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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.  
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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, …etc. [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 
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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 
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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 
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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 (n2)), 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. It is 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 

quality. 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 Voronoi 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. 
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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]. 
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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:  

• Chapter 2: Presents the fundamental tools and basics that are 

needed to achieve the goals of the thesis.  

• Chapter 3: Presents the proposed scheme that is used to maximize 

the conservation of energy and prolong the lifetime of the whole 

network.  

• Chapter 4: Presents the implementation of the proposed model 

and comparison it with other models, and analysis of results.  

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

 WSNs 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 

WSNs 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 

 

2.4 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 WSNs, 

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]. 

 

 

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. 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] 

2. 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]. 

3. 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]. 

 

2.5.1 Clusters Based WSNs 

 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. 

 

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]:  

• 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].  

2.5.4 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, p3... pn), Euclidean distance is 

described as follows:  

𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒(𝐶𝑖 , 𝑃𝑗)  = √ ∑ (𝐶𝑖 − 𝑃𝑗)2𝑛
𝑖,𝑗=1                      (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. 

 

 

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 =  ∑ ∑ ( 𝑝 − µ 𝑖)
2 

𝑝 ∈ 𝑐𝑖

𝑘
𝑖=1            (2.2) 

Where K and Ci are the number of clusters, p is each element in the cluster Ci, 

and µi is the Ci centroid (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. 

 

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 

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). 

 

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, x2, ..., 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. 

 

 

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 𝑦t of the time series 

is dependent on and correlates with the past values (𝑦t-1, 𝑦t-2, …, etc) of 

the series itself. The values of one or more lags are utilized to predict 𝑦t. 

Equation 2.3 represents the AR model [91].  

 

𝑦 t = c + α1 𝑦 t – 1   + α2 𝑦 t – 2   +…..+ αp 𝑦 t – p + εt            (2.3) 

 

Where 𝑐  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 𝑦t weighted by the corresponding coefficients α1, α2, …, αp. 

These coefficients capture the influence of past values of 𝑦t on the 

current value. εt 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 
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value 𝑦t is dependent on the error terms including the current error (ε t, 

εt– 1, ε t – 2, …, εt– q). MA model is given in equation 2.4. 

𝑦 t = c + θ1 ε t – 1   + θ2 ε t – 2   +…..+θq ε t – q           (2.4) 

The model includes q-lagged values of the error denoted by εt-1, εt-2, ..., 

εt-q that are weighted by the corresponding coefficients θ1, θ2, ..., θq. 

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. 

 

𝑦 t
'=𝑦 t − 𝑦 t-1       (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: 

 

𝑦́𝑡 = 𝑐 + 𝛼1𝑦́𝑡−1 + ⋯ + 𝛼𝑝𝑦́𝑡−𝑝 + 𝜃1𝜀𝑡−1 + ⋯+ 𝜃𝑞𝜀𝑡−𝑞 + 𝜀𝑡         (2.6) 

 



Chapter Two  Theoretical Background 

36 
 

Where 𝛼  represents the autoregressive (AR), 𝜃 represents the moving 

average (MA) and 𝜀 represents the error . The order of the AR and MA is 

denoted by p and q, 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
𝑇⁄ + 2𝑘

𝑇⁄        (2.7) 

𝐵𝐼𝐶 = −2𝑙
𝑇⁄ +

(𝑘 log 𝑇)
𝑇⁄   (2.8) 

In equations 2.7 and 2.8, 𝑙 represents the log-likelihood, 𝑇 represents the 

number of sensed data, 𝑘 represents the number of regressors on the right-

hand side, and 𝜀̂′𝜀̂ in equation 2.9 represents the sum of squared residuals. 

𝑙 =
𝑇

2
(1 + log(2𝜋) + log(𝜀̂

′𝜀̂
𝑇⁄ ))    (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, 𝑥𝑡 and 𝑦𝑡 . The 𝑥𝑡 is Granger causal for 𝑦𝑡  if 𝑥𝑡 

helps to predict 𝑦𝑡  at some stage in the future where the regression result of 𝑦𝑡  

in terms of its past value is less accurate than the regression result of past values 

when use 𝑥𝑡 and 𝑦𝑡  together. The Granger model is defined as follows: 

 𝑦𝑡  = α+∑  𝑌𝑘𝑦𝑡−𝑘 + ∑ 𝛽𝑘𝑥𝑡−𝑘 + 𝜀𝑡               𝑡 = 1ˎ…  ˎ𝑛 𝑘
1

𝑘
1        (2.10) 

 Where 𝑦𝑡  is the variable needed to be examined, α is a constant, 𝑘 represents 

the largest lag order, and 𝜀 is regression error. An F-test can be used to 

investigate this causality by testing the following null hypothesis:  

Null hypothesis (H0): Time series 𝑥  does not Granger-cause time series 𝑦 

H0 : β1 = ··· = βK = 0                     (2.11) 

Alternative hypothesis (HA): Time series x is Granger causes time series y. 
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One may get the conclusion that there is causation from 𝑥  to 𝑦 if 𝐻0 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  {𝑥𝑡 }𝑡=1 
𝑇  represents the data sets at the cluster head CHi and 

{𝑦 }𝑛=1 
𝑚 denote the representative data sets that will send from  CHi 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 Etr. Equation 2.14 

represents energy consumption for the received K-bits data in Erc.  

𝐸𝑡𝑟(𝐾, 𝑑) = {
𝐸𝑒𝑙𝑒𝑐 𝐾 + 𝐾 𝜀𝑎𝑚𝑝𝑑2    𝑑 <  𝑑0

𝐸𝑒𝑙𝑒𝑐 𝐾 + 𝐾 𝜀𝑎𝑚𝑝  𝑑4     𝑑 >  𝑑0
      (2.13) 

𝐸𝑡𝑟(𝐾) =  𝐸𝑒𝑙𝑒𝑐 𝐾   (2.14) 

The energy required to transmit K-bits is proportional with the distance.  The 

Etr is the energy consumed per sensor. Eelec refers to the energy that is expended 

to operate the transceiver. 𝐸𝑒𝑙𝑒𝑐=50 𝑛𝐽/𝑏𝑖𝑡. Ɛamp is the energy dissipated of 

transmit amplifier with different distance levels Ɛ𝑎𝑚𝑝=100 𝑝𝐽/𝑏𝑖𝑡/𝑚2. K is the 

length of the message, d is the transmission distance and d0 is the threshold 

distance given by equation 2.15 [99], [100].  

𝑑0 =  √
Eamp 𝑓𝑟𝑒𝑒 𝑠𝑝𝑎𝑐𝑒

E𝑎𝑚𝑝 𝑚𝑢𝑙𝑡𝑖−𝑝𝑎𝑡ℎ
                        (2.15) 

If distance value d is smaller than d0, 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 𝑙𝑒𝑛𝑔𝑡ℎ = Number of readings in the data set × 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: 

 

𝑅𝑀𝑆𝐸 = √
1

𝑛−𝑚
 ∑ (𝑦𝑡 − 𝑦̂𝑡)2𝑛

𝑡=𝑚+1             (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 WSNs, 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 𝐺 = (𝑆𝑁, 𝐸), where 𝑆𝑁 =
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{𝑆𝑁1, 𝑆𝑁2, … , 𝑆𝑁𝑛} is a collection of 𝑛 sensor nodes, which represent the first 

layer, deployed in the region of interest at locations 𝐿𝑆𝑁  =

{𝑙𝑆𝑁1
, 𝑙𝑆𝑁2

, … , 𝑙𝑆𝑁𝑛
}, and 𝐸 is 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 (𝑇𝑝), 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 𝐿𝐶𝐻  = {𝑙𝐶𝐻1
, 𝑙𝐶𝐻2

, … , 𝑙𝐶𝐻𝐾
}. The 

third layer comprises the sink placed at a distinct location 𝐿𝑆𝑖𝑛𝑘. 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 

𝑆𝑁𝑖 's lifetime, each time period 𝑇𝑝 is separated into discrete intervals called 

"time slots". Specifically: 𝑇𝑝 = [𝑠1, 𝑠2, . . , 𝑠𝑇]. Each sensor node 𝑆𝑁𝑖 collects 

a new data value 𝑣𝑖𝑝𝑗
 at each slot 𝑠𝑗, and this information is combined during 

the time period 𝑇𝑝 to generate a vector of sensed data as follows: 𝑉𝑖𝑝 =

[𝑣𝑖𝑝1
, 𝑣𝑖𝑝2

, . . , 𝑣𝑖𝑝𝑇
].  

As an example of data collection and as shown in figure 3.2, each 𝑆𝑁𝑖 

collects data by taking five measurements at regular intervals 𝑇𝑝  (𝑝 ∈  [1, 5]) 

and sending the resulting vector of data 𝑉𝑖𝑝 = [𝑣𝑖𝑝1
, 𝑣𝑖𝑝2

, 𝑣𝑖𝑝3
, 𝑣𝑖𝑝4

, 𝑣𝑖𝑝5
] to 

the next tier of nodes.  

In this thesis, the proposed protocol introduces an ARIMA-based 

predictive model to iteratively predict the data of 𝑆𝑁𝑖 sensor at a time period 

(𝑇𝑝 + 1), where 𝑇𝑝 + 1 =  [𝑠1, 𝑠2, . . , 𝑠𝑇] in which 𝑇 is the times of iterative 

predictions. The proposed model predicts the sensory vector of data 

𝑉𝑖𝑝
′ (𝑇𝑝 + 1) by utilizing the vector of data 𝑉𝑖𝑝(𝑇𝑝). After getting 𝑉𝑖𝑝

′ (𝑇𝑝 + 1), 

the protocol can iteratively use the predictive model to get 𝑉𝑖𝑝
′ (𝑇𝑝 + 2), 

𝑉𝑖𝑝
′ (𝑇𝑝 + 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 𝑉𝑖𝑝 formed by the data 

of node 𝑆𝑁𝑖 may include duplicated data (or similar data). 

 

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). 

• The topology of the network remains static throughout the 

network operation. 

• Sensor nodes are deployed systematically in a uniform pattern. 

• All of the sensor nodes are homogeneous. 

• All sensor nodes have limited energy and initialized with an 

equal amount of energy.  

• Unlike the sensor nodes, the cluster head is a super node that has 

more energy, memory, and processing. 
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• The sink is designed to be devoid of limitations in computation, 

energy, and coverage of network. 

• Radio interference and physical obstructions that cause signal 

attenuation are not considered. 

• Aggregation of data occurs at CHs. 

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

hop). 

• Each node senses the environment at a fixed rate and always has 

data to send to the CH. 

• 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 + 𝐸𝐷𝐴 + 𝐸𝑆𝑁           (3.2) 

The energy expended at the moment of data reception is denoted by 

𝐸𝑅𝑥. The energy expended at the moment of aggregation is referred to as 𝐸𝐷𝐴. 

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

𝐸𝑆𝑁 = ∑ ∑ 𝐸𝑇𝑥(𝑥𝑖 , 𝐶𝐻𝑗)
|𝐶𝑗|

𝑖=1
𝐾
𝑗=1    (3.3) 

Where 𝐸𝑇𝑥(𝑥𝑖, 𝐶𝐻𝑗) indicates the amount of energy used in 

transmitting data from node 𝑥𝑖 to its CH in the 𝑗𝑡ℎ cluster, |𝐶𝑗| indicates the 
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cluster 𝐶𝑗 's nodes count and 𝑗 ∈ [1,2,… , 𝐾] denotes the number of the 

clusters. 

𝐸𝐷𝐴 = 𝑚 × |𝐶𝑗| × 𝐸𝑠𝑑𝑏     (3.4) 

where 𝐸𝑠𝑑𝑏 is the energy of aggregation for a single data bit and 𝑚 is 

the bits number. 

𝐸𝑖𝑛𝑡𝑒𝑟_𝑐𝑙𝑢𝑠𝑡𝑒𝑟 = ∑ 𝐸𝑇𝑥(𝐶𝐻𝑖, 𝐵𝑆)𝐾
𝑖=1     (3.5) 

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

create any data by itself, then 

𝐸𝐶𝐻 = (𝑚 × 𝐸𝑒𝑙𝑒𝑐 + 𝑚 × 𝐸𝐷𝐴) (
𝑁

𝐾
− 1) + (𝑚 × 𝐸𝑒𝑙𝑒𝑐 +

                𝑚 × 𝜀𝑚𝑝 × 𝑑4)                                        (3.6) 

𝑁 is the nodes count. 

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

𝐸𝐶𝐻 = (𝑚 × 𝐸𝑒𝑙𝑒𝑐 (
𝑁

𝐾
− 1)) + (𝑚 × 𝐸𝐷𝐴 (

𝑁

𝐾
)) +

                                 (𝑚 × 𝐸𝑒𝑙𝑒𝑐 + 𝑚 × 𝜀𝑚𝑝 × 𝑑4)                           (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 
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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 (𝑊𝐶𝑆𝑆) 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 =

{𝑆𝑁1, 𝑆𝑁2, … , 𝑆𝑁𝑛}, distributed over an area of 𝑀 × 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 = {𝐶1, 𝐶2, … , 𝐶𝐾}, which are 

denoted by respective centroids, 𝜇 = {𝜇1, 𝜇2, … , 𝜇𝐾}, is 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 = ∑ ∑ (𝑥𝑖 − 𝜇𝑗)
2

𝑥𝑖∈𝐶𝑗

𝐾
𝑗=1           (3.8) 

where 𝑥𝑖 indicates the 𝑖𝑡ℎ node in the cluster 𝐶𝑗  and 𝜇𝑗 denotes the 

physical centre (centroid) of the sensor nodes in the cluster 𝐶𝑗 , 𝑗 ∈

[1, 2, … , 𝐾], |𝐶𝑗| indicates the cluster 𝐶𝑗 's nodes count and is provided by: 

  𝜇𝑗 = (
1

|𝐶𝑗|
∑ 𝒳𝑖𝒳𝑖∈𝐶𝑗

,
1

|𝐶𝑗|
∑ 𝒴𝑖𝒴𝑖∈𝐶𝑗

)              (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: 

Output: 

𝑛: 𝑆𝑒𝑛𝑠𝑜𝑟 𝑛𝑜𝑑𝑒𝑠 𝑁𝑜. 

𝐶: 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓𝑐𝑙𝑢𝑠𝑡𝑒𝑟𝑠 𝑐𝑟𝑒𝑎𝑡𝑒𝑑 

1 

2 

3 

4 

5 

𝒇𝒐𝒓 𝑖 ← 1 𝑡𝑜 𝑛 𝒅𝒐                                                   /* Network Initialization */ 

   Deployment sensor nodes 

   𝑆𝑁𝑖𝑑 ← 𝑖                                       /* Set sensor (id, initial energy, position) */ 

   𝑆𝑁𝑒𝑛 ← 𝑖𝑛𝑖𝑡𝑖𝑎𝑙 𝑒𝑛𝑒𝑟𝑔𝑦 

   𝑆𝑁𝑝𝑜 ← 𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛 (𝑥𝑖 , 𝑦𝑖) 
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6 𝒆𝒏𝒅 𝒇𝒐𝒓 

7 

8 

9 

10 

𝑺𝒊𝒏𝒌𝒃𝒖𝒇𝒇𝒆𝒓 ← {∅}   /* SNs sending their id, energy, and position to the sink */ 

𝒇𝒐𝒓 𝑖 ← 1 𝑡𝑜 𝑛 𝒅𝒐 

    𝑺𝒊𝒏𝒌𝒃𝒖𝒇𝒇𝒆𝒓[𝒊] ← 𝑺𝑵𝒊[𝒊𝒅, 𝒆𝒏, 𝒑𝒐] 

𝒆𝒏𝒅 𝒇𝒐𝒓 

11 

12 

13 

14 

15 

16 

17 

18 

19 

20 

21 

22 

23 

24 

25 

26 

27 

28 

29 

𝑲 ← 𝐶𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑖𝑛𝑔 𝑜𝑝𝑡𝑖𝑚𝑎𝑙 𝑁𝑜. 𝑜𝑓 𝑐𝑙𝑢𝑠𝑡𝑒𝑟𝑠 𝑢𝑠𝑖𝑛𝑔 𝐸𝑞. (2.2) 

𝒕 = 0 

𝝁 ← 𝑟𝑒𝑎𝑛𝑑𝑜𝑚𝑙𝑦 𝑖𝑛𝑖𝑡𝑖𝑎𝑙𝑖𝑧𝑒 𝑲 𝑐𝑒𝑛𝑡𝑟𝑜𝑖𝑑𝑠 𝑓𝑟𝑜𝑚 𝑺𝒊𝒏𝒌𝒃𝒖𝒇𝒇𝒆𝒓: {𝝁𝟏
𝒕 , … , 𝝁𝑲

𝒕 } 

   𝐶𝑗 ← ∅ for all 𝑗 = 1, … , 𝐾  

𝒓𝒆𝒑𝒆𝒂𝒕 

   𝒇𝒐𝒓𝒆𝒂𝒄𝒉 (𝑥𝑖 ∈ 𝑺𝒊𝒏𝒌𝒃𝒖𝒇𝒇𝒆𝒓) 𝒅𝒐 

        𝒇𝒐𝒓𝒆𝒂𝒄𝒉 (𝜇𝑗
𝑡 ∈ 𝝁) 𝒅𝒐 

             𝑗 ← 𝑎𝑟𝑔𝑚𝑖𝑛 ‖𝑥𝑖 − 𝜇𝑗
𝑡‖

2
                 /* assign 𝑥𝑖 to closest centroid */ 

             𝐶𝑗 ← 𝐶𝑗 ∪ {𝑥𝑖} 

        𝒆𝒏𝒅 𝒇𝒐𝒓 

   𝒆𝒏𝒅 𝒇𝒐𝒓 

   𝑡 ← 𝑡 + 1 

   𝒇𝒐𝒓  𝑗 ← 1 𝑡𝑜 𝐾 𝒅𝒐 

         𝜇𝑗
𝑡 ←

1

|𝐶𝑗|
∑ 𝑥𝑖𝑥𝑖∈𝐶𝑗

                                      /* centroid update (average) */ 

   𝒆𝒏𝒅 𝒇𝒐𝒓                 

𝒖𝒏𝒕𝒊𝒍 ‖ 𝜇𝑗
𝑡 − 𝜇𝑗

𝑡−1‖
𝟐

= 𝟎                             /* centroid do not change */ 

𝑟𝑒𝑡𝑢𝑟𝑛 𝑪 

 

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 𝑇𝑝. Through 

coordinated efforts between sensor nodes and CHs, the network is able to 

send fewer data packets. 
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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: 

 

Figure 3.3 The automatic ARIMA model construction steps. 

1. Step 1 

For this analysis to be valid, the sensed data vector 𝑉𝑖𝑝 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. 

1

•Make sensed data vector 𝑉𝑖𝑝 = [𝑣𝑖𝑝1
, 𝑣𝑖𝑝2

, … , 𝑣𝑖𝑝𝑇
] 

stationary by differencing.

2

•Determine the appropriate ARIMA model by PACF and 
ACF.

3
•ARIMA model parameters Estimation.

4
•Determine the most appropriate ARIMA model.
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2. Step 2 

Once the sensed data vector 𝑉𝑖𝑝 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 𝑉𝑖𝑝.   

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 𝑉𝑖𝑝 =

[𝑣𝑖𝑝1
, 𝑣𝑖𝑝2

, … ,  𝑣𝑖𝑝𝑇
] in order to construct the ARIMA prediction model. If the 

sensed data vector 𝑉𝑖𝑝 isn't stationary, we need to apply the differencing 

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

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

prediction model to the differentiated data vector [𝑣𝑖𝑝1

′ , 𝑣𝑖𝑝2

′ , … ,  𝑣𝑖𝑝𝑇

′ ] 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. 

 

Figure 3.4 Box search path. 

 

Algorithm 3.2: 𝑨𝒖𝒕𝒐𝒎𝒂𝒕𝒊𝒄 𝑨𝑹𝑰𝑴𝑨 𝒎𝒐𝒅𝒆𝒍𝒊𝒏𝒈 

Input: 

 

Output: 

𝑆𝑒𝑛𝑠𝑒𝑑 𝑑𝑎𝑡𝑎 𝑣𝑒𝑐𝑡𝑜𝑟 𝑉𝑖𝑝 = [𝑣𝑖𝑝1
, 𝑣𝑖𝑝2

, … ,  𝑣𝑖𝑝𝑇
],

𝜀: 𝑎𝑝𝑝𝑙𝑖𝑐𝑎𝑡𝑖𝑜𝑛 𝑑𝑒𝑓𝑖𝑛𝑒𝑑 𝑠𝑡𝑎𝑡𝑖𝑜𝑛𝑎𝑟𝑦 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑,
𝛿: 𝐴𝑝𝑝𝑙𝑖𝑐𝑎𝑡𝑖𝑜𝑛 𝑑𝑒𝑓𝑖𝑛𝑒𝑑 𝐵𝐼𝐶 𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑜𝑟 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 

𝐴𝑅𝐼𝑀𝐴 𝑚𝑜𝑑𝑒𝑙 𝑃𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠 (𝐴𝑅𝐼𝑀𝐴) 

1 𝒇𝒐𝒓 𝑖 ← 1 𝑡𝑜 𝑇 𝒅𝒐                                                    
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2 

3 

4 

5 

 

 

6 

7 

8 

 

9 

10 

11 

12 

13 

14 

15 

16 

17 

   𝐶𝑜𝑙𝑙𝑒𝑐𝑡 𝑟𝑒𝑐𝑒𝑛𝑡𝑙𝑦 𝑠𝑒𝑛𝑠𝑒𝑑 𝑑𝑎𝑡𝑎 𝑣𝑒𝑐𝑡𝑜𝑟    𝑉𝑖𝑝 = [𝑣𝑖𝑝1
, 𝑣𝑖𝑝2

, … ,  𝑣𝑖𝑝𝑇
] 

   𝐼 ← 0                                       

𝒆𝒏𝒅 𝒇𝒐𝒓 

𝒘𝒉𝒊𝒍𝒆 |𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 (𝑑𝑖𝑓𝑓([𝑣𝑖𝑝1
, 𝑣𝑖𝑝2

, … ,  𝑣𝑖𝑝𝑇
], 𝐼))

− 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 (𝑑𝑖𝑓𝑓([𝑣𝑖𝑝1
, 𝑣𝑖𝑝2

, … ,  𝑣𝑖𝑝𝑇
], 𝐼 + 1))| > 𝜀 𝒅𝒐 

           𝐼 ← 𝐼 + 1 

𝒆𝒏𝒅 𝒘𝒉𝒊𝒍𝒆 

Make [𝑣𝑖𝑝1
, 𝑣𝑖𝑝2

, … ,  𝑣𝑖𝑝𝑇
] stationary by 𝐼 order differencing and get 

[𝑣𝑖𝑝1
, 𝑣𝑖𝑝2

, … ,  𝑣𝑖𝑝𝑇
] 

𝒇𝒐𝒓 𝐴𝑅 ← 1 𝑡𝑜 𝑀𝑎𝑥𝐴𝑅 𝒅𝒐 

     𝒇𝒐𝒓 𝑀𝐴 ← 1 𝑡𝑜 𝐴𝑅 𝒅𝒐 

          𝑓𝑖𝑡 𝐴𝑅𝐼𝑀𝐴(𝐴𝑅, 0,𝑀𝐴) 𝑚𝑜𝑑𝑒𝑙 𝑢𝑠𝑖𝑛𝑔 𝑙𝑒𝑎𝑠𝑡 𝑠𝑞𝑢𝑎𝑟𝑒 𝑚𝑒𝑡ℎ𝑜𝑑 

          𝑐𝑙𝑎𝑐𝑢𝑙𝑎𝑡𝑒 𝐵𝐼𝐶 𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑜𝑟 𝑓𝑜𝑟 𝐴𝑅𝐼𝑀𝐴 

          𝒊𝒇 (𝐵𝐼𝐶 < 𝛿) 𝒕𝒉𝒆𝒏 

                𝒃𝒓𝒆𝒂𝒌 𝐴𝑅𝐼𝑀𝐴 𝑚𝑜𝑑𝑒𝑙𝑖𝑛𝑔 

          𝒆𝒏𝒅 𝒊𝒇 

     𝒆𝒏𝒅 𝒇𝒐𝒓 

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 

CH/sink nodes. As previously stated, each sensor node collects 𝑇 data 

readings in a specific time period 𝑇𝑝 before sending the constituted sensed 

data vector, 𝑉𝑖𝑝 = [𝑣𝑖𝑝1
, 𝑣𝑖𝑝2

, … ,  𝑣𝑖𝑝𝑇
], to 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 𝑏𝑢𝑓𝑓𝑒𝑟𝐶𝐻 in its memory. 
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𝑏𝑢𝑓𝑓𝑒𝑟𝐶𝐻 =

[
 
 
 
𝑣1𝑝1

, 𝑣1𝑝2
, … ,  𝑣1𝑝𝑇

𝑣2𝑝1
, 𝑣2𝑝2

, … ,  𝑣2𝑝𝑇

⋮,        ⋮,     ⋱,      ⋮
𝑣𝑐𝑝1

, 𝑣𝑛𝑝2
, … ,  𝑣𝑐𝑝𝑇 ]

 
 
 

 

Where 𝑐 represents the number of 𝑆𝑁 in a cluster and 𝑣𝑖𝑝𝑇
 represents 

the sensed data vector of 𝑖𝑡ℎ sensor node. 

Meanwhile, the data vector 𝑉𝑖𝑝 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 𝑉𝑖𝑝 they have collected with the 

data vector 𝑉𝑖𝑝
′  they have predicted. The sensor node will add the predicted 

data vector 𝑉𝑖𝑝
′  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 𝑉𝑖𝑝 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 − 𝑉𝑖𝑝

′ | > 𝜀

𝐷𝑖𝑠𝑐𝑎𝑟𝑑𝑒𝑑 (𝑉𝑖𝑝)                        𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
                       (3.10) 

 

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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Figure 3.5 Process of implementing DPS between a sensor node and CH. 
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Algorithm 3.3: 𝑻𝒉𝒆 𝑨𝒍𝒈𝒐𝒓𝒊𝒕𝒉𝒎 𝒂𝒕 𝒕𝒉𝒆 𝑺𝑵 𝑳𝒆𝒗𝒆𝒍 

Input: 
 

Output: 

𝑆𝑒𝑛𝑠𝑒𝑑 𝑑𝑎𝑡𝑎 𝑣𝑒𝑐𝑡𝑜𝑟 𝑉𝑖𝑝 = [𝑣𝑖𝑝1
, 𝑣𝑖𝑝2

, … ,  𝑣𝑖𝑝𝑇
],

𝜀: 𝑎𝑝𝑝𝑙𝑖𝑐𝑎𝑡𝑖𝑜𝑛 𝑑𝑒𝑓𝑖𝑛𝑒𝑑 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 

Collect recently sensed data vector 𝑉𝑖𝑝 

1 

2 

3 

4 

5 

6 

7 

8 

9 

10 

11 

12 

13 

14 

15 

16 

17 

18 

19 

20 

21 

𝑏𝑢𝑓𝑓𝑒𝑟 = ∅                                                                   // buffer data queue 

𝑉𝑖𝑝 = 𝑉𝑖𝑝
′ = ∅                                           // Sensed and predicted data vector 

𝒇𝒐𝒓𝒆𝒂𝒄𝒉 𝑝𝑒𝑟𝑖𝑜𝑑 𝒅𝒐     

        𝒇𝒐𝒓 𝑗 ← 1 𝑡𝑜 𝑇 𝒅𝒐                                                

                𝑉𝑖𝑝 ← 𝑣𝑖𝑝𝑗
                                     // Collect recently sensed data vector 

        𝒆𝒏𝒅 𝒇𝒐𝒓 

        𝒊𝒇 (𝑝𝑒𝑟𝑖𝑜𝑑 = 1) 𝒕𝒉𝒆𝒏 

              𝑏𝑢𝑓𝑓𝑒𝑟 ← 𝑉𝑖𝑝 

              𝐴𝑅𝐼𝑀𝐴𝑚𝑜𝑑𝑒𝑙 ← 𝑅𝑢𝑛 𝑎𝑢𝑡𝑜𝑚𝑎𝑡𝑖𝑐 𝐴𝑅𝐼𝑀𝐴 𝑢𝑠𝑖𝑛𝑔 𝒃𝒖𝒇𝒇𝒆𝒓 

              𝐶𝐻 ← 𝑇𝑟𝑎𝑛𝑠𝑚𝑖𝑡𝑡𝑒𝑑 (𝑉𝑖𝑝)                 //Send sensed data vector to CH 

        𝒆𝒍𝒔𝒆 

              𝑉𝑖𝑝
′ ← 𝐴𝑅𝐼𝑀𝐴𝑚𝑜𝑑𝑒𝑙(𝑏𝑢𝑓𝑓𝑒𝑟)      //Predict data vector using ARIMA 

               𝒊𝒇 (𝑅𝑀𝑆𝐸(𝑉𝑖𝑝, 𝑉𝑖𝑝
′ ) < 𝜀) 𝒕𝒉𝒆𝒏       

                      𝑏𝑢𝑓𝑓𝑒𝑟 ← 𝑉𝑖𝑝
′  

                      𝐷𝑖𝑠𝑐𝑎𝑟𝑑𝑒𝑑 (𝑉𝑖𝑝) 

               𝒆𝒍𝒔𝒆 

                     𝑏𝑢𝑓𝑓𝑒𝑟 ← 𝑉𝑖𝑝 

                     𝐶𝐻 ← 𝑇𝑟𝑎𝑛𝑠𝑚𝑖𝑡𝑡𝑒𝑑 (𝑉𝑖𝑝)             //Send sensed data vector to CH 

                     𝐴𝑅𝐼𝑀𝐴𝑚𝑜𝑑𝑒𝑙 ← 𝑅𝑢𝑛 𝑎𝑢𝑡𝑜𝑚𝑎𝑡𝑖𝑐 𝐴𝑅𝐼𝑀𝐴 𝑢𝑠𝑖𝑛𝑔 𝒃𝒖𝒇𝒇𝒆𝒓 

               𝒆𝒏𝒅 𝒊𝒇 

         𝒆𝒏𝒅 𝒊𝒇 
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22 

23 

𝒆𝒏𝒅 𝒇𝒐𝒓 

𝒓𝒆𝒕𝒖𝒓𝒏 𝑉𝑖𝑝 

 

 

 

Algorithm 3.4: Cluster head behavior (dual prediction) 

Input: 

Output: 

𝑆𝑒𝑛𝑠𝑒𝑑 𝑑𝑎𝑡𝑎 𝑣𝑒𝑐𝑡𝑜𝑟 𝑉𝑖𝑝, 

 𝜀: 𝑎𝑝𝑝𝑙𝑖𝑐𝑎𝑡𝑖𝑜𝑛 𝑑𝑒𝑓𝑖𝑛𝑒𝑑 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 

𝐶𝐻 𝑏𝑢𝑓𝑓𝑒𝑟 𝑎𝑠 𝑎 𝑣𝑒𝑐𝑡𝑜𝑟 𝑜𝑓 𝑣𝑒𝑐𝑡𝑜𝑟𝑠  

1 

2 

3 

4 

5 

6 

7 

8 

9 

10 

11 

12 

13 

𝑏𝑢𝑓𝑓𝑒𝑟𝐶𝐻 ← [[∅]]                                     // CH buffer as matrix 

𝐶𝐻𝑉𝑖𝑝
′ = ∅                                                      // Predicted sensed data 

vector 

𝒇𝒐𝒓𝒆𝒂𝒄𝒉 𝑝𝑒𝑟𝑖𝑜𝑑 𝒅𝒐     

𝑤𝑎𝑖𝑡 𝑝𝑒𝑟𝑖𝑜𝑑𝑖𝑐𝑎𝑙 𝑑𝑎𝑡𝑎 𝑐𝑜𝑙𝑙𝑒𝑐𝑡𝑖𝑜𝑛 𝑡𝑖𝑚𝑒 

                 𝒊𝒇 (𝑟𝑒𝑐𝑒𝑖𝑣𝑒𝑑 𝑽𝒊𝒑 𝑓𝑟𝑜𝑚 𝑠𝑒𝑛𝑠𝑜𝑟 𝑚𝑒𝑚𝑏𝑒𝑟𝑠) 𝒕𝒉𝒆𝒏 

                      𝑏𝑢𝑓𝑓𝑒𝑟𝐶𝐻[𝒊] ← 𝑉𝑖𝑝 

                      𝐴𝑅𝐼𝑀𝐴𝑚𝑜𝑑𝑒𝑙 ← 𝑅𝑢𝑛 𝑎𝑢𝑡𝑜𝑚𝑎𝑡𝑖𝑐 𝐴𝑅𝐼𝑀𝐴 𝑢𝑠𝑖𝑛𝑔 𝒃𝒖𝒇𝒇𝒆𝒓𝑪𝑯 

                𝒆𝒍𝒔𝒆 

                       𝐶𝐻𝑉𝑖𝑝
′ ← 𝐴𝑅𝐼𝑀𝐴𝑚𝑜𝑑𝑒𝑙(𝑏𝑢𝑓𝑓𝑒𝑟𝐶𝐻)      //Predict data vector 

                        𝑏𝑢𝑓𝑓𝑒𝑟𝐶𝐻[𝒊] ← 𝐶𝐻𝑉𝑖𝑝
′  

                𝒆𝒏𝒅 𝒊𝒇 

𝒆𝒏𝒅 𝒇𝒐𝒓 

 

 

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 



Chapter Three   The Proposed Protocol 

63 
 

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 . . Sn 

S1 0 GC(D1, 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(S𝑖,S𝑗) represents 

the causality relation between data sets D𝑖,D𝑗 of two sensor nodes 𝑆𝑖 and 𝑆𝑗.  

 

Algorithm 3.5: Cluster head behavior (statistical test) 

Input:  Data sets received by CH from cluster members 



Chapter Three   The Proposed Protocol 

64 
 

Output: Data sets that CH should send to BS  

1. Sending set = Data set [0] 

2. for  i = 1 to length of Data set 

3.         Flag = False 

4.         j = 0 

5.         While (Flag = False and  j  <  length of Sending set) Do 

6.                 P-value = GC ( Data set [i], Sending set [j] 

7.                 if  p-value < threshold  

8.                         Flag = True 

9.                 end if 

10.          end while 

11.          if  Flag = False 

12.                  Sending  set . append ( Data set [i] ) 

13.          end if 

14. end for 

15. 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 45 𝑚 × 35 𝑚 

Number of clusters 4 

Initial energy 0.1 𝐽𝑜𝑢𝑙𝑒 

Readings size 20, 50, 100 

𝑬𝒏𝒆𝒓𝒈𝒚𝒆𝒍𝒆𝒄 50 𝑛𝐽/ 𝑏𝑖𝑡 
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𝜺𝒇𝒓𝒆𝒆−𝒔𝒑𝒂𝒄𝒆 10 𝑝𝐽/ 𝑏𝑖𝑡/ 𝑚2  

Data readings 1 𝑟𝑒𝑎𝑑𝑖𝑛𝑔 /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. Elbow 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 
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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. 

Figure 4.2 The optimal number of clusters by using Elbow method. 

 

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). 

 

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. 

 

 

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. 

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.  

 

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. 

 

 

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. 

 

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. 

Figure 4.11 Number of nodes live along rounds with DRDPS. 

  

 

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. 

 

Figure 4.13 RMSE of different error rates of the network 

 

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. 

 

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. 
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Figure 4.15 Energy consumption of cluster heads level. 

 

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.  

 



 Chapter Four                          The Experimental Results and Discussions 

 

81 
 

 

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 

 

5.1. Conclusions 

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

 

1. We propose an energy conservation approach based on two main 

techniques; network clustering and data reduction-based prediction 

method called DRDPS. 

2. 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.  

3. 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. 

4. 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 

5. 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. 

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

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

7. 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. 

8. 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.  

9. 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 

terms of several performance metrics like  percentage of data sent to 

CH, energy consumption, prediction accuracy and network lifetime 

 

5.2.  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). 

2- Use a mobile sink to conserve more energy. 

3- Scheduling algorithms can be employed for network lifetime 

extension. 

4- Implementing different strategy to address the cluster head selection 

issue. 

5- Using machine learning as a data reduction method. 
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 الخلاصـة

اللاسلكية )  الاستشعار  يتم جمعها  WSNفي شبكة أجهزة  التي  البيانات  تتدفق  ، يلزم أن   )

قد    WSN  شبكات الاستشعار اللاسلكيةبواسطة تطبيقات المراقبة بشكل مستمر. على الرغم من أن  

يتعذر   التي  المناطق  في  واسع  نطاق  تنفيذها على  أن  إلا   ، التطبيقات  من  العديد  في  نجاحًا  حققت 

هذا يرجع في الغالب إلى حقيقة  وقيود الطاقة.    مثل   –كبيرة    اتعقب  يواجههالوصول إليها والنائية  

أنها تعمل بالبطارية في معظم الحالات. صيانة تلك الشبكات مثل ؛ استبدال / إعادة شحن البطاريات  

الطاقة  يعتبر   الحفاظ على  لذلك أصبح  الحالات.  التحديًا في كثير من    معظم   رئيسية في من القضايا 

 .WSN ستشعار اللاسلكيالا   التصاميم  لشبكات

العمر    إطالة  الأطروحة على  للشبكة  تركز هذه  تقليل  الافتراضي  من خلال استثمار طرق 

  نهج لتقليل البياناتفي هذه الأطروحة ، نقترح بروتوكولًا موفرًا للطاقة يسمى    .WSNالبيانات في  

المزدوج  على  يستند  المنقولة عن   DRDPSاقترح    (.DRDPS)  التنبؤ  البيانات  كمية  في  التحكم 

يتم تنفيذ النهج    طريق تجنب نقل البيانات الزائدة عن الحاجة وبالتالي تجنب الاستهلاك المفرط للطاقة.

يتم تطبيق النهج المقترح    مستوى عقدة الاستشعار ، ومستوى رأس الكتلة.  المقترح على مستويين ؛

والذي يعمل في كلا  (  DDPبالبيانات )المزدوج  لة التنبؤ  مرحلة التجميع ومرح   على ثلاث مراحل ؛

 والذي يعمل في رأس الكتلةالبيانات القائم على الإحصاء  ب  و مرحلة التنبؤمن المستشعر ورأس الكتلة  

CHs.  الطاقة وإطالة عمر لتقليل استهلاك  ، وهذه    WSN  الشبكة  يتم استخدام ثلاث خوارزميات 

( ، ARIMA، ومتوسط متحرك متكامل ذاتي الانحدار )  K-meanالخوارزميات هي خوارزميات  

   (.GCوخوارزمية سببية جرانجر )

عبارة عن خوارزمية تجميع تستخدم لتقسيم شبكة المستشعرات إلى    K-meanخوارزمية   

مجموعات ، وبالتالي تقييد نقل البيانات إلى أصغر مساحة ممكنة ، يتم تحديد العدد الأمثل للعناقيد  

طريقة  باستخ  عقدة  ب  ARIMA  تتنبأ  .Elbowدام  مستوى  على  التالية  للجولات  البيانات  قراءات 

هي طريقة إحصائية تسُتخدم على مستوى رأس الكتلة    GCبينما طريقة    المستشعر بطريقة مزدوجة.

ترسل من   التي  البيانات  أداء    .BSإلى    CHلتقليل كمية مجموعات  تقييم  من خلال    DRDPSتم 

المقاييس التنبؤ  حساب  ودقة   ، المرسلة  البيانات  وكمية   ، الشبكة  طاقة  واستهلاك  عمرالشبكة،   :

أظهرت نتائج التجارب    .ELRو    P-DPAمع طرق    DRDPSأيضًا ، تمت مقارنة نتائج    بالبيانات.

، ولديه القدرة على تعزيز العمر والحفاظ    WSNأن النهج المقترح يوفر تحسن ملحوظ في اداء شبكة  

يتم تقييم نتائج المحاكاة وفحصها باستخدام    مقارنة بالشبكة التقليدية المسطحة.  على دقة مقبولة للبيانات

   .Python 3.7لغة برمجة 
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