
TARGET TRACKING  

IN  

WIRELESS SENSOR NETWORK 

 

A Thesis submitted to Gujarat Technological University 

 

for the Award of 

 

    Doctor of Philosophy 

In 

   Electronics and Communication Engineering 

 

By 

Bhagat Dhirenkumar Pankajbhai 

[139997111004] 

under supervision of 

      Dr. Himanshu B. Soni 
 

 
 

GUJARAT TECHNOLOGICAL UNIVERSITY 
 

AHMEDABAD 
 

     September – 2019 



TARGET TRACKING  

IN  

WIRELESS SENSOR NETWORK 

 

A Thesis submitted to Gujarat Technological University 

 

for the Award of 

 

    Doctor of Philosophy 

In 

   Electronics and Communication Engineering 

 

By 

Bhagat Dhirenkumar Pankajbhai 

[139997111004] 

under supervision of 

      Dr. Himanshu B. Soni 
 

 
 

GUJARAT TECHNOLOGICAL UNIVERSITY 
 

AHMEDABAD 
 

     September – 2019 



 

 

 

 

 

 

 

 

 

 

 

 

© [Bhagat Dhirenkumar Panakajbhai] 

 

 

 

 

 

 



  

i 

 

DECLARATION 

I declare that the thesis entitled Target Tracking in Wireless Sensor Network 

submitted by me for the degree of Doctor of Philosophy is the record of research work 

carried out by me during the period from 2013 to 2019 under the supervision of Dr. 

Himanshu B. Soni and this has not formed the basis for the award of any degree, 

diploma, associateship, fellowship, titles in this or any other University or other 

institution of higher learning. 

 

I further declare that the material obtained from other sources has been duly 

acknowledged in the thesis. I shall be solely responsible for any plagiarism or 

other irregularities, if noticed in the thesis. 

 

 

 

Signature of the Research Scholar: ………………………               Date: 27/09/2019 

 

Name of Research Scholar: Bhagat Dhirenkumar Pankajbhai 

 

Place: Ahmedabad 

 

 

 

 

 

 
 

 

 



ii 

 

CERTIFICATE 

I certify that the work incorporated in the thesis Target Tracking in Wireless Sensor 

Network submitted by Bhagat Dhirenkumar Pankajbhai was carried out by the 

candidate under my supervision/guidance. To the best of my knowledge: (i) the 

candidate has not submitted the same research work to any other institution for any 

degree/diploma, Associateship, Fellowship or other similar titles (ii) the thesis 

submitted is a record of original research work done by the Research Scholar during 

the period of study under my supervision, and (iii) the thesis represents independent 

research work on the part of the Research Scholar. 

 

 

 

Signature of Supervisor: ………………………                              Date: 27/09/2019 

 

Name of Supervisor: Dr. Himanshu B. Soni 

 

Place: Ahmedabad 

 

 

 
 

 
 
 
 
 
 
 
 
 
 



iii 

 

Course-work Completion Certificate 
 
 

This is to certify that Bhagat Dhirenkumar Pankajbhai, enrollment no. 

139997111004 is a PhD scholar enrolled for PhD program in the branch Electronics 

and Communication Engineering of Gujarat Technological University, Ahmedabad. 

 

(Please tick the relevant option(s)) 

 He has been exempted from the course-work (successfully completed during 

M. Phil Course) 

 He has been exempted from Research Methodology Course only (successfully 

completed during M. Phil Course) 

 He has successfully completed the PhD course work for the partial 

requirement for the award of PhD Degree. His/ Her performance in the course work is 

as follows; 

Grade obtained in 

Research Methodology 

(PH001) 

Grade obtained in 

Self Study course (Core Subject) 

(PH002) 

AA AB 

 

 

 

 Supervisor’s Signature 

(Dr. Himanshu B. Soni) 

 



iv 

 

Originality Report Certificate 

It is certified that PhD Thesis titled Target Tracking in Wireless Sensor Network 

has been examined by us. We undertake the following: 

a. Thesis has significant new work / knowledge as compared already published or 

are under consideration to be published elsewhere. No sentence, equation, diagram, 

table, paragraph or section has been copied verbatim from previous work unless it is 

placed under quotation marks and duly referenced. 
 

b. The work presented is original and own work of the author (i.e. there is no 

plagiarism). No ideas, processes, results or words of others have been presented as 

Author own work. 
 

c. There is no fabrication of data or results which have been compiled / analysed. 
 

d. There is no falsification by manipulating research materials, equipment or 

processes, or changing or omitting data or results such that the research is not 

accurately represented in the research record. 
 

e. The thesis has been checked using Turnitin (copy of originality report attached) 

and found within limits as per GTU Plagiarism Policy and instructions issued from 

time to time (i.e. permitted similarity index <=25%). 

 

 

Signature of the Research Scholar: ………………………                 Date: 27/09/2019 

Name of Research Scholar: Bhagat Dhirenkumar Pankajbhai 

Place: Ahmedabad 

Signature of Supervisor: ………………………………….                Date: 27/09/2019 

Name of Supervisor: Dr. Himanshu B. Soni 

Place: Ahmedabad 

 



v 

 

Copy of Originality Report  

 

 

 

 



vi 

 

PhD THESIS Non-Exclusive License  

to 

GUJARAT TECHNOLOGICAL UNIVERSITY 

In consideration of being a PhD Research Scholar at GTU and in the interests of the 

facilitation of researchat GTU and elsewhere, I, Bhagat Dhirenkumar Pankajbhai 

having (139997111004) hereby grant a non-exclusive, royalty free and perpetual 

license to GTU on the following terms: 

a) GTU is permitted to archive, reproduce and distribute my thesis, in whole or in 

part, and/or my abstract, in whole or in part ( referred to collectively as the “Work”) 

anywhere in the world, for non-commercial purposes, in all forms of media; 

 

b) GTU is permitted to authorize, sub-lease, sub-contract or procure any of the acts 

mentioned in paragraph (a); 

 

c) GTU is authorized to submit the Work at any National / International Library, 

under the authority of their “Thesis Non-Exclusive License”; 

 

d) The Universal Copyright Notice (©) shall appear on all copies made under the 

authority of this license; 

 

e) I undertake to submit my thesis, through my University, to any Library and 

Archives. Any abstract submitted with the thesis will be considered to form part of 

the thesis. 

f) I represent that my thesis is my original work, does not infringe any rights of 

others, including privacy rights, and that I have the right to make the grant conferred 

by this non-exclusive license. 

 



vii 

 

g) If third party copyrighted material was included in my thesis for which, under the 

terms of the Copyright Act, written permission from the copyright owners is 

required, I have obtained such permission from the copyright owners to do the acts 

mentioned in paragraph (a) above for the full term of copyright protection. 

 

h) I retain copyright ownership and moral rights in my thesis, and may deal with the 

copyright in my thesis, in any way consistent with rights granted by me to my 

University in this non-exclusive license. 

 

i) I further promise to inform any person to whom I may hereafter assign or license 

my copyright in my thesis of the rights granted by me to my University in this non-

exclusive license. 

 

j) I am aware of and agree to accept the conditions and regulations of PhD including 

all policy matters related to authorship and plagiarism. 

 

 

 

Signature of the Research Scholar: ………………………                  

Name of Research Scholar: Bhagat Dhirenkumar Pankajbhai 

Date: 27/09/2019                                                                             Place: Ahmedabad 

Signature of Supervisor: ………………………………….                 

Name of Supervisor: Dr. Himanshu B. Soni 

Date: 27/09/2019                                                                             Place: Ahmedabad 

 

                                           

Seal 



viii 

 

Thesis Approval Form 

The viva-voce of the PhD Thesis submitted by Bhagat Dhirenkumar Pankajbhai 

(Enrollment No. 139997111004) entitled Target Tracking in Wireless Sensor 

Network was conducted on . . . . . . . . . . . . . . . . . . . . . . . . . (day and date) at Gujarat 

Technological University.            

(Please tick any one of the following option) 

 The performance of the candidate was satisfactory. We recommend that 

he/she be awarded the PhD degree. 

 Any further modifications in research work recommended by the panel after 3 

months from the date of first viva-voce upon request of the Supervisor or 

request of Independent Research Scholar after which viva-voce can be re-

conducted by the same panel again (briefly specify the modification suggested 

by the panel). 

 

 

 

 

  

 

 The performance of the candidate was unsatisfactory. We recommend that 

he/she should not be awarded the PhD degree (The panel must give 

Justifications for rejecting the research work ). . 

 
 

 

 

 

 

----------------------------------------------------- ----------------------------------------------------- 

Name and Signature of Supervisor with Seal 1) (External Examiner 1) Name and Signature 

------------------------------------------------------- ------------------------------------------------------- 

2) (External Examiner 2) Name and Signature 3) (External Examiner 3) Name and Signature 



ix 

 

ABSTRACT 

Target tracking is significant application of Wireless Sensor Network (WSN), 

necessitates systematized groups of sensor nodes which predict and track the moving 

target or measures precise distance from the sensor nodes to the target and localize it. 

Due to limited hardware and processing capabilities of WSN, it is difficult to develop 

target tracking mechanism which gives precise, fast and reliable localization along 

with good tracking efficacy.  

 

Uncertainties in target motion and limited sensing regions of sensor causes single-

sensor-based collaborative tracking suffers from low tracking accuracy and lack of 

tracking reliability when a target can’t be detected by sensor nodes. Actuating 

multiple sensors can achieve better tracking performance but with high energy 

consumption. Adaptive scheduling of multiple groups of sensors called clusters is 

used to get energy efficient tracking while maintaining the tracking accuracy. This is 

done through designating one of the sensors as the cluster head for estimation update 

and for scheduling of sensors according to energy measure function called Cluster 

Head Energy Measure (CHEM). Cluster heads may execute Particle Swarm 

Optimization (PSO) which maximize and minimize the network coverage and the 

energy metric respectively and helps to achieve energy efficient tracking.  

 

Conventional target tracking models use mathematical algorithm referred to as a state 

estimator or prediction filter which estimates future state of a moving target 

depending on its past records. Kalman Filter (KF) being best linear minimum variance 

sequential state estimator. KF is an optimal filter in mean square error sense, if the 

noise covariances are known to the filter prior to its operation. If these values are 

taken wrong, then KF may diverge. To avoid so, PSO is used to update covariance 

iteratively. For non linear model, Extended Kalman Filter (EKF) could be used.  

 

Particle filter (PF) is considered to be the most accepted filtering algorithm in various 

tracking and localization problems characterized by nonlinear state-space models. 

Although PF provides precise localized and tracked outcomes, it often fails because of 

the sample impoverishment occurrence. In order to avoid sample impoverishment, PF 



x 

 

with PSO and a Finite Impulse Response (FIR) filter is used to bring precise 

localization and reliable tracking.  

 

Another approach includes binary proximity sensors for tracking targets; sensors 

provide only 1-bit information regarding target’s presence or absence in their vicinity.  

 

Tracking framework called FaceTrack is used too, which occupies the sensor nodes of 

a spatial region surrounding a target, called a face. FaceTrack model predicts and 

locate the target’s location in a face and estimates trajectory of a target moving 

towards another face.  

 

Tracking results of moving target achieved through various tracking models discussed 

which uses prediction based filter could always be improved. In order to achieve so, 

filters are optimized using PSO in terms of mean square error of estimation by 

updating both process noise covariance and measurement noise covariance of filters 

on the fly. Hence PSO used, controls and updates uncertainties in observation and 

measurement of prediction filter which predicts moving target trajectory, wherein 

contribution of such optimization algorithms in tracking of moving target itself to 

improve tracking efficacy is not well addressed.   

 

In the work proposed, we have addressed the use of PSO along with prediction filter 

to improve target tracking efficacy where PSO is contributing in tracking of moving 

target and not to improve any covariance of prediction filter. We have developed 

Multi-Step KF-PSO and Hybrid KF-PSO target tracking mechanism which tracks the 

moving target. The main objective is to develop target tracking model by integrating 

prediction filter-KF and optimization algorithm-PSO which gives improved tracking 

efficacy compared to standard tracking mechanism. Data analyses done to achieve 

said objectives are; measure of a) RMSE: Reduced mean square error b) Square error 

in each tracking steps. Finding shows that proposed work offers reduced, both RMSE 

and square error for different target moving paths which results in improved tracking 

efficacy.   
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Chapter 1  

Introduction 

1.1  Overview 

Network being wired or wireless is a group of communicating devices in which 

devices talk to each other and shares a data and valuable resources. For device to 

communicate, it is necessary to have an interface without which device will not be 

able to be the part of an active network. These devices includes computers and 

computer like devices like palm top, smart phones and other intelligent devices 

having Network Interface Card (NIC) as an interface through which devices can talk 

to get the required job done.  

   

WSN is such an active network where, to get required application functional, a group 

of communicating devices known as sensor nodes is deployed either systematically or 

randomly. These sensor nodes are physically a very tiny device with limited 

computing and communication capacity comprises of few hardware parts along with 

related drivers. Tiny sensor nodes equipped with small battery which is limited 

capacity power supply, sensing unit, transceiver unit and typically embedded 

processing unit and storage [1], [2]. The sensor node is capable of having one or more 

sensors operating in the infrared, acoustic, optical, seismic, magnetic, radio, biological 

and chemical domains.  

 

Sensor nodes are usually deployed in a dense manner and in large numbers. These 

deployed sensor nodes are used to measure certain physical phenomena like 

temperature, pressure, load, luminance, humidity, moisture etc in the sensing vicinity. 

Such sensed information routed to the centralized entity for the subsequent process 

through proper routing channel and accordingly some control actions are taken. Raw 

sensed data and processed data may be required at times hence these are necessary to 

be stored in data base. This WSN scenario is very well depicted in Figure 1.1 shown 
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containing sensor field, sensor nodes, routing channel, central computing resource, 

data base, cloud, and remote computing resources. 

 

FIGURE 1.1 Wireless sensor network 

Few areas of application includes smart home/office automation, habitat monitoring, 

forest fire detection, monitoring inimical forces, crop monitoring in the field of 

agriculture, health monitoring, in industries to ensure proper function of machines and 

quality of product being produced, traffic flow surveillance, asset tracking in 

warehouses and smart cities to list down a few. In spite of restricted battery capacity, 

small communication range of sensor nodes and operational challenges, WSN has 

found its deployment in many applications which largely affect the society and 

individual at large which is discussed and depicted in section 1.3. 

 

Challenge is to make WSN suitable, adaptable and applicable to satisfy all the 

demands of diverse application network. A variety of techniques and protocols have 

been studied and investigated in recent years to cope with uncertainty of environment 

and object to be monitored and to overcome various challenges associated with the 

resource constrained WSN.  

 

In work presented here, application of target tracking in WSN is considered. Network 

matrices like tracking efficacy, square error per tracking step, Root Mean Square 

Error (RMSE), life time of the network etc. are of importance matrices to be 
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observed. Improvement in tracking efficacy of target being tracked is addressed which 

in turn reduces square error per tracking step and RMSE. In-detail study of related 

issues is made and new solution in the area of target tracking is proposed. Resultant 

outcomes to withstand proposed mechanism are obtained and weighed up them with 

existing schemes for the said performance matrices.  

 

This chapter is ordered as follows: Section 1.1 talks about overview of WSN in 

general, followed by an architecture of WSN-hardware and software part in section 

1.2, section 1.3 discuss an application of WSN whereas operational & design 

challenges of WSN and approaches in research domain are discussed in section 1.4 

and section 1.5 respectively. In Section 1.6, chapter wise contribution and 

organization of the thesis is presented. 

 

1.2  Architecture of Wireless Sensor Node 

This section describes about the structure of sensor nodes, the hardware units, 

software units required to drive the hardware units and WSN layered architecture.  

 

1.2.1  Hardware architecture of sensor node 

Sensor node consist few units like, sensing, processing, transceiver and power supply 

as an internal hardware parts as shown in Figure 1.2 and are elaborated as further. 

 

FIGURE 1.2 Hardware architecture of sensor node 
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Sensing module:  

This unit consists of a sensor which is a transducer acting as an interface between 

sensing field and processing unit. These sensors are used to measure physical signal 

and may be of different kinds like temperature, pressure, photo sensor, accelerometer, 

navigation/location sensors, pressure-wave, infrared sensors, electro optic and seismic 

sensors etc. depending on area of application where sensor nodes are deployed. It is 

fixed with Analog to Digital (ADC) converter to get sensed analog data converted 

into digital data as processing unit only understand and accepts digital data to process. 

 

Processing module and memory:  

This unit consists of 8-bit microcontroller or 64-bit microprocessor as an integral part 

for sensed data processing. Main objectives of processing unit are a) application 

execution, b) preprocessing for data to be transmitted and post-processing for data 

being received b) encoding and decoding d) encryption and decryption for security 

purpose e) resource management f) peripheral interaction.  

 

To store information, sensors have on-chip limited storage and working memory with 

in general size of few Kilobytes. Typical controllers used in sensor nodes are Atmel 

AVR ATMEGA128L and MSP 430. 

 

Transceiver module:  

This unit consists of transmitter and receiver for exchanging information to and from 

sensor nodes and centralized entity known as sink node. Usually packet radio 

communication is used to exchanging information through various communication 

protocols like Bluetooth, WI-FI, ZigBee, Radar and GPS etc.  

 

Transceiver unit consumes maximum energy relative to the rest units of a sensor 

node. Three commonly used protocol standards are compared for various features and 

shown in Table 1-1.  
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TABLE 1-1 Communication protocol standards used in WSN 

Features 
Protocol Standards 

Bluetooth ZigBee Wi-Fi 

IEEE Standard 802.15.1 802.15.4 802.11 b/g 

Speed 1 Mbps 250 Kbps 54 Mbps 

Operating 

Frequency 
2.4 GHz 2.4 GHz 2.4 GHz 

Coverage Range 10 meter 10-100 meter 50-100 meter 

Network 

Topology 
Ad-hoc Small N/W Ad-hoc Star/Mesh Star/Mesh 

Modulation GFSK QPSK/BPSK 64 QAM 

Power/Energy 

Consumption 
Low Ultra Low Medium 

Latency 10 sec 30 msec 3 sec 

 

Power supply module:  

This unit of sensor node is very critical and basically a small lithium battery with 

restricted energy capacity. Battery provides energy to all the units of sensor node to 

make them functional. In many WSN application scenarios, battery unit must function 

healthy for several years ultimately to make the WSN active for such extended period. 

Because of the current state-of-the-art manufacturing techniques, sensor nodes are 

embedded with unit called energy harvesting to recharge the battery. Energy of any 

sensor node is measured in Joule (J), which is derived unit of energy. Hardware 

structure is shown in figure below. 

 

1.2.2  Software architecture of sensor node 

Set of instructions or set of software codes is required to make internal hardware units 

of sensor node functional. Even small tiny operating system (OS) is needed too for 

interoperations and synchronization between software and hardware units. Software 

architecture is shown in Figure 1.3 and its various blocks are explained further.  
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FIGURE 1.3 Software architecture of sensor node 

Sensing module drivers:  

Verities of sensors are developed for sensing of various parameters. These sensors are 

to be interfaced with external peripherals for execution of application being 

monitored. To make this happen, drivers are required to be installed either 

independently or may be clubbed with OS. 

 

Processing module drivers: 

This module includes drivers related embedded processing and manipulation. It also 

includes initialization codes for memory to function properly.  

 

Communication and transceiver module drivers:  

Transceiver performs different communication related functions like modulation, 

demodulation, and must be interfaced with clock unit. Drivers installed for said 

functionality make transceiver capable of communicating data with external world. 

 

Protocols:  

Data management and communication is not possible without set of rules and 

regulations known as protocols. Communicating protocols are necessary to be loaded 

with various rules file or soft code to make data communication possible and to 
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manage some functions like time synchronization among sensor nodes, alerting, to 

manage sleep and awake schedule of sensor node. 

 

Operating System:  

Open source operating system is used to make sensor node functional in WSN which 

offers interoperations and synchronization between software and hardware units. This 

OS is known as middleware too [3] and allows software directly to access hardware as 

and when required. This OS comes with very small programming size which can be 

accommodated on tiny sensor node having limited storage and offers rapid application 

execution.  Example: TinyOS, MagnetOS, MANTIS, nesC. Apart from above 

mentioned software utility, some miniature code of applications may also be 

embedded to sensor node to support high level computations. Example: Mate is such 

application code designed to work on top of TinyOS.  

 

1.2.3 Layered and protocol stack architecture of WSN  

WSN layered architecture is shown in Figure 1.4 comprises of five layers. Physics 

layer being bottom layer which is responsible of establishing communication channel 

to transfer data between end sensor nodes and may be to sink node. Application layer 

being a top layer is providing interface for various application processing.  

 

 

 

FIGURE 1.4  WSN layers and protocols 
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1.3  WSN applications 

An application of WSN ranges from automation in home/offices to monitoring in 

environment are discussed and shown in Figure 1.5. Majorly applications of WSN 

could be used for monitoring an object, monitoring an area and monitoring both 

object and area.  

 

Smart homes and offices:  

Smart sensing and controlling feature of WSN has found noteworthy application in 

smart homes, smart offices and smart cities. For an example; sensor networks are 

widely used for few applications like automation in electronic appliances at home and 

offices, automated reading of various energy meters, energy management based on 

person presence especially in offices. Along these, WSN could be used for 

surveillance purpose to offer security in home and offices, assets and inventory 

administration especially in offices. 

Smart cities applications: 

To support the smart cities project, feature like intelligent on/off switching of various 

devices which may be physically enabled by sensing people in terms of individual or 

mass in public places like park and amphitheaters, in big auditoriums in and around 

cities, malls etc., WSN applications are used. Above this, WSN offers surveillance 

feature which is highly demanding and useful application of WSN in regards to smart 

cities applications.  

 

Health applications:  

Health related applications in WSN includes, monitoring and tracking of patients and 

doctors inside a hospital for emergency treatment, remote monitoring of physiological 

data with sensors embedded in the body of a patient and to report them for subsequent 

process and actions, administration and tracking of drugs, to provide assistance to 

elders and challenged patients. 
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FIGURE 1.5 WSN applications 

Environmental applications: 

This is one of the important applications of WSN which includes monitoring of 

quality air and usable water. These data helps to measure quality index which in turn 

used by government to take necessary action to resolve issues related to pollution and 

health upgrading of the citizens.  

A network with Sensor Nodes can be created in a forest to detect occurrence fire. A 

timely sensing of such event is crucial for fire fighters for successful action.  

WSN could be used for a landslide detection which makes use of sensing the slight 

movements and changes in various parameters of soil that may occur before or during 
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a landslide. With the help of sensed data, it is possible to predict the happening of 

landslides before it truly happens.  

Aim of precision agriculture is to make cropping operations more efficient, while 

dropping environmental impact. Sensed data from sensors is used to estimate best 

possible sowing density, estimate fertilizers to be applied and to more precisely 

forecast yields of crop.  

Wireless sensor networks can successfully used to avoid the consequences of natural 

disasters, like earth quack and floods. Sensor nodes are successfully deployed in 

rivers to measure changes of the water levels in actual. 

By properly interfaced wireless sensors, WSN could be used to monitor the condition 

of civil infrastructure and related geo-physical processes in actual. 

Commercial applications: 

A commercial application of WSN includes inventory control, vehicle detection and 

tracking, human tracking, traffic flow surveillance, environmental control in industrial 

premises. 

1.4 Operational challenges of WSN 

The way WSN operates depending on sensing application, sensor node results in early 

drain out of its energy resource which is limited in power due to small in size. 

Because in most applications, sensor nodes are positioned in ubiquitous vicinity 

where human intervention to replace and rectify node itself and its battery is not 

always possible and not viable. This is quite crucial for node to survive and need to be 

taken care of hence; to achieve energy efficiency is one of the major operational 

challenges present within WSN operation. 

Many times, sensed data size to be operated on is very large due to information 

sensing from densely deployed sensor nodes from all over the sensing vicinity. Hence, 

due to miniaturization of sensor node, limited storage and computing capabilities are 

another operational concern in WSN.  
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Other operating challenges includes low bandwidth, high error rates, sleep scheduling 

of sensor node, scalability to a huge amount of sensor nodes, noisy measurements, 

survivability in harsh environments, breakdown of wireless communication link, node 

failure are expected too.  

 

1.5 Research domain and approaches 

WSN is of attention to diverse areas for various applications, ranging from smart 

home and office, health care, environmental monitoring, smart factories and product 

monitoring, structural monitoring etc. Deploying WSN in each mentioned area has 

offered fascinating features. For illustration environmental monitoring includes, use 

of WSN to made it possible to keep environments essentially frightening for human 

beings under observation. This demands various objects to be tracked for surveillance 

purpose. In terms of health care, remote monitoring of patient’s health condition by 

endlessly extracting medical relevant information and to be sent to doctor’s end for 

further process. In this application even doctors on duty needs to be tracked for 

emergency medications.  

 

Indoor applications like asset monitoring and logistics, efficiently switching on or off 

of various resource constrained devices, target tracking mechanism of WSN could be 

deployed. Said mechanism keeps the track of asset or user and/or group of users for 

logistics purpose and for on/off controlling of resource constrained devices for their 

efficient utilization. Conversely, for developing such applications, features like timed 

target tracking, localization of nodes and time synchronization among nodes, efficient 

utilization of constrained energy resources are required to be maintained.  

 

Even, crucial services like information routing and aggregation frequently rely on 

node’s location information and presence of target being monitored in its moving 

vicinity. In particular, problem of timed monitoring of target, quick enough reporting 

of target’s position and its velocity in target tracking application of WSN are matrices 

of attention. These matrices in turn are tricky but essential to achieve which are the 

responsible matrices leads to get good tracking efficiency.  
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In case of target tracking application, collaborative sensing and processing of sensed 

information over a sensor network is current area of research where distributed sensed 

information from various sensors is fused. Handing out and processing information 

from many sensor nodes usually gives good outcome and better performance but 

demands energy and communicating resources to be used at large.  

 

Energy consumption is a grave concern in a WSN. Restricted amount of energy stored 

at every sensor node must provide back up to numerous task, including signal 

processing and communicating information with peer nodes. Therefore, energy 

efficient sensing modalities, low sampling rates, data filtering, signal processing 

algorithms consuming low-energy, energy efficient communication protocols for 

information exchange among peer sensor nodes and sleep scheduling of sensor nodes, 

are also to be considered. To facilitate monitoring of a sensing application field, 

including detection, classification, identification, tracking of targets and to report 

information soon enough, both global information in time and space must be sensed 

and examine over a particular space and time region. This is at most to be done to get 

good tracking efficiency coping up energy expense occur during the tracking process.  

 

To achieve so, various approaches like range based and range free localization 

techniques are being used. Also, prediction based algorithms like KF, EKF, PF and 

IF, to name a few which are used to estimate target’s current state. This estimate of 

the targets includes observation and process errors which needs to be mitigated to get 

good estimation of target close enough to original target. To get the said functionality, 

various optimization algorithms like PSO and GA are used along with prediction 

algorithms to mitigate errors from various sources. To achieve better tracking 

efficiency, hybrid combinations of prediction algorithm and optimization algorithms 

are also being studied.    

 

1.6  Contribution to thesis 

Overall work done and presented here is structured into six chapters. After this 

introduction to wireless sensor network, Chapter 2 discuss literature survey, chapter is 
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summarized, suggesting selection of suitable routing protocol for various application 

scenarios in WSN. 

 

Chapter 3, discussion and implementation of target tracking in WSN with improved 

network life time is carried.  In work carried out, Kalman Filter which is prediction 

based algorithm is used to track the target trajectory of unknown target and Particle 

Swarm Optimization is used to manage the energy expense of the sensor network. 

This helps to track the target energy efficiently improving lifetime of the sensor 

network.    

 

Chapter 4 proposes, Multi-Step KF-PSO target tracking model to track unknown 

target. Main objective of proposed algorithms is to achieve improved tracking 

efficacy and to reduce square error in each tracking step. Different open as well as 

close loop target’s paths are considered on which proposed algorithm is applied and 

simulated. Measured matrices are Root Mean Square Error (RMSE) and Square Error 

per each Tracking Step. These measures are compared with standard Kalman Filter to 

support the improved tracking efficiency achieved in proposed Multi-Step KF-PSO 

tracking model.    

 

Chapter 5 discuss, simulation and performance analysis of proposed Hybrid KF-PSO 

target tracking model to track unknown target for different target moving paths. 

Measured matrices are compared with standard Kalman Filter to support the improved 

tracking efficiency achieved in proposed Hybrid KF-PSO tracking model. 

  

Chapter 6 summarizes the work done and discuss about future work directions.  

 

This described chapter 1 summarizes the basics of WSN and its application areas 

along with research domain and approaches available. Such study helps to understand 

the behavior of WSN and helps to create WSN environment used in chapters 3, 4 and 

5. Chapter shows outline of the thesis too for work proposed and carried out. Findings 

of the work carried out are presented in chapters 3, 4 and 5.  
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Chapter 2  

Literature Survey 

This chapter consists of basic concept of target localization and target tracking, 

classification of target tracking, various challenges faced in target localization and 

target tracking and the literature studied.   

 

2.1 Introduction to Target Tracking  

Target tracking is very important application of WSN wherein, main intention is to 

discover and locate the moving target and also to trace target’s movement or to 

predict its moving path constantly as it moves in visual scene. Sensor nodes need to 

be deployed in a systemized or in a random way which relies on sensing vicinity to be 

supervised for the definite application.  Applications include examining of physical 

quantities like humidity, seismic vibrations, wind, temperature, pressure etc. including 

security surveillance in indoor environments. Other application areas of target 

tracking are intelligent home/offices, farming and accident avoidance system. Target-

tracking applications have been widely deployed for military area intrusion detection 

and wildlife animal monitoring too. 

 

 
FIGURE  2.1 Target tracking scenario 
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Figure 2.1 shows general target tracking scene, where target is moving in may be 

predefined or unknown trajectory. Sensor nodes are deployed as shown. Amongst 

them, few are detecting nods which detects target, few are vigilant nodes which 

possible detects target in future and few are inactive nodes. 

 

The target can be an asset, an animal, an absconder, an intruder at line of control, a 

terrorist, enemy with some object, enemy vehicle or may be enemy itself.   

 

Basic blocks of target tracking mechanism are shown in Figure 2.2, which includes 

detection of a target to discover the presence target in monitored area, localization to 

locate the target and tracking block to trace the path of target moving. 

 

 
FIGURE 2.2 Target tracking mechanism 

Many algorithms and systems have been developed for target localization and 

tracking for wireless sensor networks where few of them are actually implementable. 

Typically, down to top architecture of such system consists of three subsystems [5].  

1) sensing subsystem 

2) estimation/prediction subsystem 

3) communication subsystem 

Figure 2.3 shows the relationship between the mentioned subsystems above.  

 

 
FIGURE 2.3 Target tracking subsystems 
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The function of sensing subsystem is to sense the vicinity around for the detection of 

target. This subsystem consists of the sensor nodes along with detection protocols 

which detect the target and able to deliver reliably the signature of target captured by 

the sensors in a high contention environment and passes such information to second 

subsystem. In detection, target may be detected by single or collaborative sensors that 

generate readings about its current place in each tracking step. This further depends 

on number nodes used for detection in each tracking step. 

 

The second subsystem of target tracking is estimation or prediction subsystem, which 

carries prediction based algorithm used to trace the moving path of the target. 

Prediction algorithms dig out constructive information from redundant and diverse 

data sensed and transmitted by functional nodes. This subsystem able to generate the 

coordinates of the target that is currently being localized and uses such information to 

extrapolate the target position in the coming tracking step and then systematizes the 

sensor network to track and hold the record of the moving path of target. 

 

Third is the communication subsystem that fuses the estimates into a coherent 

location of the target and sends sensed information from one node to another node and 

may be to centralized node known as sink node for subsequent processing. This 

communication subsystem may be of tree structure and/or cluster based to lessen 

messages exchanges among nodes. 

 

All these three subsystems of target tracking work together and maintain sync to get 

the job of localizing and tracking of moving target done. To follow and make all the 

subsystems of target tracking work as mentioned, network resources used are energy, 

overheads and bandwidth. Balance between said network matrices is challenging and 

difficult to achieve.     

 

Figure 2.4 shows classification of target tracking approaches.  
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FIGURE 2.4 Target tracking approaches 

 

Cluster based tracking approach: 

Few sensor nodes constituting cluster amongst all the sensor nodes deployed are 

active at any given time. Cluster can be static or dynamic. Sensor nodes in a cluster 

detect and identify the moving target and send the sensed data to cluster heads. 

Cluster heads collect all data from members, localize the target and send the data to 

the sink node.  The data aggregation takes place at the cluster head as the cluster 

members have to report their sensed information to cluster head instead of reporting 

to sink node. Various stages in the cluster based target tracking approach are: cluster 

formation, selection of cluster head, aggregation of information, passing of 

information to Sink Node 

 

Tree based tracking approach: 

Sensor nodes in WSN are deployed in a hierarchical tree structure or represented as a 

graph structure. Sensor node which is closest to the target is considered as the root 

node of this tree and the remaining sensor nodes will be added or removed along the 

movement of target. Tree reconfiguration rate is increased as the distance between the 

root node and the target is increased. Due to this tree based tracking approach is not 

fit for the tracking of high speed moving targets.  
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The outskirt nodes are stimulated all the time, therefore, the energy of these nodes 

may be drained rapidly. So this approach is not extensible enough and needs to be 

altered for measuring tracking accuracy.  

 

Prediction based tracking approach: 

Prediction based target tracking approach deals with moving trajectory of the target 

and its next moving state is predicted. Only activate sensor nodes of network formed 

are used for tracking and rest of nodes remain in sleep mode for energy saving. It can 

proficiently deal with unpredicted direction changes but does not deal with changing 

speeds of a moving target.  

 

Mobicast message based tracking approach: 

This tracking approach uses spatiotemporal multicast protocol known as Mobicast 

protocol which distributes messages to the group of sensor nodes deployed in 

particular zones that grow over time in unexpected manner. Mobicast protocol does 

not require any prior information about target’s moving pattern. Mobicast protocol is 

a distributed algorithm of zone formation based on the latest updated kinematics 

parameters supported by collaborated sensors around the target. 

 

Hybrid tracking approach: 

The combination of previously mentioned method with prediction mechanism is 

generally referred as Hybrid architecture. Prediction is based on the heuristics and to 

estimate the next state of the moving target is based on sensed observation of its past 

positions and the temporal and spatial knowledge of sensors. 

 

2.2 Target motion models 

The key to successful target tracking lies in the optimal extraction of useful 

information about the target’s state from the observations. A good model of the target 

will certainly facilitate this information extraction to a great extent. In general, one 

can say without exaggeration that a good model is worth a thousand pieces of data. 

This saying has an even stronger positive connotation in target tracking where 

observation data are rather limited. Most tracking algorithms are model based because 
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a good model-based tracking algorithm will greatly outperform any model-free 

tracking algorithm if the underlying model turns out to be a good one. As such, it is 

hard to overstate the importance of the role of a good model here. [7] 

State Dynamic equation 

   Xk+1=ΦXk+Wk                (2.1) 

Xk  is Target state vector, Wk  is Vector of input noise (white noise with zero mean ad 

covariance Γ), Φ is State transition matrix 

Constant Velocity Model: 

  Xk =
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Constant Acceleration Model: 
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             (2.3) 

2.3 Localization of target in WSN 

Without knowledge of location of a sensor, the information produced by such sensor 

is of limited use. Location often not known a priori, therefore, localization is the task 

of determining the position e.g., coordinates of a sensor or the spatial relationships 

among objects [8].  

 

It is important to report the coordinates of sensor nodes in order to accurately deliver 

information for meaningful applications to localize target. Along with, information 

routing mechanisms are to be used which relates to location information.  
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2.3.1 Localization methods 

Localization methods are shown in Figure 2.5 and described as follows.  

 

FIGURE 2.5 Localization methods 

2.3.1.1 Communication between nodes 

Depending on the communication between nodes, localization systems could fall into 

two core types: centralized and decentralized localization systems. Centralized 

localization engages sensed localization information which is transmitted to a central 

node to compute the target’s location. Conversely, decentralized localization requires 

transmitting the latest coordinates of mobile targets by hoping and do not need 

transmitting every single packet to a central node. Hence, decentralized localization 

techniques offer low power consumption vis-s-vis centralized techniques. According 

to [9]-[11], the centralized localization technique has two advantages over the 

decentralized localization: 1) sensor nodes are not necessary to have good processing 

potential; 2) the mobility and abnormality of the mobile target needs recurrent data 

communications between nodes to get superior localization accuracy, and this wipe 

out the key advantage of decentralized localization technique.  
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Centralized localization techniques need sensed data to be transmitted to a central 

node to calculate the target location. To transmit data to a centralized node is 

relatively costly, reason being the energy for each node is limited and long-range data 

transmission is expensive and typically inefficient. Even, time series data transferring 

within the sensor network carry in latency, and eats bandwidth and energy of sensor 

network too. 

A decentralized localization technique need fewer communications between sensor 

nodes and therefore saves on the power consumption used in data transmission in 

WSN. Yet, decentralized localization technique involve attaching additional hardware 

such as laptop or Personal Digital Assistant to each mobile target for collecting 

localization information from beacon nodes and to compute its location, and also to 

transmit its current location to a central node. 

2.3.1.2 Ranging techniques of localization 

Ranging techniques include the use of a reference point to determine the distance and 

angle between the device and the reference point to position an object or a device 

[11]. 

Time of Arrival (ToA) 

TOA is a kind of ranging method of localization which is based on using a travelling 

time of a signal to estimate distance between a beacon and target node. Signals used 

are ultrasound in the TOA method of localization, as shown in Figure 2.6 and 2.7. 

Such method of localization necessitates a very high precision clock in the 

communication system. The distance DistAB between each beacon and target node can 

be calculated using equation (2.4) and equation (2.5) [11]. 



Literature Survey 

 

22 

 

  

FIGURE 2.6 One way Time of arrival ToA FIGURE 2.7 Two way Time of arrival ToA 

In one way ToA, one-way propagation of signal  requires highly accurate 

synchronization of sender and receiver clocks.   

                                               DistAB = (t2− t1) * V                                            (2.4) 

In two ways ToA,  round-trip time of signal is measured at sender device,  third 

message if receiver wants to know the distance. 

                             DistAB  = ((t4 − t1) − (t3 − t2 )) * (V / 2)                                        (2.5) 

Where, t1 = transmitting time at the transmitter, t2 = receiving time at the receiver, t3 = 

transmitting time at the receiver, t4 = receiving time at transmitter, V= velocity of 

ultrasound signals. 

Time Difference of Arrival (TDoA) 

TDoA is a kind of ranging method of localization which uses two radio signals 

travelling at different speeds to estimates the distance between beacon and target node 

[9]-[11]. The measured difference between the transmitting time and the receiving 

time is used to estimate the distance between beacon and target node, as shown in 

Figure 2.8. TDoA ranging methods of localization are more competent than ToA, as 

TDoA is uses two signals travelling at different velocities. The distance DistAB 

between transmitter and receiver can be calculated using equation (2.6). 
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FIGURE 2.8 Time difference of arrival TDoA 

                    DistAB  = ((t4 − t2) − (t3 – t1 )) * ((V1*V2) / (V1-V2))              (2.6) 

Where, t1 = transmitting time of RF signal at the transmitter, t2 = receiving time of RF 

at the receiver, t3 = transmitting time of ultrasound at the transmitter, t4 = receiving time 

of ultrasound at the receiver, V1 = travelling speeds of RF signal and V2 = travelling 

speeds of ultrasound signal. 

The main drawback behind using TDoA is need for additional hardware and precise 

time synchronization required between the sender and receiver. Deploying these 

systems with a large sensor network might increase the cost and power-consumption 

for WSN. 

Angle of Arrival (AoA) 

Angle of arrival uses direction of signal propagation,  typically achieved using an 

array of antennas or microphones as shown in Figure 2.9. It is a method for 

determining the direction of propagation of a radio-frequency wave incident on 

an antenna array or determined from maximum signal strength during antenna 

rotation.  Accuracy achieved is very high but  adds significant hardware cost [9] [11]. 

https://en.wikipedia.org/wiki/Antenna_array
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FIGURE 2.9 Angle of arrival AoA 

Received Signal Strength (RSS) 

The most common ranging technique is based on received signal strength 

measurements. The main idea is to estimate the distance of a transmitter to a receiver 

using information like power of the received signal, knowledge of the transmitter 

power and the path-loss model. The accuracy of the RSSI based ranging tech is 

limited.  In-fact is received signal decays with increase distance. This means RSSI α 

1/ Distance
2
. Many devices measure signal strength with received signal strength 

indicator RSSI and expressed by Friis transmission equation [9].  

                                                    𝑃𝑟𝑥 = 𝑃𝑡𝑥 ∗ 𝐺𝑡 ∗ 𝐺𝑟 ∗   
𝜆

4𝜋𝑑
 

2

                                (2.7) 

Where, 𝑃𝑡𝑥  = transmitted power,  𝑃𝑟𝑥  = received power, 𝐺𝑡𝑎𝑛𝑑 𝐺𝑟  = gain of 

transmitter and gain of receiver respectively,  = wavelength and d = distance 

between sender and receiver. 

 

2.3.1.3 Range based localization 

Range-based localization techniques work based on using absolute point-to-point 

distance estimates defined as range or angle estimates. Range-based technique can be 

divided as follows [9]-[11].  
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Triangulation 

In this mechanism, at least two angles of an unlocalized node (unknown target) from 

two localized nodes are measured to estimate its position as shown in Figure 2.10. 

Trigonometric laws, law of sins and cosines are used to estimate node position.  

  

FIGURE 2.10 Triangulation FIGURE 2.11Trilateration 

Trilateration 

Trilateration is the process of determining the location of a target point by measuring 

distances to it from known points. If the distance d can be measured between the 

beacon node and the target node, then a circle with radius d can be drawn, as shown in 

Figure 2.11. Circles with radius r1, r2, r3 intersect at one point, which is the location of 

the target node. A Trilateration method requires the readings from at least three 

beacon nodes. 

Multilateration 

Same process is followed as in case of Trilateration, but the readings from more than 

three beacon nodes are used to plot the circles and to locate the target. 

2.3.1.4 Range free localization 

A range free technique of localization uses normal radio modules as fundamentals for 

localization, and dependent on the content only of the received information. For that 
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reason, no additional hardware required for range-free localization techniques, hence 

being energy and cost effective and offers sufficient solutions for localization in 

WSN. Range-free localization techniques are basically hop-counting techniques [9]. 

These systems are also known as Ad Hoc Positioning System (APS).  

APS: DV Hop 

It is the most basic scheme of APS, in which each node maintains a table consist of 

location of node i and distance in hops between this node and node i. When an anchor 

obtains distances to other anchors, it determines the average hop length which is then 

propagated throughout the network. Hop counting techniques rely on flooding a 

network, which works efficiently in a network where beacon node density is low.  

APS: DV Distance 

Here, distances are determined using radio signal strength measurements and then 

distances are propagated to other nodes. It provides finer granularity but  more 

sensitive to measurement errors.  

APS: Euclidean method 

This is another APS variation, in which true Euclidian distances to anchors are used. 

Each node must have at least two neighbors that have distance measurements to 

anchors and the distance between the two neighbors is known. Simple trigonometric 

relationships are used to determine the distance between node and anchor. 

Approximate Point in Triangulation APIT  

A Point in Triangle (APIT) shown in Figure 2.12 is range-free localization technique 

[8], which needs a heterogeneous network of sensing devices. The theoretical method 

includes narrowing the potential area in which a target node resides; this process is 

called the Point-In-Triangulation (PIT). The target node chooses three beacon nodes 

and then tests whether it is inside the triangle formed by connecting these three 

beacon nodes. APIT yields its best results when irregular radio patterns and random 

node placement are considered.  
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FIGURE 2.12 Approximate point in triangle APIT 

Range-free localization techniques have been investigated and addressed in several 

works in order to replace the range-based localization techniques, which are power 

consuming and require additional hardware. Therefore, range-free localization 

techniques are power-efficient, and do not require any additional hardware. 

2.4 Target tracking methods 

The previous section covered the most important localization methods used to 

estimate the final target’s coordinates. In this section, the most popular tracking 

systems are summarized [5]. The related works are categorized into three main 

categories as shown in Figure 2.13 like Satellite systems, WSN systems, and Mobile 

Network Based Tracking systems. Each one is described in detail in the following 

subsection 2.4.1 to 2.4.3. Prior to this targets’ motion model is discussed in section 

2.2 which is to be detected and to be tracked. 
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FIGURE 2.13 Target tracking methods 

2.4.1 Satellite systems 

Global Navigation Satellite System (GNSS) is the typical system used for navigation 

based on satellites. It provides autonomous geo-spatial locations with global coverage. 

Small electronic devices can determine their location in terms of altitude, latitude, and 

longitude, within a few meters of localization error using time signals transmitted 

along line-of-sight by radio waves from satellite. A different variant for GNSS 

technique includes GPS, LORAN, and GLONASS [11]. 
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GPS and LORAN are very successful tracking systems over a wide area, but are 

ineffective in built-up areas due to loss of line of sight, in addition to signal blockage, 

fading and shadowing.  

2.4.2 Mobile network based systems 

One of the critical issues in mobile networks is tracking mobile clients when they are 

moving through the network. To solve this issue, mobile networks deploy location 

management techniques [11]. Location management technique consists of two 

processes: location updating and paging. Location update includes the information 

provided by the mobile device to the network about its existing location. Paging can 

be carried out by the network, where it actively queries the mobile devices to locate 

the cell which the mobile device is located in. Mobile network based systems offer 

reasonable localization accuracy outdoors.  

2.4.3 WSN tracking systems 

The target localization and tracking applications through WSN have received much 

attention recently [5], focused on the need to achieve high localization accuracy 

without incurring a large cost, form factor and power-consumption per node. Figure 

2.13 depicts TT classification in WSN that is based on three complementary aspects 

regarding target tracking applications, namely: sensing-related, estimation/prediction 

and communication-related aspects. 

Sensing-related approaches divides into two subclasses: Single-node Signal 

Processing (SP) and Collaborative Signal Processing (CSP) [5] [12] [17]. Much focus 

is on the CSP class, also known as distributed in-network data processing. Sensor 

nodes collaborate among them to retrieve required information, instead of sending 

data to the sink node [12]. The objective here is to optimize communications and 

reduce the number of sensor nodes participating in the tracking process that is split 

into other subclasses, namely: Event driven, Information driven and Data filtering 

subclass [5].  

In an event-driven scenario, where sensors those have detected an event, sends data to 

the sink node via single-hop routing. The sink node is notified about the occurrence of 
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an event, and its trajectory so as to maximize network lifetime. Information-driven 

techniques, intend at determining which sensor node should take the measurements, 

and to whom it should send them. Data filtering techniques generate precise 

information from noisy readings by filtering useful information required to help 

tracking system. 

The estimation/prediction mechanism predicts the target state for the subsequent 

sampling period based on which, instants and durations of the sensing process can be 

optimized [5]. All estimation/prediction algorithm works in two stages; 1) Prediction 

stage 2) Update stage. KF, EKF. PF are very well known and widely used prediction 

based algorithms, some of these work for linear trajectory and some of them work for 

non linear trajectory. Logic diagram of prediction based algorithm is as shown in 

Figure 2.14 and could be understand by following diagram flow. 

 

FIGURE  2.14 Prediction based tracking logic 

Communication related tracking is based on the way data is being exchanged once 

target got detected. In [5], authors have classified communication related target 

tracking schemes in centralized or distributed. Centralized entity is accountable for all 

the complex computations to be performed on to all the sensed information received 

from sensor nodes. It offers superior performance but lacks in scalability. 

Computations are spread over the entire network in distributed target tracking 

algorithms which allows each node to participate and operate locally and provides 
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collaborative sensing. Communication-related approaches are also decomposed into 

three: Routing subclass, Aggregation subclass and Network Self-organization 

subclass [5].  

Routing technique is needed for sending the data between the sensor nodes and the 

base stations, so as to establish communication and to minimize the energy 

consumption and to maximize the network lifetime [5]. Data aggregation approaches 

is used to reduce the total number of messages transmitted over the network. These 

approaches offer power-efficient systems in terms of cost and battery life. 

Wireless networks must become adept at self-organization, allowing devices to 

explore their surroundings, cooperate to form topologies, and monitor and adapt to 

environmental changes, all without human intervention. Self-organization divides into 

three subclasses: node selection, clustering and sleep scheduling [5] [13]. 

Node selection, estimates number of nodes’ contributions in the target tracking 

certainty state and fix on which sensor node to be activated and which sensor node to 

be put into the sleep state. Clustering is done at the time of sensor network 

deployment and the properties of each cluster to be fixed are; area to be covered, 

number of cluster members, helps to manage data transfer to central node and energy 

expense. In sleep scheduling, the energy emitted by the target is attenuated by 

spreading in space. Thus subsets of sensor nodes which are close up to the moving 

target are activated only. Other should be inactive until they receive precise activation 

message from the preceding tracking sensor nodes suggesting that perhaps now target 

is moving towards their sensing range. Sleep scheduling should reflect on quite a few 

constraints like, sensing, communication exposure, reliable detection, accuracy and 

lifetime of the sensor network. Sleep scheduling could be geometric-based, 

biological-based and coverage-based.  

2.5 Review of literatures 

Target tracking is a process of estimating the trajectories and velocities of mobile 

targets which may a human being or a vehicle. To locate target, use of GPS to fetch 

target locations is one of the solutions. But it is not always possible to mount GPS on 

each and every device participating in location estimation as (a) mechanism becomes 

https://www.sciencedirect.com/topics/engineering/sensor-node
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intricate and energy consuming (b) some applications like tracking of a enemy 

vehicle, GPS cannot be installed. These force on deprived performance of network in 

terms of accuracy and network lifetime. Contrary RADARS, which are in fact robust, 

reliable, and accurate but costly; WSNs enable cheap technologies that do not rely on 

any centralized infrastructure. Sensor nodes laid upon in a systemized or a random 

manner depending upon sensing area to be monitored for the specific application.   

This technology which aims at performing and providing accurate data in a timely 

manner like traditional systems, brings-up new challenges related to data processing 

algorithms, communication systems and network organization. In many cases, 

cooperation between nodes helps solving these challenging open-issues. On the 

contrary of single-node tracking systems, collaborative target tracking fuses data 

transmitted by many nodes and produces state-estimation of the target(s). However, 

these measurements are noisy, redundant and non-synchronized, and the inter-node 

communication is an energy-consuming task. Collaborative target tracking uses a 

multi-sensor scheme to improve the tracking accuracy compared with single-sensor 

tracking [17]. Physical limitations of sensor nodes in terms of battery supplied energy, 

processing capabilities, communication bandwidth and storage have driven the desire 

for sensor and sampling interval selections to improve the energy efficiency. [5] 

For uninterrupted tracking of a target, occurrence of an event should be constantly 

sensed by the sensor nodes. Further, sensed information should be delivered quick 

enough to a responsible entity for subsequent processing. There is always a tradeoff 

between efficacy of tracking to be achieved and energy expenditure [5] [6] [11]. 

In Single moving target in a 2D field, the target travels through the observed area, 

target is detected by specific sensor and then it creates clusters after this procedure 

one of cluster is selected to be the leader which will be the centre of signal and 

information processing. Prediction based target tracking algorithm is used for 

improving the tracking accuracy.   

Prediction algorithm can save the power by reducing avoidable communication. 

Prediction works as a sensor selection problem [5] [14]. Sensor selection problem is 

to select sub set of nodes nearer to predicted target location so that energy can be 
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saved. KF is a well known filter, which has been widely used in target tracking, but it 

fails in case of non linear maneuvering target. KF is suitable to estimate the state of 

targets moving with nearly constant velocity only. The single KF is no longer 

acceptable and will lead to filter divergence when the target starts maneuvering, 

because acceleration appears as extensive process noise in the target model and the 

original process noise variance cannot cover it. The performance of prediction 

algorithm totally depends on selection of target state transition matrix. If state 

transition matrix is not able to characterize the behavior of target movement, it fails to 

give correct prediction [5] [18].  

Target tracking algorithms are studied according to tracking efficacy, mobility, 

sensing modality, fault tolerance, energy efficiency and security aspect. To estimate 

the state of the target in target tracking WSN, operative blocks to be formulated and to 

be go after are Discovery of a target, Prediction of target trajectory, Data reporting, 

Sleep and activation of nodes and Energy optimization of sensor network  [5] [18]. 

In literature [19], a target tracking scheme with KF has been presented. It estimates 

the acceleration inputs from the residuals and uses the estimates to update the KF. The 

estimation process is independent of target types and a model of the maneuver 

characteristics is not needed. The aim of updating the filter output is simply to remove 

the filter bias caused by the target deviating from the assumed constant-velocity, 

straight-line motion. As is well known, bias removals accompanied by an increase in 

the estimation variance. Because typical targets spend considerable periods of time on 

straight-line, constant-velocity tracks, the KF should not be unnecessarily updated 

during those periods; else tile error variance of the filter will increase in the no 

maneuvered situation. A detector that checks the magnitude of the estimated inputs is 

used to reduce the frequency of false connections. Updating is performed only if there 

is some certainty that the target has maneuvered [19].  

As shown in the Figure 2.15, the algorithm works in a two-step process. In the 

prediction step, the KF produces estimates of the current state variables, estimates are 

updated using a weighted average, with more weight being given to estimates with 

higher certainty. The algorithm is recursive. It can run in real time, using only the 

present input measurements and the previously calculated state and its uncertainty 
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matrix; no additional past information is required [19] [20]. KF is not able to cope 

with high non linear system and multimodal distribution. Also, it cannot work in 

nongaussian noise model 

 

FIGURE 2.15 Kalman filter operation 

In paper [21], authors have proposed a target tracking scheme with EKF. The main 

feature of EKF is that it linearizes the non-linear functions in the state transition and 

observation model. In the case of well-defined transition models, the EKF has been 

considered the de facto standard in the theory of nonlinear state estimation, navigation 

systems and GPS. When the state transition matrix and observation models are highly 

nonlinear, the EKF can give poor performance.  

In [22], authors have discussed target tracking model for constant acceleration model 

of target. For constant acceleration model which is of three states, if EKF is used then, 

computation of gain matrix and covariance will be complicated to be run over 

microprocessor. So in this method gains are computed for three uncoupled filters and 

multiplied by a Jacobian transformation determined from the measured target position 

and orientation. 

The technique used for improving the energy efficiency is Probability-based 

Prediction and Sleep Scheduling Protocol [23]. In this algorithm, the nodes are 

selected precisely which are to be awakened and reduces their tracking time to 

improve energy efficiency with negligible tracking performance loss.  
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In literature [24], the aim of this paper is to achieve energy efficiency as well as 

tracking accuracy by integrating the heuristics in tracking algorithm. The algorithm 

proposed is Energy-Efficient Prediction-based Clustering Algorithm. The distance of 

transmission between the transmitter node and receiver node is reduced and further 

the transmitted packets are also reduced. Only some nodes are activated and the other 

nodes are kept in the sleep mode for saving the energy.  In Prediction-based Energy 

Saving Scheme, there are three parts:   

 1. Prediction mechanism to discover the target.  

2. A wake up mechanism which activates some nodes only taking into account the 

energy and performance both.  

3. Recover mechanism when the target is lost.  

Another nonlinear technique, based on the Monte Carlo method, is known as Particle 

Flter (PF) or Monte Carlo localization (MCL) is discussed in [25]. The PF doesn’t 

need information of the initial position. PF is typically precise than the EKF for 

extremely nonlinear schemes in intensive Gaussian or even non-Gaussian noise. 

However, the PF often be unsuccessful in tracking target moving abruptly. PF also 

yields localization failures caused by the phenomenon known as sample 

impoverishment phenomenon, which occurs due to low process noise or measurement 

noise or small number of particles [26].  

The techniques to improve the PF are mostly based on the medication of the 

sampling/resampling processes, which are two key processes of the PF. In the 

regularized PF [25] [27], the resampling process is performed using a kernel density 

function, which disperses the resampled particles and alleviates sample 

impoverishment. 

In order to simultaneously achieve tracking efficacy and fast computation in a PF-

based localization system, novel nonlinear filter called the Composite Particle/FIR 

Flter (CPFF) have been proposed [25]. In CPFF, the PF is used as a main filter that is 

operated in normal situations. The FIR filter is used as an auxiliary filter, which is 

operated when the PF is in failure. A decision-making algorithm is proposed for the 
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detection of PF failures. When PF failure is detected using the proposed decision-

making algorithm, a nonlinear FIR filter is operated. Under various operating and 

environmental circumstances including low measurement noise generated from 

accurate sensors and a small number of particles for real-time processing, it has been 

shown that the CPFF has the ability to recover the algorithm and provide accurate and 

reliable localization results. 

Again, in order to simultaneously achieve tracking efficacy and fast computation in a 

PF-based localization system, a new prediction-filter combination is used in which the 

PF is used as a main filter that is operated in normal situations. The PSO is used as an 

auxiliary algorithm, which is operated when the PF is in failure and to improve 

sample impoverishment problem persist with PF [28].  

In literature [29], FaceTrack, a new framework to notice movements of a target using 

face tracking in a WSN have been proposed. The concept of FaceTrack is depicted in 

Figure. 2.16, and is inspired by face routing, geographic routing and computational 

geometry in particular.  

 

FIGURE 2.16 FaceTrack target tracking 

The idea of a planarized graph, such as the related neighborhood graph (RNG), is 

mostly used in the network domain [29], where, a plane with p points is partitioned 

into spatial non-overlapping regions, known as faces. Every two points of a face share 

an edge that is also a common edge between two neighboring faces. The two points 
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e.g., the black nodes in Figure 2.16 become couple nodes chosen from all of the 

points, through a selection process to lead the tracking the target from Pi to Pj. 

Normally, the faces can be of dissimilar sizes. An entire WSN is generated by using 

the planarization algorithm where inter-node edges of polygons are recognized 

logically. However, when a target moves from Pi toward Pj, the generated polygons 

may not be preserved, due to unpredictable environments, cases of failure-prone 

WSNs and the presence of void regions etc. Hence, one needs to verify the nodes and 

edges of Pj, like generating the polygons further. Authors have used an edge detection 

algorithm to generate jth polygon Pj further, in such a way that the nodes of Pj can 

wake up and prepare before the target moves to Pj , these fairly helps track the target 

in a timely fashion. In this case, the common edge between Pi and Pj i.e., the target is 

about to cross is called a brink and the end nodes are the couple nodes. FaceTrack 

relies on accumulated detection from a selected number of nodes that are in the 

polygons. An optimal selection algorithm to select couple nodes on the target’s 

moving path to keep the number of active sensors to a minimum is used.  FaceTrack 

has the ability to track a target with high accuracy and reduces the energy cost of 

WSNs [29].  

In [30] [31], target tracking with distributed energy optimization have been discussed. 

Authors took energy optimization of sensor deployment into account along with target 

tracking in WSN. The center of attention is on dynamic energy management and 

parallel energy-efficient coverage optimization. WSN is assumed to be equipped with 

both stationary and mobile sensor nodes. The stationary sensor nodes are clustered 

following the maximum entropy clustering (MEC) method. On one hand, the whole 

sensing field is divided, and then, the partial energy-efficient coverage problems are 

assigned to cluster heads. In each cluster, a grid exclusion algorithm is presented to 

calculate the coverage metric, while the lowest cost communication paths found by 

Dijkstra’s algorithm define the energy metric of WSN. On the other hand, to achieve 

energy efficient coverage for WSN, parallel particle swarm optimization (PPSO) is 

performed on the cluster heads, according to the coverage and energy metrics. Hence, 

the optimization task is distributed among the cluster heads to enhance the 

optimization performance. The weight of the two metrics is adjustable so that 

optimization results can be tuned to accommodate different coverage requirements 
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and energy constraints in WSN. Authors have proposed dynamic energy management 

mechanism is particularly exploited for target tracking applications.  

PSO is considered for energy efficient coverage optimization. PSO is an efficient 

optimization tool for solving combinatorial optimization and dynamic optimization 

problems in multidimensional space, which implements fast convergence and good 

robust [30]. Each clustered can acquire the partial coverage and energy metrics. 

Therefore, PPSO can be achieved utilizing the computing capacity of these cluster 

heads without any other hardware support. Then, the optimization results are 

broadcasted over the network so that WSN can be self-organized. 

In literature [32], the problem of simultaneous detection and tracking of an object 

moving through a particular target region have been discussed by authors. All the 

sensor nodes equipped with acoustic sensors are deployed in the target region. The 

sensors periodically sample the ambient sound and relay the measured samples to a 

central base station. The moving object generates an acoustic signature as it travels, 

which is captured by the acoustic measurements of the motes that are located near the 

object. The base station runs the PF algorithm on the collected samples, with the 

intensity of the object’s acoustic signal acting as the input. The PF estimates the 

presence of the object and also estimates the object’s trajectory. The two metrics that 

have been used to evaluate the performance of the system are: track estimation error, 

i.e., the distance between the estimated and the actual location of the target and 

computation time, i.e., the time required by the PF to execute.  

All the techniques discussed above, routing protocols plays an important role for data 

exchange, reducing energy expense, increase network life time and also contributing 

to tracking process. Various routing protocols are studied based on various parameters 

[33]-[46]. Wide-ranging analysis of diverse routing protocols in wireless sensor 

networks is done along with their design constrains. The routing protocols are 

classified using different parameters like topologies they used, amount of power they 

consumed, data delivery model they use, scalability, network lifetime, etc. This 

comparison made, actually helps to decide on suitable protocol to be used for the 

target tracking mechanism in following sections to come. Prediction algorithms 

studied compared in Table 2.1.  



Literature Survey 

 

39 

 

TABLE  2-1 Comparison of prediction based algorithms 

Sr. No Techniques Notes 

1. 
Linear 

Prediction  

• Cannot work in noisy environment  

2. Kalman Filter  

• Not able to cope with high non linear system [19][20] 

• Cannot work in Non- Gaussian noise model  

3. MLKF  
• Good and light method 

• Poor performance under Non linear trajectory  

4. 
Extended 

Kalman Filter  

• When the state transition matrix and observation 

models are highly nonlinear, the Extended Kalman 

filter can give poor performance [21][22] 

• Jacobean matrix needs to be derived 

5. 
Unscented 

Kalman Filter  

• Calculation intensive  

6. 
Information 

Filter  

• Not able to cope with high non linear system  

7. 

Extended 

Information 

Filter  

• Heavy Calculation like Jacobean matrix need to find  

8. Particle Filter  

• Decentralized version needed for target tracking 

approach [25][28] 

• Suffers from sample impoverishment phenomenon 

 

As a summary, KF, EKF and its variants are used to prediction of target trajectory.  

Optimization-Prediction Filter Combination like KF-PSO, EKF-PSO and PF-PSO 

used for Target Tracking in Literatures, where PSO is used to optimize noise 

covariance in KF to mitigate the error introduces. PSO is used to optimize the 

network in terms of energy usage to increase life time of the network and KF for 

tracking. PSO is used to optimize the network in terms of energy usage to increase life 

time of the network and PF for tracking. PF is used for target tracking and PSO is 

used to overcome sample impoverishment issue. 
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Conclusion is that in KF, mean square error increases with increase of measurement 

noise. MLKF give good result for linear trajectory of target. EKF and UKF 

outperforms in terms of Average Mean Square Error at the cost of increase 

computation time under Non linear trajectory. PF suffers from sample 

impoverishment phenomenon and to overcome the said issue FIR filter or PSO is 

required to be used.  Selection of Prediction methods depends on Target velocity and 

other dynamics. So there is a tradeoff between Computation Time vs. Tracking 

Accuracy. 

2.6 Research gap 

As per the literature presented in the previous section, few research gaps have been 

identified as follows; 

In most of the work carried out in the field of tracking of moving target, optimization 

algorithms like PSO are used for better energy utilization in target tracking WSN but 

tracking efficacy is not addressed properly.  

Usually, optimization algorithm like PSO is used to optimize covariance matrix, to 

control noise uncertainties in observation and in measurements appearing in outcome 

of prediction algorithm which is used to predict the trajectory of moving target, 

wherein contribution of such optimization algorithm in tracking of target to improve 

tracking efficacy is not well addressed.   

To reduce large monitoring vicinity to deterministic search area and to deal with non-

linearity in moving path of the target, only the use of prediction algorithms are 

discussed and used but for the said issues the use of optimization algorithm like PSO 

is not addressed which actually contributes to the tracking of target and to improve 

tracking efficacy. 

Root mean square error (RMSE) is a measure of accuracy. To comment on tracking 

efficacy, RMSE is mostly used to a measure difference between predicted values by a 

model and actual observed values is used in work carried out and data analysis is 

done.  
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2.6.1 Problem statement 

The problem of target tracking using WSNs necessitate numerous challenges to be 

addressed due to the energy constraints of the sensor nodes and missing target 

possibility. Quality of target tracking is to be assured by attaining acceptable tracking 

efficacy with less computation time. Selecting and applying best target tracking model 

is a challenge due to the trade-off between tracking efficacy and energy constraint 

nature of WSN.  

Hence, problem is summarized as to propose; a target tracking model called Multi-

Step KF-PSO and Hybrid KF-PSO which estimates the trajectory of the moving target 

and provides close position tracking of the target which results into reasonably good 

tracking efficacy as compared to standard KF. Proposed approaches are based on 

prediction and optimization of prediction. Different target moving paths and 

combinations are to be considered to investigate efficacy of the proposed approach 

and outcomes are to be compared with standard KF tracking model. 

2.6.2 Objective and scope of work 

Objective is to explore the use of optimization algorithm like PSO contributing to 

tracking of target along with prediction based filter like KF for filling the identified 

research gaps. The main objective is to develop target tracking model by 

incorporating Multi-Step and Hybrid model of KF and PSO combination to achieve 

improved target tracking efficacy. Scope of work includes; 

 Gaining knowledge of different protocol & approaches of target tracking WSN. 

 Performance evaluation of existing tracking algorithms by implementing them. 

 Gaining knowledge about optimization algorithms used in target tracking WSN. 

 Developing algorithm to propose target tracking model which should be able to 

track a moving point target with improved tracking efficacy.  

 Data analyses to be done to achieve said objectives are; RMSE: Root mean square 

error, Square error vs. tracking steps. 

 

 



 

 

42 

 

Chapter 3  

Target Tracking in WSN with Improved Network Life Time 

using PSO 

Target tracking being an important application of WSN which employs dedicated 

sensor nodes spatially spread in the sensing vicinity to sense the presence of target 

and to track target continuously. Nodes are miniature devices and are of low-cost, 

equipped with processing unit and battery as a power backup.  Because of such 

miniaturization of nodes, batteries are tiny in nature; inimitable, power limited and are 

mostly non-rechargeable or very difficult to charge as nodes are deployed in remote 

sensing area. Function of nodes is to sense an event continuously and to deliver sense 

data to a base station for subsequent processing. This demands enough energy usage 

but in turn creates the issue of battery power exhaust and makes nodes to drain out 

their energy and die early. This reduces network lifetime and failure of the network. 

Hence energy expenditure is one of the significant network matrices to be worked 

upon along with tracking of a target.   

 

3.1 Introduction 

Prediction-based schemes like KF and EKF are used to detect presence of target 

which can be coupled with selective activation of nodes. In such sort of mechanism, 

few nodes are active out of all nodes deployed and preceding active nodes forecast the 

activation zone in which certain nodes can efficiently detect the target while 

remaining is in sleep mode [16]. This active nodes collaboration, precise estimation of 

the state of the target is produced along with state predictions for next sampling 

period, where in few active nodes among all the sensor nodes are tracking the target 

and rest are in sleep mode. This helps to reduce the energy expense of the nodes and 

over all sensor networks’ in totality [16].  

 

As shown in Figure 3.1, amongst the whole sensing area certain active zones are 

created. Schedule of nodes’ activation and sleeping of the nodes must be a priory 

defined to create zone of active nodes which actually participates in tracking of target. 

Nodes which are not in active zone and not involved in the tracking movement are 
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made to enter into the sleep mode to save on their power resources as shown in Figure 

3.1. 

 

FIGURE 3.1 Target tracking scenario 

For estimating target state along with prediction algorithm, nodes are awaken and are 

made to sense the movement of the target and necessary information are being 

communicated for a predetermined period of time, and then nodes are again put 

themselves in a deep-sleep state back [47]. Here in case of active zone scheme, the 

major concern is that when target passes through the sensing zones of sensors, target 

should not be missed to improve on accuracy of tracking.To avoid above mention 

issue, association between nodes and coordination between sensing and 
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communication related operation is essential because of reasons; a) Measurements 

done by sensors are redundant and noisy b) Lossy communication links c) To reduce 

energy consumption.  

3.2 Related work  

Tracking process is being structured into tracking steps in which, activation message 

is spread in activation zone whose range based on the projected velocity of the target 

and  in the in progress tracking step, measurements’ error are taken into account [5]. 

Algorithm generates estimation for the in progress tracking and one or supplementary 

predictions for the subsequent tracking steps. Current leader is responsible to produce 

estimation and reports data back to the base station. Target tracking scheme should 

consider the following essentials to be energy competent [5]. 

 

Prediction algorithm has to be scattered and frivolous depending on the state model 

equation of the target, sensing modalities, noise model and limited power resources of 

sensor nodes. Amongst various available prediction algorithms, KF is a customary 

solution for prediction but it converges well only for linear systems [16].  Once state 

estimation and prediction is done, data reporter node must report soon enough which 

is quite challenging issue. Reporter nodes selected must have maximum energy 

resources and are close to the target.  

Nodes which do not contribute to the detection or estimation process can be at rest 

and enters into sleep mode [47]. Activation range depends on the target velocity. To 

avoid target miss probability, activation mechanism known as a multi-step along with 

dynamic activation range needs to be applied [48].  

The sensor network search space is assumed to be deterministic and target is 

considered to be cooperative [49] [50]. PSO is best optimization tool suited for 

deterministic search. PSO is implemented here as network optimizer which decreases 

the energy consumed by nodes participating in tracking process and in turn increase 

the life time of the network. In target tracking sensor network, uniform sampling time 

interval is adopted [50]. At least three nodes probably nearer to the target are selected 

to track the target. This selection of nodes and tracking of target can be done through 

localization techniques, which can be divided as range based and range free 
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localization methods. Received Signal Strength Indicator (RSSI) is used as a range 

based localization technique in work presented here. Received signal power decreases 

with increase in distance both in environments of outdoor and indoor.  

 

This distance can be used to find position of target through trilateration method. In 

which intersection of three circles is treated as the current position of the target as 

shown in Figure 2.11. As shown in figure, unknown target coordinates are (X, Y); 

other node’s coordinates are known as they are location aware.  Once r1, r2 and r3 is 

measured, unknown target coordinates (X, Y) can be found out by using following 

equations.  

                                    𝑟1
2 =  𝑋2 − 𝑋1

2 +  (𝑌2 −  𝑌1
2)                                             (3.1) 

                                    𝑟2
2 =  𝑋2 − 𝑋2

2 +  (𝑌2 −  𝑌2
2)                                             (3.2) 

                                    𝑟3
2 =  𝑋2 − 𝑋3

2 +  (𝑌2 −  𝑌3
2)                                             (3.3) 

 

In [51], enhanced PSO based clustering energy optimization mechanism is proposed 

in which clustering and cluster head selection are done using PSO with respect to 

power expenditure minimization in WSN. In [52], authors have proposed PSO based 

routing and clustering algorithm which takes care of energy consumption of gateways 

by considering their routing load and energy consumption of sensor nodes. Authors in 

[53], have proposed for discovery of optimal number of clusters and cluster head 

using improved binary PSO with modified connected dominating set. In [54], 

proposed scheme uses residual battery’s energy level of sensor nodes to adaptively 

adjust range of transmission of sensor nodes and reposition the sink node.Proposed 

work includes tracking of moving target in wireless sensor network with network 

optimized in terms of energy expenditure to increase the life time of wireless sensor 

network. 

3.3 System overview: target state dynamics, energy measurement 

model 

Kalman Filter 

The state-space representation of the target’s state dynamics & observation are 

provided in this section. 
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For tracking applications, the state vector 𝑥𝑛  includes position, velocity, and other 

extra dynamics or properties of the target. State dynamics equation is given by 

                                                  xn+1 =  ∅xn + Γwn                                                  (3.4) 

Where, ∅ = state transition matrix,  𝑇 = sampling time interval, 𝛤 = process noise 

matrix, 𝑤𝑛  = Gaussian process noise vector with distribution N (0,𝑄) having zero 

mean. Where 𝑄 = covariance matrix [30]. 

𝑥𝑛 =

 
 
 
 
𝑥(𝑛)
𝑣𝑥(𝑛)
𝑦(𝑛)
𝑣𝑦(𝑛) 

 
 
 

                    ∅ =  

1 𝑇 0 0
0 1 0 0
0
0

0
0

1
0

𝑇
1

  

Γ =  

𝑇2 2 0
𝑇
0
0

0
𝑇2 2 
𝑇

           𝑄 =  
𝜎2

𝑤𝑥 0

0 𝜎2
𝑤𝑦

  

The observation vector 𝑦𝑛  is the data recorder as a function of state vector. The 

observation equation is: 

                                                   yn = H ∗  xn + nn                                                   (3.5) 

Where, 𝐻 = observation matrix and 𝑛𝑛  = observation noise vector with probability 

distribution N (0,𝑅) having zero mean. 

H =  
1 0 0 0
0 0 1 0

           R =  
σ2

mean 0

0 σ2
mean

  

Particle Swarm Optimization 

One of the well-liked optimization techniques is called Particle Swarm Optimization 

that has the benefit of superior class solutions, superior efficacy in computation, 

straightforward implementation, and soaring speed of convergence [55]. In WSN, 

sensor nodes deployed consume unequal amount of energy for communication and 

the essential battery energy to transmit the packet will differ among the transmissions 

with respect to the distance between the sender and receiver nodes.  Transmission of 
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data using hierarchical routing increases sensor network life time by grouping a 

number of nodes into clusters. Clustering using PSO is based on a cluster which lies 

in a nearby locality, and choosing the sensor node closer to target becomes head for 

that cluster.  It is worth noting that PSO contributes to save energy resource of sensor 

nodes and not to tracking of target. Population of the particles is done and distributed 

in search space. Population size used in implementation is 30. For each particle, 

fitness is calculated for its entire positions visit by them and to seize local best fitness 

for particle. This helps to get global best position while deciding cluster head and 

locating target trajectories. Following set of equations is of velocity and position 

update in PSO respectively.  

Velocity update: 

vi n + 1 = w n ∗ vi n + cp n ∗ rpi n ∗  pi n − xi n  + cg n ∗ rgi n ∗

                                                                                                                  g n − xi n         (3.6) 

Position update: 

                                       𝑥𝑖 𝑛 + 1 = 𝑥𝑖 𝑛 + 𝑣𝑖 𝑛 + 1                                          (3.7) 

Where, 𝑣𝑖 𝑛  = present velocity, 𝑣𝑖 𝑛 + 1  = next velocity, 𝑥𝑖 𝑛 = present position, 

𝑥𝑖 𝑛 + 1  = next position, 𝑝𝑖 𝑛  = personal best position of node, 𝑔 𝑛  = global best 

value among all nodes, 𝑤 𝑛  = initial inertia weight, 𝑐𝑝 𝑛  = personal confidence 

factor, 𝑐𝑔 𝑛  = swarm confidence factor, 𝑟𝑝𝑖 𝑛  = random variable linked by personal 

confidence factor, 𝑟𝑔𝑖 𝑛  = random variable linked by swarm confidence factor. 

Time is normalized to unity in velocity update equation of 3.6; hence velocity 

becomes equal to change in position with equal position dimension and unit. 

Therefore velocity update equation of 3.6 could be added to the position update 

equation of 3.7.  

The first component in (3.6) which is of velocity update refers to the tendency of the 

particle to move along the same direction in the search space in the next iteration. The 

second component represents the attraction of the particle towards the personal best 

position ever recorded by the particular particle: The third component in the equation 

is the attraction towards the best position recorded by all the particles: The positions 

are commonly referred to as personal and global best respectively. Equation (3.7) 



Target Tracking in WSN with Improved Network Life Time using PSO 

 

48 

 

refers to position update. 𝑐𝑝 𝑛  & 𝑐𝑔 𝑛  are acceleration factor associated with 

personal and global best position respectively. These are to be introduced to control 

the personal and global best of swarm to get best convergence out of PSO operation 

as establishment of PSO fitness depends on developing personal and global best value 

of PSO. In simulation further both values are chosen as 1.   

A drawback of the standard PSO is the absence of any measure to check the 

uncontrolled increase in the magnitude of velocity. This leads to divergence of the 

particles, commonly referred as explosion of the swarm. This requires imposing 

bounds for velocity at desired levels. This restricts the parameters from making large 

alterations from their current position. Imposed bound is known as inertia weight 

𝑤 𝑛 , shown in equation (3.6). In simulation carried out, 𝑤 𝑛  is considered to be 

value 1, as target is considered to be moving with constant velocity which controlled 

and no chance of swarm explosion.     

Propagation and power Model 

Free space model is the common signal propagation model used in WSN. The said 

model supposes that the receiver inside the communication radius can receive the data 

packet. Mean path loss 𝑃𝐿 𝑑𝑖  at transmitter receiver separation 𝑑𝑖 is:  

             PL di  dB = PL d0  dB +  10 ∗  pn ∗ log10(di/d0)                     (3.8) 

Where, pn  = path loss exponent, 2 or 4, d0 = reference distance 1m, di  = distance 

between target and node. 

RSSI measurement: 

Received Signal Strength (RSS) is a measure of a received power level on a receiver. 

Higher the RSS means higher the received power. This RSS in turn is used to measure 

the distance between target and receiving node. Precise measurement of RSS shall 

give the fitness values which could be used to fining the best possible values of the 

moving target. Conversely, for simulation experiments, measure of RSS is 

straightforwardly not possible, distance between the moving target and nodes are 

used. With this distance of the target from each node, RSS is measured as per 

following set of equations: For i= 1: n 
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                                          di =  (X − ix)2  + (Y − iy)2                                            (3.9) 

                                 rss n, i = −10 ∗ pn ∗ log10(di/d0)                                  (3.10) 

Where, di = euclidian distance between target and sensor node, X = target’s x position, 

Y = target’s y position, iX = x position of node i, iY = y position of node i, pn = signal 

propagation coefficient, d0 = reference distance  

Energy model for residual energy measurement: 

Energy left in the node at the end of the completion of functional process with respect 

to the initial energy setup is known as residual energy. Following set of equations [11] 

helps to measure residual energy which is used as comparison matrices further.  

         EResi = E − L ∗ (ETX  + EDA ) + L ∗ Efs ∗ d2 , d ≤ do                                  (3.11)                           

Or 

          EResi = E − L ∗ (ETX  + EDA ) + L ∗ Emp ∗ d4  , d > do                                  (3.12)                         

    

Where, do= crossover or threshold distance, 𝐸𝑓𝑠/𝐸𝑚𝑝 and L = packet length 

3.4 Simulation results and discussion 
We have simulated and related results are generated for 1) 50 and 100 implementation 

rounds without optimizing network that is just by applying KF for target prediction 2) 

other implementation is carried out using PSO as network optimizer along with KF 

for 50 and 100 round too. Both the implementations are performed on two different 

target trajectory paths as shown in Figure 3.2 and Figure 3.3. At the end of the 

simulation, tracking graph is generated which comprises of actual target location and 

predicted target location which is the outcome of prediction model applied. Other 

graph shows the residual energy measured of all the participating 100 nodes in target 

tracking. From the results obtained, Observations to be made are to identify 

simulation round number in which first node dies and to mark total number of nodes 

dying at the end of simulation. In both the mechanism, RSSI is used for localization 

and trilateration is used as positioning algorithm for tracking of target. Results 

comparison shows that addition of optimization algorithm PSO, it saves on network 

life time by saving energy of nodes dying in sensor network. In proposed work, 

simulations are performed in MATLAB.   
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FIGURE 3.2 Target moving trajectory 1 

 

FIGURE 3.3 Target moving trajectory 2 

Network model and assumptions: 

i. Sensor network is assumed to be a square area with base station. 

ii. All sensor nodes are randomly distributed, stationary and aware of their 

location information. 

iii. Target is mobile, cooperative and traceable. 

iv. All sensors are equipped with same initial energy and their residual energy can 

be calculated.  

Algorithm: 

1: Define network vicinity and number of nodes with base station. 

2: Define energy and propagation model. 

3: Deploy sensor nodes randomly to create random sensor network. 

4: Define swam of particles in PSO to operate PSO to decided cluster and cluster 

head when target moves. 

5: Provide movement to target which acts as 1
st
 input to KF. 

6: Outcome of KF is predicted state position of moving target, which is used as next 

input to KF. Then after, KF keeps on giving recursive predicted outcome of 

moving target.  

7: Calculation of Euclidian distance of all nodes to target and measure RSS value as 

per measurement model to be used to measure residual energy and to announce 

cluster head. 

8: Calculation of residual energy of each sensor node. 

9: Cluster head formed, further communicate with base station.  
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Parameters selection: 

Parameters such as network area, number of nodes, number of particles, node’s initial 

energy, moving target’s velocity selected is as shown in Table 3.1. 

TABLE  3-1 Simulation parameters 

Parameters Values 

Network area 100m * 100m 

Base station (50m, 50m) 

n, No of nodes 100 

s, No of particles 30 

cp n , cg n , Wn-PSO parameters 1 

v, velocity of moving target 1 m/s 

pn , signal propagation path loss coefficient 4 

L, data size 200 Byte 

d0, reference distance 1m 

E, initial energy 1J 

ETX, transmitted energy 50 nJ/bit 

ERX, received energy 50 nJ/bit 

Efs, amplification co-efficient free space 10 pJ/bit/m
2 

Emp, amplification co-efficient multipath fading 0.0013pJ/bit/m
4 

EDA, Data Aggregation Energy 5 nJ/bit 

 

Simulation results show performances of target tracking in WSN with and without 

optimization. Tracking graph generated through simulations carried out only with KF 

as shown in Figure 3.4 and Figure 3.5. Figure 3.6 and Figure 3.7 shows plot of nodes 

vs. residual energy respectively for KF without PSO and with PSO for 50 rounds.  

It is to be observed that, PSO here plays the role of network optimizer and contributes 

to save sensor node’s energy resource to improve the life time of the sensor network.  

Table 3.2 summarize the comparison between the two models.   

This helps to figure out, 1) implementation round in which first node dies 2) total 

number of nodes dying at the end of simulation. RMSE measurement is also done and 
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shown in Table 3.3 to show tracking efficiency of prediction based target state 

dynamics for both target trajectory. Results are generated for 100 simulations round 

too and all the measures are plotted and quantified as done for 50 simulations round. 

For both the cases graph of residual energy and consumed energy w.r.t simulations 

round are also plotted. All the results are shown graphically in Figure 3.8 to Figure 

3.13.   

 

 

FIGURE  3.4 Tracking graph - target trajectory 1 

 

 

 

 

FIGURE 3.5 Tracking graph - target trajectory 2 
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FIGURE 3.6 Residual energy of nodes without PSO-50 Round 

 

 

 

 

 

 

 

FIGURE 3.7 Residual energy of nodes with PSO-50 Round 
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FIGURE 3.8 Total Residual energy of sensor network-50 Round 

 

 

FIGURE 3.9 Total energy consumed of sensor network-50 Round 

 

 

FIGURE 3.10 Residual energy of nodes without PSO-100 Round 
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FIGURE 3.11 Residual energy of nodes with  PSO-100 Round 

 

 

FIGURE 3.12 Total Residual energy of sensor network-100 Round 

 

 

FIGURE 3.13 Total energy consumed of sensor network-100 Rounds 
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From the results obtained by both non optimized and optimized approaches, 

comparison is made to observe first node dies in which round and number of  nodes 

dying at the end of simulations is shown in Table 3-2 below. Table 3-3 shows the 

RMSE measured for both the path 1 & 2. 

TABLE 3-2 Results comparison 

 

 

 

 

 

Simulation 

Round  

50 

 

Particular 

Mechanism  

KF without PSO KF  with PSO 

Area 100m*100m 100m*100m 

No of nodes 100 100 

Initial energy of each node 1 J 1 J 

Initial energy of network 100 J 100 J 

Implementation round  50 50 

First node die  Round 7 Round 22 

No of nodes dying 50 29 

Total residual energy at the 

end of simulation 
46.5843 J 60.9360 J 

 

 

 

 

 

Simulation 

Round  

100 

 

Particular 

Mechanism  

KF without PSO KF  with PSO 

Area 100m*100m 100m*100m 

No of nodes 100 100 

Initial energy of each node 1 J 1 J 

Initial energy of network 100 J 100 J 

Implementation round  100 100 

First node die  Round 7 Round 22 

No of nodes dying 91 64 

Total residual energy at the 

end of simulation 
33.74085 J 37.87607 J 

TABLE 3-3 RMSE measurement 

Target path RMSE in KF 

Target trajectory Path 1 0.769 

Target trajectory Path 2 0.719 
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3.5 Summary 

From the implementation that we have done for the target tracking using prediction 

technique of KF without and along use of PSO as an optimizer, it is observed that 

later technique gives better result in terms of energy utilization. It can be verified 

from the comparison Table 3-2 that during 50 simulation rounds, first node dies after 

round 7 in case of prediction using KF only without optimization and after round 22 

in case of prediction using KF with PSO which is used as network optimizer. Table 3-

2 shows that, only 29 nodes died with optimized network as compared to 50 nodes 

died in case of without optimization which means almost 40% nodes are saved which 

are about to die and made alive.  

During the 100 simulation rounds, first node dies after round 7 in case of prediction 

using KF without PSO and after round 22 in case of prediction using KF with PSO 

which is used as network optimizer. Only 64 nodes died with optimized network as 

compared to 91 nodes died in case of without network optimization which means 

around 30% nodes are saved which are dying and made alive. Hence, we can 

conclude that PSO optimizes the performance of the system in terms of better energy 

management and increases life time of the sensor network. 

It is to be noted from table of results comparison, comparison to be looked at is 

between tracking outcomes of KF without and with optimizing network using PSO 

that is for both 50 and 100 rounds. It is observed that results for 50 simulation rounds 

are better than 100 in terms of energy management. This is because when simulation 

last up to 100 rounds, it is obvious that energy utilization of each node would be 

higher and die early and hence less number of nodes would be alive at the end of 

simulation.      
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Chapter 4  

Proposed Multi-Step KF-PSO Target Tracking Model 

Efficient target tracking is a challenging process as measures from sensor nodes are 

affected by latency, energy consumption, node failure, coverage, connectivity, data 

aggregation etc.  Execution of tracking algorithm must be performed rapidly to avoid 

target miss while preserving accuracy of position estimation [56]. We have proposed 

is a Multi-Step KF-PSO model in which, first step course approximation of the target 

state is obtained by KF which in turn will be utilized by PSO in the second step to 

give fine approximation of the state of the target. Inclusion of PSO not only improves 

tracking efficiency but also results in reduction of search area for the sensor nodes to 

be activated for future predictions.  

 

4.1 Introduction 

We have proposed Multi-Step target tracking model which includes, role of both KF 

and PSO for the tracking to achieve good tracking accuracy. In other terms, PSO is 

also contributing to tracking of target and not to network energy management. This is 

basically proposed work differs from work presented in chapter 3. KF is a good 

estimator for linear trajectory where’s property of PSO to converge in nonlinear 

region is excellent. Such property of each method is accommodated in work carried 

out which results into good tracking mechanism. In proposed Multi-Step tracking 

model, recursive KF operates in first step and second step includes course 

approximation of KF about target state is to be supplemented in a place of personal 

best value in PSO to update target position. This makes PSO to follow target and 

gives fine approximation, move its particles closer and in the direction of moving 

target.  

 

The advantage of using proposed tired mechanism shown in Figure 4-1 is twofold; KF 

tracks the target well in linear region and PSO gives best estimation in nonlinear 

region of the target trajectory. Proposed Multi-Step KF-PSO prediction model 

maximizes expectation about state of the target and reduce root mean square error. 
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This has been verified by applying proposed Multi-Step KF-PSO tracking model on 

different target trajectories and studying its tracking efficacy.   

 

 

FIGURE 4.1  Proposed Multi-Step KF-PSO tracking model 

Usually, optimization algorithm like PSO is used to optimize covariance matrix, to 

control noise uncertainties in observation and in measurements appearing in outcome 

of prediction algorithm which is used to predict the trajectory of moving target, 

wherein contribution of such optimization algorithm in tracking of target to improve 

tracking efficacy is not well addressed. To reduce large monitoring vicinity to 

deterministic search area and to deal with non-linearity in moving path of the target, 

only the use of prediction algorithms are discussed and used but for the said issues the 

use of optimization algorithm like PSO is not addressed which actually contributes to 

the tracking of target and to improve tracking efficacy. We have combined features of 

both KF and PSO to develop a Multi-Step KF-PSO tracking model which tracks 

target with better efficacy. PSO is not optimizing network here, rather PSO 

contributes to tracking of target and brings novelty to the tracking system developed. 

Course approximation of KF about predicted target state is to be supplemented in a 

place of personal best value in PSO to update target position. This makes PSO to 
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follow target and gives fine approximation, move its particles closer and in the 

direction of moving target. Finally PSO is outcome is predicted target state position. 

The proposed algorithm is named as Multi-Step KF-PSO as predicted output is 

multiple step version of both KF in 1st step and PSO in 2nd step.   

 

Convergence time of PSO depends on swarm strength and coordination amongst 

particles [17]. Initially there will not be any objective function initiated in the model. 

As simulation progress, coordination amongst particles start as personal best and 

global best values of particles will start building up in each iteration as per the fitness 

function used. Therefore there will not be any tracking convergence that PSO takes. 

To overcome such problem and to avoid target miss, KF is operated in 1
st
 step to 

provide initial estimation which later carried out by PSO in 2
nd

 step. Due to this and to 

maximize target state expectations, KF being in first step to get course approximation 

and PSO being in second step to get fine approximation of target location.  

 

In any kind of indoor application, user’s device must be connected to the data tapping 

point of the network to get a data access, for example; typical application of Light 

Fidelity (LIFI) network which is assumed in work carried out and mapped as shown 

in Figure 4-2. In such indoor environment, it is required that user with suitable LIFI 

supported device moving around for data access, who can be treated as moving target 

and must get connected to the nearby LIFI spot for data access. In a LIFI network, to 

identify nearby LIFI spot which supposed to be active and to let user get connected to 

it for data transmission and receiving is challenging because the user may move and 

hence the user device too in entire network. In such situation, which LIFI device 

should give data access to moving user is the complex challenge and what if all the 

LIFI spots remain active and ON to give data access to user? This leads to heavy 

energy consumption of the resources used.  So the solution is to develop system in 

which only nearby LIFI spot gives data access to user and others remain OFF. Hence 

to tackle the said issues, proposed Multi-Step KF-PSO tracking model deals with 

tracking a target efficiently in an indoor environment that estimates change in target’s 

position which is here a moving user with LIFI access device and provided tracked 

target location. This helps to turn ON LIFI spot which is nearby the tracked position 

of the target to give data access while other LIFI spots remain OFF.  Hence, 

developed system results in tracked location of target with selected LIFI spot turned 



Proposed Multi-Step KF-PSO Target Tracking Model 

 

61 

 

ON amongst all to give data access and reduce energy expenditure of the network by 

making other LIFI spot OFF which increases lifetime of the network with proper user 

data access. 

 

 

FIGURE 4.2 Mapping an application LI-FI to Multi-Step KF-PSO tracking model 

To achieve so and to map said application with proposed Multi-Step KF-PSO target 

tracking model, sensor network consists of systematically populated nodes in 

deterministic vicinity. Each sensor node is assumed to be attached to an individual 

LIFI spot having a range of 8m to 10m which could be hanged systematically upside 

down as shown in Figure 4.2. Such LIFI spot is responsible to deliver data to user. If 

sensor node is ON, LIFI spot is ON and provides data access to user, but if sensor 

node is OFF then LIFI spot remains OFF. Which nearby LIFI spot remain to be ON 

will be identified by proposed Multi-Step KF-PSO model depending on presence of 

user with LIFI accessing device. To do so initially, each corner sensor node of the 

network is announced as a PSO particle means there are four particles populated in 

the network as a part of the PSO implementation. These particle nodes help to 

develop mechanism which tracks the moving target by following it and makes nearby 

LIFI spot ON and keeps non-participating nodes into sleep mode to save energy 

resources of the network. This is explained as follows.     

When PSO is activated, particles moves and follow target as it progresses in the 

network vicinity and particles come closer to target. Four particles sit on target’s 



Proposed Multi-Step KF-PSO Target Tracking Model 

 

62 

 

nearby sensor node which are attached to LIFI spot as discussed and make LIFI spot 

active. For each particle, its personal best (pbest) and global best (gbest) is recorded 

and on the basis of the same, particle node with pbest value is just kept ON; which in 

turn making that specific LIFI spot turned ON providing data access to user and rest 

are kept in sleep mode. This guarantees data access to moving user with reduced 

usage of power resources by making non-participating nodes OFF and overall energy 

efficiency could be achieved with target tracked.  

4.2 Related work  

In Literatures, combination of PSO and Prediction Filters like KF, PF, EKF etc. used 

for Target Tracking is summarized as below. 

 PSO is used to optimize noise covariance in KF to mitigate the error, 

uncertainties and inaccuracies introduced in tracking process to improve 

tracking efficacy of the target being tracked.  

 PSO is used to optimize the network in terms of optimizing the energy usage 

to increase the life time of the sensor network and KF for tracking of the 

target. 

 EKF for tracking of the target and PSO is used to optimize the network in 

terms of reduced energy usage to increase life time of the network.  

 PSO is used to optimize the network in terms of optimizing the energy usage 

to increase the life time of the sensor network and PF for tracking of the target. 

 PF is used for target tracking and PSO is used to overcome sample 

impoverishment issue. 

4.3 Proposed network model 

Figure 4-3 shows the network scenario considered for the proposed Multi-Step KF-

PSO tracking model. The network scenario is deterministic where target could move 

in pre-defined or random trajectory. Target is considered to be cooperative in nature 

[49] [50]. Network consists of systematically populated sensor nodes. Initially, each 

corner node is announced as a particle node means there are four particles populated 

in the network to create a swarm as a part of the PSO implementation.  
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FIGURE 4.3 Proposed Multi-Step KF-PSO target tracking network scenario 

 

4.3.1 Proposed network modeling  

Network Dimensions:  

Network (𝑛/𝑤) area is defined by its height and width dimensions and given as 

follows, 

𝑛/𝑤𝑑𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛𝑠 =  
, 𝑒𝑖𝑔𝑡
𝑤, 𝑤𝑖𝑑𝑡

                                       (4.1) 

𝑛/𝑤 𝑎𝑟𝑒𝑎 =  (, 𝑤)                                       (4.2)    

Node Count: 

Total number of nodes in the network is to be derived by the equation shown below, 

𝑛𝑜𝑑𝑒𝑐𝑜𝑢𝑛𝑡 𝑛 =   𝑤
                                        (4.3)     
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Node Placement: 

To create systematic grid structure for node placement, 𝑖=1: 𝑛𝑜𝑑𝑒𝑐𝑜𝑢𝑛𝑡 

𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛𝑛𝑜𝑑𝑒𝑠 (𝑖 ,𝑋,𝑌)  =  
𝑚𝑜𝑑(𝑖 − 1, 𝑤), 𝑋

𝑓𝑙𝑜𝑜𝑟(
𝑖−1

𝑤
), 𝑌

               (4.4) 

Structure, Placement and Parameters of PSO Particles: 

Particle’s structure; NODE_INDEX=1; RSSI=2; NEXT_NODE-INDEX=3; 

VELOCITY=4; 

 

Initial placement of particles can play a major role in the convergence of PSO 

algorithm progress. In order to avoid bias to any particular shape or path, four 

particles are populated in the network at each corner position of the grid.  

 

Other parameters associated and relates to particles discussed and defined in 

upcoming discussion of this section which are particles distance to target, inertia 

weight 𝑤 𝑛 , different values of personal confidence factor 𝑐𝑝 𝑛  and swarm 

confidence factor 𝑐𝑔 𝑛  as shown in Table 4.1, particles fitness, when to jump on 

nearby sensor nodes of target and updating pbet and gbest values. Said things are 

discussed and implemented as per algorithm shown in section 4.4.  

 

AS PSO implemented is deterministic [59] with target moving with constant velocity 

as mapped with indoor application, c = cp n + cg n  where, c = 1 and hence various  

cp n  & 𝑐𝑔 n  values considered in table 4.1 with their addition always 1.  

 

Considering first particle positions be in bottom-left in Figure 4.3, population of 

particles at each corner node of the network is represented as (1, 1), (1, 𝑤), ( , 1) and  

( , 𝑤). 

 

Target moving model:  

As discussed in chapter 2, target with constant velocity model is considered with state 

dynamic equation and parameters shown below. In order to create different target 

moving open loop and close loop scenarios, different trajectories including liner path, 
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nonlinear path, curve and sudden transition are considered. Here, in proposed target 

tracking multi-step KF-PSO model, target’s open loop moving trajectories as well as 

closed loop moving trajectories are used in implementation and proposed model have 

been applied on them. Target’s different open loop moving trajectories are shown in 

Figure 4.4 to 4.7 and Target’s different close loop moving trajectories are shown in 

Figure 4.8 to 4.10.  

 

FIGURE 4.4 Target moving trajectory 1 

 

FIGURE 4.5 Target moving trajectory 2 

 

FIGURE 4.6 Target moving trajectory 3 

 

FIGURE 4.7 Target moving trajectory 4 
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FIGURE  4.8 Target moving trajectory 5 

 

FIGURE  4.9 Target moving trajectory 6 

 

FIGURE 4.10 Target moving trajectory 7 

 

RSSI Measurement: 

Here, RSSI is in terms of distance measurement from the target which is measured 

from equation shown below. 

𝑝𝑑𝑖𝑠𝑡𝑝𝑎𝑟𝑡𝑖𝑐𝑙𝑒𝑡𝑜𝑡𝑎𝑟𝑔𝑒𝑡  =  (𝑝𝑋 − 𝑥)2  + (𝑝𝑌 − 𝑦)2                                                  (4.5) 

Where, RSSI is received signal strength, pdist is particle’s distance to target,𝑝𝑋 is 

particle’s x position, 𝑝𝑌 is particle’s y position, 𝑥 is target’s x position and 𝑦 is 

target’s y position. Minimum is the distance; maximum is the received signal strength.  

Less is the distance value, higher is the RSSI because relation between RSSI and 

distance is given as, 
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𝒎𝒂𝒙𝑝𝑎𝑟𝑡𝑖𝑐𝑙𝑒 𝑅𝑆𝑆𝐼𝜶
𝟏

𝒎𝒊𝒏𝑝𝑑𝑖𝑠𝑡 𝑝𝑎𝑟𝑡𝑖𝑐𝑙𝑒𝑡𝑜𝑡𝑎𝑟𝑔𝑒𝑡
                                                               (4.6) 

Fitness factor: 

𝐹𝑖𝑡𝑛𝑒𝑠𝑠 = 𝑚 −
1

𝒎𝒂𝒙𝑝𝑎𝑟𝑡𝑖𝑐𝑙𝑒 𝑅𝑆𝑆𝐼
                                                                               (4.7) 

𝑚 is a large value. Large value of m relates 𝐹𝑖𝑡𝑛𝑒𝑠𝑠 and 𝒎𝒂𝒙𝑝𝑎𝑟𝑡𝑖𝑐𝑙𝑒 𝑅𝑆𝑆𝐼 in way 

that if RSSI of particle is higher than 𝐹𝑖𝑡𝑛𝑒𝑠𝑠 of that particle is higher too. 

Global Best Particle: 

Amongst all particles, global best particle is one with minimum distance to target and 

hence maximum RSSI. 

𝑔𝐵𝑒𝑠𝑡𝑃𝑎𝑟𝑡𝑖𝑐𝑙𝑒 = 𝐦𝐚𝐱𝑝𝑎𝑟𝑡𝑖𝑐𝑙𝑒 𝐹𝑖𝑡𝑛𝑒𝑠𝑠                                                                (4.8) 

Particle’s Next Position: 

In each tracking step, all particles’ fitness values are measured as per the fitness 

formula shown in equation. Particles next position depends on measured fitness and 

they jump onto the nodes which are nearby the target. To achieve so, all particles’ 

current fitness values are compared with their previous personal best and global best 

fitness values. Fitness for both the new and current particle positions are compared 

and if new particle’s fitness is greater than particle initiates jump and sits on a node 

with high fitness and hence new particle is announced in the network.  

 

Depending on new fitness is smaller or greater, particle jumps left or right and down 

or up to derive new personal best and global best positions. For  i = 1: particle count 

 

𝑖𝑓 

𝑓𝑖𝑡𝑛𝑒𝑠𝑠 𝑥𝑖 > 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑝𝑏𝑒𝑠𝑡)  

𝑥𝑖 = 𝑝𝑏𝑒𝑠𝑡 

           𝑖𝑓                                                                                          

                                              𝑓𝑖𝑡𝑛𝑒𝑠𝑠 𝑝𝑏𝑒𝑠𝑡 > 𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑔𝑏𝑒𝑠𝑡)                               (4.9) 

𝑔𝑏𝑒𝑠𝑡 = 𝑝𝑏𝑒𝑠𝑡 

𝑒𝑛𝑑𝑖𝑓 

                                                                                        𝑒𝑛𝑑𝑖𝑓 
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4.3.2 System modeling 

Kalman Filter 

The KF has numerous applications in technology. A common application is for 

guidance, navigation and control of vehicles, particularly aircraft and spacecraft. 

Furthermore, the Kalman filter is a widely applied concept in time series analysis used 

in fields such as signal processing and econometrics. Kalman filters also are one of the 

main topics in the field of robotic motion planning and control, and they are many 

times included in trajectory optimization. 

KF works in a two-step process. First step is the prediction step in which timed 

measurements are done and second is measurement update state where, corrections are 

applied to mitigate uncertainties and inaccuracies. Equations 4.10 to 4.15 shown below 

are the standard Kalman filter equations used in literature. 

The Kalman filter is a recursive estimator. This means that only the estimated state 

from the previous time step and the current measurement are needed to compute the 

estimate for the current state. Initial location is initialized to start with as KF requires 

initial point to be given. In contrast to batch estimation techniques, no history of 

observations and/or estimates is required. [16] 

 Kalman filter Prediction equations: 

𝑥𝑛+1      =  ∅𝑥𝑛                                      (4.10)  

𝑃𝑛+1
      =  ∅𝑃𝑛∅

𝑇 +  𝛤 𝑄 𝛤𝑇                        (4.11) 

 𝑃𝑛  is error covariance between the predicted and actual state vector. 

 Measurement equation: 

𝑦𝑛 = 𝐻𝑥𝑛 + 𝑛𝑛                           (4.12)  

              H is measurement matrix and 𝑛𝑛  is measurement noise 

 Kalman filter Updatation equations: 

𝐾𝑛+1  =  𝑃𝑛+1
      𝐻𝑇 (𝐻𝑃𝑛+1

       𝐻𝑇  + R) 
−1

                                  (4.13)  

𝑥𝑛+1 =  𝑥𝑛+1       + 𝐾𝑛+1 (𝑦𝑛+1 - H 𝑥𝑛+1      )                                  (4.14)            

𝑃𝑛+1 =  (I  -  𝐾𝑛+1H) 𝑃𝑛+1
                   (4.15)            

             𝐾𝑛  is the Kalman gain, 𝑥𝑛  is the state estimate, 𝑃𝑛  is the error covariance. 
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𝑥𝑛 =

 
 
 
 
𝑥 𝑛 

𝑣𝑥 𝑛 

𝑦 𝑛 

𝑣𝑦 𝑛  
 
 
 

∅ =  

1 𝑇 0 0
0 1 0 0
0
0

0
0

1
0

𝑇
1

 Γ =  

𝑇2 2 0
𝑇
0
0

0
𝑇2 2 
𝑇

 𝑄 =  
𝜎2

𝑤𝑥 0

0 𝜎2
𝑤𝑦

  

H =  
1 0 0 0
0 0 1 0

   R =  
σ2

mean 0

0 σ2
mean

  

∅ is the state transition matrix,  is the sampling time interval between two successive 

measurement times. 𝛤 is the process noise matrix, 𝑤𝑛  is a Gaussian process noise 

vector with distribution, N(0,𝑄) having zero mean. Where𝑄 is covariance matrix, 𝐻 is 

the observation matrix, 𝑛𝑛  is an observation noise vector with probability distribution 

N (0,𝑅) having zero mean. 

Particle Swarm Optimization  

PSO is heuristic population based hunt method used for deterministic search whose 

workings are inspired by the swarming or mutual behavior of biological populations 

like flocks of birds and schools of fish. PSO provides robustness to control parameters 

such as personal and swarm confidence factor and computation efficiency. PSO can 

be applied to non-linear, hunt space problems and gives the better results with a good 

efficacy [55] [57] [58]. Such property of PSO makes it more suitable to be used for 

searching and tracking especially for the non-linear regions. Initially, PSO takes time 

to get converges well and hence in proposed work, target state approximation is 

achieved by recursive KF first and such outcome is supplemented into the PSO.  

In PSO, provision of setting up of control parameters like personal confidence factor 

cp n  and swarm confidence factor cg n . Proper setting up of said parameters 

provides good balance between local and global search throughout the critical course 

of run of target trajectory and helps to optimize the network well. AS PSO 

implemented is deterministic [59] with target moving with constant velocity as 

mapped with indoor application, c = cp n + cg n  where, c = 1 and hence 

various  cp n  & 𝑐𝑔 n  values considered in table 4.1 with their addition always 

1.  
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For each particle, fitness is measured as per equation 4.7 and PSO gets converge 

as per equation 4.9. This ensures of particles next position in which particles sits 

on sensor nodes near by the target and contributes to tracking of target by following 

target as it moves in tracking vicinity. In each tracking iteration, said things for PSO 

are executed which results into good convergence and hence robust tracking of target 

is possible. Here, in proposed Multi-Step KF-PSO tracking model, PSO is 

supplemented by KF predicted outcome at its pbest value as discussed earlier hence 

PSO does not have to regenerate again and again. This helps PSO to converge fast by 

reducing regenerate computation time and taking care of nonlinearities. 

As simulation progresses proposed multi-step KF-PSO model performs well both in 

linear trajectory due to KF and nonlinear trajectory of target due to PSO. Velocity and 

position updates in PSO are shown below as equations 4.16 and 4.17, respectively 

[55]. 

A. Velocity Update 

𝑣𝑖 𝑛 + 1 = 𝑤 𝑛 ∗ 𝑣𝑖 𝑛 + 𝑐𝑝 𝑛 ∗ 𝑟𝑝𝑖 𝑛 ∗  𝑝𝑖 𝑛 − 𝑥𝑖 𝑛   + 𝑐𝑔 𝑛 ∗ 𝑟𝑔𝑖 𝑛 ∗

 𝑔 𝑛 − 𝑥𝑖 𝑛          (4.16) 

B. Position Update  

                                      𝑥𝑖 𝑛 + 1 = 𝑥𝑖 𝑛 + 𝑣𝑖 𝑛 + 1                                          (4.17) 

For each particle i,  𝑣𝑖 𝑛  is current velocity, 𝑣𝑖 𝑛 + 1  is new velocity, 𝑥𝑖 𝑛  is 

current position, 𝑥𝑖 𝑛 + 1  is next position, 𝑝𝑖 𝑛  is personal best (𝑝𝑏𝑒𝑠𝑡) position of 

particle itself, 𝑔 𝑛  is global best (𝑔𝑏𝑒𝑠𝑡) value amongst all particles, 𝑤 𝑛  is initial 

inertia, 𝑐𝑝 𝑛  is personal confidence factor, 𝑐𝑔 𝑛  is swarm confidence factor, 𝑟𝑝𝑖 𝑛  

is random variable associated with personal confidence factor, 𝑟𝑔𝑖 𝑛  is random 

variable associated with swarm confidence factor . 

In proposed multi-step KF-PSO, PSO is not used to update covariance matrix rather 

PSO is contributing to tracking by updating its pbest value which it takes from KF 

outcome. 
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4.4 Algorithm of proposed Multi-Step KF-PSO tracking model 

Algorithm: Proposed Multi-Step KF-PSO Tracking Model 

1: Define network vicinity dimensions: 

𝑛/𝑤𝑑𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛𝑠 =  
, 𝑒𝑖𝑔𝑡
𝑤, 𝑤𝑖𝑑𝑡

  

 

2: Place  ∗ 𝑤 sensor nodes each having equal energy and construct systematic  grid 

as under:  
𝑛𝑜𝑑𝑒 ′𝑠𝑋𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛, 𝑚𝑜𝑑 𝑖 − 1, 𝑤  

And 

𝑛𝑜𝑑𝑒 ′𝑠𝑌𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛, 𝑓𝑙𝑜𝑜𝑟  
𝑖 − 1

𝑤
  

 

3: Define number of swarm particles to be populated as N and place them in the 

network grid. 
 

4: Generate different predefined moving target trajectories for experimentation 

using constant velocity model. 
 

5: Compute predicted locations of target as course approximation by applying KF as 

per equations (4.10) to (4.15). 
 

6: Measure RSSI using distance of the target from each  particle node as per 

following set of equations: 

 

𝑝𝑑𝑖𝑠𝑡𝑝𝑎𝑟𝑡𝑖𝑐𝑙𝑒𝑡𝑜𝑡𝑎𝑟𝑔𝑒𝑡  =  (𝑝𝑋 − 𝑥)2  + (𝑝𝑌 − 𝑦)2   

 

𝒎𝒂𝒙𝑝𝑎𝑟𝑡𝑖𝑐𝑙𝑒 𝑅𝑆𝑆𝐼𝜶
𝟏

𝒎𝒊𝒏𝑝𝑑𝑖𝑠𝑡𝑝𝑎𝑟𝑡𝑖𝑐𝑙𝑒𝑡𝑜𝑡𝑎𝑟𝑔𝑒𝑡
 

  
7: Compute the fitness function using 𝑝𝑏𝑒𝑠𝑡 strength indicator 

𝐹𝑖𝑡𝑛𝑒𝑠𝑠 = 𝑚 −
1

𝒎𝒂𝒙
𝑝𝑎𝑟𝑡𝑖𝑐𝑙𝑒

𝑅𝑆𝑆𝐼
 

 

8: Update new 𝑝𝑏𝑒𝑠𝑡 and 𝑔𝑏𝑒𝑠𝑡 location of particles. 
 

9: Using predicted locations 𝑝𝑏𝑒𝑠𝑡  as per step 5, update position in equations (4.16) 

and (4.17) and derive fine approximation of target state location in PSO 

algorithm. 
 

10: Go back to step 5 and repeat. 

4.5 Simulation results and discussion 

This section presents simulation results for target tracking in WSN using Multi-Step 

KF-PSO model. To show the efficacy of the proposed work, simulations are performed 

in MATLAB by applying KF and proposed Multi-Step KF-PSO model on open loop 

target moving paths as shown in Figure 5.4 to 5.7 respectively. Performance measure 

parameter used is RMSE. Implementation done with different values of personal 
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confidence (𝑐𝑝 𝑛 ) and swarm confidence factor (𝑐𝑔 𝑛 ) shown in parameter Table 4-1. 

In the simulation carried out, assumptions considered are;  

1. Single, moving and cooperative target  

2. Sensor nodes placed systematically are static and not moving 

3. Location information is known to all the sensor nodes  

4. Sensor nodes equipped with same initial energy  

5. Sensor node’s residual energy can be measured  

6. Time synchronization among nodes  

Simulation parameters 

TABLE 4-1 Simulation parameters for proposed Multi-Step KF-PSO model 

Parameters Values/Model 

Network vicinity 100m by 100m 

Target motion model Constant velocity 

Target moving trajectory Open and Closed loop 

Node count 100 

Initial energy of all nodes 1 J 

Particle count, N 4 

Inertia,  𝑤 𝑛  1 

Velocity 1 m/s 

Large value, m  100 

Random variables (𝑟𝑝𝑖 𝑛 , 𝑟𝑔𝑖 𝑛 )  [1 1] 

 

Confidence factors 

Personal  confidence             Swarm confidence 

               𝑐𝑝 𝑛                                                 𝑐𝑔 𝑛  

 

 [1 0] 

 [0.80 0.20] 

 [0.75 0.25] 

 [0.72 0.28] 

 [0.71 0.29] 

 [0.70 0.30] 

 [0.69 0.31] 

 [0.68 0.32] 

 [0.60 0.40] 

 [0.50 0.50] 

 [0.25 0.75] 
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4.5.1 Results - target moving in open loop moving trajectory 

Objectives of proposed Multi-Step KF-PSO tracking model are: 1) to reduce tracking 

error 2) increase tracking efficacy  

 

To depict the same, RMSE is measured and its percentage improvement is also 

calculated for various target moving trajectories and shown in Table 4-2 and 4-3. 

Along with square error is measured in each tracking step which is shown in graph and 

compared with standard KF for all the target trajectories. Achievement is highlighted 

in summary.  

 

Target tracking WSN using a technique of Multi-Step KF-PSO is simulated in 

MATLAB. Step I, in a network vicinity a target with predefine trajectory is moving 

and to track the target, KF is applied. Step II, course predicted value from KF is 

supplemented in place of pbest value in PSO to get fine prediction of a target more 

closer to actually trajectory of the target. Simulation is done for four different 

trajectories, with variance in PSO parameters cp n  & cg n . Difference can be 

observed from the simulation outcome and from RMSE measurement. Results shows 

that the particles are moving in the direction of target and proposed Multi-Step KF-

PSO mechanism gives better result as compared prediction through KF only. Results 

of prediction from both the KF and Multi-Step KF-PSO simulations are compared in 

terms of RMSE.  

 

Case 1:  target tracking in trajectory-1 

For KF and proposed Multi-Step KF-PSO tracking model, tracking graph of actual vs. 

predicted coordinates for cp n  and cg n  sets shown in parameter table starting from 

[1 0] to [0.25 0.75] are generated for target moving in predefined trajectory path 1. 

Also there square error in each tracking step is measured and shown in terms of graph.  

 

For demonstration ease, results graph for few cp n  and cg n  sets are displayed which 

are [0.71 0.29] [0.70 0.30] [0.69 0.31] [0.25 0.75] and shown in Figures 4.11 to 4.18.   

Odd figure numbers shows tracking graph of actual vs. predicted coordinates and their 

square error values vs. tracking step are depicted in even figure numbers in Figures 

4.11 to 4.18 accordingly.  
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Though even tracking graph does not appeared to be smoother in case of Multi-Step 

KF-PSO tracking mode as compared KF tracking, it is observed that predicted 

coordinates of target by Multi-Step KF-PSO are closer to actual target coordinates than 

predicted by KF and results into less square error in each tracking step. This helps to 

improve RMSE and contributes to achieve good tracking efficacy by Multi-Step KF-

PSO tracking model than standard KF filter. RMSE is quantified for all the sets of 

cp n  and cg n  later in this section and such analysis helps to comment which set is 

better and could be used in application that one is working with. It is to be observed 

that predicted coordinates of target by Multi-Step KF-PSO in case of [0.25 0.75] is 

very scattered w.r.t actual coordinates of target giving worst RMSE. Hence certainly 

such set of cp n  and cg n  value is not recommended to be used for application 

purpose.  

 

Square error graph represents error graphically in each tracking step. It is observed that 

in few tracking steps, it’s high and abrupt. The reason being, moving target changes its 

position suddenly to take turn and then may follows valley or hilly moving trajectory. 

During such instances, 1) prior estimates could not be derived properly by knowledge 

of system as at these movements system itself changes because of sudden varied 

moving trajectories 2) filter gain results is not proper 3) updation of error covariance 

does not happen properly. Aforesaid point’s forms the basis of prediction and their 

mismeasurements results in high square error in each tracking step and so their graph 

presentation.    
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FIGURE 4.11 Target tracking with Multi-Step 

KF-PSO with  cp(n)=0.71 & cg(n)=0.29 for 

trajectory path 1 

 

 

FIGURE 4.12 Square error vs. Tracking steps 

with  cp(n)=0.71 & cg(n)=0.29 for trajectory 

path 1 

 

 

 

 

 

 

FIGURE 4.13 Target tracking with Multi-Step 

KF-PSO with  cp(n)=0.70 & cg(n)=0.30 for 

trajectory path 1 

 

FIGURE 4.14 Square error vs. Tracking steps 

with  cp(n)=0.70 & cg(n)=0.30 for trajectory 

path 1 
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FIGURE 4.15 Target tracking with Multi-Step 

KF-PSO with  cp(n)=0.69 & cg(n)=0.31 for 

trajectory path 1 

 

FIGURE 4.16 Square error vs. Tracking steps 

with  cp(n)=0.69 & cg(n)=0.31 for trajectory 

path 1 

 

 

 

 

 

 

 

FIGURE 4.17 Target tracking with Multi-Step 

KF-PSO with  cp(n)=0.25 & cg(n)=0.75 for 

trajectory path 1 

 

FIGURE 4.18 Square error vs. Tracking steps 

with  cp(n)=0.25 &  cg(n)=0.75 for trajectory 

path 1 
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Case 2:  target tracking in trajectory-2 

For KF and proposed Multi-Step KF-PSO tracking model, tracking graph of actual vs. 

predicted coordinates for cp n  and cg n  sets shown in parameter table starting from 

[1 0] to [0.25 0.75] are generated for target moving in predefined trajectory path 2. 

Also there square error in each tracking step is measured and shown in terms of graph.  

 

For demonstration ease, results graph for few cp n  and cg n  sets are displayed which 

are [0.71 0.29] [0.70 0.30] [0.69 0.31] [0.25 0.75] and shown in Figures 4.19 to 4.26.   

Odd figure numbers shows tracking graph of actual vs. predicted coordinates and their 

square error values vs. tracking step are depicted in even figure numbers in Figures 

4.19 to 4.26 accordingly.  

 

Though even tracking graph does not appeared to be smoother as KF in case of Multi-

Step KF-PSO tracking mode, it is observed that predicted coordinates of target by 

Multi-Step KF-PSO are closer to actual target coordinates than predicted by KF and 

results into less square error in each tracking step. This helps to improve RMSE and 

contributes to achieve good tracking efficacy by Multi-Step KF-PSO tracking model 

than standard KF filter. RMSE is quantified for all the sets of cp n  and cg n  sets later 

in this section and helps to comment which set is better and could be used in 

application working with.  

 

It is to be observed that predicted coordinates of target by Multi-Step KF-PSO in case 

of [0.25 0.75] is very scattered w.r.t actual coordinates of target giving worst RMSE. 

Hence certainly such set of cp n  and cg n  value is not recommended to be used for 

application purpose.  
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FIGURE 4.19 Target tracking with Multi-Step 

KF-PSO with  cp(n)=0.71 & cg(n)=0.29 for 

trajectory path 2 

 

FIGURE 4.20 Square error vs. Tracking steps 

with  cp(n)=0.71 & cg(n)=0.29 for trajectory 

path 2 

 

 

 

 

 

 

 

FIGURE 4.21 Target tracking with Multi-Step 

KF-PSO with  cp(n)=0.70 & cg(n)=0.30 for 

trajectory path 2 

 

FIGURE 4.22 Square error vs. Tracking steps 

with  cp(n)=0.70 & cg(n)=0.30 for trajectory 

path 2 

-10 0 10 20 30 40 50 60 70 80 90 100
-10

0

10

20

30

40

50

60

70

80

90

100

meters

m
e
te

rs

 

 
Sensor Nodes

PSO Particles

KF Prediction

Actual Target Location

Multi-Step KF-PSO Prediction

-10 0 10 20 30 40 50 60 70 80 90 100
-10

0

10

20

30

40

50

60

70

80

90

100

meters

m
e
te

rs

 

 

Sensor Nodes

PSO Particles

KF Prediction

Actual Target Location

Multi-Step KF-PSO Prediction



Proposed Multi-Step KF-PSO Target Tracking Model 

 

79 

 

 

FIGURE 4.23 Target tracking with Multi-Step 

KF-PSO with  cp(n)=0.69 & cg(n)=0.31 for 

trajectory path 2 

 

FIGURE 4.24 Square error vs. Tracking steps 

with  cp(n)=0.69 & cg(n)=0.31 for trajectory 

path 2 

 

 

 

 

 

 

 

FIGURE 4.25 Target tracking with Multi-Step 

KF-PSO with  cp(n)=0.25 & cg(n)=0.75 for 

trajectory path 2 

 

FIGURE 4.26 Square error vs. Tracking steps 

with  cp(n)=0.25 & cg(n)=0.75 for trajectory 

path 2 
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Case 3:  target tracking in trajectory-3 

For KF and proposed Multi-Step KF-PSO tracking model, tracking graph of actual vs. 

predicted coordinates for cp n  and cg n  sets shown in parameter table starting from 

[1 0] to [0.25 0.75] are generated for target moving in predefined trajectory path 3. 

Also there square error in each tracking step is measured and shown in terms of graph.  

 

For demonstration ease, results graph for few cp n  and cg n  sets are displayed which 

are [0.71 0.29] [0.70 0.30] [0.69 0.31] [0.25 0.75] and shown in Figures 4.27 to 4.34.   

Odd figure numbers shows tracking graph of actual vs. predicted coordinates and their 

square error values vs. tracking step are depicted in even figure numbers in Figures 

4.27 to 4.34 accordingly.  

 

Though even tracking graph does not appeared to be smoother as KF in case of Multi-

Step KF-PSO tracking mode, it is observed that predicted coordinates of target by 

Multi-Step KF-PSO are closer to actual target coordinates than predicted by KF and 

results into less square error in each tracking step. This helps to improve RMSE and 

contributes to achieve good tracking efficacy by Multi-Step KF-PSO tracking model 

than standard KF filter. RMSE is quantified for all the sets of cp n  and cg n  sets later 

in this section and helps to comment which set is better and could be used in 

application working with.  

 

It is to be observed that predicted coordinates of target by Multi-Step KF-PSO in case 

of [0.25 0.75] is very scattered w.r.t actual coordinates of target giving worst RMSE. 

Hence certainly such set of cp n  and cg n  value is not recommended to be used for 

application purpose. 
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FIGURE 4.27 Target tracking with Multi-Step 

KF-PSO with  cp(n)=0.71 & cg(n)=0.29 for 

trajectory path 3 

 

FIGURE 4.28 Square error vs. Tracking steps 

with  cp(n)=0.71 & cg(n)=0.29 for trajectory 

path 3 

 

 

 

 

 

 

 

FIGURE 4.29 Target tracking with Multi-Step 

KF-PSO with  cp(n)=0.70 & cg(n)=0.30 for 

trajectory path 3 

 

FIGURE 4.30 Square error vs. Tracking steps 

with  cp(n)=0.70 & cg(n)=0.30 for trajectory 

path 3 
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FIGURE 4.31 Target tracking with Multi-Step 

KF-PSO with  cp(n)=0.69 & cg(n)=0.31 for 

trajectory path 3 

 

FIGURE 4.32 Square error vs. Tracking steps 

with  cp(n)=0.69 & cg(n)=0.31 for trajectory 

path 3 

 

 

 

 

 

 

 

FIGURE 4.33 Target tracking with Multi-Step 

KF-PSO with  cp(n)=0.25 & cg(n)=0.75 for 

trajectory path 3 

 

FIGURE 4.34 Square error vs. Tracking steps 

with  cp(n)=0.25 & cg(n)=0.75 for trajectory 

path 3 
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Case 4:  target tracking in trajectory-4 

For KF and proposed Multi-Step KF-PSO tracking model, tracking graph of actual vs. 

predicted coordinates for cp n  and cg n  sets shown in parameter table starting from 

[1 0] to [0.25 0.75] are generated for target moving in predefined trajectory path 4. 

Also there square error in each tracking step is measured and shown in terms of graph.  

 

For demonstration ease, results graph for few cp n  and cg n  sets are displayed which 

are [0.71 0.29] [0.70 0.30] [0.69 0.31] [0.25 0.75] and shown in Figures 4.35 to 4.42.   

Odd figure numbers shows tracking graph of actual vs. predicted coordinates and their 

square error values vs. tracking step are depicted in even figure numbers in Figures 

4.35 to 4.42 accordingly.  

 

Though even tracking graph does not appeared to be smoother as KF in case of Multi-

Step KF-PSO tracking mode, it is observed that predicted coordinates of target by 

Multi-Step KF-PSO are closer to actual target coordinates than predicted by KF and 

results into less square error in each tracking step. This helps to improve RMSE and 

contributes to achieve good tracking efficacy by Multi-Step KF-PSO tracking model 

than standard KF filter. RMSE is quantified for all the sets of cp n  and cg n  sets later 

in this section and helps to comment which set is better and could be used in 

application working with.  

 

It is to be observed that predicted coordinates of target by Multi-Step KF-PSO in case 

of [0.25 0.75] is very scattered w.r.t actual coordinates of target giving worst RMSE. 

Hence certainly such set of cp n  and cg n  value is not recommended to be used for 

application purpose. 
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FIGURE 4.35 Target tracking with Multi-Step 

KF-PSO with  cp(n)=0.71 & cg(n)=0.29 for 

trajectory path 4 

 

FIGURE 4.36 Square error vs. Tracking steps 

with  cp(n)=0.71 & cg(n)=0.29 for trajectory 

path 4 

 

 

 

 

 

 

 

FIGURE 4.37 Target tracking with Multi-Step 

KF-PSO with  cp(n)=0.70 & cg(n)=0.30 for 

trajectory path 4 

 

FIGURE 4.38 Square error vs. Tracking steps 

with  cp(n)=0.70 & cg(n)=0.30 for trajectory 

path 4 
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FIGURE 4.39 Target tracking with Multi-Step 

KF-PSO with  cp(n)=0.69 & cg(n)=0.31 for 

trajectory path 4 

 

FIGURE 4.40 Square error vs. Tracking steps 

with  cp(n)=0.69 & cg(n)=0.31 for trajectory 

path 4 

 

 

 

 

 

 

 

FIGURE 4.41 Target tracking with Multi-Step 

KF-PSO with  cp(n)=0.25 & cg(n)=0.75 for 

trajectory path 4 

 

FIGURE 4.42 Square error vs. Tracking steps 

with  cp(n)=0.25 & cg(n)=0.75 for trajectory 

path 4 
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RMSE Comparison 

Root mean square error is quantifying WSN network metrics used to show improved 

tracking efficacy of proposed Multi-Step KF-PSO tracking model. RMSE measured 

for KF and for all the variants of proposed Multi-Step KF-PSO tracking model shown 

in simulation parameter table. RMSE measured for various open loop moving target 

trajectories is shown in comparison Table 4-2 below. Along with, RMSE’s percentage 

conversion representation is also shown in Table 4-3 below to show tracking efficacy 

improvement of proposed Multi-Step KF-PSO tracking model in percentage terms.  

 

Proposed work is compared with KF only. KF being best estimator for linear 

trajectories but it gives poor estimation when it tracks non linear trajectory.  Here, 

over KF alternative is EKF which is widely used. Proposed multi-step KF-PSO is 

taking care of both linear and non linear trajectories and could be treated alternative to 

EKF. EKF is already taking care of nonlinearities and KF does not. Therefore, idea is 

to compare proposed system with KF which does not take care of nonlinearities while 

proposed multi-step KF-PSO work for both linear and non linear trajectories. 

 

Proposed algorithm is operated on 7 different target moving trajectories shown in 

Figure 4.4 to Figure 4.10 which takes care of dynamic moving path which includes 

linear, non linear and sharp curve as well. Existing algorithm like EKF and PF are 

also performing well for non linear trajectory, but computations of gain matrix and 

covariance will be complicated. Also derivative matrix needed to be implemented for 

linearization known as Jacobean Matrix. In PSO, its convergence is crucial. Here, in 

proposed Multi-Step KF-PSO tracking model, PSO is supplemented by KF predicted 

outcome at its pbest value as discussed earlier hence PSO does not have to regenerate 

again and again. This helps PSO to converge fast by reducing regenerate computation 

time and taking care of nonlinearities. So, KF take care of linear region while PSO 

take care of non linearity’s of dynamic moving path. This could be observed from all 

the tracking graphs and reported also in RMSE measurement Table 4.2 and 4.3 that 

for all the 7 trajectories proposed multi-step KF-PSO tracking model working well 

and out performs standard KF. 
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TABLE 4-2 RMSE comparison for proposed Multi-Step KF-PSO model and KF 

Filter Parameter Selection 
RMSE 

Traje 1 Traje 2 Traje 3 Traje 4 

Kalman --- 0.74 0.96 0.71 1.02 

Proposed 

Multi-Step 

KF-PSO 

Target 

Tracking 

Model 

 

cp n  = 1, cg n = 0 0.74 0.96 0.71 1.02 

cp n  = 0.80, cg n = 0.20 0.69 0.94 0.55 0.90 

cp n  = 0.75, cg n = 0.25 0.68 0.94 0.53 0.89 

cp n  = 0.72, cg n = 0.28 0.675 0.93 0.53 0.885 

cp n  = 0.71, cg n = 0.29 0.67 0.93 0.526 0.883 

 cp n  = 0.70, cg n = 0.30 0.65 0.92 0.52 0.88 

cp n  = 0.69, cg n = 0.31 0.67 0.93 0.53 0.90 

cp n  = 0.68, cg n = 0.32 0.67 0.93 0.54 0.92 

cp n  = 0.60, cg n = 0.40 0.66 0.93 0.54 0.95 

cp n  = 0.50, cg n =0.50 0.66 0.94 0.57 0.97 

cp n  = 0.25, cg n =0.75 0.70 0.95 0.66 0.99 

 

TABLE 4-3 Percentage improvement in RMSE for various Multi-Step KF-PSO model compared 

to KF 

Filter Parameter Selection 
REDUCTION in RMSE in % 

Traje 1 Traje 2 Traje 3 Traje 4 

Proposed 

Multi-Step 

KF-PSO 

Target 

Tracking 

Model 

 

cp n  = 1, cg n = 0 0 0 0 0 

cp n  = 0.80, cg n = 0.20 6.75 2.08 22.53 11.76 

cp n  = 0.75, cg n = 0.25 8.82 2.08 25.35 12.74 

cp n  = 0.72, cg n = 0.28 8.88 3.12 25.35 13.22 

cp n  = 0.71, cg n = 0.29 9.45 3.12 25.91 13.43 

cp n  = 0.70, cg n = 0.30 13.84 4.16 26.76 13.72 

cp n  = 0.69, cg n = 0.31 9.45 3.12 25.35 11.76 

cp n  = 0.68, cg n = 0.32 9.45 3.12 23.94 11.11 

cp n  = 0.60, cg n = 0.40 12.12 3.13 23.94 10.78 

cp n  = 0.50, cg n =0.50 12.12 2.08 19.71 6.86 

cp n  = 0.25, cg n =0.75 5.71 1.04 9.91 2.94 
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4.5.2 Results - target moving in close loop moving trajectory 

Proposed Multi-Step KF-PSO tracking model is validated on close loop target moving 

trajectories too. Various close loop target’s moving trajectories shown in Figure 4.8 to 

4.10 have been used in simulation.  In this simulation; network model, system model, 

algorithm and all the simulation parameters are kept same as used for open loop 

tracking trajectories. Results obtained are similar as obtained for open loop target 

moving path for cp n  and cg n  combinations shown in parameter table. 

 

For KF and proposed Multi-Step KF-PSO tracking models, tracking accuracies of 

predicted vs. actual coordinates for cp n  and cg n  sets shown in parameter table 

starting from [1 0] to [0.25 0.75] are derived. But for convenient purpose, tracking 

accuracies of predicted vs. actual coordinates demonstrated for cp n  and cg n  sets 

[0.71 0.29] [0.70 0.30] and [0.69 0.31] as shown in odd figure numbers 4.43 to 4.60 

and their square errors values vs. tracking step are depicted in even figure numbers 

4.43 to 4.60 accordingly.  

  

 

FIGURE 4.43 Target tracking with Multi-Step 

KF-PSO with  cp(n)=0.71 & cg(n)=0.29 for 

trajectory path 5 

 

FIGURE 4.44 Square error vs. Tracking steps 

with  cp(n)=0.71 & cg(n)=0.29 for trajectory 

path 5 
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FIGURE 4.45 Target Tracking With Multi-

Step KF-PSO With  cp(n)=0.70 & cg(n)=0.30 

For Trajectory Path 5 

 

FIGURE 4.46 Square error vs. Tracking steps 

with  cp(n)=0.70 & cg(n)=0.30 for trajectory 

path 5 

 

 

 

 

 

 

 

 

 

 

FIGURE 4.47 Target tracking with Multi-Step 

KF-PSO with  cp(n)=0.69 & cg(n)=0.31 for 

trajectory path 5 

 

FIGURE 4.48 Square error vs. Tracking steps 

with  cp(n)=0.69 & cg(n)=0.31 for trajectory 

path 5 
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FIGURE 4.49 Target tracking with Multi-Step 

KF-PSO with  cp(n)=0.71 & cg(n)=0.29 for 

trajectory path 6 

 

FIGURE 4.50 Square error vs. Tracking steps 

with  cp(n)=0.71 & cg(n)=0.29 for trajectory 

path 6 

 

 

 

 

 

 

 

 

 

 

FIGURE 4.51 Target Tracking With Multi-

Step KF-PSO With  cp(n)=0.70 & cg(n)=0.30 

For Trajectory Path 6 

 

FIGURE 4.52 Square error vs. Tracking steps 

with  cp(n)=0.70 & cg(n)=0.30 for trajectory 

path 6 
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FIGURE 4.53 Target tracking with Multi-Step 

KF-PSO with cp(n)=0.69 & cg(n)=0.31 for 

trajectory path 6 

 

FIGURE 4.54 Square error vs. Tracking steps 

with  cp(n)=0.69 & cg(n)=0.31 for trajectory 

path 6 

 

 

 

 

 

 

 

 

 

 

FIGURE 4.55 Target tracking with Multi-Step 

KF-PSO with cp(n) =0.71 & cg(n)=0.29 for 

trajectory path 7 

 

FIGURE 4.56 Square error vs. Tracking steps 

with  cp(n)=0.71 & cg(n)=0.29 for trajectory 

path 7 
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FIGURE 4.57 Target Tracking With Multi-

Step KF-PSO With  cp(n)=0.70 & cg(n)=0.30 

For Trajectory Path 7 

 

FIGURE 4.58 Square error vs. Tracking steps 

with  cp(n)=0.70 & cg(n)=0.30 for trajectory 

path 7 

 

 

 

 

 

 

 

 

 

 

FIGURE 4.59 Target tracking with Multi-Step 

KF-PSO with  cp(n)=0.69 & cg(n)=0.31 for 

trajectory path 7 

 

FIGURE 4.60 Square error vs. Tracking steps 

with  cp(n)=0.69 & cg(n)=0.31 for trajectory 

path 7 
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RMSE Comparison 

Reduced mean square error is quantifying WSN network metrics used to show 

improved tracking efficacy of proposed Multi-Step KF-PSO tracking model. RMSE 

measured for KF and for all the variants of proposed Multi-Step KF-PSO tracking 

model shown in simulation parameter table. But for convenient purpose, RMSE 

measured for cp n  and cg n  sets [0.71 0.29] [0.70 0.30] and [0.69 0.31] for close 

loop moving target trajectories is shown in comparison Table 4-4.  

 

TABLE 4-4 RMSE Comparison 

Filter Selection Parameter 

RMSE 

Traje 1 Traje 2 Traje 3 

KF ------ 0.99 0.81 0.73 

Proposed 

Multi-Step 

KF-PSO 

Target 

Tracking 

Model 

Cp[n] = 0.71, Cg[n]= 0.29 0.97 0.76 0.58 

Cp[n]= 0.70, Cg[n]= 0.30 0.96 0.73 0.56 

Cp[n]  = 0.69, Cg[n]= 0.31 0.97 0.76 0.60 

 

TABLE 4-5 Percentage improvement in RMSE 

Filter Parameter Selection 
Reduction in RMSE in % 

Traje 1 Traje 2 Traje 3 

Proposed 

Multi-Step 

KF-PSO 

Target 

Tracking 

Model 

cp n  = 1, cg n = 0 0 0 0 

cp n  = 0.71, cg n = 0.29 2.02 6.17 20.54 

cp n  = 0.70, cg n = 0.30 3.03 9.81 23.28 

cp n  = 0.69, cg n = 0.31 2.02 6.17 17.80 

 

4.6 Summary 

Computation of RMSE and percentage reduction in RMSE for KF and various multi-

step KF-PSO approaches shown in table 4-2 and table 4-3 respectively for open loop 

target moving path, indicates that RMSE is reduced in tracking through proposed 

Multi-Step KF-PSO target tracking model as compared to tracking though KF only. In 

square error vs. tracking step’s graph, it is clearly seen that square error is decreased 

in case of proposed Multi-Step KF-PSO target tracking model especially when 
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trajectory follows nonlinear path. In work presented it is observed that tracking graph 

through Multi-Step KF-PSO is not that smoother but we could achieve around 6% to 

26% RMSE improvement in tracking through proposed Multi-Step KF-PSO model 

for open loop target moving trajectory. For chosen tracking trajectories, proposed 

Multi-Step KF-PSO mechanism gives best tracking results in terms of reduced square 

error in each tracking step and improved RMSE specifically for cp n  = 0.70, cg n = 

0.30.  This resulting in improved tracking efficacy and therefore proposed Multi-Step 

KF-PSO outperforms the operation of standard KF. 

 

It is observed that, also for target moving in close loop path we could achieve around 

3% to 24% RMSE improvement in tracking through proposed Multi-Step KF-PSO 

model for close loop target trajectory. For chosen tracking trajectories, Multi-Step 

KF-PSO mechanism gives best tracking results in terms of reduced square error in 

each tracking step and improved RMSE specifically for cp n  = 0.70, cg n = 0.30. 

 

Non linear tracking model like EKF and UKF are very computational intensive as 

Jacobean matrix needs to be derived to cope with non linear trajectory of moving 

target. When target moving trajectory becomes highly non linear, EKF/UKF fails to 

track target properly.  

 

In proposed Multi-Step KF-PSO, PSO computation depends on population size of 

particle swarm which is 4 used in simulation. PSO allows setting up of control 

parameters like personal confidence cp(n) swarm confidence cg(n) to provide good 

balance between local and global search to support deterministic search. 

 

PSO generation happens each time when target moves to get personal best value. 

Same is supplied by KF in proposed model and hence computation time used in each 

generation is also reduced. Summarizing the work, PSO could be coupled with 

prediction based tracking model KF to improve tracking efficacy as discussed in 

result and analysis section.  
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Chapter 5  

Proposed Hybrid KF-PSO Target Tracking Model 

Precise target tracking is reticent due to restricted resources in WSN like battery 

capacity, computing and communicating capacity, ageing, sensors breakdown, noises 

etc. These constrains disturb the tracking process and affects tracking efficiency too. 

In order to achieve high tracking efficacy, detection and tracking of moving target 

requires coordination among sensor nodes. We have proposed, Hybrid model of KF 

and PSO termed as Hybrid KF-PSO tracking model for tracking the target trajectory 

and to estimating target position with improved target tracking efficacy.  

5.1 Introduction 

Still KF is being operated in first layer and PSO in second layer as in case of proposed 

Multi-Step KF-PSO tracking model. Hybrid KF-PSO, PSO contributes to tracking of 

target in which final predicted output is combination of 1) initial KF prediction till 

fitness function in PSO is not properly established and 2) later output of PSO once 

function in PSO is established and PSO starts converging well. This is how Hybrid 

KF-PSO differs from Multi-Step KF-PSO. PSO is also contributing to tracking of 

target and not to network energy management. This is basically proposed work differs 

from work presented in chapter 3. 

Initially KF is applied to predict moving target trajectories. Such course KF estimated 

outcome is applied to PSO, which in turn gives fine estimates of moving target state. 

Few initial estimates from KF and rest estimates from PSO are combined to model 

Hybrid KF-PSO. This is depicted in diagram shown below in Figure 5.1.  

We have proposed Hybrid KF-PSO target tracking model which includes, KF and 

PSO in tracking of a target to exert fine tracking outcome to get good tracking 

accuracy. KF being a decent target state predictor in linear path where’s PSO 

converge very well in nonlinear path. Exclusive assets of each method issued in 

proposed hybrid tracking model results into worthy tracking mechanism.  

KF being recursive predictor operates in first step and second step consist of 

approximation of KF is to be appended in a place of personal best value of PSO to 
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appraise target position. This makes PSO to follow target and gives fine 

approximation, move its particles closer and in the direction of moving target. 

The use of proposed Hybrid KF-PSO mechanism gives twofold advantages; in linear 

region KF tracks the target well and in nonlinear trajectory of target being moved 

PSO gives best position estimation. 

 

FIGURE 5.1 Proposed Hybrid KF-PSO target tracking model 

Objectives achieved here through proposed Hybrid KF-PSO tracking model are; 

expectation about target state of unknown target is maximized, square error per each 

tracking step and RMSE is reduced. Different target paths have been utilized on 

which proposed Hybrid KF-PSO tracking model is applied to verify performance of 

proposed method and noticing its target tracking efficiency.   

 

PSO works with objective or may be termed as fitness function which has to defined 

and initiated in model simulated. Initially, there won’t be any fitness function initiated 

in the PSO model. Essentially it is to be initiated to make a first move. As simulation 



Proposed Hybrid KF-PSO Target Tracking Model 

 

97 

 

steps forward, coordination amongst particles developed as global and personal best 

values of particles will start building up in each step as per the fitness function. 

Convergence time of PSO depends on fitness function, coordination amongst particles 

and swarm strength. 

It is observed that initially PSO takes time in getting converge, hence KF being in first 

layer and PSO in second. In Hybrid KF-PSO tracking model; initially tracking results 

are taken through outcomes of KF only and then once PSO gets converged well after 

few iterations, later tracking results are taken through PSO only. Hence ultimate 

tracking results are through Hybrid combination of KF and PSO.  

5.2 Network modeling 

In this Hybrid KF-PSO simulation; network model, system model, algorithm 

considered are same as proposed for Multi-Step KF-PSO target tracking model in 

shown in section 4.3 and 4.5.  

Various target moving open loop moving trajectories considered are same as used and 

shown in Figures 4.4 to 4.7, on which proposed Hybrid KF-PSO have been applied 

and validated. 

Results obtained are similar as obtained for open loop target moving path for cp n  

and cg n  combinations shown in parameter table. 

For KF and proposed Hybrid KF-PSO tracking models, tracking accuracies of 

predicted vs. actual coordinates for cp n  and cg n  sets starting from [1 0] to [0.25 

0.75] are derived.  

But for convenient purpose, tracking accuracies of predicted vs. actual coordinates 

demonstrated only for cp n  and cg n  sets [0.71 0.29] [0.70 0.30] and [0.69 0.31]. 

5.3 Simulation results and discussion 

This section presents simulation results for target tracking in WSN using Hybrid KF-

PSO model. To show the efficacy of the proposed work, simulations are performed in 

MATLAB by applying KF and proposed Hybrid KF-PSO model on open loop target 

moving paths as shown in Figure 5.4 to 5.7 in previous section 5.3. Performance 

measure parameter used is RMSE. Implementation is carried out with different values 
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of personal confidence (𝑐𝑝 𝑛 ) and swarm confidence factor (𝑐𝑔 𝑛 ) as shown in 

parameter Table 5-1. In the simulation, assumptions considered are;  Single, moving 

and cooperative target, Sensor nodes placed systematically are static and not moving, 

Location information is known to all the sensor nodes, Sensor nodes equipped with 

same initial energy, Sensor node’s residual energy can be measured, Time 

synchronization among nodes  

Simulation Parameters  

TABLE 5-1 Simulation parameters for Hybrid KF-PSO model 

Parameters Values/Model 

Network vicinity 100m by 100m 

Target motion model Constant velocity 

Target moving trajectory 
Open and Closed 

loop 

Node count 100 

Initial energy of all nodes 1 J 

Particle count, N 4 

Inertia,  𝑤 𝑛  1 

Velocity 1 m/s 

Large value, m  100 

Random variables (𝑟𝑝𝑖 𝑛 , 𝑟𝑔𝑖 𝑛 ) [1 1] 

 

Confidence factors 

Personal  confidence             Swarm confidence 

                   𝑐𝑝 𝑛                                             𝑐𝑔 𝑛  

 

[1 0] 

[0.80 0.20] 

[0.71 0.29] 

[0.70 0.30] 

[0.69 0.31] 

[0.68 0.32] 

[0.60 0.40] 

Results 

This section shows performances of KF and Hybrid KF-PSO implementations for (a) 

Tracking efficiency (b) Square error per tracking step (c) RMSE and its percentage 

improvement measurements throughout the course of run of simulation for different 

cases. Simulation is done for various personal and swarm confidence factors shown in 

table I, but graphical results for three different confidence factors [0.71 0.29] [0.70 
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0.30] [0.69 0.31] are presented here. It is to be noted that hybrid KF-PSO tracking 

model with combination [1 0] behaves same as KF because whole model is driven and 

balanced by personal confidence factor of PSO which is responsible to supplement 

KF’s predicted values in place of personal best position in PSO.  

 

As shown, target is moving in predefined trajectory, parallaly KF and proposed 

Hybrid KF-PSO tracking model’s predictions are plotted. Proposed Hybrid KF-PSO 

tracking model performs superior by giving close enough prediction of target state 

then KF filter. A plot of square error per tracking step is also shown as estimated error 

comparison. RMSE and its percentage improvement for proposed Hybrid KF-PSO 

tracking model are shortened and compared with KF in Table 5-2 and Table 5-3 

respectively. 

 

Case 1:  target tracking in trajectory path-1 

 

Figures 5.2 to 5.7 show the simulation results for KF and proposed Hybrid KF-PSO 

tracking model applied on moving target in trajectory path 1.  Graphs displayed for 

personal cp n  and swarm cg n  confidence factor combinations [0.71 0.29] [0.70 0.30] 

[0.69 0.31]. Figures 5.2, 5.4 and 5.6 shows tracking graphs and square error per 

tracking step are presented in Figures 5.3, 5.5 and 5.7 respectively.  

 

It is observed that tracking accuracy for Hybrid KF-PSO tracking model is superior to 

standard KF filter. It is observed that, initially PSO won’t converge well hence 

predicted points are far away then KF predicted points. Later once PSO starts 

converging well giving close predicted points then KF though tracking graph does not 

look smooth. But importantly good tracking efficiency is achieved with reduced 

RMSE. 
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FIGURE 5.2 Target tracking with Hybrid KF-

PSO with  cp(n)=0.71 & cg(n)=0.29 for 

trajectory path 1 

 

FIGURE 5.3 Square error per Tracking steps 

with  cp(n)=0.71 & cg(n)=0.29 for trajectory 

path 1 

 

 

 

 

 

 

 

 

 

FIGURE 5.4 Target tracking Hybrid KF-PSO 

with cp(n) =0.70  & cg(n)=0.30 for trajectory 

path 1 

 

FIGURE 5.5 Square error per Tracking steps 

with  cp(n)=0.70 & cg(n)=0.30 for trajectory 

path 1 
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FIGURE 5.6 Target tracking with Hybrid KF-

PSO with  cp(n)=0.69 & cg(n)=0.31 for 

trajectory path 1 

 

FIGURE 5.7 Square error per Tracking steps 

with  cp(n)=0.69 & cg(n)=0.31 for trajectory 

path 1 

 

Case 2:  target tracking in trajectory path-2 

 

Figures 5.8 to 5.13 show the simulation results for KF and proposed Hybrid KF-PSO 

tracking model applied on moving target in trajectory path 2.  Graphs displayed for 

personal 𝑐𝑝 𝑛  and swarm𝑐𝑔 𝑛 confidance factor combinations [0.71 0.29] [0.70 0.30] 

[0.69 0.31]. Figures 5.8, 5.10 and 5.12 shows tracking graphs and square error per 

tracking step are presented in Figures 5.9, 5.11 and 5.13, respectively.. It is observed 

that tracking accuracy for Hybrid KF-PSO tracking model is superior than standard 

KF filter. 
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FIGURE 5.8 Target tracking with Hybrid KF-

PSO with  cp(n)=0.71 & cg(n)=0.29 for 

trajectory path 2 

 

FIGURE 5.9 Square error per Tracking steps 

with  cp(n)=0.71 & cg(n)=0.29 for trajectory 

path 2 

 

 

 

 

 

 

FIGURE 5.10 Target tracking with Hybrid 

KF-PSO with  cp(n)=0.70 & cg(n)=0.30 for 

trajectory path 2 

 

FIGURE 5.11 Square error per Tracking steps 

with  cp(n)=0.70 & cg(n)=0.30 for trajectory 

path 2 
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FIGURE 5.12 Target tracking with Hybrid 

KF-PSO with  cp(n)=0.69 & cg(n)=0.31 for 

trajectory path 2 

 

FIGURE 5.13 Square error per Tracking steps 

with  cp(n)=0.69 & cg(n)=0.31 for trajectory 

path 2 

 

Analogous results are displayed for Case 3 (target tracking in trajectory path 3) as 

shown in Figures 5.14 to 5.19 and for Case 4 (target tracking trajectory in path 4) 

displayed in Figures 5.20 to 5.25.  
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FIGURE 5.14 Target tracking with Hybrid 

KF-PSO with  cp(n)=0.71 & cg(n)=0.29 for 

trajectory path 3 

 

FIGURE 5.15 Square error per Tracking steps 

with cp(n)=0.71 & cg(n)=0.29 for trajectory 

path 3 
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FIGURE 5.16 Target tracking with Hybrid 

KF-PSO with  cp(n)=0.70 & cg(n)=0.30 for 

trajectory path 3 

 

FIGURE 5.17 Square error per Tracking steps 

with cp(n)=0.70 & cg(n)=0.30 for trajectory 

path 3 

 

 

 

 

 

 

 

FIGURE 5.18 Target tracking with Hybrid 

KF-PSO with  cp(n)=0.69 & cg(n)=0.31 for 

trajectory path 3 

 

FIGURE 5.19 Square error per Tracking steps 

with cp(n)=0.69 & cg(n)=0.31 for trajectory 

path 3 
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FIGURE 5.20 Target tracking with Hybrid 

KF-PSO with  cp(n)=0.71 & cg(n)=0.29 for 

trajectory path 4 

 

FIGURE 5.21 Square error per Tracking steps 

with cp(n)=0.71 & cg(n)=0.29 for trajectory 

path 4 

 

 

 

 

 

 

 

FIGURE 5.22 Target tracking with Hybrid 

KF-PSO with  cp(n)=0.70 & cg(n)=0.30 for 

trajectory path 4 

 

FIGURE 5.23 Square error per Tracking steps 

with cp(n)=0.70 & cg(n)=0.30 for trajectory 

path 4 
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RMSE Comparison 

 

Reduced mean square error is quantifying WSN network metrics used to show 

improved tracking efficacy of proposed Hybrid KF-PSO tracking model. RMSE 

measured for KF and for all the variants of proposed Hybrid KF-PSO tracking model 

shown in simulation parameter table. RMSE measured for various open loop moving 

target trajectories is shown in comparison Table 5-2 below. Along with, RMSE’s 

percentage conversion representation is also shown in Table 5-3 below to show 

tracking efficacy improvement of proposed Hybrid KF-PSO tracking model in 

percentage terms.  

TABLE 5-2 RMSE comparison for proposed Hybrid KF-PSO model and KF 

Filter Parameter Selection 

RMSE 

Traje 1 Traje 2 Traje 3 
Traje 

4 

Kalman --- 0.74 0.95 0.94 0.93 

Proposed 

Hybrid 

KF-PSO 

Target 

Cp[n] = 1, Cg[n] = 0 0.74 0.95 0.94 0.93 

Cp[n] = 0.80, Cg[n]= 0.20 0.73 0.945 0.927 0.915 

Cp[n] = 0.71, Cg[n] = 0.29 0.669 0.94 0.91 0.90 

 

FIGURE 5.24 Target tracking with Hybrid 

KF-PSO with  cp(n)=0.69 & cg(n)=0.31 for 

trajectory path 4 

 

FIGURE 5.25 Square error per Tracking steps 

with cp(n)=0.69 & cg(n)=0.31 for trajectory 

path 4 
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Tracking 

Model 
Cp[n] = 0.70, Cg[n] = 0.30 0.66 0.93 0.90 0.89 

Cp[n]  = 0.69, Cg[n] = 0.31 0.65 0.90 0.89 0.88 

Cp[n] = 0.68, Cg[n] = 0.32 0.655 0.92 0.90 0.89 

Cp[n]  = 0.60, Cg[n] = 0.40 0.70 0.94 0.925 0.927 

 

TABLE 5-3 Percentage improvement in RMSE for various Hybrid KF-PSO model compared to 

KF 

Filter Parameter Selection 
Reduction in RMSE in % 

Traje 1 Traje 2 Traje 3 Traje 4 

Proposed 

Hybrid 

KF-PSO 

Target 

Tracking 

Model 

 

cp n  = 1, cg n = 0 0 0 0 0 

cp n  = 0.80, cg n = 0.20 1.35 0.52 1.38 1.61 

cp n  = 0.71, cg n = 0.29 9.45 1.05 3.19 3.22 

cp n  = 0.70, cg n = 0.30 10.81 2.10 4.25 4.30 

𝐜𝐩 𝐧  = 0.69, 𝐜𝐠 𝐧 = 0.31 12.16 5.26 5.31 5.37 

cp n  = 0.68, cg n = 0.32 11.48 3.15 4.25 4.30 

cp n  = 0.60, cg n = 0.40 5.40 1.05 1.59 0.35 

 

5.4 Summary 

Computation of RMSE and percentage reduction in RMSE for KF and various Hybrid 

KF-PSO approaches shown in table II and table III respectively, indicates that RMSE 

is reduced in tracking through Hybrid KF-PSO tracking model as compared to 

tracking though KF only. In square error vs. tracking step’s graph, it is clearly seen 

that square error is decreased in case of Multi-Step KF-PSO tracking model especially 

when trajectory follows nonlinear path. In work presented it is observed that tracking 

graph through Hybrid KF-PSO is not that smoother but we could achieve around 5% 

to 15% RMSE improvement in tracking through Hybrid KF-PSO model for given 

target trajectory. For chosen tracking trajectories, Hybrid KF-PSO mechanism gives 

best tracking results in terms of reduced square error in each tracking step and 

improved RMSE specifically for cp n  = 0.69, cg n = 0.31.  This resulting in 

improved tracking efficacy and therefore Hybrid KF-PSO outperforms the operation 

of standard KF. 

 



 

 

108 

 

Chapter 6  

Conclusion and Future Work 

6.1 Conclusion 

We have proposed Multi-Step KF-PSO target tracking model, simulation results 

achieved clearly suggest benefit of using proposed Multi-Step KF-PSO tracking 

model compared to standard KF for target tracking in WSN, especially when 

trajectory follows non linear path. Quantitative results for computation of RMSE and 

percentage reduction in RMSE as shown in section 5.5, also endorses same facts. 

Even though, tracking graph through Multi-Step KF-PSO is not that smoother, 

proposed Multi-Step KF-PSO model achieves around 6 % to 26% RMSE 

improvement compared to standard KF filter for different target moving trajectories. 

Multi-Step KF-PSO tracking model gives best tracking results in terms of reduced 

square error in each tracking step and improved RMSE for confidence factors  cp n  

= 0.70, cg n = 0.30.  These are the proposed values of confidence factors of PSO in 

work carried out for proposed Multi-Step KF-PSO which makes PSO more balanced 

and hence PSO converges well as compared to other combinations of confidence 

factors applied and hence results into good target tracking efficacy as compared to 

standard kalman filter.   

Similarly, it is observed that tracking graph through proposed Hybrid KF-PSO is not 

that smoother but we could achieve around 5% to 15% RMSE improvement in 

tracking through Hybrid KF-PSO model for given target trajectory. For chosen 

tracking trajectories, Hybrid KF-PSO mechanism gives best tracking results in terms 

of reduced square error in each tracking step and improved RMSE specifically for 

cp n  = 0.69, cg n = 0.31. 

6.2 Future work  

With the idea of continuing research, proposed work could be extended to establish 

with use of EKF as prediction algorithm combining with PSO which could be further 

termed as Multi-Step EKF-PSO target tracking model. 
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Also, PF could be chosen as prediction algorithm acting in first step and PSO in 

second step to make it Multi-Step PF-PSO target tracking model. 

Instead of PSO, other optimization algorithm like GA, ant colony, etc. can be used 

along with prediction algorithm to generate similar results like Multi-Step KF-PSO 

target tracking model and could be compared to test tracking efficacy offered. 

Even for hybrid tracking mechanism, prediction algorithm other then KF and 

optimization algorithm other then PSO could be used to generate hybrid target 

tracking variants. Further it can be tested and compared with proposed Hybrid KF-

PSO target tracking model.  
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