption model
for the wireless channel is presented in equation 2.13 which represents the
energy consumption to transmit K-bits data from sender Ey. Equation 2.14
represents energy consumption for the received K-bits data in Ec.

Eclec K + K £gmpd?® d < dy

2.13
Ectec K + K €gmp d*  d > d, (2.13)

EtT(KJ d) = {

Etr(K) = Eetec K (2-14)

The energy required to transmit K-bits is proportional with the distance. The
Ew is the energy consumed per sensor. Eelec refers to the energy that is expended
to operate the transceiver. Ec.c=50 nj/bit. €amp IS the energy dissipated of
transmit amplifier with different distance levels €anp=100 pJ/bit/m?. K is the
length of the message, d is the transmission distance and do is the threshold
distance given by equation 2.15 [99], [100].

do — \/ E:amp free space (215)

Eamp multi-path

If distance value d is smaller than do, the free-space propagation model is

deployed otherwise; it is a multi-path fading channel model.
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At the sensor node level, and after the end of every period, every sensor
node will have several data readings. The length of the message forwarded is

computed as follows:

message jengen, = NUMber of readings in the data set x Number of bits (2.16)

2. Network Lifetime (NLT)

It is one of the important metrics which reflects the efficiency of a WSN.
The application specifications dictate when to consider the network to be
nonfunctional, and numerous metrics are employed to assess the network's
functionality [101]. The first node died (FND), half node died (HND), and the
last node died (LND) providing important information about the energy
consumption patterns in the network. FND is round at which the first node
exhausts its energy. HND is round at which half of the nodes exhaust their
energy. LND is the round at which the last node in the network exhausted its
energy. The node is considered alive if its residual energy exceeds a certain
threshold. Conversely, if its energy falls below that threshold, the node is
declared dead. When the number of live nodes drops below a predetermined
threshold, the network is considered to have collapsed since dead nodes can no

longer transmit or receive data.

3. Prediction Accuracy

Prediction accuracy refers to the degree of correctness of a prediction
made by a model, algorithm, or system. The concept of data accuracy is
determined by the requirements of the particular application for which the
network is being created. The data accuracy is represented by the rate of
measure loss. It is the disparity between the original sensed data and predicted
data. The Root Mean Squared Error (RMSE) and Mean Absolute Error (MAE)
are the two most often used accuracy metrics that depend on scale. The most
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used scale-independent measurement is Mean Absolute Percent Error (MAPE)
[102]. In this study, RMSE is used. The accuracy increases with decreasing in
RMSE value. The definition of RMSE as the formula:

1 ~
RMSE = \/m Ytem+1(Ve — Je)? (2.17)

4. Amount of Transmitted Data
It refers to the amount of data that is transmitted through the network at

each period.

Summary

This chapter provides an overview of the theoretical concepts. The most
common applications of WSN are presented; including environmental
monitoring, industrial monitoring, healthcare applications, business
applications, and so on. The main challenges of WSN are also explained. The
chapter also dealt with some methods of energy conservation in WSNSs, which
included the use of network clustering and data reduction that is based on the
prediction methods to maximize energy conservation in WSNs. At last, the
common evaluation metrics that are used in this thesis are introduced and

explained.
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CHAPTER THREE

THE PROPOSED PROTOCOL

3.1 Introduction

The purpose of this chapter is to provide an overview of the proposed
protocol utilized in this study. The chapter gives a detailed illustration of the
proposed clustering and data prediction techniques. The general architecture
and all the algorithms used to build the protocol should help to provide a

better understanding of the proposed protocol.

3.2 Network Design and Preliminaries

This section describes the network model, the problem description, the

assumptions of the network, and the energy depletion model.
3.2.1 Network Design

In this thesis, we emphasize a scenario where a set of sensor nodes has
been organized into a WSN with the goal of collecting data and transmitting
this data to a sink. One promising strategy for lowering the network's overall
energy usage involves breaking it up into smaller sections or "clusters", each
of which elects its own leader. This specific leader node, known as a Cluster
Head (CH), is a special kind of node responsible for collecting information
from the other nodes in the cluster and transmitting it to the sink node.
Choosing a cluster-based network architecture has several advantages,
including the fact that it guarantees the scalability of network, shortens the
distance between the sink node and the source nodes, allows for data fusion
and aggregation. The cluster-based WSN architecture used in this thesis is

shown in figure 3.1.
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Separating the network into distinct clusters is a complex and difficult
operation. Therefore, there are many studies in the literature that focus on
cluster network-related difficulties, such as choosing a cluster leader,
determining the optimal cluster size, and facilitating two-way communication
between sensors and CHs and between CHs and the sink. However, our focus
In this thesis is not on the cluster formation process, but on the variability in
the data acquired by the sensors. Because of this, we propose a geographical
clustering system in which nearby sensors are automatically placed in the

same cluster.

Figure 3.1 The architecture of cluster-based network

3.2.2 Problem Description and Notations

In this scenario, as can be shown in figure 3.1, we take into account a
three-tiered design for a cluster-based WSN architecture. Wireless sensor

network is demonstrated as a connected graph ¢ = (SN, E), where SN =
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{SN;,SN,, ..., SN, } is a collection of n sensor nodes, which represent the first
layer, deployed in the region of interest at locations Lgy =
{lsn,o Lsn,s -0 Lsn, 3, @and E s a set of edges. We are assuming a convergent

pattern of traffic here (i.e., all traffic flows from the sensors toward the next

layer CH or sink). After sensing its environment for some time period (T},), a

sensor node sends its collected data to the next layer of nodes in the network's
organizational structure (e.g. CH). CHs represent the second layer of the

architecture and are deployed at locations Lcy = {lcn,, lep,s -+ Lom }- The

third layer comprises the sink placed at a distinct location Lg;,;. Periodic
Wireless Sensor Networks (PWSNs) are the name given to the kinds of sensor
networks that may enable these kinds of applications. During a sensor node

SN;'s lifetime, each time period T, is separated into discrete intervals called
“time slots". Specifically: T,, = [sy1,S,,.., sr]. Each sensor node SN; collects

a new data value v;;,; at each slot s;, and this information is combined during
the time period T, to generate a vector of sensed data as follows: V;,, =
[Vip, Vipys«+» Vipgl:

As an example of data collection and as shown in figure 3.2, each SN;
collects data by taking five measurements at regular intervals T, (p € [1, 5])
and sending the resulting vector of data Vi, = [vip,, Vip,, Vip, Vip,» Vips] 10
the next tier of nodes.

In this thesis, the proposed protocol introduces an ARIMA-based
predictive model to iteratively predict the data of SN; sensor at a time period
(T, + 1), where T, + 1 = [sy,55,..,s7] in which T is the times of iterative
predictions. The proposed model predicts the sensory vector of data
Vi, (T, + 1) by utilizing the vector of data V;,,(T,,). After getting V;,,(T,, + 1),
the protocol can iteratively use the predictive model to get Vl-’p(Tp + 2),
Vi, (T, + 3) and so on.
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The pace of change in the environment or the observed phenomenon
greatly influences the information gathered by sensor nodes. When the
changes that happen in the observed state are slow or the taken slot is small,
there is a higher correlation and redundancy in the sensed data. If the
monitored situation changes slowly, if the sensing frequency is high, or if the

time windows are short, then the resulting data vector V;,, formed by the data

of node SN; may include duplicated data (or similar data).

CH (Parent node of V)

ir . i 3
Vigr Yiea Vigz Vigg Vigs 1 Viop Vioy Viz Viog Vios (Vi Viza Vigz Vi Vizs :
—_— N N\ N\ m— — —_— L . — i —
P NERNTERTERTE G T ER T AR A T YA (T
S; S 83 Sy ss Vs os, s o8, ssUsos, s 8 85 ) time
0 Pi P P3
N

Figure 3.2 Periodic data collection at the cluster head.

3.2.3 Network Assumptions

The proposed protocol makes the following assumptions since the
performance of each WSN is affected by unique characteristics unique to that
network, such as the detected phenomenon being monitored and the kind of

node (mobile or static).

e The topology of the network remains static throughout the
network operation.

e Sensor nodes are deployed systematically in a uniform pattern.

e All of the sensor nodes are homogeneous.

e All sensor nodes have limited energy and initialized with an
equal amount of energy.

e Unlike the sensor nodes, the cluster head is a super node that has
more energy, memory, and processing.
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e The sink is designed to be devoid of limitations in computation,
energy, and coverage of network.

e Radio interference and physical obstructions that cause signal
attenuation are not considered.

e Aggregation of data occurs at CHs.

e Sensing nodes transfer the data to their CHs directly (i.e., single

hop).
e Each node senses the environment at a fixed rate and always has
data to send to the CH.

e The proposed protocol assumes error-free and reliable
communication between the nodes.

3.2.4 Energy Consumption Model

The nodes' energy consumption is calculated as we mentioned
previously by using the first-order radio model [103] [104]. Equations 2.13
and 2.14 explain how to compute the consumed energy to send and receive

m-bits of data across a network over a d-distance.

The cumulative energy consumed by the CH during data gathering from

all cluster members is calculated as follows:

ETotal = Eintra_cluster + Einter_cluster (3-1)

Where

Eintra_cluster = Erx + Epg + Esy (32)

The energy expended at the moment of data reception is denoted by
Er,. The energy expended at the moment of aggregation is referred to as Ep 4.

The energy expended by a specific cluster's member nodes is denoted as Esy .

C.
Egy = S50 T0) Ere (xi, CH)) (3.3)
Where Er,(x;, CH;) indicates the amount of energy used in

transmitting data from node x; to its CH in the j" cluster, |C;| indicates the
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cluster C;'s nodes count and j € [1,2,...,K] denotes the number of the

clusters.
EDA=m><|Cj|><Esdb (34)

where E,g;,, IS the energy of aggregation for a single data bit and m is

the bits number.

Einter_cluster = lef{:l ETx(CHir BS) (3-5)

Furthermore, if CH serves as a members' gateway node and will not

create any data by itself, then

N
Ecy = (M X Eglec + m X Epy) (E - 1) + (M X Egpec +

m X &m, X d*) (3.6)
N is the nodes count.

In contrast, if the CH participates in sensing and generates data,

Ecy = (m X Eelec (% - 1)) + (m X Eps (g)) *

(M X Eglec + M X £y X d*) (3.7)

3.3 The DRDPS Proposed Protocol

In many situations, sending all of the sensed data might be harmful and
useless. In order to address problems specific to WSNs, such as transmission
collision, energy usage, and redundant data elimination, data reduction is
essential. To resolve these problems, a Data Reduction Based on a Dual
Prediction Scheme (DRDPS) for data-driven in WSN is presented. In this
thesis, we focus on presenting a good data prediction and statistic mechanism
that comprises on three main stages to minimize energy consumption and
maintain the network lifetime by minimizing excessive data transmission
while preserving the accuracy of sensor readings for clustered WSNS.
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The first stage (clustering stage) diminishes energy consumption
through clustering the network. The clustering stage is further broken into
two phases. The first phase is to decide on the best number of clusters to use.
The K-Means method is in charge of distributing sensor nodes to the closely
relevant clusters depending on the geographic positions of these sensors
during the second phase of clustering. The sink performs this step just once
at the start of the protocol, and it stays unaltered across the lifetime of the
network. To put it another way, once the network topology has been created,

no sensor can be relocated from one cluster to the next.

The second stage is a dual data prediction (DDP) scheme for WSN. It
is implemented at the SNs and the CHs. At this stage, the SNs are gathering
and transmit large amounts of data packets at regular times to a pre-defined
node called CH. To conserve energy and decrease the volume of transmitted
data, we implemented a DDP model between the SNs and CHs. This model
will predict the future data readings of sensors, so that, the SNs will transmit
data that differs from the predicted values by a pre-determined threshold,

rather than transmitting all collected data.

In the third stage, the CH leverages a statistical-based data model to
identify the adjacent SNs that produce similar data periodically. Such
statistical representation is used to eliminate redundancy and minimize the
need for data transmission, resulting in a significant reduction in energy
consumption at the CH node. The proposed statistical model is mainly based

on the Granger causality test

3.3.1 The First Stage (Clustering Stage)

In this stage, the proposed K-Means clustering approach for the WSNs'
energy conservation issue is presented. The protocol is centralized in which
the clustering algorithm in the sink establishes the architecture of a specific

49



Chapter Three The Proposed Protocol

WSN. The sink will deploy the network's CHs in the first round after the
sensor nodes have been deployed and each node communicates its position
and energy information to the sink. There are three phases in this stage,
namely, choosing the optimal number of clusters, cluster formation, and the

CHs selection.

A. The Optimal Number of Clusters

Since the small value of K (i.e. number of cluster) means an increase
in the intra-cluster communications which impose additional overhead on the
cluster head. Determining most suitable number of clusters on which the data
can be grouped is a critical stage in any unsupervised method. The K-Means
algorithm's performance is determined by selecting the network's optimal
number of clusters. One of the really prominent approaches for determining
the optimal K value would be the Elbow technique. The optimal cluster's
number is discovered using the Elbow technique by computing the within-
cluster sum of squared (W CSS) distances from the assigned centroids for the

given set of nodes as mentioned in equation 2.2.

B. Cluster Formation

A centralized clustering algorithm based on the K-Means approach is
suggested in this thesis to divide the network of n sensor nodes, SN =
{SNy,SN,, ...,SN,,}, distributed over an area of M X N meters, into a stable
K —fixed optimal number of clusters. Stable clustering aids in lessening the
transmission of cluster update messages, which in turn reduces energy usage.
Suppose that sink node already has awareness about each sensor node
location. The sink computes the cluster centers based sensor nodes locations

and assigns sensor nodes SN to the clusters K using the K-Means method.
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The sink node connects all CHs and separates the sensor nodes into K clusters

as shown in figure 3.1.

The initial division of K clusters, C = {C;,C, ..., Cx}, which are
denoted by respective centroids, u = {uq, Uz, ..., Ug}, 1 Set at random by the
K-Means method. The unsupervised method is then used with the objective

of minimizing the distance between every sensor and the closest centre.
Jmin = Z?:l inecj(xi - .uj)2 (3.8)

where x; indicates the i node in the cluster C; and y; denotes the
physical centre (centroid) of the sensor nodes in the cluster C;, j €

[1,2,...,K], || indicates the cluster C;'s nodes count and is provided by:
1 1
uj = (minecjxi;mZyiecjyi) (3.9)

The sizes of clusters in this study are chosen to guarantee that
communication between every node and the CH needs just a single-hop. This
strategy ensures that every cluster has a greater density and, therefore, all
cluster members are near one another. This proximity allows for credible
information acquisition in the cluster-monitored region even after the demise
of numerous nodes in the responsibility of a different zone. Algorithm 3.1

illustrates the proposed K-Means clustering method.

Algorithm 3.1: K-Means Clustering

Input: n: Sensor nodes No.

Output:  ¢: Number of clusters created
1 fori<1tondo /* Network Initialization */

2  Deployment sensor nodes

3 SNyz«<i [* Set sensor (id, initial energy, position) */
4 SN, « initial energy

5 SNy, < position (x;,y;)
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end for

Sinkyysfer < {@} /* SNs sending their id, energy, and position to the sink */

o N o

fori<1tondo

(o]

Sinkyysfer[i] < SN;[id, en, po]
10 end for

11 K« Calculating optimal No.of clusters using Eq.(2.2)
12 t=0

13y« reandomly initialize K centroids from Sinkpysfer: {13, -, Mi}

14 Cj<—®forallj=1,...,l(
15
repeat
16 foreach (x; € Sinky,sf.,) do
17
18 foreach (u} € p) do
19 j < argmin ||x; — ut|” [* assign x; to closest centroid */
20 G« G U{x}
21 end for
22  end for

23 tt+1
24 for j<1toKdo

25 ,u§ - |Cl_.|zxiecj X; [* centroid update (average) */
26 . !
en or
27 / )
og until || uf— pi7'|" =0 /* centroid do not change */

29 returnC

C. Cluster Head Selection

The CH location is chosen as the centroid of the cluster. The process
of changing the CH periodically is outside the scope of this study. Also, the
CH is not chosen from among the sensing nodes, but rather is a node whose
specifications are higher than the specifications of the nodes used in the

process of sensing the surrounding environment.
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The sink sends the clustering findings straight to every individual node.
In reality, due to the kinds of nodes, if the node is a member node, the sink
provides the CH’s id of the cluster i to which the node belongs directly.
Alternatively, in the case when the node is a CH node, the sink notification
will be sent directly to the CH. After that, the cluster members transmit to the
CH a "Membership request" to join this cluster. figure 3.2 depicts the

centralized procedure of clustering the network.

3.3.2 The Second Stage (Dual Prediction Stage)

Sensors in WSN applications may gather information on
environmental conditions (such as noise pollution, temperature, pressure,
relative humidity, etc.). Because the data produced by sensor nodes during
periods of continuous monitoring are often highly correlated in time, This
suggests that the next sequence contains unnecessary (redundant) data, which
Is causing additional data transmissions. A major obstacle, however, is the
massive amount of data that these sensors generate. In addition, transmitting

data in a WSN uses up a lot of resources, including sensor energy.

Here we describe the second stage of the proposed protocol, which uses
the ARIMA model to predict data for the subsequent few times at sensor
nodes and CHs depending on the same last historical data. Based on the
prediction model, this stage seeks to avoid the transmission of identical or
similar data points observed by each sensor at each time period T,,. Through
coordinated efforts between sensor nodes and CHSs, the network is able to

send fewer data packets.

53



Chapter Three The Proposed Protocol

1. The ARIMA Model

In order to predict future data values, time series analysis builds a
model from the available historic or previous data. When making predictions
about univariate time series, the ARIMA model is often used. As was
discussed in section 2.6.3, the ARIMA model consists of three sub-processes:
"auto-regressive (AR), moving average (MA), and one-step differencing".
figure 3.3 depicts the numerous steps used by the suggested protocol in this
thesis to generate the automatic ARIMA model. Here are the four steps that

make up this method:

* Make sensed data vector Vi, = [Vip,, Vip,s ) Vipy]
stationary by differencing.

v e Determine the appropriate ARIMA model by PACF and
ACF.

¢ ARIMA model parameters Estimation.

e Determine the most appropriate ARIMA model.

h 4

Figure 3.3 The automatic ARIMA model construction steps.
1. Step1l

For this analysis to be valid, the sensed data vector V;, must be

stationary. Data transformation performed by differentiate data source.
This is required when the sensed data vector variance is non-stationary and
stationary results are desired. In some cases we need to perform many
differences on the series until the sensed data vector becomes stationary if
it displays a trend over time, seasonality, or any other non-stationary

pattern.
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2. Step 2

Once the sensed data vector V;, has become stationary, potential

ARIMA models is determined. Autocorrelation and partial autocorrelation
functions (ACF and PACF) allow for the identification of different
ARIMA models that provide a good fit to the sensed data vector V;,,.

3. Step 3

After settling on an ARIMA model to fit the sensed data vector, we
conduct a time series analysis and parameter estimation. The protocol
might think about including one or more AR terms in the model if the
PACF of the differenced sensed data vector exhibits an abrupt cutoff and
the lag-1 autocorrelation is positive. The PACF ends after the stated
number of AR terms, which is the maximum delay before it begins to
operate. Incorporate an MA term into the model if the ACF of the
difference-sensed data vector exhibits an abrupt cutoff and the lag-1
autocorrelation is negative. It is the given number of MA periods that

represents the maximum delay before the ACF stops collecting data.
4, Step 4

The best ARIMA model for analysis is the one with the least indicator
value for either the Bayesian Information Criterion (BIC) or the Akaike

Information Criterion (AIC) equation 2.7 and 2.8.
The sensor node must gather recently sensed data vector V;, =
[Vip,» Vip,» -» Vip,) In0Order to construct the ARIMA prediction model. If the
sensed data vector V;, isn't stationary, we need to apply the differencing

adjustment until the variance with the succeeding data vector is less than the

stationary threshold & provided by the application. Later, fit an ARIMA

! ! !

prediction model to the differentiated data vector [v;, , Viy, , ) Vip,

] using
least square method. As illustrated in figure 3.4, the ARIMA model fitting
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procedure uses a box search path for its iterations. In a limited number of
iterations, it may discover a model that fits the data well enough to be used.
In ARIMA models, the fitting process will terminate when the BIC indicator
Is less than the BIC threshold set by the application. An adequate ARIMA
model for making forecasts has thus been developed. Because of its greater
consistency and harsher punishment of free parameters, the BIC indicator is

preferred in this thesis over the alternative AIC indicator.

Algorithm 3.2 illustrates how the ARIMA modeling algorithm is
executed on the sensor node and CH to automatically construct an ARIMA

prediction model.

7 o © o o o o o
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AR

Figure 3.4 Box search path.

Algorithm 3.2: Automatic ARIMA modeling

Input: Sensed data vector Vip = [vl-pl,vipz, . vipT],

€: application defined stationary threshold,

&: Application defined BIC indicator threshold
Output: ARIMA model Parameters (ARIMA)

1 fori<1toTdo
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2 Collect recently sensed data vector Vi, = [Vip,, Vip,s ) Vipy]
3 1«0

4 end for

S while |variance (diff([vipl, Vip,s e vipT],I))

— variance (diff([vipl,vipz, ., vipT],I + 1))| >cedo

5 [<1+1
end while
g Make [Vip, Vip,s » Vipy| Stationary by I order differencing and get
[Vipy Vip,s r Vipr]
g for AR < 1toMaxAR do
10 for MA < 1to AR do
11 fit ARIMA(AR, 0, MA) model using least square method
12 claculate BIC indicator for ARIMA
13 if (BIC < 6) then
14 break ARIMA modeling
15 end if
16 end for
17 end for

return AR, MA

5. Data Reduction Based on Dual Prediction Scheme

The goal of the data reduction based on a dual prediction scheme
(DRDPS) is to reduce the amount of data transfers between sensor nodes and
CHY/sink nodes. As previously stated, each sensor node collects T data
readings in a specific time period T,, before sending the constituted sensed
data vector, V;, = [Vip,, Vip,, -, Vip,], t0 the CH. There is a storage buffer
for previously sensed data vector at each sensor node. CH also maintains 'c'
buffers, one for each cluster member. When the first period is finished, the

CH saves the following matrix buf fercy in its memory.
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Vipyr Vipys o0 Vipr
Vop , UVapos ey Vs

buffercy = ;pl, :pz, -., ?T
', l’ ', .

l”cpl'vnpz' vCPTJ

Where ¢ represents the number of SN in a cluster and v;,,,. represents

the sensed data vector of it"* sensor node.

Meanwhile, the data vector V;,, from the sensor is used to start the same

prediction model in both the sensor node and its CH. The first step in
developing an accurate ARIMA prediction model is for the sensor node and
CH to execute an automated ARIMA modeling algorithm. During the phase
of DPS implementation, data prediction is carried out simultaneously in the
CH and sensor node. The predicted data made by the sensor node is the same
as that made by the CH. However, the sensor node can check the accuracy of

the predictions by comparing the data vector V;,, they have collected with the
data vector V;, they have predicted. The sensor node will add the predicted
data vector V;, to the buffered data queue if the difference between the two is
smaller than the prespecified threshold. If that isn't the case, it will add the
sensed data vector V;, to the buffered data queue and transmit it to the CH

simultaneously. The behaviour of the sensor node is illustrated in equation
3.10.

SNi =

{Transmitted (Vip) if |Vip - Vilpl > € (3.10)

Discarded (Vip) Otherwise

If the difference between the predicted and sensed data is greater than
the fault-tolerable range, the AIRMA model will be reconstructed, and the

relevant ARIMA model parameters for the CH will be updated.
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Consequently, sensor nodes may save energy by not sending sensed data to

the CHs until the forecasts are not precise enough.

In order to collect data from each sensor node, the CH must monitor its
wireless link. If the CH hasn't received any data from a sensor node after a
certain amount of time, then the difference between the sensed data and the
predicted data is within the allowable error range. The ARIMA model will
then be used to predict the data, and the CH will use past data to make this
prediction. Unless the condition is fulfilled, the sensed data is added to the
buffered data queue, and preparations are made to update the ARIMA model

parameters.

Detailed interaction of DRDPS is seen in figure 3.5. The quantity of
data sent between the sensor node and the CH is reduced owing to their

coordinated efforts.
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Algorithm 3.3: The Algorithm at the SN Level

Input: Sensed data vector Vip = [vipl,vipz, . vipT],
€: application defined prediction threshold

Output:  collect recently sensed data vector V;,
1 buffer=0 /1 buffer data queue
2 Vip=Vy, =0 /I Sensed and predicted data vector
3 foreachperiod do

4 forj<1toTdo

5 Vip < Vip; /I Collect recently sensed data vector
6 end for
7 if (period = 1) then
8 buffer <V,
9 ARIMA,, o401 < Run automatic ARIMA using buf fer
10 CH < Transmitted (V) //Send sensed data vector to CH
11 else
12 Vip & ARIM Apyoqe(buffer)  //Predict data vector using ARIMA
13 if (RMSE(V,, Vi) < €) then
14 buffer <V,
15 Discarded (V)
16 else
17 buffer « V,
18 CH « Transmitted (V;,) //Send sensed data vector to CH
19 ARIMA,, 401 < Run automatic ARIMA using buffer
20 endif
21 endif

61



Chapter Three The Proposed Protocol

22 end for

23 returnVy,

Algorithm 3.4: Cluster head behavior (dual prediction)

Input:  Sensed data vector Vy,
e: application defined prediction threshold

CH buffer as a vector of vectors
1 buffercy < [[0]] /I CH buffer as matrix

Output:

2 CHV), =10 /I Predicted sensed data

vector
foreach period do
wait periodical data collection time

if (received V;, from sensor members) then
buffercyli] « Vip
ARIMA, o401 < Run automatic ARIMA using buffer g

else
10 CHVy, « ARIM Apoqei(buffercy)  /IPredict data vector

1 buffercyli] « CHV,

di
12 endif

end for
13 /

3.3.3 The Third Stage (CH Data Reduction)

Our goal at this stage is to lessen the load on the CH and BS by
allowing CH to send fewer data sets. The CH perform long-distance

communication with the BS. Furthermore, it is responsible of receiving and
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aggregating data from all SNs in the cluster and this operation would add
more overload on the CH energy source. Therefore, it is important to reduce

the amount of communication between CHs and BS.

The statistical analysis technique is an essential foundation with the
goal of discovering the correlation between data sets to lessen the need for
both over-transmission and energy usage in the CH. Statistical analysis is
used because it allows the CH to compile data sets from several SNs and send
just the most relevant sets of data to the BS. A simple and efficient statistical
method is proposed to implemented here called Granger Causality (GC).
Each CH works by clustering data, to merge the sensor nodes' data sets for
each cluster into representative data sets. GC is used to identify which SNs
are driving the similarity between the data sets in each cluster. GC test was
performed between each pair of data sets in the cluster and using the results
to build a causal array. The causal array can then be used to identify the SNs

that are driving the similarity between the data points in each cluster,

s1 S2 L Sn
s1 0 GC(DL,D2)| . | . | GC(/D1, Dn)
s2 | GC(D2, D1) 0 . | . ] Gc(D2, Dn)
0
0
Sn | GC(Dn, D1) | GC(Dn, D2) | . | . 0

Figure 3.6 The causality matrix
Figure 3.6 illustrate the causality matrix, where GC(S;S)) represents

the causality relation between data sets DD, of two sensor nodes Szand ..

Algorithm 3.5: Cluster head behavior (statistical test)

Input: Data sets received by CH from cluster members
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Output: Data sets that CH should send to BS

© 0 N kR DR

e S S S S S
a &~ o B o

Sending set = Data set [0]
for 1 =1 to length of Data set
Flag = False
j=0
While (Flag = False and j < length of Sending set) Do
P-value = GC ( Data set [i], Sending set [j]
iIf p-value < threshold
Flag = True
end if
end while
if Flag = False
Sending set . append ( Data set [i] )
end if
end for
send Sending set to BS
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Summary

In this thesis, the WSN network is divided into clusters. The proposed
clusters-based WSN architecture comprises three layers: the SN layer, the
CH layer, and the sink layer. The first-order radio model is used to compute
the energy consumption of the proposed method. The data reduction based
on dual prediction scheme (DRDPS) is proposed to achieve efficient energy
consumption in such networks. The proposed protocol includes three stages.
In the first stage, a centralized clustering algorithm such as K-means is
employed to make a geographical clustering process based on the position of
each sensor node. This algorithm is applied by the sink node. The Elbow
method is used to define the optimal number of clusters. The clusters centers
are set to place the CH of each cluster. The second stage includes the dual
data prediction scheme DDS where both sensor nodes and the cluster heads
make a simultaneous prediction to produce the future values based ARIMA
method. ARIMA model consists of three sub-processes: AR, MA, and I. The
third stage includes employing a statistically based data model called
Granger causality. It is used to identify similar data sets and extract the most
relevant data sets to send them to the base station. Each cluster head groups
the data sets that have similar values and select representative data sets sent

to the base station node.
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CHAPTER FOUR

THE EXPERIMENTAL RESULTS AND DISCUSSIONS

4.1 Introduction

This chapter presents the simulation results of the proposed energy
conservation method of WSNs and compared the results with common
methods. The results are represented graphically in this chapter. The energy
consumption, prediction accuracy, and size of data readings are the main

effective metrics of the performance of the purposed protocol.

4.2  Simulation Setup

In this thesis, the network is composed of 54 Mica2Dot sensors that use
a tiny DB in-network query processing system. It was deployed in the Intel
Berkeley research lab. Various SNs deployed systematically and the sink
node is placed at the center of the sensing area. The network is set up
according to the diagram illustrated in figure 4.1. The weather data comprise
four different parameters namely temperature, humidity, light intensity and
voltage. The sensor nodes use a log file in our simulations that contains 2.3
million readings. In this thesis, we will deal and simulate the temperature
values for 47 sensors only because of incomplete data of seven sensor nodes
that mark in yellow color in figure 4.1. The proposed method is implemented

in every sensor node. Python 3.7 is used to perform the calculations.
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Figure 4.1 Deployment of Sensors in Intel Berkeley Lab [25].

The sensors collect the temperature in periodic intervals called "time
slots"; where each slot is 31 seconds. The period length depends on the
application specification. In this study, each period can be (20, 50, or 100

slots). The simulation is running with the parameters declared in table 4.1.

Table 4.1. Network parameters

Parameter Value
Number of nodes (network size) 47
Base station location Center
Area size 45mx35m
Number of clusters 4
Initial energy 0.1 Joule
Readings size 20,50,100
Energy.iec 50n// bit
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€free-space 10 pJ/ bit/ m?
Data readings 1reading /31 sec
Base station location (22.5,17.5)
Prediction error threshold 0.1-0.9

4.3 Performance Metrics

The performance of the proposed techniques in the experimental
simulations is usually judged upon the following aspects: Energy
consumption, network lifetime, prediction accuracy, amount of data
transmission, and data reduction rate. These metrics are used in the first
level while in the second level, the following metrics are used: Ratio of data
sets sent to the sink, and energy consumption at CH. Secondly, we compared
the proposed method with some competitive methods belonging to the same
field.

4.4  System Evaluation

This section shows the result analysis of the proposed system. The
results of this study will be at three stages, network configuration, the sensor

node level, and the cluster head level.
4.4.1 Optimal Number of Clusters

The most significant requirement of the K-means algorithm is a
predetermined number of clusters. To determine the ideal clusters number,
The Elbow method was used. EIbow method works to make with-in cluster
sum square (WSS) values as minimum as possible. Figure 4.2 shows that the

increment in K leads to a respective decrement in WSS value. By looking at
68
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the curve, the angle is formed at the point equal to 4. It is the point at which
the WSS starts to level off. Therefore, the network can be divided perfectly

into four clusters. Figure 4.3 shows the network after clustering.

Distortion Score Elbow for KMeans Clustering

14000 -—— gbowalk=4

L rrrrrrrrrr T

1
I
1
1
1
1
2 4

[ 8 0o
K

Figure 4.2 The optimal number of clusters by using Elbow method.
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Figure 4.3 The construction of the network after clustering.

The number of nodes in each cluster is different for the different
clusters. K-means algorithm joins the nodes into one or different clusters

depending on the distance between the nodes. Figure 4.4 shows a
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comparison of the number of sensor nodes in each cluster depending on
different algorithms (LEACH [14], [18], ECH[18], K-means).

mmm |LEACH
= ECH
18 mm K-means
16
? 14
3
= 12
-
° 10
o
a 8
S
z 6
4
2
0
Cluster1 Cluster2 Cluster3 Cluster4
Cluster ID

Figure 4.4 Number of nodes in clusters by LEACH, ECH, and K-means

algorithms.

For the Intel network distribution, in the LEACH approach, the
number of nodes varies from 5 to 18 and for the ECH approach ranging from
8 to 19. While for our proposed approach, the number of sensor nodes varies
from low as 10 to high as 15 and is also very near to the average of sensor
nodes. The k-means algorithm approximately achieves a fair distribution of
nodes between the clusters, this provides a more accurate representation of
the data since each cluster is made up of approximately similar data readings.

Especially when figuring out the representative data sets at the CH.

4.4.2 Performance of Sensor Node Level

This section shows of the analysis and discussion of the simulation
results when the prediction algorithm applies at the sensor node level. The
main objective of these experiments is to demonstrate whether our methods
successfully conserve the energy of WSN at this level.
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A. Energy Consumption

One of the important metrics to evaluate the efficiency of WSN is
energy consumption. Figure 4.5 shows a comparison in terms of energy
consumption between the flat architecture and the clustered architecture
using different readings sizes. This experiment illustrates the effect of the

clustering process on the energy consumption of each sensor node.

- (Clustering, Readings=20
— (Clustering, Readings=50
——— Clustering, Readings=100

_ 0.00035 Flat Network
[+}]

3 0.00030
£

5 0.00025
s 0.00020
S 0.00015
Q

-

L=

w

0 10 20 30 40 50
Sensor Node

Figure 4.5 Energy consumption of flat vs. clustered network.

There are many parameters that have a significant effect on energy
consumption. The first parameter is the distance over which data are
transmitted. From the results obtained, notice that the energy consumption
for each sensor node in the clustered network decreased compared with the
energy spent in the flat network, we notice that the energy expenditure is 40-
50% less than in the clustered network, due to the fact that distance travelled
between the SNs and the CHs in the clustered network is much shorter than
the distance in the flat network between the SNs and the BS.

The second parameter is the amount of data readings that send from

the SN to the CH/BS. It has a clear effect on battery energy depletion. Figure
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4.5 shows this effect on the sensor's node energy for both the flat network

and the clustered network.

The amount of energy consumed by each SN is proportional to the
amount of data it transmits. In other words, more data transmits, means more
energy consumed. We notice that the energy consumption of each sensor
node in the network decreases by 20% - 50%, according to the amount of
data that is transmitted over the network. Where energy spent when sending
data with a size of 100 readings is 50% higher than sending it with a size of

20 readings.

When the prediction method (DRDPS) is used the energy

consumption of the network will be as illustrated in figure 4.6.
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mmm Readings size = 50
mmm Readings size = 20
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Figure 4.6 Energy consumption rate of the network with DRDPS.

There is an extreme relationship between energy consumption and
prediction threshold. From figure 4.6, it is obvious when the prediction
threshold is equal to 0.9, the energy saving increase to 13% in comparison
with 0.1. that’s because a low prediction threshold means more data
transmission between the CH and the SN thus more energy consumption.
Therefore, it is possible to increase the error rate within the acceptable range

to conserve more energy. On the other hand, the energy expenditure of the
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network when the data readings size is 100 increases by 10% in comparison

with the case in which data readings are 20.

Figure 4.7 displays the energy consumption of the network in different
scenarios. In the mentioned figure, the "blue bar" and the "red bar" represent
the energy consumed to send the data readings continuously over the flat
network and clustered network respectively. While the "green" bar
represents the energy consumption of the network when DRDPS is
employed, where data readings send in necessary cases only when the

prediction model fails to predict data correctly.

Energy in Jule
i

0 .

Flat Metwork Clustred Metwork DRDPS

Figure 4.7 Energy consumption of different scenarios
DRDPS reduces the amount of energy expended by 75% compared with the

energy consumption in the flat network.

B. Rate of Transmitted Data from SN to CH
In this experiment, the amount of data transmission after employing
DRDPS is investigated. Figure 4.8 show the transmission ratio of the

network.
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Figure 4.8 Rate of transmitted data.

In figure 4.8, for each value of prediction error in the range 0.1- 0.9,
three data readings size are represented. The obtained results explain the
relationship between the amount of transmitted data and the prediction error.
When the prediction error has a low value this imposes more transmissions

because of the sensitivity to the error in the prediction.

Moreover, we can note that there is a relationship between the data
readings size and the number of transmissions, as the data readings size
increases, the data transmission rate increases. That's due to the increase in
the length of the interval in which data are collected, which leads to more
variance in data, thus the prediction model is unable to make correct
predictions. When the size of the data readings is 100,50,20, the amount of
transmitted data decreased by 69%, 70%, and 72% respectively at a
prediction threshold of 0.9.

The prediction algorithm can work more accurately with the low-
variance data collected at close intervals. Generally, The rate of transmitted
data is less for the high threshold of prediction and small size of data

readings.
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C. Rate of Data Transmissions Reduction

For each SN in a particular pe\riod, the collected data is either send or
not. If the predicted readings are within the prediction threshold with the
actual data then it is considered a correct prediction. The percentage of cases
in which no need to transmit data to the CH is calculated. Figure 4.9 shows
the percentage of data transmission reduction of the proposed method. The
low prediction threshold value means an increase in transmissions. When the
data readings size are equal to 100, 50, and 20 and the prediction threshold
Is 0.1, the rate of transmitted data is 37%, 36%, and 35%, while when the
prediction threshold is 0.9 the rate of transmitted data decreased into 31%,
30%, 27% respectively. The increase in the prediction threshold means more

of an inaccurate value is considered at the CH.

mmm Readings size = 100
mmm Readings size = 50
mmm  Readings size = 20

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
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Rate Data Transmissions Reduction(%)
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o o o o (@] o

o

Figure 4.9 The rate of data transmission reduction.

D. Network Lifetime

A crucial factor that can accurately depict network performance is the
number of alive nodes at the end of each period. From figure 4.10 it is easy

to observe the relation between the period number and the amount of alive
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nodes. The gained results indicate that clustering can increase the node's
lifetime by 40%. Most of nodes in a clustered network die after having lived
approximately twice in comparison to the network was flat. This is subject
to the condition of the distance between the node and the cluster head, as
some nodes close to the sink node will not benefit from the clustering process
and will not improve their lives, and thus die in the same period, whether the
network is clustered or not. This results when the network is not used any
prediction method, obviously when the prediction method is used then the
network sends (e.g. half of data) thus, the network lifetime increases figure

4.11. It is clear that our suggested method has a substantially longer network
lifespan than the flat network.

30
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h': . —'. Clusterd, Readings=100
i 13 — Flat, Readings=50
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O }
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0 ! }
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Period
Figure 4.10 Number of nodes live along rounds without prediction.

Figures 4.11 and 4.12 show that DRDPS increase the network stability
of FND because the prediction process saves more energy. Figure 4.12
displays the round in which FND, HND, and LND occur using the initial
energy 0.1 Joule. When the DRDPS is employed, most of the sensor nodes
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keep alive because they don't need to make data transmission instead the CH

get the data from the prediction.
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Figure 4.11 Number of nodes live along rounds with DRDPS.
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Figure 4.12 Network lifetime in terms of FND, HND, and LND.

E. Prediction Accuracy
There are two factors that have a significant effect on the accuracy of
predicted data. They include the prediction error tolerance (pre-defined
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threshold) and the amount of transmitted data. Obviously, as the error
tolerance increase, the amount of transmitted data is decrease as well as the
prediction accuracy decrease. There is a trade-off between the amount of
data that transmitted, the energy consumption and accuracy. The decrease in
transmitted data means less accuracy of predicted data. Figure 4.13 shows
the proportion between the error rate and the prediction threshold. To
achieve high accuracy, there must be use low prediction threshold which
means, high energy consumption and high data transmissions.

The reason for the potential errors is that the prediction method is
sensitive to the accumulation of errors within the forecasting horizon. There
Is an inverse relationship between prediction error and accuracy. The high

prediction error value means a low accuracy rate.

mmm DRDPS

0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Prediction Threshold
Figure 4.13 RMSE of different error rates of the network

Error Rate

-

0]
0.1

4.4.2 Performance of Cluster Head Level
To illustrate the advantages of the proposed method on the cluster
head level, this section presents experiments for the analysis and discussion

of the simulation results at this level.
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A. Number of Data Sets Transmitted

At the CH level, the amount of data sets transmitted to the BS is an
Important pointer to the effectiveness of the proposed method. Figure 4.14
shows the number of data sets transmitted from CHs to the BS while various
sizes of data readings are tested with/without the Granger causality (GC)
algorithm. From the result, it is obvious, the proposed GC make a
considerable reduction in the amount of transmission by 54% when the data

readings size is 20, which is mean it saves more energy for the network.
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Figure 4.14 Amount of data sets transmitted from the CHs to the BS.

B. Energy Consumption at CH Level

Another important factor is the amount of energy consumed by the
CH to transmit data to the BS. Figure 4.15 illustrates the energy reduced by
half when GC is used which imposes another way to save more energy in

the network.

79



Chapter Four The Experimental Results and Discussions

100

mmmm  Transmission energy of CH without GC
Figure 4.15 Energy consumption of cluster heads level.
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4.4.3 Comparison with Other Algorithms

To prove the validity of our proposed algorithm, we have compared
the results of the proposed DRDPS algorithm with ELR and P-DPA at
varying experiments [23]. Ten data gathering cycles with a small batch of 48
data values of temperature parameters are used to inspect the effect of
defining different error thresholds for transmission. The process starts using
the historical data and uses the observations only to update the points

transmitted.

A. Rate of Data Transmissions
The percentage of data readings transmitted from the SN to the CH
can be seen in figure 4.16 with the thresholds in the x-axis.
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Figure 4.16 Rate of transmitted data comparison of DRDPS, ELR, and P-
DPA algorithms.

In the figure above for lower thresholds, the number of readings
transmitted is higher because the data have to be more precise; therefore, the
SN has to transmit more data to the CH. For our presented method, the data
was collected at very convergent intervals, and for a short time. Thus, the
data readings are very slight variations, and therefore the transmission rate
Is saved by 80% because the data readings can be predicted with a very

acceptable error value.
B. Rate of Successful Prediction

The proposed method is compared with other algorithms in terms of

successful prediction. Figure 4.17 shows this comparison.
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Figure 4.17 Rate of successful prediction comparing DRDPS, ELR, and P-
DPA algorithms.

In comparison with ELR, and P-DPA methods, it can be seen that the
attention model performs much better than the rest especially when the
prediction threshold is small. Because of the high correlation of the samples
taken by this experiment. The prediction achieves high performance. The

figure above shows there is a reduction in transmission of around 85%.

C. Amount of Energy

Another metric is considered to prove the effectiveness of the proposed
method. Conservation of energy is a real pointer to evaluate any network
performance. Figure 4.18 shows the compression between our method and

others.
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Figure 4.18 Energy conservation comparison of P-DPA, ELR, and DRDPS

algorithms.

DRDPS algorithm shows less energy while producing significantly
accurate predictions. The results explain that DRDPS provides better energy
savage than P-DPA and ELR. As mentioned previously the high value of the
prediction threshold means fewer transmissions thus, less energy

consumption. Figure 4.18 shows that DRDPS achieve 95% energy saving
compared with P-DPA and ELR respectively.

D. Mean Square Error

Mean square error evaluates the error of our proposed prediction

algorithm. Figure 4.19 presents the comparison in terms of MSE.
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Figure 4.19 RME comparison for DRDPS with ELR, P-DPA.

From figure 4.19, we notice that the MSE is almost small due to the
strong spatial and temporal correlation in the data. The data sample on which
the experiment was conducted was collected at a close time, which allows
the prediction algorithm to produce accurate results. We note that the MSE
of the proposed method is much lower than other methods, where the MSE
Is 0.005, and this proves the effectiveness of the proposed algorithm when

there is a high redundancy in the data.
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CHAPTER FIVE

CONCLUSIONS AND FUTURE WORKS

Conclusions

From the work of this thesis, the following conclusions can be drawn:

. We propose an energy conservation approach based on two main

techniques; network clustering and data reduction-based prediction
method called DRDPS.

. The clustering technique achieves satisfied energy conservation

(50%) in comparison with traditional flat networks due to the fact that
localize the data transmission distance in short-range communication.

. In ' WSN, there is a direct relationship between the amount of

transmitted data and energy consumption. More data transmission
means more energy consumed by both SNs and CHs. This is because
transmitting data requires the use of a node's radio transceiver, which
consumes a significant amount of energy.

. We notice that the energy spent when sending data with a size of 100

readings is 50% higher than sending it with a size of 20 readings

. DRDPS achieves significant energy conservation (69%, 70%, and

72%) for readings size (100, 50, and 20) respectively. Because it
reduces the amount of data transmitted.

. Using of DRDPS conserves the energy of the whole network by 75%

because it works to minimize both distance and amount of data.

. We noticed a relationship between data accuracy and energy

consumption, an increase in the desired data accuracy will increase
energy consumption because it imposes more data transmitted to the
CH node.

. The network lifetime increases significantly by applying DRDPS,

where network stability (FND), HND, and LND of the network
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increased by 100% rounds in comparison with the traditional flat
network.

The energy consumption in the CH level is minimized by 50% because
using such a statistical analysis method able CH sends representative
data sets only instead of sending whole data sets thus, minimize the
amount of transmitted data which conserves more energy in WSN.

10.The DRDPS outperform some existing approaches (P-DPA, ELR) in

5.2.

terms of several performance metrics like percentage of data sent to

CH, energy consumption, prediction accuracy and network lifetime

Suggestions for Future Works

This section describes plans and suggestions for future work that

might follow the work described in this thesis.

1-

Using a method to ensure that the data arrives properly when it is sent

(Reliability achievement).
Use a mobile sink to conserve more energy.

Scheduling algorithms can be employed for network lifetime
extension.

Implementing different strategy to address the cluster head selection
Issue.

Using machine learning as a data reduction method.
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Abstracr—The energy resomrces available i modes in
wirgless sensor metworks are limited, so fhey must be wisely
used, Clusterimg §5 a wselal technigue for reducing energy
comsumption amd extending the life of & network, In this stwdy,
we presemted an Energv-Saving Clustering Abgorithm (ESCA)
e peduce emergy consumprion amd imcrease the nerwark's
liferime, The clustering phase is based on cluster constrsction
that i centralized and cluster hesds that are distributed, The
chustering is statbonary and determined using & centralized K-
means method, with fhe created clusters remaimning staric
ihromghout the process, Subsequently, scoording 1o the varving
Aromnts of energy in the modes, it chooses and rotates the chuster
heads (CHs) withis (hose clusters to redude énergy expenditure
before (e data transmisshon phase to the base station (B5). The
suggested ESCA is compared to the current two MOFCA, and
IGHND clustering methods using & Pyihon-based custom
simumlator, As & comsequende, the suggested ESCA eMiciently
fackbes the emergy wse issme while also greatly extending the
merwork's lifetime,

Keywords— WEN, Clasering, Energy consumpiion, K-Weans
I INTRODUCTION

This Severnl resource restrictions, including the mnge of
transpdssion, storage, comgputing power, and epergy, are
present in wireless sensor nebworks (WSNsh The most
significant resource resirletion of WEN3 seens fo be the
sensors ensrgy. A great mumber of stodiss have been
conducted over recent years to solve this izane. WSNc are
spatially distributed for collecting data for applications that
cover a vast region, like solar photovoltale cell monliorng o
a grid, rail monel monitering, coal mines, forestry, agriculturs,
and 30 o, and WENs demand data fron all regions [1] [2]. In
Just about all sitwations, the base station (B5) is located a
distance from the fizld of ==nsing. The BS collects data from
these kinds of netwoerks om a perlodic basls [3]. For the
creation of networks for continnons moenitering, hisrarchical
toplogy with elustaring has been proven effective [4]. It has
besn demonstrated that netenork clostering has a long life
compared to a perwork uslng stralght data transfer [5).
Clustering techniques bave a number of advantages in data
collectlon nerworks. The clostering of senzors iz intended to
decrease the count of long-distance transfers, resulting in
energy savings, Clostering extends the sleep duratlops of
pegular sensos nodes (cluster members (Chs)), whereas
clnster heads (CHs) regulate the actions of their Chs, leading
to energy savings once agailn. The omjority of the actlon
scheduling i= carried out via TDMA-based schedules [6] [T].

Addittenally, clusterizg lnproves the aggregation of data
at the CH by reducing the count of sent packests, resulting in
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lower zensor node energy  comsumption. In chustering
protocols, communication fakes place in two stages: inta-
cluster, which oceurs inaide closters, and fnter-chester, whicl
ooours betwesn clusters and the BS, Moreover, in a WSN
clustering profocol, comommication could be accomplisled
vin either single- or nulti-hop transmission routing, Becauss
the distance between sensors Inside the clister iz generally
low, most cheteslng  protocels  employ single-hop
communication to communicate within the cluster, e.g. HEED
[E]. LEACH [9]. ate. Direct transodssion, oo the otler had,
i5 helpfial since the mdio wastes energy during both reception
and transmbsalon. However, direct fransmission bas iz own
limitations. It's onoly svitable for usage until to a specified
threshold distance [10]. Thar's also duwe to the fact tlsat cnce
transmission distance excesds a certain threshold, the snergy
cost rises 1o proportion to the distances fourth power. A CH
is severely loaded in a clestering protocol sioce it must
execube mamy  duties incheding closter creation, data
aggregation, data transfer, and relaying. In compartson o no-
CH nodes, CHs spend more energy [11] [12].

The optimization of nebwork lifsspan is one of the
fundamental considerations in W5Ms, since once the network
becomes dysfiusctional, a substantial quantity of energy mnst
nat stay in the nodes, a5 this would be waste [ 10]. The netorork
lifespan has been specified Ly several research papers as wihen
the first node dies (FINDY). The death of the first node is not
consddered a general definition because the lifetime criteria
are application-specific. Because thers are several sorts of
metwork applications, the nerwork's lifetime was alseady
assesged &t varlows plases, such as te moment once the fiest
nade dies or a partievlar proportion of nodes fails. In aoy
slustion, s mose crockal that the setwork operates
independently and relinbly till the end of its lifespan [13]

I this article, the network chestering is handled by the BS
This is a centralized method in which the BS splits the netorork
nto clustess ar the stare of the protocel and allocates the
function of CH te the node in every cluster having the greatest
epnergy level. Subsequently, sccording to the varying amounts
of energy in the nodes, it chooses and rotates the CHs within
thosze clusters 1o reduce energy expendimre before the data
transmission phass to the BS, The clustering within that article
i3 statbonary and determimed vsing & centrallzed E-means
method, with the created clusters remaining static thronghout
the process, Ifs indeed lmportant o mention that the
progoition of CH3 o the seowork 15 deternmdoed by varbous
network deplovment characteristics; the most significant of
thoze is the fopalogy of the network and the mumber of k ( fos
the K.-means method) that meets the criterin demanded by the
applicatbon employing this WM.
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« A comprehensive review of clustering approaches for energy efficiency in wireless sensor

networks @

by Wesal Bassem Nedham, Ali Kadhum M. Al-Qurabat

Abstract: Wireless Sensor Networks (WSNs) have become more popular in recent years due to
their vast range of applications. The use of WSNs is an absolute requirement for future
revolutionary domains such as smart cities, the Internet of Things, or ecological fields, where
hundreds or thousands of sensor nodes are placed. Moreover, because WSNs are energy-
constrained networks, implementing energy-aware protocols is critical. Hierarchical techniques
enhance network performance and extend network lifetime in large-scale WSNs. Within a WSN,
hierarchy is achieved by dividing the network into sub-networks known as clusters, which are
directed by Cluster Heads (CH). Clustering is the most common energy-efficient approach, and it
offers several benefits, such as reduced latency, scalability, lifetime, and energy efficiency. This
study presents a detailed assessment of several clustering techniques, together with their aims,
features, etc. Furthermore, clustering techniques are classified and evaluated based on numerous
cluster features, cluster head attributes, and clustering procedures.

Keywords: wireless sensor networks; energy consumption; energy efficiency; clustering techniques;
loT.
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+ A review of current prediction techniques for extending the lifetime of wireless sensor

networks @

by Wesal Bassem Nedham, Ali Kadhum M. Al-Qurabat

Abstract: The possibility for broad usage of wireless sensor networks (WSNs) in many various
sectors, such as environmental monitoring, security, home automation, and many others, has
increased research interest in WSNs. Although its successes, the broad proliferation of WSNs,
especially in distant and inhospitable areas where their usage is most advantageous, is hindered by
the primary obstacle of limited energy, as they are often battery operated. To provide these
energy-hungry sensor nodes with a longer life expectancy, one technique to achieve this aim is to
reduce the frequency of data transfer. Conversely, a portion of the observed data could be
predicted to avoid initiating communications that might overwhelm the wireless channel. In this
paper, we classify and analyse current prediction-based data reduction strategies for WSNs. Our
key contribution is a systematic technique for choosing a prediction model in WSNs based on
WSN limitations, prediction technique features, and observed data.

Keywords: wireless sensor networks; prediction models; time series models.



el aadl gl adel 513
Gl g tal) A0/ A aals
cl ulalag loa

JM’MY\M@&M\ s Bliall dia 44y )b
Aoy

@

A g

1o%-

% -
Ciald

Balgds o Jguanl) lallaia (a8 52 (A by daalas (8 liall o glal) A0S )
Cilaulal) agle/aglal) B piualall

ROR|
& g ) y—all el_Bla..ul..\dldAJ
2019 J—bdmas /Gl s g lall A S /sl agle 8 e a1

il )

) Al iaaa alilS e 3

¢ 2023 = 1444



	CERTIFICATION OF THE EXAMINATION COMMITTEE
	CHAPTER ONE
	INTRODUCTION

	Chapter Two
	Theoretical Background

	CHAPTER TWO
	THEORETICAL BACKGROUND

	Chapter Three
	The Proposed Protocol
	Chapter Four
	The Experimental Results and Discussions

	Chapter Five
	Conclusions and Future Works

