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Abstract

The objective of this thesis is to propose techniques for potential future applica-

tions of Wireless Sensor Networks (WSN's) which utilise the nodal mobility and

advanced cooperative space-time wireless communication techniques. By employ-

ing array processing techniques, a novel Mobile Sentinel Wireless Sensor Networks

framework is proposed, with the aim of improving network connectivity, sensing

coverage and direction �nding performance with no requirement for additional

node deployment.

Initially, the fundamental concept of the Mobile Sentinel Wireless Sensor Net-

works is in particular introduced. The mobility issues, as a key feature, is studied

where di�erent types of mobility in the network operation will be classi�ed.

In order to improve the initial network coverage during the network deploy-

ment phase, a cooperative sensing model is proposed which makes use of the

collaboration of those densely located nodes. A distributed formation algorithm

is derived to group together those clustered nodes into Wireless Arrays (WA's)

to jointly perform sensing tasks.

Furthermore, an innovative sensor relocation algorithm based on WA's is pro-

posed. After the initial deployment phase, a number of WA's are formed, with

their cooperative sensing range enhanced by the array gains. To minimise the

coverage holes, WA's relocate the redundant nodes that lie within their coverage

to new suitable positions, while other sensors autonomously determine their own

moving targets in a distributed fashion

Finally, a novel fast root-MUSIC algorithm is proposed under the context

of mobile WSNs for direction-of-arrival (DOA) �nding using WA's of arbitrary

geometries. In addition, an adaptive DOA estimation framework is presented to

e�ciently track the direction of multiple moving target.
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Chapter 1

Introduction

During the past decade, there have been great interests in the development of dis-

tributed sensor systems with the capacity to collect, store, analyse and transmit

environmental data via wireless communications. These sensor systems, namely

Wireless Sensor Networks (WSN's), are composed of a large number of self-

powered small sensor nodes. These devices are integrated with low-power sen-

sors, embedded processors, communication kits and are relatively cheap with the

potential to be disseminated in large quantities. WSN's is an enabling technol-

ogy for many future surveillance-oriented applications and has the potential to

enable the next revolution in information technology. The fact that there is no

need for network infrastructures, hence low cost and simple recon�guration, ren-

ders WSN's attractive for both commercial and military applications. It is not a

coincidence that WSN's is identi�ed as \one of the 10 emerging technologies that

will change the world" [5].

Future WSN's are envisioned to transform radically from what we know today

and play a central and crucial role in all aspects of people's lives. The advances in

hardware technology, passing from Micro-Electro-Mechanical-Systems (MEMS)

era to the nano-scale Nano-Electro-Mechanical-Systems (NEMS) era, indicate the

feasibility of sensor nodes with the processing power of today's portable computers

and extensive communication and cooperation capabilities supported by congru-

ent signal processing. Thus, research focus of any potential future application of

17



1. Introduction 18

WSN's will be how to exploit such capabilities to the maximum in order to achieve

truly scalable networks that operate under extreme scenarios, rather than how

to employ simple communication schemes. The vision for such technology is to

have \anywhere, anytime" monitoring of outdoor areas, structures, installations,

and dynamic or interactive spaces. It is clear that prospective WSN's create var-

ious new research problems, and change the speci�cations of many existing ones,

which need to be tackled if the world of the future is to be addressed.

In particular, advanced sensor networks with self-con�guration abilities, sit-

uational awareness, precise target detection and tracking capabilities and the

exploitation of nodal mobility (i.e. networks that can move during the network

operation) is described as the next generation of WSN's and is deemed to be the

future of research in the �eld. Achieving the necessary scalability and exibility

to meet the application requirement whilst maintaining the desired levels of infor-

mation assurance (e.g. network coverage, target detection and tracking accuracy)

require advanced network algorithms and innovative approaches that are radically

di�erent to that adopted in the traditional communications infrastructure.

Therefore, in this thesis a novelMobile Sentinel WSN's is proposed, shed-

ding light on new capabilities which incorporate nodal motion in conjunction with

advanced cooperative array processing techniques to improve network connectiv-

ity, coverage and target detection and tracking performance, with no requirement

for additional node deployment.

The novelty of the proposed Mobile Sentinel WSN's lies in the following key

factors:

� exploitation of nodal mobility/motion

� collaboration of sensors in network operation

� situation awareness & self healing

� cooperative direction �nding and DOA tracking capabilities

These fundamental features of such a self-recon�gurable dynamic network dis-

tinguish the proposed Mobile Sentinel WSN's from any existing implementations
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of WSN's.

1.1 Characteristics of Wireless Sensor Networks

Conventionally, most implemented sensor networks involve a relatively small num-

ber of precise, large but expensive sensors, wired to a central controlling station,

where all the signal processing is taken place. However, this deployment is not

always practical and suitable due to the requirements of the application as well

as the �eld environment. In recent years, research advances in highly integrated

and low power micro-controllers, chip-based radios, smart antennas, wireless com-

munications and ad-hoc networking protocols have enabled the development of

WSN's. WSN's is described as a large scale ad hoc network consisting of devices,

i.e. sensor nodes, with large redundancy to provide high quality monitoring for

a speci�c geographical areas, collect information of interest and deliver it back

to the sink node which can be either a mobile computer with operator or an

autonomous relay equipped with long range radio link.

As illustrated in Fig. 1.1, WSN's typically consist of hundreds or thousands

of small sensor nodes densely deployed over an unattended target �eld, each with

sensing, data processing, storage and radio communication abilities. In contrast

to conventional centralised sensor networks, each node in WSN's actively partic-

ipates in data fusion by collecting and analysing information from the monitored

environment. These nodes are equipped with sophisticated sensing functionality

to detect the event of interest (EOI) and extract valuable information such as

temperature, sound, vibration, pressure, motion or pollutants, at di�erent phys-

ical locations. In addition, they are capable of performing other functions such

as data processing and routing. They cooperate with each other through wireless

communications to establish a infrastructure-less network, having dual goals:

� Firstly, the collaboration in data collection and processing provides more

accurate information;

� The second is that information transmission towards the desired recipient
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Figure 1.1: A general operational scenario of Wireless Sensor Networks

is more exible in the sense that it does not depend on the network infras-

tructure.

Due to the high density and redundancy nature of the WSN's, node coop-

eration becomes a crucial and indispensable feature of the network. While the

coverage, accuracy and the reliability of individual micro-sensors are limited, the

networks based on collaborative e�ort of a large number of nodes enable high

quality sensing with the additional advantages of easy deployment and fault-

tolerance. For example, nodes can carry out simple computations and transmit

only the required and partially processed data. As a result, di�erent functions can

be performed such as complex �ltering and triggering functions as well as applying

application-speci�c or sensor-speci�c data compression algorithms [6]. Moreover,

the cooperation between nodes via wireless communication allows more complex

functions such as statistical sampling and data aggregation. Furthermore, this

cooperation enables the network to operate reliably under hostile environment

for a long period of time without any external help.

Besides cooperation, WSN's must possess self-organising capabilities. WSN's

should be able to adapt to node failure and degradation. Moreover, nodes should

be capable of gathering themselves without central administration. The network

should have, to a certain extent, the aptitude to react to changes in environ-

ment, task and network requirements. In addition, this impromptu network has

to integrate various application-speci�c and system services provided by mixed

types of sensor nodes and embedded applications. The cooperative nature and
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the self-organising capabilities are unique features that distinguish WSN's from

traditional sensors [7].

Depending on the environment of the particular application the characteristics

required byWSN's may di�er. For instance, while mobility is not an issue in smart

buildings [8], it is an indispensable attribute of nodes in wild life monitoring (e.g.

Zebranet) [6]. Also some applications may utilise ready available resources instead

of having a special purpose limited resources. For example, `MESSAGE' (Mobile

Environmental Sensing System Across Grid Environments) a project at Imperial

College London aims to measure pollution in London via sensors attached to

buses. The sensors are designed to use the buses' energy supply instead of having

their own batteries. What follows next is a brief description of some of the key

characteristics of WSN's, with an emphasis on military applications which is what

this project was intended to address. The reader is referred to [9], [10], [11] and

[12] for a detailed description of the WSN's characteristics and parameters.

1. Node-size, cost and resources

In general, the size of nodes in WSN's should be small. However, the

required size may vary from a size of a PC (Weather station) to a size

smaller than a cubic centimeter [13]. In military, sensors' size vary according

to the speci�c application. For example, a typical land mine replacement

sensor is about 12 cm in diameter and 6 cm high. Whereas, in battle�eld

surveillance, sensor nodes should be almost invisible.

The cost of the node depends on the size of the network and the actual

needs of the application. The cost should be kept low for feasible large

scale network. The size and cost requirements directly impose restrictions

in the available energy, as well as computing, storage and communication

resources. Di�erent strategies are used in WSN's to minimise the power

consumption and extend the network lifetime [14] [15].

2. Deployment

Sensors can be deployed randomly (e.g. dropped from an aircraft, thrown

in a river) or they may be installed manually. While random deployment
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cannot guarantee good coverage nor promote fault tolerance, it can re-

duce installation cost and increase exibility. Since the sensor positions

are random, their localisation is an interesting problem in WSN's. The

initial deployment plays an important role in WSN's because it can a�ect

both connectivity and coverage and, therefore, the topology of the network.

While most of the WSN's applications involve random deployment of wire-

less sensor nodes, some require careful installation at chosen spots..

3. Energy e�ciency

The sensor node in the WSN can only be equipped with a limited power

source. In most application scenarios, replacement of power resources might

be impossible. There is no doubt that power conservation and power man-

agement plays a really important role in the network design, as the network

lifetime shows a strong dependence on them. However, the reduction of

power dissipation at node level itself is not su�cient to guarantee the im-

provement of overall network lifetime. For example, even for a network with

ultra-low power nodes, if the network is not designed in an energy e�cient

way and nodes are operated heavily to transmit a great amount of data,

their power supply may soon be depleted. Therefore, energy e�ciency and

energy awareness must be taken into account in every aspect of the network

operation and design, including node communication, data processing and

hardware implementation in order to prolong the network lifetime.

4. Scalability

Depending on the applications, the number of sensor nodes deployed in the

environment may varies from several hundreds to the order of thousands.

The network schemes must be able to work without any signi�cant degra-

dation in performance as the network size increases. They also need to be

adaptable to accommodate the diversity in node density.

5. Self-Organisation and Fault Tolerance

As the sensor nodes are randomly deployed in an unattended �eld, it is
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essential that the network is able to self-con�gure itself to become func-

tional. For instance, some of the nodes may self-form into groups, when

appropriate, to perform sensing or communication tasks. Moreover, one

of the main di�erences of WSN's and ad-hoc networks is that the topol-

ogy of a sensor network changes quite frequently. Some sensor nodes may

stop functioning or be blocked due to lack of power, physical damage or

external intervention. It becomes evident that the WSN's must have the

self-organisation and fault tolerance ability to accommodate any changes

and sustain network functionalities without external assistance.

6. Security

Establishing high level of security in the network is usually expensive. Cryp-

tographic operations come with added computational complexity and im-

pose an overhead on the network. Therefore, the security services are pro-

vided only in WSN's used in sensitive applications. Moreover, these services

are optional in such applications and used only when required. For example,

in military applications, critical information such as military movements

should be exchanged over con�dential connections. Less sensitive data,

like weather statistics, may be exchanged over insecure connections. Other

characteristics such as reducing the probability of message interception and

handling high power jamming are highly required in military applications.

1.2 WSN's Applications

The rapid deployment, self-organization and fault tolerance characteristics of

WSN's make them a very promising technique for many applications. WSN's

may consist of many di�erent types of sensors such as seismic, magnetic, ther-

mal, visual, infrared, acoustic and radar, which are able to monitor a wide vari-

ety of ambient conditions. Sensor nodes can be used for continuous environment

sensing, event detection, location monitoring and local control of actuators. The

concept of micro-sensing and wireless connection of these nodes promise many
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application areas [7][16]:

� Military applications: Since the networks are based on the dense deploy-

ment of disposable and low-cost nodes, destruction of some nodes by hostile

actions does not a�ect the overall operation as much as the destruction of a

sensor in traditional sensor networks, which makes WSN's concept a better

approach for battle�elds. Examples of the military applications of sensor

networks may include monitoring friendly forces; battle�eld surveillance;

reconnaissance of opposing forces and terrain; targeting; battle damage

assessment; nuclear, biological and chemical (NBC) attack detection and

reconnaissance.

� Environmental applications: such as forest �re detection, environmental

conditions monitoring, ood detection [17], climate monitoring, pollution

study, precision agriculture, etc.

� Industry applications: WSN's can be used for factory instrumentation,

monitoring buildings structures, process control and automation, monitor-

ing product quality, managing complex physical systems like airplane wings,

etc.

� Health applications: Some of the health applications for sensor networks

are providing interfaces for the disabled; patient monitoring [18]; drug ad-

ministration in hospitals.

� Other commercial applications: such as vehicle tracking and detection, real-

time tra�c density and road conditions monitoring, home automation [19],

smart environment [20], etc.
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1.3 Framework of Mobile Sentinel Wireless Sen-

sor Networks

In this work, a novel WSN's framework is proposed, which exploits nodal mo-

tion in conjunction with cooperative beamforming techniques. The underlying

objectives are to improve

� network connectivity and coverage

� target direction �nding and tracking performance

with no requirement for additional node deployment.

Particularly, sensor nodes in such applications have the ability to move (e.g.

attached to robotic modules, vehicles or soldiers) in order to guard a speci�ed area

of interest and, therefore, this type of WSN's is named Mobile Sentinel WSN's

1 in this work. While the coverage, detection resolution and the reliability of

individual sensors nodes are limited, the collaboration of a group of nodes, namely

wireless array, will be utilised to jointly perform sensing, coverage optimisation

and target direction �nding tasks. The vision for the proposed WSN framework is

to provide \anywhere, anytime" monitoring of a target environment for military

surveillance-oriented applications, hence the term \Sentinel".

The Mobile Sentinel WSN's consist of a large number (hundreds or thousands)

of small self-contained battery powered sensors nodes, each equipped with an

antenna module and some combination of seismic, infrared, acoustic and RF

sensors for event detection. Particularly, these sensor nodes have the capability

to move when necessary. However, such mobility in general is considered to

be more expensive than the in-node processing and communication in WSN's.

Therefore, in the proposed framework, it is assumed that each sensor node can

only move within a certain limited range, which is dictated by its residual energy

level.

1This research is supported by the Data & Information Fusion Defence Technology Center
(DIF DTC) UK, under the project of \Mobile Sentinel Wireless Sensor Networks".
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The exploitation of motion/mobility in WSN's brings numerous opportunities

that are not conventionally possible for a static network. For instance, sensors

may move according to the network needs. By relocating themselves, mobile

nodes not only can compensate for node failures, but also can improve network

coverage, target detection and direction �nding performance. By identifying re-

dundant sensors �rst and repositioning the sensors in an optimised way, time and

energy e�ciency can be achieved. Moreover, network lifetime can be e�ectively

maximised by changing the sink location and balancing the energy consumption

among the sensor nodes. Finally, allowing mobility may be of bene�t in obtaining

better location estimation of the nodes. If a sensor makes multiple measurements

to its neighbours as it moves across space, it has the opportunity to mitigate the

channel fading e�ect by means of spatial diversity.

1.4 Research Challenges

This work aims to investigate the exploitation of mobility in conjunction with

the cooperative beamforming techniques for enhancing the network performance

considerably. The proposed theme of Mobile Sentinel WSN's is a novel and

challenging approach. The prospect of the next generation of sensor networks

with such capabilities drives research into various areas. Speci�cally, some of

underlying technical issues that will be addressed in this thesis include:

� Mobility classi�cation

The introduction of motion/mobility, as an important feature, in the pro-

posed project brings numerous advantages to the network, such as dynamic

resource management and network failure recovery. It is clear that such

nodal mobility introduces a certain degree of freedom to the topology so

that the network-level performance can be adaptively optimised. However,

there exist di�erent types of mobility in the network which have di�erent

impact on the network and thus need to be addressed separately.

� Cooperative Sensing
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WSN is by nature a high density network, where a large number of sensor

nodes are randomly deployed in a relatively small target area. As a result,

the sensing coverage area of those closely located nodes may be heavily

overlapped. While these clustered nodes provide somewhat a desired high

level of redundancy to the network, they also result in a waste of resources.

On the other hand, at places with very low node density, there exist cover-

age holes, which is undesired for the network operation. In order to address

these problems, the spatial diversity can be exploited based on the collab-

oration of the clustered sensors. Speci�cally, a cooperative sensing model

can be introduced, which takes advantage of the proximity of those closely

located nodes and groups them into wireless arrays to jointly sense the

environment.

� Dynamic node management and situational awareness

Deployment of a WSN in a remote, hostile environment can maintain con-

stant surveillance of the area through the node sensors. The WSN's operate

unattended, identifying events in the environment and providing various

types of information (location, classi�cation, duration etc.) about those

events. WSN's are thus characterised by a minimum human supervision

and rich information provision [21]. The introduction of motion/mobility

can compensate for nodes failures, improve network coverage and enhance

target detection performance. To achieve this potential, however, fully dis-

tributed algorithms are required to be performed at node level to examine

di�erent performance criteria. Such performance assessment ability of the

sensor network is often described as situational awareness and is indispens-

able for a self-organised sensor network. Based on the local assessment,

appropriate relocation strategies can be determined by an intelligent dy-

namic management layer implemented across the network.

� Sensor collaborations in direction �nding and tracking

The development and design of the Arrayed Wireless Sensor Networks

(Arrayed-WSN) [22] has explored the feasibility of employing antenna ar-
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rays at node level as well as utilising the collaboration of a group of fully

synchronised nodes, i.e. wireless arrays, to perform data fusion and message

relay tasks. It has been demonstrated that the use of wireless arrays greatly

extends the capacity and spectrum e�ciency of WSN's by taking advantage

of the space-time information in the received signal. This has provided a

concise basis for extensive research into the more advanced mobile WSN's

and into how node cooperation and data fusion can be exploited in target

direction �nding and tracking.

When tackling the above research challenges one has to keep in mind the

particular characteristics and requirements discussed before. In speci�c, a sensor

network's lifetime is very relevant and since all the nodes have a limited energy

capacity, power consumption becomes a concern. Communication between nodes

has to be limited as much as possible in order to reduce the broadcast overhead.

Active sensor movement should be kept at a minimum level since it is arguably

the most energy-consuming activity. Furthermore, it is also important to take

into account the computational complexity when design direction �nding and

tracking algorithms where processing time is crucial.

1.5 Thesis Organization

This thesis is organised in six chapters. Following this introduction, in Chapter

2, the basic foundations of the Mobile Sentinel WSN's are going to be presented.

Mobility, as an important factor in the architecture of the proposed framework,

is discussed. Di�erent types of mobilities, together with the mobility exploitation

in various phases of the network operations is investigated. Various types of

mobility models will be studied, which will be used to evaluate the performance

of the proposed algorithm in this thesis. Furthermore, the fundamental concept

and modelling of array processing, which is the underlying technique for the

approaches that are going to be addressed in this investigation, is also presented.

In Chapter 3, a cooperative sensing model is presented with the aim of en-
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hancing the network coverage upon deployment. One important feature of the

Mobile Sentinel WSN's is the ability of sensor nodes to group together and form

wireless arrays, in order to jointly perform network operations. These are entities

that behave as traditional antenna arrays but with the links between elements

replaced by wireless communication links. An investigation of how such wire-

less arrays may be utilised in the deployment phase for coverage optimisation is

studied in this chapter. A novel distributed array formation algorithm is also pre-

sented, which chooses a suitable group of closely located sensors to form wireless

arrays. The investigation of this chapter has been published in the proceedings

of IEEE GLOBECOM 2008 [23].

In Chapter 4, a novel sensor relocation algorithm is presented based on the

cooperative sensing model. Mobility allows the nodes to move according to the

network needs. By identifying redundant sensors �rst and repositioning the sen-

sors in an optimum way, the global network coverage can be e�ectively maximised.

A Wireless Array-based sensor relocation algorithm associated with such type of

mobility is presented in this chapter. The algorithm runs in a iterative way and

terminates naturally when the best possible coverage is achieved globally within

the maximum moving distance allowed. The study of this chapter has been pub-

lished in IEEE/ACM IWCMC 2009 [24].

In Chapter 5, a fast root-MUSIC type of direction-of-arrival (DOA) estimation

algorithm is proposed �rst in a stationary environment. The proposed algorithm

can be employed by wireless arrays of arbitrary geometry and provides cooperative

and high accuracy direction �nding capabilities to the network. Furthermore,

an adaptive direction �nding implementation is also presented, which combines

the advantages of subspace tracking and the inverse discrete Fourier transform

(IDFT)-based method, to track the DOA's of multiple moving targets. The

underlying technical work of this chapter has been published in [25] and [26].

Finally, in Chapter 6, the thesis is concluded. A brief list of the thesis con-

tributions and the potential future directions for extension of the research are

presented therein.



Chapter 2

Architecture of Mobile Sentinel

Wireless Sensor Networks

2.1 Motivation

A conventional WSN's is usually composed of densely deployed sensor nodes that

have been spatially scattered in a target �eld with large redundancy. These

unattended sensors monitor the environment, collect the information of interest

and deliver it to the sink node in a multi-hop and energy e�cient manner.

One unique feature of the existing WSN's is that the topology dynamics are

assumed to arise mainly from sensor node failures and mode variation (e.g. peri-

odic sleep) rather than nodal motion/mobility. In other words, the sensor nodes

and the sink in WSN's are generally considered to be stationary once deployed.

Subsequently, there will be several problems in static WSN's, a representative set

of which is described below:

1. Connectivity and coverage problem: In case of sensor failure or malfunc-

tioning (e.g. due to obstacles or energy exhaustion), the network connec-

tivity and coverage may not be guaranteed, which will lead to possible dis-

connections between sensor nodes, or even will result in some areas being

completely isolated in the target �eld.

2. Life time problem: One of the major challenges in constructing such net-

30
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works is to maintain long network lifetime as well as su�cient sensing area.

In static WSN's, there exists a signi�cant nonuniformity of energy consump-

tion among the sensor nodes. In fact, the nearer a sensor node locates with

relative to the sink node, the faster it will deplete its energy as illustratively

shown in Fig. 2.1.

Figure 2.1: Life time problem in conventoinal static WSN.

3. Localisation problem: Main problems are related to,

� Obstructions. The lack of line-of-sight connectivity in some environ-

ments makes it hard or impossible for nodes to obtain su�cient mea-

surements for the localisation.

� Sparse node deployments. Although a dense node deployment of refer-

ence nodes helps achieve good coverage in a location system, economic

considerations often force sparse node deployments which make it hard

to obtain a rigid structure, which is necessary to obtain a unique so-

lution for the localisation [3].

� Geometric dilution of precision (GDOP). The GDOP, which is de�ned

in [27], causes a node that is far away from a group of closely spaced

nodes to incur large errors in its position estimate.

Intuitively, the solutions to these types of problems will turn to enabling

topology alteration of WSN's. On one hand, if some sensor nodes fail/malfunction
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in some crucial regions such that the network loses necessary connectivity and

sensing coverage, there must be other supplementary sensor nodes deployed or

moved into the area to facilitate the networking; On the other hand, sensor

nodes should be able to cooperate with each other to facilitate certain network

operations and functions in a collaborative way when needed.

Therefore, a novel WSN's framework, namely Mobile Sentinel WSN's, is pro-

posed, which exploits nodal motion in conjunction with cooperative beamforming

techniques to improve network connectivity, coverage and target detection and

tracking performance, with no requirement for additional node deployment.

2.2 Sensor Node Speci�cation

The Mobile Sentinel WSN's consists of a large number of small self-contained

battery powered sensor nodes, each equipped with an antenna module, mobility

system and some combination of various types of sensors, such as seismic, infrared,

acoustic and RF sensors, for event detection, as shown in Fig. 2.2.

Figure 2.2: A representative example of a mobile sensor node in the proposed
Mobile Sentinel Wireless Sensor Networks.
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Speci�cally, the sensor nodes in Mobile Sentinel WSN's have the following

features:

� Nodes have the ability to move (passively or actively) within a certain

limited range in order to guard a speci�ed area of interest.

� The collaboration of a group of moving/static nodes, namely wireless array,

will be utilised to optimise the spatial diversity and thus increase capacity

and spectral e�ciency.

� Cooperative array processing techniques will be exploited to improve net-

work coverage and direction �nding performance.

2.3 Mobility Classi�cations

The introduction of motion, as an important factor, in WSN's allows us to solve

most of the problems discussed in Section 2.1 and brings numerous advantages

to the network. In our proposed Mobile Sentinel WSN's, there are two types of

mobility:

1. Active (or self-adaptive) mobility

2. Passive (or parasitic) mobility

Active mobility allows the nodes to move according to the network needs.

Sensor nodes are equipped with mobility system which enable them to move,

when necessary, within a certain limited distance dictated by their residual energy.

Although such feature is not yet common in today's WSN's, implementations of

such mobility have emerged in a variety of applications ranging from NASA's

Mars Rovers project [1] as shown in Fig. 2.3a to the o�-the-shelf WowWeeTM

Rovio [2] as shown in Fig. 2.3b.

By relocating themselves, mobile nodes can not only compensate for node

failures, but also improve network coverage and target detection and tracking
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Figure 2.3: Examples of robot sensors with active mobility: (a) NASA's Mars
Rover [1]; (b) WowWeeTM Rovio [2].

performance. Besides, by identifying redundant sensors �rst and then reposition-

ing the sensors in an optimum way, time and energy e�ciency can be achieved.

Moreover, network lifetime can be e�ectively maximised by changing the sink

location and balancing the energy consumption among the sensor nodes [28] [29].

Finally, allowing mobility will assist in obtaining better location estimation of

the nodes. If a sensor makes multiple measurements to its neighbors as it moves

across space, it has the opportunity to mitigate the channel fading e�ect by means

of spatial diversity. It is clear that such nodal mobility introduces a certain de-

gree of freedom to the topology so that the network-level performance can be

adaptively optimised.

On the other hand, sensor nodes can also be attached on vehicles or human

beings (e.g. soldiers) to enable another kind of mobility, namely passive mobility,

controlled solely by the attached mobile hosts, as illustrated by Fig. 2.4. The

exploitable bene�t is that such mobility brings the freedom to the end users to

take sensor nodes wherever needed to assist mission success. However, since such

passive mobility is not controlled by the network, it will not act according to the

network needs or in favor of the network operations at all.
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Figure 2.4: An illustration of the passive mobility: mobile nodes attached to
moving objects whose mobility is not controlled by the network.

2.4 Mobility Models

In order to study the impact of the passive mobility in the proposed Mobile Sen-

tinel WSN's, it is imperative to exploit mobility models that realistically reect

the characteristics of the moving nodes. A mobility model is a mathematical

model that describes the speed, direction, acceleration and/or coordinates of a

moving target at any time. Such model should attempt to mimic the movement

of a realistic moving target, whose moving behaviour can often be characterised

by random processes. In general, mobility models can be classi�ed into two cat-

egories;

1. Random mobility models,

2. Restricted-movement mobility models.

Most of the mobility models proposed in the literature lie within these two

broad categories. While the random mobility model represents nodes who are able

to move randomly and freely, the restricted-movement models captures di�erent

kind of restrictions for their randomness. Speci�cally, some of the most commonly

used mobility models are:
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� Random Walk Mobility Model: A simple mobility model (also known as

Brownian motion) that is based upon random directions and speeds.

� Random Way Point Mobility Model: A model that is similar to the random

walk but with a \pause time" between changes in direction and speed.

� Gauss-Markov Mobility Model: A temporal-restricted mobility model that

utilises a tuning parameter to alter the degree of the randomness in move-

ment.

� Exponential Correlated Random Mobility Model: A spatial-restricted mo-

bility model in which the movement of the target is determined by a motion

function.

� Pursue Mobility Model: A group mobility model that mimics the movement

of a group of nodes following a speci�c target.

� Reference Point Group Mobility Model: A group mobility model in which

each member of the group has a mean position that follows a logical center

of the group while travelling.

A detailed review of di�erent types of mobility models has been conducted

in [30], which will not be discussed in more detail in this thesis. However, in

order to simulate the nodes with passive mobility, two types of mobility models

have been considered and exploited in this thesis: the random trip model and the

Gauss-Markov mobility model.

2.4.1 Random Trip Mobility Model

The random trip model [31] is a generic mobility model for individual move-

ments. A node, in this model, moves from its initial position with a velocity and

direction randomly drawn from a uniform distribution at the beginning of the

simulation. As a result, the mobility pattern is a constant velocity movement

towards a speci�c target direction in a 2-dimensional space. If at time k, the
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x � y coordinates of a node moving with a random trip mobility model is (xk;

yk), then its coordinates at time k + 1 are given by,

xk+1 = xk + cos(�x)vxT (2.1)

and

yk+1 = yk + cos(�x)vxT (2.2)

where �x and vx are two random variables represents the direction and the velocity

the movement and the sampling time T accounts for the time passed between the

discreet steps k and k + 1.

2.4.2 Gauss-Markov Mobility Model

The Gauss-Markov mobility model was originally introduced in [32] for personal

communication service, however this model has been used extensively for the

simulations of a WSN and ad hoc networks. The Gauss-Markov mobility model

combines a Markov chain with Gaussian random variables. It was designed to

adapt to di�erent levels of randomness via a tuning parameter �. Speci�cally, at

time k + 1; the velocity and the direction of a moving node, following a Gauss-

Markov Mobility model, can be calculated using the value of the velocity and

direction at time k and the a random variable, as below:

vk+1 = �vk + (1� �)v +
p
(1� �2)vxn�1 (2.3)

�k+1 = ��k + (1� �)� +
p
(1� �2)�xn�1 (2.4)

where vk+1 and �k+1 are the new velocity and direction of the moving node at

time k + 1; � 2 [0; 1] is the tuning parameter which determines the degree of

randomness, v and � are constants representing the mean velocity and direction

and vxn�1 and �xn�1 are two random variables drawn from a Gaussian distribution

N (0; 1).

It is clear that if � = 1 the model becomes the standard random trip mobility

model. However when � is set to be zero, completely random movement (i.e.

Brownian motion) is obtained. Intermediate levels of randomness can be realised

by varying the value of � between 0 and 1:
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2.5 Mobility Issues in Di�erent Phases of Net-

work Operations

In general, the operation of WSN's can be partitioned into three di�erent phases

depending on the speci�c tasks involved. These are

1. Sensor deployment phase, where the sensor nodes are being deployed and

the initial network topology is being formed.

2. Localisation phase (or network discovery phase), which is the stage when the

coordinates of the sensor nodes are being determined via certain centralised

or distributed localisation algorithms.

3. Operation phase, in which the network performs event sensing tasks, ex-

tracts the information of interest and propagates this to the sink.

In the context of mobile WSN's, nodal mobility may be exploited in these

phases in order to assist mission success. The mobility issues associated with

each of the phases are known as:

(i) Movement-Assisted sensor deployment

(ii) Mobile-Assisted localisation

(iii) Sensor relocation in operation

2.5.1 Movement-Assisted Sensor Deployment

Given the crucial relation with the physical environment, the sensor deployment is

of great importance for the network operation and thus has received considerable

attention in the �eld of robotics and mobile sensor networks [33] [34].

Movement-assisted sensor deployment in mobile sensor networks has been ad-

dressed in [35]. Given a target area, the proposed self-deployment protocols �rst

discover the existence of the initial coverage holes, then calculate the target posi-

tions of the mobile sensors. In order to implement such protocols in a distributed
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manner, Voronoi diagram has been employed to partition the sensor �eld into

small polygons according to the nodes' position. Due to the desired geometric

property introduced by the Voronoi diagram, each sensor only needs to monitor a

small area around itself to examine any coverage hole. Three movement-assisted

sensor deployment protocols, the VECtor-based algorithm (VEC), the VORonoi-

based algorithm (VOR) and Minimax have been proposed, based on di�erent

criteria. However, such algorithms take signi�cantly more number of iterations

to converge when sensor nodes are heavily clustered in some area.

More recently in [36], bidding-type of protocols are proposed to re-deploy mo-

bile sensors in a network composed of a mixture of mobile and static sensors. In

these protocols, the static sensors detect coverage holes locally and `bid' nearby

mobile sensors to move with a bid price related to the size of the holes. Mobile

sensors accept the highest bids to heal the largest holes, if only these holes are

greater than those generated due to their movements. Furthermore, the proxy-

based bidding protocols have also been addressed in their work, aiming to reduce

the moving distances of mobile sensors in such iterative processes. The funda-

mental is that mobile sensors stay �xed and only perform physical movement

after their �nal destinations are determined from the exchange of messages of

the simulated movement (logical movement). Such protocols o�er a trade-o� be-

tween movements and communications. However, since static sensors may have

di�erent knowledge about local areas in their own views, such approach may be

vulnerable to poor performance under network partitions, where part of the net-

work exercise the movement algorithms without global knowledge of the whole

network.

2.5.2 Mobile-Assisted Localisation

In the localisation phase, where the coordinates of the nodes in a WSN's are being

determined, existing approaches generally rely on individual node being able to

obtain its pair-wise distances to the other nearby nodes [37]. However, a variety

of reasons including obstructions and lack of omnidirectional ranging make it dif-
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�cult to obtain the distance information in reality. Even when pair-wise distances

are known, there may not be enough constraints to uniquely solve the problem

and obtain a consistent coordinate, as shown in Fig. 2.5. In order to address this

problem, a branch of mathematics called rigidity theory was introduced as an

important tool by Priyantha et al [3]. It has been shown that for the localisation

problem to have a unique solution, a globally rigid graph that has exactly one

embedding with correct edge lengths is needed.

Figure 2.5: Examples of graphs that are, (a) not rigid; (b) rigid but not globally
rigid; (c) globally rigid [3].

In mobile-assisted localisation [3], a mobile unit is used to rove around in the

network to obtain additional distance measurements between node pairs until

these distance constraints form a \global rigid" structure that guarantees local-

isability. In practice, such algorithms guide the node movement to incrementally

construct a rigid graph that is localisable until the whole network is covered and

thus every node has obtained their coordinates. However, a large number of ad-

ditional constraints has to be obtained throughout the incremental construction

which leads to a lengthy localisation process and large communication overhead.

Furthermore, mobile-assisted localisation only consider distance information in

the parameters estimation phase. In practice, the DOA measurements can be

exploited as an additional constraint to improve the localisation accuracy.

2.5.3 Sensor-Relocation in Operation

In the operational phase of the WSN's, conventionally nodes are stationary

throughout their life-time. The coverage, connectivity and the reliability of the
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whole network is highly dependant on node redundancy. Inevitably, the perfor-

mance of the network operation will gradually degrades as more and more nodes

die out. Recently there has been a great deal of research on using mobility to

assist sensor re-deployment in respond to the node failure or new events. Wang et

al. proposed a sensor relocation framework [4] in mobile sensor networks, which

consists of two stages: to �nd the redundant sensor and to relocate them to the

target location.

A Grid-Quorum solution has been proposed to reduce searching overhead,

where grids in one row form a supply quorum and those in one column create a

request quorum. When a grid has redundant sensors, the grid head propagates

this information through the supply quorum. When any grid needs more sensors,

the grid head only needs to search its request quorum. Since every request quorum

has intersection with all supply quorums, the grid head can get all the information

about redundant sensors. An illustration of such Grid-Quorum system is shown

in Fig. 2.6.

Figure 2.6: A Grid-Quorum system introduced in [4].

For the relocation phase, one important concept named cascaded movement
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has been introduced to move nodes e�ciently along a certain path to the target

area. As shown in Fig. 2.7, instead of moving the redundant sensor (Sensor 1)

directly to the destination, sensor 2 and sensor 3 are chosen as intermediate nodes

in the cascaded movement. As a result, sensor 1 moves to replace sensor 2, while

sensor 2 moves to replace sensor 3 and �nally sensor 3 moves to the destination.

It has been shown that, although involving more sensors, the cascaded movement

outperforms the direct movement approach yet it is more e�cient in terms of

relocation delay and overall energy consumption (minimize the total energy con-

sumption and maximize the minimum remaining energy of individual node). The

only limitation is that the grid-based architecture is feasible for relatively reg-

ularly deployed networks and is susceptible to poor performance under network

partitions, where a number of nodes are being isolated from the network (out of

communication range of other nodes).

Figure 2.7: A cascaded movement proposed in [4].

2.6 Array Processing in WSN's

Other than incorporating nodal motion into the network, another key focus of

this investigation is the collaboration of sensors in network operation. In wireless

communications, conventionally the design and implementation of the communi-

cation systems has relied on the Single-Input Single-Output (SISO) scheme. By

employing a collection of sensors (antenna elements) with a common reference

point at either the transmitter or receiver, an array system can be formed. Since

the signal at the array elements is a function of both space and time, the key ob-
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jective of array processing is to exploit this spatio-temporal information in order

to extract the parameters of interest of the array signal environment.

Under the context of WSN's, array processing has proven to be particularly

useful as it not only can be used for estimating the number of incident signals,

Directions-of-Arrival (DOAs) and Times-of-Arrival (TOAs) etc., but also o�ers

the spatial diversity dimension which is considered as one of the most promising

solutions for increasing capacity and spectral e�ciency [38]. Indeed, by applying

beamforming techniques, the radiation pattern of the array system can be al-

tered and steered towards desired directions to achieve directional transmission;

by exploiting the spatial information associated with the geometry of the array

sensors, interference cancellation can be achieved to separate the desired signal

from unwanted interferences or jammers.

Consider an array of N sensors, operating in the presence of a narrowband

point source, distributed in a 3-dimensional Cartesian space with the coordinates

of the sensors given by the matrix r 2 R3�N ,

r = [r1; r2; :::; rN ] = [rx; ry; rz]
T (2.5)

As illustrated in Fig. 2.8, the modelling of the signal received by the array

(with its zero-phase reference point at O) is subject to whether the point source,

Tx, is located in, or close to, the array's near-�eld or in the array's far-�eld. In

practice, this is determined according to its distance � with respect to the array

aperture, which is the maximum distance between any two sensor elements of the

array,

la = max
8i;j

ri � rj


Due to the di�erences in the �eld structure, the space surrounding an antenna

array can usually be divided into di�erent regions. Speci�cally, any source is

considered to be in the far-�eld of an array if its distance to the array reference

point satis�es [39],

� >
2l2a
�c

(2.6)
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Figure 2.8: Wavefront arriving at an array.

where �c is the wavelength of the transmitted signal. Far-�eld region is also

known as Fraunhofer region wherein the angular �eld distribution is necessarily

independent of the distance from the antenna array. As a result, plane wave

propagation is assumed when the signal source is located in the far-�eld of the

array.

On the other hand, when � < 2l2a
�c
; the source is regarded to be located in the

Radiating near-�eld (Fresnel) region or the Reactive near-�eld region [39] and the

spherical wave propagation model has to be considered as the curviness of the

travelling wavefront within this region cannot be ignored as illustrated in Fig.

2.8.

2.6.1 Plane-wave Array Manifold

Based on the above discussion, when the signal source is located in the far-�eld

of the array, the planewave signal received at the zero-phase reference point is

given by

signal at the reference point O: m(t) exp(j2�Fct) (2.7)
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where m(t) denotes the complex envelop of the signal and exp(j2�Fct) represents

the carrier. The signal arriving at the kth sensor element will be a delayed version

of the signal, which can be expressed as

signal at the kth sensor: m(t� � k) exp(j2�Fc(t� � k)) (2.8)

with � k representing a propagation delay that is a function of the DOA and the

position of the kth sensor,

� k =
rTk u

c
(2.9)

where rk denotes the Cartesian coordinates associated with the k
th sensor, c is the

velocity of the wave propagation and u is an unit-norm vector pointing towards

the DOA of the source (�; �) with � is the azimuth angle measured anticlockwise

from the positive x-axis and � is the elevation angle measured anticlockwise from

the x-y plane

u(�; �) , [cos � cos�; sin � cos�; sin�]T (2.10)

In addition, the narrowband assumption is used throughout this thesis, which

suggests that the baseband signal mi(t) does not change signi�cantly as it travels

through the array. Therefore the following approximation can be applied

m(t� � k) ' m(t); 8k 2 [1; N ] (2.11)

Hence, by taking into account of Eqn. (2.11), Eqn. (2.8) can be expressed as

xk(t) = m(t) exp(j2�Fct) exp(
�j2�Fc

c
rTk u(�; �)) (2.12)

It is clear that the received signal at each sensor element only di�ers from each

other by a phase component, which can be compactly written as a vector,

S(�; �) , exp(�j2�Fc
c

rTu(�; �)) 2 CN (2.13)

S(�; �) is termed as the (Plane-wave) Array Manifold vector. It is clear from

Eqn. (2.13) that the manifold vector corresponding to a speci�c DOA (�; �)

contains all the array geometry information r = [rx; ry; rz]
T . This vector is often

referred to as the \array response vector" or \array steering vector" because it
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analytically models the complex array response to a unit amplitude plane wave

impinging from a given incident direction (�; �). By recording the locus of the

manifold vectors as a function of direction, a \continuum" (i.e. a geometrical

object such as a curve or surface) is formed in an N -dimensional space. This

geometrical object (locus of array response) is known as the array manifold [38].

Furthermore, the signi�cance of the array manifold also lies in the fact that it

completely characterises any array and provides a representation of the real array

into N -dimensional complex space.

In the case that there areM sources in the far-�eld of the array, the downcon-

verted array signal vector is the superposition of plane waves from each individual

source, which can be expressed as

x(t) = [x1(t); x2(t); :::; xN(t)]
T

=
MX
i=1

S(�i; �i)mi(t) + n(t) (2.14)

where n(t) = [n1(t); n2(t); :::; nN(t)]
T 2 CN denotes the baseband additive white

Gaussian noise.

2.6.2 Spherical-wave Array Manifold

Although the planewave propagation model has been extensively used in the

literature owing to its simplicity, it is important to note that the modelling of the

array signal, and hence the array manifold vector, is radically di�erent when the

far-�eld assumption Eqn. (2.6) does not hold. The modelling of the spherical-

wave array manifold is the key for the cooperative approaches that are to be

addressed in this thesis and will be studied in the next chapter.

2.7 Summary

In this chapter, the motivation for developing a dynamic, self-recon�gurable next

generation WSN's which exploits nodal mobility and motion has been discussed.
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Based on the understanding of the primary problems associated with the conven-

tional stationary WSN's, the concept and the framework of the proposed Mobile

Sentinel WSN's have been presented.

Mobility as a distinct factor in such type of networks has been classi�ed into

two categories, active mobility and passive mobility, based on their functions

and the nature of their movements. Di�erent types of mobility models have been

briey introduced, among which the Random trip and the Gauss-Markov mobility

models have been studied in more detail, which will be exploited to model moving

targets with passive mobility in the proposed framework. Mobility exploitation

associated with di�erent phases of the network operation have been reviewed.

In addition, the fundamental concept and modelling of array signal processing

have been studied, which are the core techniques for the approaches that are to

be addressed in the following chapters.



Chapter 3

Wireless Array-Based

Cooperative Sensing Model

Wireless sensor networks is an enabling technology for many future surveillance-

oriented applications and has the potential to enable the next revolution in in-

formation technology. Due to the vital relation with the physical environment,

the e�ectiveness of WSN's is greatly dictated by geographical distribution of the

sensor nodes. The network coverage has received considerable attention (see for

example [40], [41]) as is of signi�cant importance for the success of the network

operation.

In the initial deployment phase of WSN's, a uniform sensor placement in the

target area is usually desired, especially when the terrain information is unknown

a priori. One practical solution in military applications is to randomly scatter

sensors into the �eld by aircraft. However, the actual positions of the sensors

cannot be guaranteed or controlled in the presence of obstacles (e.g. trees, hills,

rivers) and wind. Thus the required coverage level may not be achieved regardless

of how many sensors are employed.

Intuitively, many existing approaches tend to exploit mobile sensors to de-

ploy, or relocate to the right positions, in order to obtain the desired coverage.

Sensor deployment problem has been addressed in the �eld of robotics [42]. Po-

tential �eld (virtual force) concept is introduced in [33] and developed by Zou et

48
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al. in [43] to improve the coverage provided by a random deployment. In such

algorithms, the potential �elds are constructed using a combination of attractive

and repulsive forces such that each node is repelled by both obstacles and other

nodes, thereby forcing them to spread throughout the area. Movement-assisted

sensor deployment in mobile sensor networks is addressed in [35]. Three deploy-

ment protocols, the VEC, VOR and the Minimax algorithms are proposed, based

on the principle of iteratively moving sensors from a dense area towards cover-

age holes. These algorithms take several steps to gradually improve the network

coverage. However, when there exist overly clustered nodes in the network, the

number of iterations required by these methods will increase dramatically. In

addition, new holes may be created due to the sensor movements. To heal these

new holes, more sensors must move, consuming considerable energy.

In general, most of these existing approaches associated with sensor deploy-

ment require all the sensors to move from areas of high node-density to sparse

areas. If the sensors form closely located clusters at some areas in the network

while the node-density at other areas is very low, then the performance of these

approaches/algorithms will degrade, both in terms of deployment time and energy

consumption. In addition, most of these approaches are based on Boolean Sens-

ing Model (BSM) [44] [40] where all the sensors are considered to have identical

circular coverage areas. This is not a realistic model because that the character-

istics that the sensor's sensing ability diminishes as the distance increases are not

properly reected in BSM.

In this chapter, a Wireless Array-based Cooperative Sensing Model (WA-

CSM) 1 is proposed, which makes use of the collaboration of a group of closely

located nodes. Instead of moving themselves apart to increase the coverage, the

multiple sensors will form a wireless array (WA) to jointly sense the environment.

When the signal of interest is outside the sensing range of any individual sensor,

it can not be detected by the network according to BSM. However it may still be

detected by the cooperative sensing of the WA. Thus, improved network coverage

1This work has been published in Proceedings of IEEE GLOBECOM 2008 [23].



3. Wireless Array-Based Cooperative Sensing Model 50

can be achieved while eliminating the needs of any unnecessary movements.

The rest of the chapter is organised as follows. Section 3.1 introduces the

conventional Boolean-type sensing model, BSM. Section 3.2 introduces the mod-

elling of WA-CSM while Section 3.3 discusses the cooperative sensing range in

WA-CSM. In Section 3.4, a distributed WA formation algorithm is presented and,

in Section 3.5, the performance of the proposed framework is evaluated using sim-

ulation results. Finally, in Section 3.6 the chapter is concluded.

3.1 Boolean Sensing Model

A sensor in the WSN is a device that produces a measurable response to a change

in a physical condition. Depending on the application needs and the device

features, their sensing ability may exhibit widely di�erent theoretical and physical

characteristics. One of the most commonly exploited sensing models is a boolean-

type sensing model, BSM. Let us consider a point source transmitting with a unity

power at point p whose distance to the sensor s is r(s; p):For a single sensor, the

sensed signal power is given by [44],

PBSM =

8<:
g

r(s;p)2a
r(s; p) � Re

0 r(s; p) > Re

(3.1)

where g and a are positive constants that depend on device and environment, Re

represents the e�ective distance, which is considered to be much larger than the

sensing range of a single sensor in BSM. When the source is located beyond this

range, the sensed signal power is considered negligible.

In BSM, a point p is considered as a covered point if the sensed signal power

Ps by any sensor in its neighbourhood is greater than or equal to a threshold,

Pthreshold. Since each sensor in BSM can only detect and sense an object when

it is within an isotropic range, the sensing range of a single sensor can thus be

expressed by,

RBSM = (
g

Pthreshold
)1=2a (3.2)
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However when a group of nodes happen to be located very closely due to ran-

dom deployment, their individual covered areas will be heavily overlapped, thus

resulting in a waste in overall coverage and energy consumption. The question

that arises, which is to be addressed in this chapter, is whether it is possible to

achieve better coverage using this group of nodes without moving them apart and

how.

3.2 Cooperative Sensing Model

Consider a set of N closely located isotropic sensor elements, as shown in Fig. 3.1.

Without a loss of generality, one of the sensors is considered to be the reference

point located at origin O and only azimuth angles will be considered for simplicity.

It is assumed that a narrowband point source is located at p = (r0; �0), where r0

and �0 denote the range and azimuth angle (i.e. polar coordinates) of the source

respectively with respect to O. With reference to Fig. 3.1 the distance ri from

the source to the ith sensor is equal to

ri = r0 +�ri (3.3)

Furthermore, as the array, composed of this group of N sensors, is a \large

aperture" array, a spherical wave propagation model is considered and thus the

baseband signal at the ith sensor can be expressed as,

xi(t) =m(t� �)
exp(j i)

rai
gi exp(�j2�

r0 +�ri
�

)

=m(t� �)�igi

�
r0
ri

�a
exp(�j 2��ri

�
) (3.4)

with

�i =
exp(j i)

ra0
exp(�j 2�r0

�
) (3.5)

where m(t) is the baseband signal emitted from the point source, � is the propa-

gation delay (since narrowband assumption is applied, the di�erences in � for a

group of closely located sensors are considered negligible),  i is a random phase,

gi represents the gain factor of the i
th sensor and � is the signal wavelength.
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Figure 3.1: Spherical wave propagation

Thus, the sensed signal power by the ith sensor is,

Psense;i = Efxi(t)x�i (t)g (3.6)

Equation (3.4), in the case of a group of N sensors operating cooperatively as a

WA, can be expressed in a more compact way as,

x(t) = m(t� �)� � Ssp (3.7)

where � denotes a coe�cient vector and Ssp denotes the spherical array manifold

vector given by,

Ssp(�i; r0;r; �) = g � (r0 � 1N � d)a � exp(�j 2�
�
(r0 � 1N � d)) (3.8)

where g = [g1; g2; :::gN ]
T and,

d =

r
r20 � 1N + diag(rT r)� r0�

�
rTk(�0) (3.9)
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with the columns of matrix r represent the Cartesian coordinates of the N sensors

in WA and k(�0) being the wavelength vector given by,

k(�0) =
2�

�
[cos �0; sin �0; 0]

T (3.10)

When a WA is jointly sensing the nearby environment, the total signal power

sensed by the WA is given by,

PWA = wHRxxw (3.11)

where the N�1 complex vector w denotes the reception weight vector, or steering

vector, and Rxx is the covariance matrix of x(t);

Rxx = Efx(t)x(t)Hg (3.12)

In order to address the coverage problem in the presence of WA, the following

de�nition of a covered point is introduced in this framework.

De�nition 3.1 A point p is de�ned as a covered point (CP) if the signal power

sensed by either an active sensor or a WA is greater than or equal to a threshold,

Pthreshold

CP(p) =

8<: 1; Psense;i � Pthreshold or PWA � Pthreshold

0; otherwise
(3.13)

Please note that in this work the WA is assumed to be fully calibrated. Any

lack of synchronisation can be modelled as a phase shift uncertainty, indepen-

dent of the signal direction of arrival and can, therefore, be removed using array

calibration techniques [45]. It is also assumed that the sensed signal from each

element of the WA is aggregated, via wireless links, to a central sensor (e.g. one

of the sensors in WA, which has the highest residual energy), where the signal

processing is carried out and the corresponding sensing decision is made. Further-

more, the modelling and the performance of wireless links between sensors in WA,

i.e. intra-links, have been addressed in [22]. In this work, perfect communication

links between sensors in a WA have been assumed.
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3.3 Cooperative Sensing Range of a Wireless

Array

With x(t) given by Eqn. (3.7) and using a weight vector w of ones (i.e. without

any steering), the covered area of a WA, which contains all the points satisfying

CP(p) = 1 in Eqn. (3.13), can be obtained. A representative example is shown

in Fig. 3.2, where a WA of �ve closely located sensors has been formed and their

joint covered area is depicted by the black sensing array pattern. This is referred

as cooperative sensing beam pattern (CSBP) and the construction of this pattern

has taken into account the spherical wave propagation.

Furthermore, by applying a normalized steering vector (e.g. w =
p
N S(�;rmax)
kS(�;rmax)k),

the mainlobe of the beam pattern can be steered towards any speci�c direction

�: As illustrated in Fig. 3.2, the red dotted pattern is the beam pattern steered

at 25� and the green dashdot pattern is the one steered towards 240�: In other

words, any point within a coverage circle (see Fig. 3.2), centered at the centroid

of the WA, can be covered by the cooperative sensing of the WA through steering

the mainlobe towards the signal direction (this can be estimated by existing di-

rection �nding algorithms, which is outside the scope of this chapter). Therefore,

the radius of this circle is de�ned as the cooperative sensing range of the WA,

which can be obtained by �nding the distance rmax between the WA centroid and

the furthest point within the default pattern (i.e. using a weight vector w of all

ones).

3.4 Wireless Array Formation

It is clear that the proposed WA-CSM provides a higher degree of sensing per-

formance to the network than that achievable by using the sensors separately.

However, it is not straightforward to determine when and how a WA should be

formed. In WSN's, each sensor node operates autonomously without centralized

control or infrastructure. This necessitates devising e�cient, distributed and scal-
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Figure 3.2: An illustration of the cooperative sensing coverage

able WA formation algorithms. These algorithms should involve the minimum

number of message exchange, complexity and processing. They should also ter-

minate within a reasonable number of iterations. Finally, the algorithm should

have the ability to cope with topology changes due to node failure and energy

depletion. In this section, a WA formation algorithm that satis�es the above

criteria is proposed.

Since each node has incomplete information about the network, global goals

cannot be assured. Instead, each node starts with its own local knowledge and

merges it with its neighbors to select its favourable group (if any). In order to

guarantee a more reliable operation where a single node or link failure does not de-

stroy the WA performance completely, the nodes of the formed WA are restricted

by the algorithm to be within a prede�ned limited distance from each other, see

Fig. 3.3. Consequently, at the end of the proposed algorithm, nodes that are
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close to each other can form a WA where each node can directly communicate

with every node in the WA.

Figure 3.3: Network graphs of two di�erent WA's of 5 nodes each. In topology
(a) node/link failure can divide the WA into two disjoint groups. In topology (b)
node/link failure only reduces the number of nodes in the WA.

In theory, the number of nodes forming the wireless array should be as large

as possible to increase the array gain and, thus, the coverage range. Therefore,

the number of nodes is considered to be the primary WA formation parameter.

Accordingly, the problem of WA formation can be viewed as the problem of

e�ciently partitioning the network graph into maximal disjoint groups (clique)

of nodes. However, this problem (i.e. the maximum clique problem) is known

in the literature to be an NP-complete problem [46]. Moreover, in practice,

increasing the number of nodes in the WA does not increase the WA sensing

range inde�nitely since it is limited by the detection range of sensors. Thus,

the proposed WA formation algorithm poses additional constraints to ensure the

solvability of the problem in an e�cient way. Firstly, WA's are considered to

be up to a certain pre-speci�ed maximum size (Nmax). Increasing the number

of nodes beyond that will not increase the sensing range signi�cantly. Secondly,

nodes that lie within the coverage of a formed WA and are not part of the WA

itself do not contribute in a signi�cant way to the network coverage and, therefore,

are placed into an energy saving mode. Such nodes are referred to in this thesis as

Redundant nodes (RN's). This can reduce the unnecessary energy consumption

due to idle listening and overhearing.

General Assumptions: Firstly, the proposed WA formation algorithm as-

sumes that nodes are quasi stationary after deployment. Secondly, signi�cant

changes in the network topology occur at much slower time scale compared to
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WA formation. In addition, all nodes have the same transmission range. More-

over, they are assumed to know their own locations through a separate positioning

algorithm (see for example [47]). Finally, it is assumed that each node i knows

the set Li of its 1-hop sensing range neighbors.

3.4.1 Algorithm Description

A summary of the algorithm is provided below followed by a more detailed de-

scription :

Step 1: Each node i exchanges its list of neighbors Li, its own ID and its residual

energy with its neighbors.

Step 2: Each node i computes the set Ci which includes the set of nodes' ID's that

form the maximum local WA together with the average residual energy � i

of the nodes in Ci and exchanges them again with its neighbors.

Step 3: Each node i compares its maximum local WA Ci with each list Cj received

from its neighbor. Depending on the comparison result, there are two op-

tions:

3.1 Ci = Cj for all j 2 Ci: node i sends con�rmation to all the nodes in Ci.

After receiving the con�rmation from all nodes in Ci, these nodes form

the wireless array and each node sends a �nal message containing the

WA ID2, the coordinates of the WA's centroid rWA and the formed

WA sensing range rmax.

3.2 Cj � Ci for any j 2 Ci, node i becomes a sleeping node waiting for a

further notice from node j where symbol \�" is introduced to compare

two WA's and is de�ned later on (see de�nition 3.2).

Step 4: Upon receiving a �nal message, a sleeping node evaluates its position ri

with respect to the formed WA centroid and depending on its position,

there are two options:

2Concatenates all the WA nodes' IDs.
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4.1 kri � rWAk � rmax. The sleeping node considers itself a redundant

node and sends the message again using its ID.

4.2 kri � rWAk > rmax. The node removes sender node ID from its maxi-

mum WA set Ci, waits for a certain time to make sure that its set is

updated before sending its new maximum WA. This message is used

as a signal for the algorithm to start again for all the neighbors.

After Step 1, each node will be able to build the m � n incidence matrix E

associated with the directed graph containing m nodes and n edges. Where m is

the total number of nodes in all the lists received by i including itself. Note that

the kth element of diag(E � ET ) is the number of nodes connected to node k. Each

node computes the overlap between its neighbors list and the lists it has received

and identify this as a potential C(i; j) for it, that is:

C(i; j) = Li \ Lj 8j 2 Li (3.14)

In Step 2, node i compares WAs to compute its maximum local WA Ci. Note

that it is an NP-complete problem for node i to determine its local maximum

clique. Therefore, heuristic algorithms are usually used [48]. The following def-

inition explains the relation \�" which speci�es a total order on WA's and are

used to compare two WA's:

De�nition 3.2 Ci � Cj i�3:

� jCijc > jCjjc, or

� jCijc = jCjjc, but � i > �j where � i is the average residual energy of the nodes

in Ci.

Note that when jCijc = jCjjc the two maximum local WAmay also be compared

based on their geometry as in [14], which calculates a composite score based on

criteria including ambiguities, accuracy, circularity and sensitivity of the array.

3jSjc denotes the cardinality of the set S:
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In Step 3, each node compares its maximum local WA using De�nition 3.2.

It is straightforward to prove that Ci � Cj cannot be received from a node j 2 Ci
if a proper local maximum clique algorithm is formed.

Using Fig. 3.4 as an illustrating example, the WA containing f1; 3; 4; 8; 9; 12g

will be the �rst to be formed. The members of the array will send a message

containing the position and the range of the array. Nodes 7 and 13 will consider

themselves as redundant nodes upon receiving this message. Nodes 2 and 6 will

receive the message and remove nodes 7, 9 and 13 from C2 and C6 respectively. As

a result, node 2 will resort to the second maximum list C2 = f2; 5; 10; 11g (since

now jC6jc < jC2jc) and send this message to its neighbors which have been waiting

for a response from node 2.

Figure 3.4: An illustrative example of the WA formation algorithm.

After determining Ci in Step 3, the WA is formed using N nodes where N

� Nmax. The node with the highest residual energy selects the best N � 1 nodes

using the same measure as in De�nition 3.2.
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3.5 Simulation Studies

To verify the WA formation algorithm presented in the previous section, an en-

vironment where 150 sensors are randomly deployed in a (150m� 150m) area is

simulated. The sensing range of a single sensor is set to be 10m in BSM. Variables

 i are randomly generated from a uniform distribution while gi = 1, a = 1:5 and

Pthreshold = 10
�3 w have been taken. The signal of interest is assumed to be at

2:4GHz with � = 0:125m. Figures 3.5 and 3.6 illustrate a representative example

of the network coverage using BSM and WA-CSM, respectively, under the same

network con�guration, where the \black" indicates the coverage holes.

Figure 3.5: An illustration of the coverage holes of 150 sensors in a (150m�150m)
area using BSM. Coverage hole percentage = 11:4%, where the \black" indicates
the coverage holes.

It is clear that, by using the distributed WA formation algorithm, multiple

WAs are formed by those overly clustered nodes throughout the network. Due to
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Figure 3.6: An illustration of the coverage holes of 150 sensors in a (150m �
150m) area using WA-CSM. Coverage hole percentage = 8:6%;where the \black"
indicates the coverage holes.
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the increased sensing range of the WAs, coverage holes are minimized from 11:4%

in BSM to 8:6% in WA-CSM. Moreover, a total number of 46 redundant nodes

have been identi�ed, as represented by the \green" nodes in Fig. 3.6, which lie

within the coverage of a formed WA, as denoted by the connected \red" nodes.

Furthermore, in order to evaluate the performance of the proposed WA-CSM

in comparison with that of BSM, di�erent scenarios are generated with the num-

ber of deployed nodes varies from 70 to 160 in the region of (150m� 150m): One

hundred independent Monte-Carlo runs have been simulated for each scenario

where the sensors are randomly deployed in the �eld with a uniform distribution.

Fig. 3.7 shows the curves of the average coverage percentage against the

number of deployed nodes. It is evident that the proposed WA-CSM outperforms

the traditional BSM as the number of deployed nodes increases from 70 to 160:

By deploying the same number of sensors, WA-CSM can achieve, on average, an

extra 2:87% coverage in percentage.
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Figure 3.7: Average coverage percentage versus total number of deployed nodes
in a (150m� 150m) area (a data set of length 100 has been used for each point).

Interestingly, it is worth noting that the number of active nodes required by
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the proposed WA-CSM is much less than that of BSM, as illustrated by Fig. 3.8.

This is due to that all the nodes lie within the cooperative sensing range of other

WA are identi�ed as redundant nodes and will be either turned into sleep mode

to conserve energy or be relocated at a later stage depending on the application

requirements. As the average coverage approaches 95%; the number of the active

node level in WA-CSM keeps almost the same (around 100) while BSM requires

more than double the number of sensors to achieve the same coverage.
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Figure 3.8: Number of active nodes versus average coverage percentage in a
(150m� 150m) area (a data set of length 100 has been used for each point).

3.6 Summary

In this chapter, a cooperative sensing model is introduced based on the concept of

array processing in the spherical wave propagation environments. The proposed

approach aims to exploit the collaboration of a group of closely located sensors

as a wireless array to improve the initial network coverage after the random

deployment.
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In contrast to the Boolean-type sensing model where all the sensors are as-

sumed to have identical circular coverage areas, the proposed approach enables

those closely located sensors to operate as a wireless array unit, with its cooper-

ative sensing range determined by its array beam pattern. As a result, when the

signal of interest is outside the sensing range of any individual sensor, it may still

be detected by the cooperative sensing of a wireless array.

Furthermore, a distributed WA formation algorithm is derived, which selects

the desired group of clustered nodes to form a WA to jointly perform the sensing

tasks. Simulation results show that the proposed WA-CSM outperforms the

traditional BSM in terms of average coverage percentage achieved. The proposed

method also requires far less (about half) number of active nodes compared with

the BSM in order to achieve an average coverage of 95% in the network. In

addition, the WA-CSM is able to identify redundant nodes that are located within

the cooperative sensing range of other WAs, which forms the basis for a novel

type of sensor relocation algorithms that will be presented in the next chapter.



Chapter 4

Wireless Array-Based Sensor

Relocation Algorithm

In WSN's, the e�ectiveness of the network is determined to a large extent by the

coverage provided by the sensor deployment [40]. The placement of sensors a�ects

sensing coverage, communications, target detection and localisation performance

[3]. The work in this chapter is concerned with the coverage optimisation problem

which combines a novel sensor relocation approach with the cooperative sensing

model presented in the last Chapter.

The e�ective deployment of a large set of sensors across the �eld of inter-

est is an important yet di�cult task. Existing approaches dealing with sensor

deployment can be generally classi�ed into two types:

� Physics-based approach,

� Geometric-based approach.

Potential �eld-based algorithm in [33], virtual force algorithm (VFA) in [43]

and the VEC algorithm in [35] are examples of the Physics-based approach, in

which sensors are spread out by a combination of virtual attractive and repulsive

forces given by neighbor nodes and obstacles. However these techniques only

consider homogeneous sensing models, while in this chapter the problem of inter-

est involves a combination of individual sensors and WA's which have di�erent

65
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sensing capabilities.

In Geometric-based techniques, the Voronoi diagram (VD) is adopted as an

important tool (e.g. in [35]). The main advantage of using the VD is that the

coverage holes can be detected locally by each sensor without global knowledge

of the whole network. Based on the principle of iteratively relocating sensors

from a dense area to coverage holes, the VOR algorithm and Minimax algorithms

have been proposed in [35]. However such algorithms take signi�cantly more

steps to terminate when there exist over-clustered sensor groups at some area.

Furthermore, both the construction of the VD and the deployment protocols are

based on the assumption that all sensors have identical sensing range.

In this chapter, a novel Wireless Array-based Sensor Relocation (WA-SR) al-

gorithm 1 is proposed based on the WA-CSM introduced in the previous chapter.

After the deployment phase, WA's are formed at various locations in the sensor

�eld. Since their sensing ranges are di�erent, a Local Detection Diagram (LDD) is

introduced to partition the network into di�erent polygons, referred to as local de-

tection cells. Based on the LDD, sensors and WA's can locally and autonomously

examine their own coverage and determine moving strategies accordingly.

Given the local detection ability, sensors are able to verify the moving strategy

before relocation and only physically move when there is a signi�cant coverage

gain due to the movement. The algorithm performs in an iterative fashion and

naturally terminates when there is no more topology-changes in the network,

indicating the optimum coverage being achieved.

The rest of the chapter is organised as follows. Firstly, a brief problem state-

ment is given in Section 4.1 which also serves as the motivation of the study in

this chapter. Section 4.2 introduces the concept of local detection diagram. In

Section 4,3, the WA-SR algorithm is presented. In Section 4.4, the performance

of the proposed approach is evaluated through simulation studies. Finally, a

summary of this chapter is given in Section 4.5.

1This work has been published in the Proceedings of the 2009 IEEE/ACM International
Conference on Wireless Communications and Mobile Computing (IWCMC) [24].
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4.1 Problem Statement

In the initial deployment phase, sensors are randomly scattered in the target �eld.

However, with reference to Fig. 4.1 and Fig. 4.2, there exist two major problems

upon such random deployments,

1. At some areas where sensors are overly clustered, the sensing range circles

of these sensors are heavily overlapped, as shown in Fig. 4.1, resulting in a

waste in the network resources.

2. At some other areas where the sensor density is low, there exist coverage

holes that are uncovered by any sensor, as shown in Fig. 4.2, which may

signi�cantly a�ect the network operation and node connectivity.

Figure 4.1: An illustration of coverage problem upon random deployment where
a number of nodes are overly clustered.

In order to take advantage of these clustered sensors, a cooperative sensing

model, WA-CSM, has been proposed in the previous chapter (see also [23]), which

forms the closely located nodes into WA's, as denoted by the \red" nodes in Fig.
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Figure 4.2: An illustration of the initial coverage hole problem for the nodes in
Fig. 4.1, where the uncovered area is shown in \black".
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4.3. It has been shown that the cooperative sensing coverage of WA's can be

represented by larger sensing circles with sensing range dictated by the number

of sensors and the geometry of the wireless array. Therefore, the proposed WA-

CSM has been shown to provide a higher degree of sensing performance to the

network than that achievable by using the sensors separately.

Figure 4.3: An illustration of the coverage holes (shown in \black") in the network
after using WA-CSM.

Furthermore, sensors that lie within the coverage of the formed WA's have

been identi�ed as redundant nodes, as denoted by the \green" nodes in Fig. 4.3.

Since these RN's do not contribute to the network coverage signi�cantly at where

they are, additional coverage improvement can be achieved by relocating them

to the nearby coverage holes, as indicated in Fig. 4.4. The objective of the

investigation in this chapter is to devise innovative sensor relocation algorithm

that can e�ciently moves a large set of sensors across the network in a fully

distributed way. In order to achieve this, a key concept of local detection diagram
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will be �rstly proposed and introduced in the next section.

Figure 4.4: An illustration of relocating the Redundant Nodes to the nearby
coverage holes, where the uncovered area is shown in \black".

4.2 The Local Detection Diagram

Before introducing the local detection diagram, a brief description of the Voronoi

diagram (VD) will be given. The VD is one of the most fundamental data struc-

ture in computational geometry. Due to its geometrical and mathematical prop-

erties, the usefulness of the VD has been demonstrated in a wide variety of �elds

inside and outside computer science [49]. In the context of WSN's, the VD can

be used to partition the space into polygons (Voronoi cells) [35]. To do so, each

sensor only needs to know the locations of its neighbors. One important property

of the VD is that points inside any Voronoi cell are always closer to the sensor

within the cell than those located elsewhere. If a sensor cannot detect an event
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Figure 4.5: Local detection property of the Voronoi diagram, where the \Black"
area represents the local coverage holes.

of interest taking place in its cell, as represented by the \black" area in Fig. 4.5,

no other sensors can. In other words, each sensor only needs to check its own cell

to examine any coverage holes. Such feature is referred to as the local detection

property, which renders VD an important tool for many distributed algorithms

in WSN's.

With the introduction of WA-CSM, however, the VD cannot be readily ex-

ploited as the sensing range of di�erent WA's and individual sensors are di�erent.

This is also the case in heterogeneous WSN's, i.e. sensor nodes with di�erent

sensing capabilities. In fact, WSN's using the WA-CSM can be seen as a hetero-

geneous network where WA's can be viewed as virtual single \super node" located

at the WA centroid and there exist other \nodes" (including single sensors and

WA's) with various sensing range in the network. In such a case, points that are

not covered by one node in a conventional Voronoi cell could still be covered by

the sensing circle of another \node", since the other \node" may have a much

larger sensing range than that of the in-cell node. Therefore, the local detection

property is no longer valid under this scenario.
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In order to address this problem, the concept of Local Detection Diagram is

proposed, which can be constructed according to the following rules.

Construction of Local Detection Diagram

1. AWA is regarded as a virtual single super node, located at the WA centroid,

with the sensing range equals to the cooperative sensing range of the WA

according to Section 3.2.

2. Since the redundant nodes are likely to be relocated (or otherwise be turned

into energy saving mode), they do not participate in the construction of the

LDD.

3. The edge of the local detection cell is obtained by �nding the intersections

between the sensing circles of the two nodes.

4. After obtaining the edges between node i and all its neighbours, the smallest

polygon encircling node i is the local detection cell of this node.

As a representative example, one of the sensors, the ith node (say), is consid-

ered. The sensing range of the ith node is denoted by �i and its 1-hop neighbors

set is denoted by Li with jLijc = Mi, where j�ijc denotes the cardinality of the

set �i, i.e. Mi is the number of neighbors to node i. The Mi-dimensional vector

di denotes the sensing ranges of the nodes in the Li set sorted in ascending order

of nodes' ID's. Note that these sensor nodes can be conventional single or super

nodes. Without loss of generality, node i is assumed to be located at the origin

of the 2-dimensional space (0; 0). Also,

ri = [r1; r2; :::rj; :::] (4.1)

is a 2�Mi matrix containing the Cartesian coordinates of the neighbor nodes of

the ith node, with reference to Fig. 4.6, sorted in the same ascending order as

in di. The sensing range circles of the ith node and its neighbors can be either

intersecting (Fig. 4.6a), tangent externally (Fig. 4.6b) or disjoint (Fig. 4.6c).
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In Fig. 4.6a, the edges of the local detection cell are de�ned as the lines

passing through the intersects of the sensing circles. The position of these lines

can be found by calculating the matrix redge as below, which is 2 �Mi matrix

containing the Cartesian coordinates of the points of intersections between the

edges and the location vectors rj, 8j 2 Li,

redge =
�
redge;1; redge;2:::; redge;j; :::

�
=

1

2
ri � (12((�2i 1Mi

� (di)2 + q
i
)� q

i
)T ) (4.2)

where the column of redge is given by,

redge;j = rj
�
�2i � d2j + rTj rj

�
=
�
2rTj rj

�
; 8j 2 Li (4.3)

and

q
i
= diag(rTi ri) (4.4)

is a Mi � 1 vector that contains distances between node i and all its neighbor

nodes. Furthermore, AT denotes the transpose of vector A, diag(A) denotes a

column vector with elements the diagonal elements of matrix A, (A)2 represents

element by element square of vector A, � and � denote the Hadamard product

and division respectively and 1N denotes a N � 1 vector of all ones.

It is clear that when the sensing ranges are equal, then di = �i � 1Mi
which

implies

redge =
1

2
ri (4.5)

that is consistent with the bisector solution as used in conventional VD.

As shown in Fig. 4.6b, when two sensing range circles are tangent, the two

intersections become one and the edge of the local detection cell is a tangent line

to both circles.

When the sensing circles are disjoint as shown in Fig. 4.6c, the solutions

provided by Eqn. (4.2) represent points dividing line segments between node i

and the neighboring nodes into two, with their length ratio given by:

� = (�2i 1Mi
� (di)2 + q

i
)� ((di)2 � �2i 1Mi

+ q
i
) (4.6)
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As illustrated in Fig. 4.7, the LDD is constructed in a (150m � 150m) area

using the steps above, with \black" indicating the coverage holes. The nodes are

randomly generated in the �eld where several WA's have been formed (shown

connected with red dotted line in Fig. 4.7) according to the WA formation al-

gorithm in [23]. It is clear and straightforward to prove that if points are not

covered by the node within a local detection cell, then it is de�nitely not covered

by the sensing range circle of any other sensor/WA. Hence, the local detection

property is preserved by using the proposed local detection diagram.

0 50 100 150
0

50

100

150
The Local Detection Diagram

Figure 4.7: An example of the local detection diagram of 90 sensors in a (150m�
150m) area, where the \black" indicates the coverage holes.
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4.3 The Sensor Relocation Algorithm

4.3.1 Relocating the Redundant Nodes

In the WA formation algorithm [23], nodes that are located within the sensing

range of a formed WA but not part of that WA themselves are identi�ed as RN's

(i.e. the \Green" nodes in Fig. 4.7). Since their sensing range circles are heavily

overlapped with that of the WA's, the RN's will not signi�cantly contribute to

the network coverage. Therefore they can be relocated to other areas to improve

the network coverage and assist network operations.

Since the WA's have the information of not only all the RN's within their

coverage but also their own local detection cell, they can readily assess the local

coverage and relocate RN's to the most suitable positions accordingly. Such

physical movement of the sensor is generally considered to be more expensive, in

terms of energy consumption, than radio communication and in-node processing.

Therefore the maximum moving distance of each sensor is assumed to be limited

by a design parametre Lmax in this work, which is a function of the residual energy.

Note that di�erent nodes may have di�erent Lmax: As the residual energy reduces

over the lifetime of a sensor, the Lmax of that sensor will also be decreased.

There are di�erent ways to relocate the RN's to cover the holes. For example,

RN's can be relocated towards the vertices of the local detection cell which are

outside the WA's sensing circles. The further a vertex is from the WA centroid,

the bigger coverage hole it represents around that area. Thus, intuitively, the RN

that is nearest to the furthest vertex can be relocated there �rst. With reference

to Fig. 4.8, s1 will be relocated to v1 (denoted as s1 ! v1). Then another sensor

that is nearest to the second furthest vertex will move (s2 ! v2) and so on.

However, one problem associated with this intuitive approach is that, within

the maximum moving distance Lmax of the RN's, certain vertex may only be

reached by one node. For instance, consider the case in Fig. 4.8. Assuming that

v7 can only be reached by s1 while v1 can be reached by both s1 and s2, if s1 ! v1

then no other node can be relocated to cover v7, resulting in coverage holes.
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Figure 4.8: Relocating the redundant nodes.

To address this problem, the following algorithm is proposed:

Relocating the Redundant Nodes

STEP-1: WA �rst calculates the distance dij between any vertex vi that is outside its

sensing range and any redundant node sj in its local detection cell,

dij =
��rvi � rsj

�� (4.7)

where rvi and rsj contain the Cartesian coordinates of vi and sj respectively.

STEP-2: Compare the distance dij with the Lmax; j of the corresponding redundant

node sj.

STEP-3: Vertices are prioritised based to the number of reachable redundant node's

which satis�es dij � Lmax; j. In other words, the vertex that has less number

of redundant node's will be considered in a higher order.

STEP-4: According to the vertex order, the redundant node that is nearest to the

ranked vertex will in turn be relocated to the corresponding vertex position.

When two or more vertices have the same number of reachable RN's, they

are further ranked ascendingly according to the average distance between

those RN's and these vertices.
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As in the previous example, vertex v7 has the highest priority as it has only

one reachable RN s1:Therefore, there is s1 ! v7: Then v1 is the second vertex in

rank as v2 can be reached by all three RN's. Thus, there is s2 ! v1 and �nally

s3 ! v2:

4.3.2 Multiple Healing Detection

Due to the fact that each WA autonomously determines the relocation of their

RN's, it is possible that several RN's in adjacent cells are sent to cover the same

vertex, as illustrated in Fig. 4.9. Such an event are referred to as a multiple

healing in the literature [36]. In order to solve this problem, a self-detection

scheme is introduced.

Figure 4.9: An example of multiple healing scenarios.

Self-Detection Scheme:

After each RN is directed by the WA where to move to, it broadcasts a

message containing the coordinates of its target location as well as its distance

to this location. It is assumed in this work that the maximum moving distance

of each sensor Lmax is bounded by half the communication range Rc which is

assumed to be the same for all the sensors.

Lmax �
1

2
Rc (4.8)
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This maximum moving distance is introduced to guarantee that all the RN's

that could potentially be relocated to the same target location will hear each

other's message. After a su�cient period of time upon receiving the messages

from neighbours, each RN compares its own distance with those of others (if any).

Finally, the one that is closest to the target location will move and all the others

will automatically remain at their own positions as RN's.

4.3.3 Moving Strategy for all other nodes

After the RN's have been physically relocated, they turn back to normal mode

and exchange their new locations with their neighbours. Based on the received

neighbour information, each sensor re-constructs its local detection cell should

there be any topology-change in the neighbourhood.

Sensors then examine locally the existence of any coverage holes within their

cell. If there is, sensors determine a moving strategy to eliminate/minimise the

hole and, thus, improve the coverage. A number of protocols have been proposed

to address this problem. Among the most e�cient and best performing methods

is the Minimax algorithm [35]. Minimax chooses the target location as the centre

of the smallest enclosing circle of the cell vertices. Such a target location also

guarantees that its distance to the furthest cell vertex is minimised.

However, this approach does not always yield the optimum solution as desired.

For example, as shown in Fig. 4.10, according to Minimax sensor s1 will have to

move towards the narrower side of the cell to the Minimax point, which is the

centre of the smallest enclosing circle of all vertices: Yet, it is a common sense

that moving to a point that is closer to the broader side of the cell will gain more

coverage.

While �nding the maximum coverage in a local detection cell requires an

exhaustive 2D search, a simple yet e�ective approach is proposed in our WA-SR

algorithm. The target location is chosen to be the barycentre (centre of mass) of

the local detection cell, which can be calculated easily using basic geometry via

the following steps.
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Figure 4.10: An example of Minimax algorithm.

STEP-1: First the cell is divided into n triangles that shares a common vertex (e.g.,

the centroid of the polygon), as shown in Fig. 4.11.

STEP-2: The area and the barycentre of the ith triangle are calculated, denoted as

Ai and (xi; yi) respectively, based on the vertices coordinates.

STEP-3: The barycentre coordinate (xb; yb) of the whole cell is chosen to be the

target location, which is given by,

xb =

Pn
i=1 xiAiPn
i=1Ai

(4.9)

yb =

Pn
i=1 yiAiPn
i=1Ai

(4.10)

Since the barycentre location takes into account not only the vertex locations

but also the area information about the cell, this solution is more desirable than

Minimax in the sense that the target location is area-weighted and always closer

to the wider side of the cell, thus achieving more coverage. This moving strategy

is referred to as the Barycentre approach in this work.

However, since the maximum moving distance of each sensor is limited by its

Lmax; once this distance is reached, the sensors cannot move any further. Due to

this reason, a movement-validation scheme is introduced.
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Figure 4.11: Calculating the barycentre of the Voronoi cell

Movement-Validation Scheme

Before each sensor moves, it determines its actual target location by taking

into account Lmax. If the distance between the calculated target location and its

current location is greater than Lmax, the sensor will set its actual target location

as the point that is along the line pointing towards the calculated target location

and Lmax meters away from its current location. It then assesses the potential

new local coverage Anew at this target location in comparison with the current

one Acurrent. This can be calculated based on the intersections of polygon and

the sensing circle (see e.g. [50]). The sensor will only move if the coverage gain

is greater than or equal to a pre-de�ned threshold value �

Anew � Acurrent � � (4.11)

4.3.4 Termination

The WA-SR algorithm runs iteratively. In each round, sensors and WA's broad-

cast their location and sensing range information in order to construct the LDD

across the network. The WA's then relocate the RN's within their cell to �ll local

coverage holes. After all the RN's have completed their moves, they then ex-

change this information with neighbours and update the LDD. After that, all the
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sensors distributively determine their moving strategies based on the barycentre

approach. Upon the relocations are completed, a new iteration starts.

The movement-validation scheme guarantees that any sensor relocation only

takes place when the improvement in coverage is greater than or equal to the

threshold value �. In addition, the maximum moving distance of each sensor

is bounded by its Lmax. The algorithm naturally terminates when there is no

further movement across the network. This also indicates that the best possible

coverage is achieved within the maximum moving distance allowed. Threshold �

is a design parametre that is generally a function of sensor �eld area as well as

the total number of nodes. A larger � results in a faster termination time while

a smaller � guarantees a better �nal coverage after the algorithm is converged.

4.4 Performance Evaluations

Firstly, in order to evaluate the performance of the proposed sensor relocation

algorithm, a sensor �eld of (150m � 150m) is simulated where 100 sensors are

randomly deployed. Fifty independent Monte-Carlo runs have been simulated

where the initial locations of the sensors are randomly generated with a uniform

distribution. The maximum moving distance Lmax of all sensors is set to be 15m:

Movement-validation threshold � is set to be 2:5m2, while other parameters and

the calculation of the cooperaive sensing ranges of the WA's are according to [23].

As the number of iteration increases, the coverage percentage obtained by

the WA-SR algorithm is shown in Fig. 4.12, in comparison with one of the best

performing existing approaches, the Minimax algorithm [35]. It is clear that the

proposed method achieves better coverage than the Minimax at each iteration,

while, at the same time, requiring less movements in general. The simulation

results show that WA-SR terminates after 11 iterations while the Minimax takes

13 iterations to converge. It is worth noting that after only 3 iterations the WA-

SR is already able to outperform the �nal coverage provided by the Minimax.

Moreover, WA-SR also requires less movement than Minimax as shown in Fig.
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Figure 4.12: Coverage percentage against the number of iterations in a (150m�
150m) area with 100 sensors randomly deployed (a data set of length 50 has been
used for each point).
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4.13. When the algorithms terminate, the total moving distance of all sensors

in Minimax is 484m, compared with 456m in WA-SR. The fact that WA-SR

moves slightly more than Minimax in the �rst two iterations is due to the reason

that WA-SR acts more aggressively in the beginning by relocating the redundant

nodes from the clustered areas (near WA's) to the nearby sparse areas. Once

these redundant nodes have been relocated, the level of movement in WA-SR

quickly reduces until the algorithm is converged.
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Figure 4.13: Total moving distance against the number of iterations in a (150m�
150m) area with 100 sensors randomly deployed (a data set of length 50 has been
used for each point).

Furthermore, Fig. 4.14 and Fig. 4.15 show the �nal coverage and the total

moving distance after the algorithms have converged, respectively, with the num-

ber of deployed sensors varying from 80 to 200. It is evident that the WA-SR

constantly outperforms the Minimax, both in terms of the coverage achieved and

the total moving distance, with various network con�gurations. As the sensor

density in the network increases, the coverage improvement of the proposed ap-
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proach over the Minimax becomes smaller. This is as expected since the coverage

performance of both algorithms would eventually approach 100% in a very high

density network.
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Figure 4.14: Final coverage percentage against the number of deployed sensors
in a (150m� 150m) area (a data set of length 50 has been used for each point).

Figure 4.16 shows the number of moved sensors which have been relocated

during the process of the sensor relocation algorithms. It is worth noting that,

as the total number of deployed sensors increases, the number of moved sensors

in both algorithms will �rstly increase before reaching a point when more and

more sensors choose to stay as their movement would not lead to signi�cant local

coverage gain (as explained in the Movement-Validation Scheme). In practice, the

number of deployed sensors corresponding to the peaks would provide meaningful

information to the network design. It is desirable to have a deployed number of

sensors greater than the value that corresponding to the peak in Fig. 4.16, because

otherwise the redundancy in the network would be low and almost all deployed
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Figure 4.15: Total moving distance against the number of deployed sensors in a
(150m� 150m) area (a data set of length 50 has been used for each point).
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sensors would have to move. In terms of performance, the proposed approach

has demonstrated superior performance by involving less number of sensors in

the relocation process.
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Figure 4.16: The number of moved sensors against the total number of deployed
sensors in a (150m� 150m) area (a data set of length 50 has been used for each
point).

Finally, Fig. 4.17 shows the number of active sensors in the network after the

algorithms have terminated. It is evident that the proposed WA-SR algorithm

involves much less number of active sensors. As the number of deployed sensors

reaches 200, the proposed approach requires only 122 active sensors (i.e. 39%

less than the Minimax) while achieving a even better coverage. This is due to

the fact that more and more sensors will be turned into redundant nodes when

the sensor density increases. These redundant nodes have been switched into an

energy saving mode and have not moved during the sensor relocation process in

the WA-SR, while in BSM all deployed sensors are active.
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Figure 4.17: The number of active sensors against the total number of deployed
sensors in a (150m� 150m) area (a data set of length 50 has been used for each
point).
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4.5 Summary

In this chapter, a novel sensor relocation algorithm, WA-SR, algorithm is pro-

posed with the aim to optimise the network coverage in conjunction with the

cooperative sensing model, WA-CSM, proposed in the previous Chapter. The

proposed sensor relocation algorithm runs iteratively and in a distributed way.

At each iteration, wireless arrays relocate the redundant nodes to the most suit-

able positions while other sensors autonomously determine their own target lo-

cations based on the local detection diagram introduced. Simulation results have

shown that the proposed approach exhibits a better coverage performance while

providing a superior performance both in terms of the total moving distance and

the convergence speed, compared with one of the best e�ective techniques in the

literature, the Minimax algorithm [35]. Furthermore, as the sensor density in

the network increases, the number of moved sensors and active sensors in the

proposed approach becomes considerably less than that in the Minimax. This is

due to the fact that more and more sensors will be turned into redundant nodes

when the sensor density increases.

The contributions of this work lie mainly in two aspects:

1. The introduced local detection diagram is suitable for any type of hetero-

geneous sensor networks, where the sensing range of each sensor di�ers.

2. The WA-SR algorithm that takes advantage of the proximity and the col-

laboration of the clustered sensors provides a higher degree of freedom to

the network.

In addition, the self-detection and movement-validation schemes have been

proposed in this work as enhancements to the proposed WA-SR algorithm.



Chapter 5

Cooperative Direction Finding

In the previous chapter, a sensor relocation algorithm has been presented which

allows the sensor nodes to move adaptively, while taking advantage of the wireless

array based cooperative sensing, with the objective of minimising the coverage

holes. Such capability is referred to as the Active Mobility in the proposed Mobile

Sentinel WSN's framework.

While the active mobility is controlled by the network in a distributed way,

the behaviour of the passive mobility is completely dependent on the attached

mobile hosts. For instance, sensor nodes may be attached to people or moving

vehicles which allows them to be taken to wherever needed. To accommodate such

exibility and facilitate the network operations in such scenarios, a cooperative

subspace-type super resolution direction �nding algorithm will be introduced to

equip the network with the capability to estimate the DOA of any target nodes

at unknown locations. Such target direction �nding capability is desired in the

proposed Mobile Sentinel WSN's framework, because the DOA estimates not

only are essential for the array processing techniques but also can be used for

direction-based localisation algorithms.

In this chapter, a novel root-MUSIC type of direction �nding algorithm 1

will �rst be presented in a stationary environment. Contrary to the conventional

root-MUSIC which works only with uniform linear arrays (ULA's), the proposed

1This work has been published in the IET Electronic Letter [25].

90
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algorithm can be employed by wireless arrays of arbitrary geometry to provide

cooperative direction �nding capabilities with considerably lower computational

complexity. In addition, with the aim of developing an adaptive direction �nding

framework based on the proposed method, a fast DOA estimation implementation

will be proposed, for time-varying environments, which combines the advantages

of subspace tracking and the IDFT-based method 2, to track the DOA's of mul-

tiple moving targets.

5.1 Fast Root-MUSIC for Wireless Arrays of

Arbitrary Geometry

5.1.1 Introduction

In array signal processing, the problem of extracting the DOA information from

signals received by a sensor array is fundamental in many application areas in-

cluding radar, sonar, geophysics and wireless communications. In the context of

mobile WSN's, the relative direction of the target as well as each sensor node has

to be determined in order to perform array signal processing techniques, such as

beamforming and receiver weight construction, etc. Therefore, the problem of

DOA estimation becomes crucial to the network operation and sensor manage-

ment in WSN's.

The standard approach to such problems is based on subspace-type techniques.

Such techniques decompose the sample covariance matrix into two orthogonal

spaces, commonly referred to as the signal and noise subspaces, and estimate

the DOA's from one of these spaces. The single most important property of

subspace-based methods is that they produce unbiased estimates with asymp-

totically in�nite resolution regardless of signal-to-noise ratios [51] and thus are

classi�ed as super-resolution techniques.

The multiple signal classi�cation (MUSIC) algorithm is one of the most pop-

2This work has been published in the Proceedings of the 2010 ICCASP [26].
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ular subspace-type techniques for DOA estimation. However the conventional

MUSIC, or often referred to as the spectral MUSIC, algorithm requires a rather

computationally demanding spectral search, which may not be ideal for appli-

cations where real-time processing is desired. On the other hand, a search-free

DOA estimation method, ESPRIT (estimation of signal parameters via rotational

invariance techniques) algorithm, is introduced in [52]. ESPRIT algorithm is com-

putationally less complex and does not require knowledge of the array geometry.

However ESPRIT algorithm requires that a pairwise matched co-directional dou-

blets are present, or in other words, the array has to be comprised of two identical

subarrays displaced by a known vector. In this sense, ESPRIT is not completely

general.

Another popular search-free DOA estimation approach is the root-MUSIC

[53], a variation of the spectral MUSIC, which computes the DOA's from poly-

nomial rooting instead of spectral search to alleviate the computational burden.

Although the root-MUSIC exhibits a substantially improved numerical complex-

ity and superior threshold performance compared with the spectral MUSIC [54],

it is only applicable to ULAs.

Over the years, there have been a number of promising attempts (the reader

is referred to [55] for more details) to extend the root-MUSIC to arbitrary array

structures, including the interpolated root-MUSIC [56] and the wave�eld mod-

elling techniques [57] [58] [59]. In particular, the concept and mathematical foun-

dations of the latter has led to the Manifold Separation (MS) technique which was

introduced more recently in [60]. The fundamental of the MS technique is to ap-

proximate the true array steering vector (i.e. the manifold vector) of an arbitrary

array as the product of a matrix that is dependant only on the array parameters

and a Vandermonde vector depending only on the angle. Theoretically, the MS

can perfectly model the array manifold vector only by using an in�nite number

of coe�cients. However, this condition can be relaxed in practice by truncat-

ing the coe�cients to a �nite large enough number without incurring signi�cant

modelling errors. The Vandermonde structured vector can then be exploited to
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obtain a polynomial that can be rooted to estimate the source DOA's, as in the

root-MUSIC for the ULAs. Unfortunately, such extensions are achieved at the

expense of signi�cantly increased computational complexity. Because the degree

of the polynomial to be solved is no longer the number of the array elements but

a considerably larger number that restricts the modelling errors to a desired level.

In this section, a fast root-MUSIC algorithm will be introduced, which is com-

putationally e�cient and applicable to arrays of arbitrary geometries. Under the

context of the Mobile Sentinel WSN's, the proposed algorithm can be employed

by the WA's as a cooperative direction �nding algorithm, where the geometry

of the array is dictated by the physical locations of the sensor nodes. Although

the proposed root-MUSIC type technique is intended for DOA estimations under

stationary scenarios, the approach can also be extended to time-varying environ-

ments to adaptively track the DOA's of multiple moving targets, which will be

covered in the latter part of this chapter.

5.1.2 Problem Formulation

Consider an array of N single-antenna nodes operating in the presence of M

targets at unknown directions, transmitting mutually uncorrelated narrowband

signals, as shown in Fig. 5.1. It is assumed that the N sensor nodes cooperatively

receive and combine signals and act as a single array entity, i.e. Wireless Array,

which is fully calibrated. It is also assumed that the M targets are point sources

located in the far �eld relative to the geometry of the wireless array. Therefore, a

planewave propagation model is considered for the investigation in this chapter.

The N � 1 baseband received signal vector can be modelled as:

x(t) = Sm(t) + n(t) (5.1)

where n(t) is the additive white Gaussian noise with variance equal to �2, m(t) =

[m1(t); :::;mM(t)]
T is M � 1 vector of the narrowband source waveforms and

S = [S(r; �1); S(r; �2); :::; S(r; �M)] represents a N � M matrix with columns

being the array manifold vectors, which are dependant on a 3�N wireless array



5. Cooperative Direction Finding 94

Figure 5.1: A Wireless Array consisting of N sensor nodes operating in the pres-
ence of M targets, whose DOA's are to be estimated, transmitting uncorrelated
narrowband signals from the far �eld
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location matrix r containing the Cartesian coordinates of the nodes (wireless

array elements) and the DOA �i; 8i = 1; 2; :::M: Note that only the azimuth angle

�i 2 [0�; 360�); measured anticlockwise from the positive x-axis, is considered in

this work.

Interestingly, the manifold vector S(r; �) of the wireless array can be approx-

imated, using the manifold separation technique (MST) [58] [60], by the product

of a matrix G(r) (dependent on array geometry only) and a Vandermonde struc-

tured vector v(�) (dependent on DOA only) as follows:

S(r; �) = G(r)v(�) + " (5.2)

where " denotes a modelling error. G(r) is a known function for any array of

given geometry r. The (n; q)th entry of G(r) 2 CN�Q is de�ned by [60],

[G(r)]n;q =
p
2�jqJq(��rn)ejq n (5.3)

where (rn;  n) is the polar coordinate of the n
th element node of the wireless

array and Jq is the Bessel function of the �rst kind of order q. The Vandermonde

structured vector v(�) 2 CQ�1 is given by

v(�) =
1p
2�
[ej

Q�1
2
�; ej

Q�3
2
� : : : ; 1; : : : ; e�j

Q�1
2
�]T

=
ej

Q�1
2
�

p
2�

[1; z; : : : ; zQ�1]T (5.4)

where z , e�j�. Theoretically, the Frobenius norm of the error k"kF tends to

zero as Q ! 1. In practice, Q can be safely replaced by a �nite su�ciently

large number (generally Q� N) without generating signi�cant modelling errors

because k"kF decays super-exponentially with increasing Q.

The covariance matrix of the received signal vector x(t) 2 CN�1 can be written

as,

Rxx = E
�
x(t)xH(t)

	
= SRmmSH + �2IN (5.5)
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Let �i and ui (i = 1; :::; N) be the eigenvalues and the corresponding or-

thonormal eigenvectors of Rxx: For convenience, the eigenvalues are arranged in

a descending order as

�1 � ::: � �M � �M+1 = ::: = �N = �2 (5.6)

The dominant eigenpairs (�i; ui) for i = 1; :::M are referred to as signal eigen-

values and signal eigenvectors, while (�i; ui) for i = M + 1; :::; N are termed the

noise eigenvalues and noise eigenvectors. The column spans of

Es = [u1; :::uM ] and En = [uM+1; :::uN ] (5.7)

are de�ned as the signal and noise subspace, respectively.

Thus, the covariance matrix Rxx can be expressed as

Rxx = EsDsEHs + EnDnEHn (5.8)

where Ds = diag[�1; :::; �M ] and Dn = diag[�M+1; :::; �N ].

Then a polynomial can be constructed as follows:

�(z) = SH(r; �)
�
EnEHn

�
S(r; �)

= vH(�)
�
GH(r)EnEHn G(r)

�| {z }
,A

v(�)

=
1

2�
[1; z�1; : : : ; z�(Q�1)]A[1; z; : : : ; zQ�1]T (5.9)

where �(z) is a polynomial with degree of (2Q�2), meaning that there are (2Q�2)

roots. Note that the fact z� = z�1 is used in the above, with (�)� representing

complex conjugate operation.

Since the manifold vector S(r; �) pointing towards one of the incident wave-

fronts lies in the signal subspace, the projection of S(r; �) onto the noise subspace

En is zero. This implies that z corresponding to a true DOA is a root of the above

polynomial. Thus, the DOA estimation is converted into a root �nding problem

of Eqn. (5.9), where DOA's can be directly obtained as the phase angles of the

roots closest to the unit circle, given that z = e�j�. This method is referred to as

the extended root-MUSIC in this work.
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However, the requirement of computing all the (2Q� 2) roots of Eqn. (5.9),

coupled with the fact that Q � N , renders this method computationally ex-

pensive, particularly when the number of nodes N in a wireless array is also

very large. In this section, a novel algorithm will be presented, which requires

calculating only the roots of interest, i.e. M roots.

5.1.3 The Proposed Algorithm

The polynomial (5.9) can be rewritten as,

�(z) =
1

2�

Q�1X
i=�(Q�1)

biz
�i (5.10)

where the coe�cient bi is given by,

bi =
X

8m�n=i

[A]m;n (5.11)

with [A]m;n denoting the (m;n)th entry of matrix A , GH(r)EnEHn G(r) 2 CQ�Q:

It is clear that bi is the sum of the entries of A along the ith diagonal, 8i 2

[�(Q� 1); (Q� 1)]; as shown in Fig. 5.2.

Figure 5.2: An illustration of the entries of matrix A along the ith diagonal,
8i 2 [�(Q� 1); (Q� 1)]:

Taking into account the Hermitian property of A, one obtains that bi = b��i.

Also, �(z) is nonnegative because �(z) =
EHn S(r; �)2 � 0; where k�k denotes

the Euclidean norm of a vector. According to Lemma 1 of [61], the Laurent
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polynomial �(z) can be factorised as

�(z) = c1�1(z)�
�
1(
1

z�
) (5.12)

where c1 is a positive constant. From Eqn. (5.12), one can observe that the

roots of �(z) appear in conjugate reciprocal pairs, i.e., if z1 is a root of �(z), then

(1=z1)
� is also a root. This property suggests that computing half of the roots

(i.e., roots of �1(z)) is su�cient to �nd the roots of interest. To this end, a fast

spectral factorisation method based on Schur algorithm [61] is applied, which can

be implemented via the following steps.

1. Initialise a (Q� 2) matrix B0 using the coe�cients bi calculated from Eqn.

(5.11).

B0 =

0@ b0; b�1; � � � ; b�(Q�2); b�(Q�1)

b�1; b�2; � � � ; b�(Q�1); 0

1AT

(5.13)

2. For k = 1; 2; � � � until convergence, iterate the following steps:

(a) Bk = Bk�1Uk, where Uk is a (2� 2) matrix de�ned as,

Uk =
1q

1� jj2

0@ 1; �

��; 1

1A (5.14)

with  = [Bk�1]1;2=[Bk�1]1;1, i.e., the ratio of the two entries of the �rst

row of Bk�1.

(b) Shift up the second column of Bk by one element while keeping the

�rst column unaltered.

(c) Test for convergence
b1;k � b1;k�1


F
< �threshold, where b1;k and b1;k�1

denote the �rst column of Bk and Bk�1 respectively and �threshold de-

notes a pre-speci�ed threshold value (e.g. 10�4). If converged, go to

(3), else return to step (2.a).

3. The coe�cients of �1(z) are b
�
1;k.
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The Schur algorithm exploits the Toeplitz structure to complete triangular

factorization and is known to be a fast Toeplitz solver that requires only O(Q2)

operations to converge [62]. Now the polynomial factor �1(z), which has all its

roots on or inside the unit circle, is obtained. To �nd the roots, one can construct

an unsymmetric companion matrix M whose eigenvalues correspond to the roots

of �1(z) (pp.348, [63]). Due to the fact that the eigenvalues of interest must be

the largest ones, one can take use of Arnold iteration to calculate only the M

largest eigenvalues (pp.499-503, [63]). Note that the function eigs.m of MATLAB

has implemented Arnoldi iteration by using the ARPACK software package [64].

To summarise, the proposed fast root-MUSIC algorithm for wireless arrays of

arbitrary geometry can be accomplished via the following steps.

1. Compute the sampling matrix G(r). Note that this o�ine process requires

to be done only once for a wireless array of given geometry.

2. Form the covariance matrix Rxx and perform eigenvalue decomposition to

obtain the noise subspace En and construct A in Eqn. (5.9). Then the

coe�cients of �(z) can be calculated from A using Eqn. (5.11).

3. Perform fast spectral factorisation on �(z) via Schur Algorithm to obtain

the polynomial factor �1(z) and the corresponding companion matrix M.

4. Apply Arnoldi iteration method to calculate the M largest eigenvalues of

M.

5. Then DOA's can be then estimated by the phase angles of these eigenvalues.

5.2 IDFT-based Adaptive Direction Finding

In the presence of moving sources, the usefulness of the block-processing-based

subspace techniques is limited due to the high computational complexity asso-

ciated with either the eigenvalue decompositions (ED) of the covariance data

matrix or the singular value decomposition (SVD) of the data matrix. Especially
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in a time-variant environment, the signal and noise subspaces change constantly

with time and thus have to be computed repeatedly by ED/SVD. As a result,

conventional decomposition approaches are deemed unsuitable in the context of

adaptive signal processing.

In order to overcome this di�culty, an adaptive direction �nding framework

will be introduced, which employs subspace tracking technique to update the

eigenbasis recursively on the arrival of a new data snapshot. In addition, a fast

implementation of IDFT will be applied to evaluate the DOA's directly, without

the need of performing polynomial rooting at each iteration. As a result, the pro-

posed IDFT-based adaptive direction �nding approach provides a framework of

tracking DOA's of multiple moving targets (associated with the passive mobility)

while reducing the computational complexity considerably.

5.2.1 Introduction to Subspace Tracking

Subspace-based high-resolution methods have proven to be an important tool

in a wide variety in signal processing. Such techniques have been applied in

numerous domains, including the �elds of adaptive �ltering, direction �nding,

tracking and signal parameter estimation. The conventional implementations of

these approaches commonly rely on ED or SVD to extract the desired information

about the signal and noise subspaces. However, as mentioned before, the main

drawback of these conventional methods is the inherent complexity associated

with the repeated decomposition.

With the objective to alleviate this problem, a large number of techniques have

been introduced in the context of adaptive signal processing over the past. In con-

trast to those block processing (or batch processing) based methods, most adap-

tive subspace tracking techniques operate in sequential data processing mode.

Such techniques perform an updating of the eigenbasis recursively on the arrival

of a new data snapshot. A thorough overview of the most of the adaptive algo-

rithms for subspace tracking has been presented in [65]. In general, the subspace

tracking techniques can be grouped into three categories [66]:
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i) Classical batch ED/SVD methods modi�ed for use in adaptive processing

(e.g., [63]).

ii) Variations of rank-one updating algorithms [67] including subspace averag-

ing [68].

iii) Algorithms that consider subspace estimation as a constrained or uncon-

strained optimization problem which, for example, can be adaptively pro-

cessed by means of gradient based methods (e.g., [69] and [70]).

In particular, the introduction of a projection approximation method leads

to fast subspace tracking implementations which provide excellent tracking capa-

bility (see, e.g., the PAST [66], NIC [71], OPAST [72] and API [73]). A variety

of the type-iii approaches have been extended by tracking methods that directly

operate on the unique projection matrix onto the signal subspace rather than

tracking its unitary eigen-basis [74]. In [75], the authors have shown that these

subspace tracking approaches are closely linked to the classical power iteration

method [63].

In terms of computational complexity, the existing techniques can be dis-

tinguished between methods requiring O(N2M); O(N2); O(NM2) or O(NM)

operations per update, where N is the dimension of the input vector and M

(M < N) is the number of desired eigencomponents. In general, if the exact

subspace of each new vector sequence is to be computed, then the computational

order cannot be made less than O(N2M) [76]: However, the subspace compu-

tation problem can often be reformulated as subspace estimation, where some

error is tolerated. E�cient algorithms that estimate the subspace in an adaptive

fashion are collectively referred to as subspace tracking algorithms. Techniques

that have complexity of O(NM2) and O(NM) are also called linear complexity

approaches as their computational complexity is a linear function of N:

A further distinction of these algorithms lies in the fact that whether the meth-

ods involve principal and minor subspace analysis (PSA and MSA) or principal

and minor component analysis (PCA and MCA). The main di�erence between
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the two is that the latter requires the estimation of the exact eigenvectors of the

covariance matrix of the input vector sequence while the former estimates only a

basis of the principal or minor subspace.

5.2.2 Data Model

Let us consider that a wireless array of N sensors cooperatively receiving nar-

rowband uncorrelated signals from M moving targets whose directions are time-

varing and to be estimated adaptively. Similar to Eqn. (5.1), the received signal

vector by the wireless array can be expressed as,

x(t) =
MX
i=1

mi(t)Si(t) + n(t)

= S(t)m(t) + n(t) (5.15)

where S(t) = [S1 (�1(t)) ; :::; SM (�M(t))] is a N �M time-varying array manifold

matrix, with the mth column being a N � 1 array manifold vector for the mth

source and �m(t) being the time-varying DOA for them
th source (i.e. an arbitrary

function of time); m(t) and n(t) are the same as described in Eqn. (5.1). Without

loss of generality, only azimuth angles of arrival will be considered in this work.

The time-varing covariance matrix of the received signal is de�ned as,

Rxx(t) = E
�
x(t)xH(t)

	
(5.16)

Replacing the expectation with the exponentially weighted sum yields

Rxx(t) =
tX

u=1

�t�ux(u)xH(u) (5.17)

where � 2 (0; 1] is commonly known as the forgetting factor. It is clear that all the

received sample vectors available in the time interval 1 � u � t are involved in the

estimation of the covariance matrix at the time instant t: The introduction of � is

intended to reect the fact that data in the distant past should be downweighted

when the system is operating in a non-stationary environment. When � = 1;

Eqn. (5.17) corresponds to the special case of a growing sliding window.
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Furthermore, Eqn. (5.17) can be recursively updated according to the follow-

ing scheme:

Rxx(t) = �Rxx(t� 1) + x(t)xH(t) (5.18)

Let us consider the following scalar function

J(W) , E
nx�WWHx

2o
= tr(Rxx)� 2tr(WTRxxW)+tr(WTRxxWWTW) (5.19)

where matrix argument W 2 CN�M is a full-rank matrix to be found.

The following theorem [66] provides the very desirable properties of J(W) 2

R, which renders Eqn. (5.19) an ideal optimisation criterion for many subspace

tracking algorithms:

Theorem 5.1 W is a stationary point of J(W) if and only if W = UMQ, where

UM is an N � M matrix containing any M distinct eigenvectors of Rxx and

Q is an arbitrary M � M unitary matrix, i.e. QQH = QHQ = IM . At each

stationary point, J(W) is equal to the sum of the eigenvalues whose corresponding

eigenvectors are not involved in UM .

Theorem 5.2 All stationary points of J(W) are saddle points, except when UM

contains the M dominant eigenvectors of Rxx, i.e. UM = Es. In that case, J(W)

attains the global minimum.

In other words, minimising J(W) in Eqn. (5.19) will automatically yield a

solution W with columns spanning the basis of the signal subspace Es. That is;

Wopt = EsQ = argmin
W

J(W) (5.20)

J(Wopt) = �M+1 + :::+ �N = (N �M)�2 (5.21)

It is important to note that at the global minimum of J(W), the columns of

Wopt are not equal to the signal eigenvectors of Rxx. Instead, the column span of

Wopt represents an arbitrary orthonormal basis of the signal subspace as indicated

in Eqn. (5.20). In addition, the outer product WoptWH
opt is unique. It equals the

signal subspace projection matrix EsEHs , as QQ
H = IM :
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5.2.3 Subspace Tracking Techniques

5.2.3.1 Gradient Methods

Since the minimisation of Eqn. (5.19) with respect to W represents an uncon-

strained optimisation problem, it is straightforward to apply the gradient-based

iterative methods to �nd the minimum. The gradient of J(W) with respect toW

is given by [66],

rJ = [�2Rxx + RxxWWT +WWTRxx]W (5.22)

The minimisation can be achieved via the following update, using Gradient-

Descent approach,

W(t) =W(t� 1)� �rJ(W(t� 1)) (5.23)

where � is a step size to be suitably chosen.

A further simpli�cation can be achieved by replacing the covariance matrix

Rxx by its instantaneous estimate

bRxx = x(t)xH(t) (5.24)

and approximating WH(t� 1)W(t� 1) by the identity matrix I. This results in

the Oja's algorithm [77].

W(t) =W(t� 1) + �[x(t)�W(t� 1)y(t)]yH(t) (5.25)

with

y(t) =WH(t� 1)x(t) (5.26)

Moreover, depending on the sign of �, Eqn. (5.25) can be used for either prin-

cipal subspace extraction (i.e. PSA) when � > 0, or minor subspace extraction

(i.e. MSA) when � < 0. The Oja algorithm is perhaps the simplest in computa-

tion among all linear complexity algorithms. However, the main shortcomings of

this method is the di�culty in choosing a suitable step size � and the sensitivity

of the convergence behavior with respect to the input data.
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5.2.3.2 Normalised Oja Algorithms (NOja and NOOja)

Using the assumption of WH(t� 1)W(t� 1) ' I, Eqn. (5.19) becomes

J(W(t)) ' tr(Rxx)� tr
�
WT (t)RxxW(t)

�
(5.27)

Inserting Eqn. (5.23) into Eqn. (5.27)

J(W(t)) = tr(Rxx)� tr
��
WT (t� 1)��(t)rTJ(W(t� 1))

�
Rxx

� [W(t� 1)� �(t)rJ(W(t� 1))])

= J(W(t� 1)) + 2�(t)tr
�
WT (t� 1)RxxrJ(W(t� 1))

�
��2(t)tr(rTJ(W(t� 1))RxxrJ(W(t� 1)) (5.28)

Since Eqn. (5.28) is a quadratic function with respect to �(t), it has a global

extremum (maximum). The optimal step size can be found by setting,

@J(W(t))
@�(t)

= 0 (5.29)

which leads to

�opt(t) =
tr
�
WT (t� 1)RxxrJ(W(t� 1))

�
tr
�
rTJ(W(t� 1))RxxrJ(W(t� 1))

� (5.30)

This adaptive stepsize �opt(t) results in the maximum increment on J(W) at

each iteration, which yields a minor subspace extraction solution. It has also

been pointed out that by replacing �opt(t) with its negative value a suboptimal

solution [78] can be achieved for minimising J(W) (i.e. PSA).

The resulting iterative algorithm, Normalised Oja (NOja), and an orthogonal

version, Normalised Orthogonal Oja (NOOja) are presented in [78], which can

perform both MSA and PSA. Due to the adaptive stepsize, both algorithms

exhibit a faster convergency speed than the Oja's algorithm [77] with comparable

computational complexity.

5.2.3.3 Projection Approximation Subspace Tracking (PAST)

Assuming an exponential data window, the expectation operator in Eqn. (5.19)

can then be replaced by an exponentially weighted sum,

J(W(t)) =
tX

u=1

�t�u
x(u)�W(t)WH(t)x(u)

2 (5.31)
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It is clear that J(W(t)) is a fourth-order function ofW(t). In order to simplify

the cost function, a key approximation is made by Yang in the PAST algorithm

[66] by replacing WH(t)x(u), the unknown projection of x(u) onto the columns

of W(t), with the term y(u) =WH(u� 1)x(u) which is known at time instant t.

Such approximation is clearly valid if the matrix W(t) is slowly varying with u:

This leads to a modi�ed cost function

Jmod(W(t)) =
tX

u=1

�t�u
x(u)�W(t)y(u)2 (5.32)

which is the exponentially weighted least squares criterion that can be readily

solved by various existing recursive least squares (RLS) algorithms [79].

In other words, the subspace tracking problem, in which involves the minimi-

sation of J(W(t)), has been transformed into the well-studied RLS problem in

PAST algorithm. It has been shown that Jmod(W(t)) is minimised if

W(t) = Rxy(t)R
�1
yy (t) (5.33)

where

Rxy(t) =
tX

u=1

�t�ux(u)yH(u) = �Rxy(t� 1) + x(t)yH(t) (5.34)

Ryy(t) =
tX

u=1

�t�uy(u)yH(u) = �Ryy(t� 1) + y(t)yH(t) (5.35)

A recursive computation ofW consisting of a series of low-complexity update

equations is summarised below,
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Algorithm 5.1 The PAST Algorithm for Tracking the Signal Subspace

Initialisation:

W(0) =
� IM
O(N�M)�M

�
; P(0) = IM

choose the forgetting factor � suitably (� 2 (0; 1])

For t = 1; 2; ::: do

Input vector: x(t)

y(t) =WH(t� 1)x(t)

h(t) = P(t� 1)y(t)

g(t) = h(t)=(� + yH(t)h(t))

P(t) = 1
�

�
P(t� 1)� g(t)hH(t)

�
e(t) = x(t)�W(t� 1)y(t)

W(t) =W(t� 1) + e(t)gH(t)

End

The PAST algorithm requires 3NM + 2M2 +O(M) operations every update

and in most cases converges to an asymptotically orthonormal matrix spanning

the principal subspace much faster than the Oja method [77]. But in some cases,

the PAST algorithm oscillates without convergence as pointed out in [72]. More-

over, the lack of orthonormality in W(t) at each iteration may be undesired in

many subspace-based estimation methods.

5.2.3.4 The Orthonormal PAST (OPAST) Algorithm

In order to alleviate the drawback of the PAST algorithm, an orthonormal version

of PAST algorithm is proposed in [72]. The idea of the OPAST algorithm is to

re-orthonormalise the weight matrixW(t) obtained from the PAST algorithm via

a square root inverse step [80] given by

W(t) =W(t)(WH(t)W(t))�1=2 (5.36)

where the square root inverse is explicitly used to force the matrix to W(t) to be

orthonormal (the factor 1=2 is due to the symmetry ofM�M matrixWH(t)W(t)).
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However, unlike conventional methods where a re-orthonormalisation step typ-

ically requires O(NM2) ops [66], the fast implementation of OPAST costs only

4N(M +1)+2M2+O(M) ops per iteration (a more e�cient implementation of

OPAST requiring only 3NM +N +3M2+O(M) ops is presented in [81]), with

additional advantages of guaranteed the orthonormality and global convergence.

It has been shown that the OPAST has the same asymptotic performance

regarding the subspace error while guarantees the orthonormality of the weight

matrix W at each iteration. Moreover it has the same computational complexity

as the PAST and a global convergence property like the natural power (NP)

method [82].

5.2.3.5 Constrained Projection Approximation (CPAST)

More recently, a constrained projection approximation subspace tracking (CPAST)

algorithm has been proposed in [83], which is based on a constrained optimisation

criterion, as below:

minimise
W

J(W(t)) =
tX

u=1

�t�u
x(u)�W(t)y(u)2 (5.37)

subject to WH(t)W(t) = IM

where y(u) =WH(u� 1)x(u).

It is clear that the solution to Eqn. (5.37) guarantees the orthonormality of

the estimated signal subspace basis at each iteration and, thus, eliminates the

need of orthonormalisation after each update.

In order to solve this constrained problem, Lagrange multipliers method has

been employed in [83], which leads to the following fundamental solution:

W(t) = Rxy(t)
�
RHxy(t)Rxy(t)

��1=2
(5.38)

Comparing Eqn. (5.38) with Eqn. (5.33), it can be seen that CPAST only

needs Rxy(t) in order to update W(t) and the calculation of Rxx(t) is no longer

necessary, which is required in PAST. A fast recursive implementation of CPAST

has a linear complexity of O(4NM + 2M + 5M2) [83], which exhibits slightly

better performance than that of OPAST.
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However, these projection approximation based algorithms, including PAST,

OPAST and CPAST, all yield only a random basis of the principal subspace

when converged, i.e. Wopt= ESQ. If PCA is to be performed, the arbitrary

unitary matrix Q has to be eliminated. Recently in [81], a modi�ed OPAST

(PC-OPAST) algorithm has been introduced to allow the adaptive estimation

of the signal eigenvectors using Given rotations. On the other hand, instead of

using the exponentially weighted window a sliding window version of the OPAST

(SW-OPAST) has been presented in [84].

5.2.4 IDFT-Based Adaptive Direction Finding Approach

In the context of Mobile Sentinel WSN's, the problem concerned in this section is

to track the directions of multiple moving targets, whose mobility is not controlled

by the network (i.e. passive mobility). As have been studied in the previous

section, a vast amount of research work has been carried out in the �eld of

subspace tracking. However the problem of how to e�ciently extract the DOA's

from the estimated signal or noise subspace at each iteration has received less

attention.

Perhaps, one of the most commonly used approach is the MUSIC approach

[85], which involves the computation of the following cost function

�MUSIC(�) = SH (�)EnEHn S (�) (5.39)

or

�MUSIC(�) = SH (�)
�
I� EsEHs

�
S (�) (5.40)

depending on either the signal or noise subspace tracking technique is being em-

ployed.

The conventional way of solving such minimisation problem is via �nding the

peaks of the MUSIC spectrum. That is,

b� = argmax
�

1

�MUSIC(�)
(5.41)

Equation (5.41) e�ectively requires an exhaustive search over � 2 [0; 2�) with a

certain stepsize, where the cost function (5.39) or (5.40) will have to be computed



5. Cooperative Direction Finding 110

repeatedly for each searching point at each time iteration. In practice, such

implementation may not be ideal, especially for real-time applications.

Therefore, it is the objective of this work to introduce a complete adaptive

direction �nding framework, which exploits the advantages of subspace tracking

and provides an e�cient and practical approach to estimate the DOA's at each

iteration. Extending the work of the fast root-MUSIC approach presented in

the previous section to a non-stationary environment, an adaptive IDFT-based

direction �nding algorithm will be proposed.

5.2.4.1 Signal Subspace Tracking

It is interesting to note that most (if not all) of the high accuracy linear complexity

algorithms, such as Oja method, PAST, OPAST and CPAST algorithms, fall into

the category of the classical power iteration method [75] [76].

Recall that the classical projection approximation [66] assumes that

WH(t)x(u) 'WH(u� 1)x(u) , y(u); 8u 2 [1; t] (5.42)

It has been shown in [75] that this assumption (5.42) is equivalent to

W(t) 'W(t� 1) (5.43)

at each time step.

More recently, a less restrictive form of approximation is introduced for the

Approximated Power Iterations (API) method [86], which is given by

W(t) 'W(t� 1)�(t) (5.44)

where M �M matrix �(t) is nearly orthonormal which is de�ned as

�(t) ,WH(t� 1)W(t) (5.45)

It is worth noting that Eqn. (5.44) is the best approximation of W(t) in the

mean-square error sense, because Eqn. (5.45) is the solution to the minimization

problem,

argmin
W

kW(t)�W(t� 1)�(t)k2F (5.46)
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Based on this modi�ed approximation (5.44), the subspace matrix W(t) can

be estimated recursively in a similar fashion, to the PAST algorithm, as follows

(for more details, the reader can refer to [86]),

W(t) =
�
W(t� 1) + e(t)gH(t)

�
�(t) (5.47)

where e(t) and g(t) are as de�ned in the PAST algorithm (see Algorithm 5.1) and

then M �M matrix �(t) is given by,

�(t) =
�
IM + ke(t)k2 g(t)gH(t)

��1=2
(5.48)

It is also straightforward to show that this recursive update equation (5.47)

satis�es the condition that �(t) = WH(t � 1)W(t), taking into account that

W(t � 1) and W(t) are both orthonormal matrices and the error vector e(t) is

orthogonal to W(t� 1).

Interestingly, if the second-order term ke(t)k2 is neglected in Eqn. (5.48), �(t)

e�ectively becomes a M �M identity matrix, in which case Eqn. (5.47) then

becomes

W(t) =W(t� 1) + e(t)gH(t) (5.49)

which is the exact implementation of the classical PAST algorithm [66]. In other

words, PAST can be viewed as a �rst-order approximation of the API method

[86] 3.

In our proposed approach, a Fast Approximated Power Iteration (FAPI) [73]

is exploited for the recursive signal subspace estimation. FAPI is a fast imple-

mentation of the API method, which involves a faster inverse square root in

computing �(t) (the reader can refer to [73] for more details). The pseudocode

of the exponential window FAPI algorithm is given in Algorithm 5.2.

3It has been shown also that the OPAST [72] can be seen as an intermediary between PAST
and API [73].
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Algorithm 5.2 FAPI Algorithm for subspace tracking

Initialisation:

W(0) =
� IM
O(N�M)�M

�
; P(0) = IM

choose the forgetting factor � suitably (� 2 (0; 1])

For t = 1; 2; ::: do

Input vector: x(t)

PAST main section:

y(t) =WH(t� 1)x(t)

h(t) = P(t� 1)y(t)

g(t) = h(t)=(� + yH(t)h(t))

FAPI main section:

"2(t) = kx(t)k2 �
y(t)2

�(t) = "2(t)=

�
1 + "2(t)

g(t)2 +q1 + "2(t)g(t)2�
�(t) = 1� �(t)

g(t)2
y0(t) = �(t)y(t) + �(t)g(t)

h0(t) = PH(t� 1)y0(t)

�(t) = �(t)
�(t)

�
P(t� 1)g(t)� g(t)h0(t)Hg(t)

�
P(t) = 1

�

�
P(t� 1)� g(t)h0(t)H + �(t)gH(t)

�
e0(t) = �(t)x(t)�W (t� 1)y0(t)

W(t) =W(t� 1) + e0(t)gH(t)

End

The FAPI algorithm has a linear complexity of N(3M + 2) + 5M2 + O(M)

ops per iteration, which is comparable with PAST and OPAST, and guarantees

the orthonormality of the subspace matrix at each time step.

5.2.4.2 Fast implementation of updating the polynomial coe�cients

Although a number of subspace tracking algorithms have been thoroughly stud-

ied, it is not the aim of this work to compare their performance in details. Our

main interest in this work is focused on developing an adaptive direction �nding

framework based on the subspace tracker.
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After obtaining the signal subspace weighting matrix W(t) at the tth time

instant, the estimated signal subspace projection matrix is given by

bPEs(t) = bEs(t)bEHs (t) =W(t)WH(t) (5.50)

The objective now is to update the root-MUSIC polynomial coe�cients usingbPEs(t). The root-MUSIC polynomial is given by Eqn. (5.10), i.e.,
�(z) = SH(r; �)

�
En(t)EHn (t)

�
S(r; �)

= vH(�)
�
GH(r)(I�bPEs(t))G(r)�| {z }

,A(t)

v(�)

=
1

2�

Q�1X
i=�(Q�1)

bi(t)z
�i (5.51)

where bi(t), as mentioned before, is the sum of the elements of the matrix A(t) =

GH(r)(I�bPEs(t))G(r) along the ith diagonal, 8i 2 [�(Q� 1); (Q� 1)] (please see
Fig. 5.2); and z = e�j�. Please note that, for simplicity, � is used to denote the

time-varying DOA at the tth time instant throughout this section.

The naive way of computing the polynomial coe�cients bi(t) is via two steps:

1. To calculate A(t) �rst, using the estimated signal subspace projection ma-

trix at the tth time instant bPEs(t):
2. Then to take the summations along A(t)'s each diagonal, as illustrated in

Fig. 5.2.

In fact, a faster one-step operation can be accomplished as given below,

bi(t) = ai � ci(t) (5.52)

where ai is the sum of the elements of matrix GH(r)G(r) along the ith diagonal,

8i 2 [�(Q�1); (Q�1)]. It is important to note that ai not only is time indepen-

dent but also can be computed a priori (o�ine) using the geometry information

of the wireless array alone. ci(t) is given by,

ci(t) =
MX
j=1

wHj (t)Kiwj(t); for i 2 [0; Q� 1] (5.53)
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where wj(t) 2 CN�1 is the jth column vector of signal subspace weight matrix

W(t), i:e:

W(t) =
�
w1(t); w2(t); :::; wj(t); :::; wM(t)

�
(5.54)

and the Q�Q matrix Ki is given by

Ki = G(r)JiGH(r) (5.55)

which is independent of any signal or channel parameter and therefore can be

formed o�ine, with Ji; 8i 2 [0; Q�1]; representing a known set of sparse matrices

given by,

Ji =

24 O(Q�i)�i; I(Q�i)

Oi�i; Oi�(Q�i)

35 (5.56)

where Ik represents a k by k identity matrix and Ok�l denotes a zero matrix of

dimension of k by l.

Furthermore, for i 2 [�(Q � 1); 0); due to the conjugate symmetry relation,

ci(t) can be readily obtained via,

ci(t) = c��i(t) (5.57)

A detailed proof of the proposed fast implementation can be found in Ap-

pendix 5.A. Till this end, all coe�cients of the root-MUSIC polynomial, bi(t);

can be updated using Eqn. (5.52) at time instant t:

A careful complexity analysis reveals that the naive two-step approach of

computing bi(t) requires O (8Q2N + 8QN2) operations per iteration while the

proposed one-step fast implementation runs in only O (10QN2M � 3QNM) op-

erations. It is important to point out that Q � N > M: In a typical scenario,

where, for example, a wireless array of N = 5 sensors is operating in the pres-

ence of M = 2 targets and Q = 99 is used, which provides a modelling error of

k"kF � 10�15 in Eqn. (5.2), the proposed fast implementation represents a dra-

matic 88% reduction in complexity compared with the naive two-step approach.
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5.2.4.3 DOA Estimation via IDFT

The root-MUSIC polynomial (5.10) can be rewritten explicitly dependent on �,

by substituting z = e�j� into the equation,

�(�) =
1

2�

Q�1X
i=�(Q�1)

bi(t)e
ji� (5.58)

Further manipulations can be applied if one de�nes k , i+Q� 1

�(�) =
1

2�

2(Q�1)X
k=0

bk�Q+1(t)e
j�(k�Q+1)

=
1

2�
ej(1�Q)�

2(Q�1)X
k=0

bk�Q+1(t)e
jk�

=
1

2�
ej(1�Q)�

K�1X
k=0

bk(t)e
jk�

where a real-valued number K, which is greater or equal to 2(Q�1) and takes the

value of a power of 2, is introduced to replace the upper limit of the summation

and the coe�cient bk(t); 8k 2 [0; K � 1], is given by,

bk(t) =

8><>:
bk�Q+1(t); if 0 � k � 2(Q� 1)

0; if 2(Q� 1) < k � K � 1
(5.59)

Finally, a cost function can be de�ned as

	IDFT(n) =
1

j�(�)j

=
2�=K���� 1KK�1P

k=0

bk(t)ejk�
����

=
2�=K���� 1KK�1P

k=0

bk(t)e
jk 2�n

K

���� (5.60)

where n = 0; 1; 2; : : : ; K�1. The signi�cance of of above cost function is that the

denominator of Eqn. (5.60) has the form of a standard K-point IDFT, meaning

that the cost function can be computed directly and e�ciently using IDFT for a

given set of coe�cients bk. It is well known that, taking advantage of the e�ciency
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of the fast Fourier transform (FFT), a K-point IDFT can be achieved via only

O (K log2K) operations, instead of the naive way of O (K2) operations.

It is clear that the peaks of the cost function (5.60) correspond to the true

DOA's because the denominator will have least magnitude when the true DOA

is used in �(�). The DOA of the mth (1 � m � M) moving target can then be

estimated by: b�m = 2�nm
K

(5.61)

where nm is the index n of the m
th peak.

In summary, the proposed IDFT-Based adaptive direction �nding algorithm

can be accomplished via the following steps.

Algorithm 5.3 The IDFT-Based Adaptive Direction Finding Algorithm

1. At each time instant, apply the FAPI subspace tracking algorithm (Al-

gorithm 5.2) to recursively estimate the signal subspace weighting matrix

W(t):

2. Update the root-MUSIC polynomial coe�cients bi(t); 8i 2 [�(Q�1); (Q�

1)], using the proposed fast one-step implementation by Eqn. (5.52).

3. Form the IDFT coe�cients bk(t); 8k 2 [0; K � 1], by padding bi(t) with

(K � 2Q+ 1) zeros, using Eqn. (5.59).

4. Perform K-point IDFT operation on bk(t) and invert the results to obtain

the spectrum 	IDFT(n); 8n 2 [0; K � 1] according to Eqn. (5.60).

5. Identify the M peaks on the spectrum.

6. Estimate the DOA's of M targets by Eqn. (5.61).

Please note that in Step-5 theM peaks on the spectrum can be identi�ed using

a simple line-search, because the values of all K spectral points have already been

obtained using a K-point IDFT operation. This is in contrast to the classical

MUSIC algorithm, where each searching point requires a matrix multiplication.
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5.3 Simulation Studies

5.3.1 Fast root-MUSIC for Wireless Arrays of Arbitrary

Geometry

Consider a wireless array of N = 6 sensors, with arbitrary geometry, operating

in the presence of M = 4 mutually uncorrelated equal-powered signals. It is

assumed that the wireless array is fully calibrated and operating as a single array

unit to cooperatively receive the signals impinging from the far-�eld region. The

Cartesian coordinates of the array sensors, measured in half-wavelength, are given

by,

r =

0BBB@
1:38; 0:69; 1:8; 3:3; 4:35; 5:7

0; �1:36; 0:45; 0:75; �0:84; 0:45

0; 0; 0; 0; 0; 0

1CCCA (5.62)

The noise is modeled as a additive zero-mean white Gaussian noise, with

signal-to-noise ratio (SNR) set to be 20dB. Q = 100 is used for the manifold

separation in Eqn. (5.2), which provides a modelling error of k"kF � 10�15. It is

assumed that the number of signals has been estimated and is considered to be

known.

In the �rst example, an observation window of 1000 snapshots is used in

the simulations, with DOA's = [�60�;�58�; 110�; 112�]. Table. 5.1 shows the

computed roots by the extended root-MUSIC as well as their associated root

magnitudes and the phase angles, while Table. 5.2 lists those computed using

the proposed fast root-MUSIC algorithm.

It is important to note that, due to the space limitation, Table. 5.1 only lists

a selection of the roots that are close to the unit circle (i.e. with magnitude

close to 1). In order to estimate the DOA's, the extended root-MUSIC requires

to calculate the complete 2Q � 1 = 199 roots. From this complete polynomial

rooting results, it is apparent that the roots are present in conjugate reciprocal

pairs, which is in accordance with Eqn. (5.12). On the other hand, it is clear from

Table. 5.2 that the proposed fast root-MUSIC algorithm produces very similar
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Index Root Magnitude Phase Angle
::: ::: ::: :::
92 0:76461� 1:5506j 1:7288 63:751�

93 �0:64976 + 1:5187j 1:6518 �113:16�
94 0:35328 + 1:5201j 1:5606 �76:917�
95 0:52601 + 0:89746j 1:0403 �59:625�
96 �0:34528� 0:97947j 1:0385 109:42�

97 0:5338 + 0:87582j 1:0257 �58:638�
98 �0:376� 0:94779j 1:0196 111:64�

99 �0:36165� 0:91162j 0:98073 111:64�

100 0:50741 + 0:83252j 0:97497 �58:638�
101 �0:32012� 0:90811j 0:96289 109:42�

102 0:48609 + 0:82935j 0:96131 �59:625�
103 0:14505 + 0:62414j 0:64078 �76:917�
104 �0:23813 + 0:55658j 0:60538 �113:16�
105 0:25582� 0:51878j 0:57842 63:751�

::: ::: ::: :::

Table 5.1: The roots computed by the extended root-MUSIC and their associated
root magnitudes and phase angles, with the number of snapshots = 1000, true
DOA's = [�60�;�58�; 110�; 112�], SNR = 20dB.

Index Root Magnitude Phase Angle
1 �0:36106� 0:91043j 0:97941 111:63�

2 0:50695 + 0:83116j 0:97356 �58:62�
3 �0:32017� 0:90793j 0:96273 109:42�

4 0:48574 + 0:82938j 0:96115 �59:644�

Table 5.2: The roots computed by the proposed fast root-MUSIC and their asso-
ciated root magnitudes and phase angles, with the number of snapshots = 1000,
true DOA's = [�60�;�58�; 110�; 112�], SNR = 20dB.

victor
Rectangle
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Figure 5.3: The DOA estimations of the proposed fast root-MUSIC, the extended
root-MUSIC and the spectral MUSIC algorithm, with the number of snapshots
= 1000, true DOA's = [�60�;�58�; 110�; 112�] and SNR= 20dB (The results is
averaged from 1000 Monte-Carlo trials).

estimation performance while only requiring the computation of the those roots

associated with the true sources.

With Monte-Carlo simulations of 1000 independent trials, Fig. 5.3 illustrates

the DOA estimation performance of the proposed algorithm in comparison with

the spectral MUSIC and the extended root-MUSIC algorithm. One may observe

that the MUSIC algorithm fails to di�erentiate two signals when they are closely

spaced, while both the extended root-MUSIC and the proposed method are able

to produce the DOA estimates. This result is in agreement with the �ndings that

the root-based methods are immune to the radial errors [54]. It is clear that the

proposed approach yields accurate DOA estimates which are comparable to the

extended root-MUSIC that requires the complete polynomial rooting.

In the last example, M = 2 sources are generated with �1; the DOA of the
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Figure 5.4: The DOA estimation RMSEs versus �2��1; with number of snapshot
= 1000; �1 = 100

� and SNR = 20dB (each point is averaged from 1000 Monte-
Carlo trials).

�rst source, being �xed at 100� and �2 � �1 varying from 1� to 10�. The ob-

servation window is set to contain 1000 sample snapshots, with SNR = 20dB.

Fig. 5.4 shows the DOA estimation root-mean-square-errors (RMSEs) of the

proposed approach versus �2 � �1. 1000 Monte-Carlo runs have been performed

for each point. It is clear that the proposed fast root-MUSIC algorithm exhibits

asymptotically the same performance as the extended root-MUSIC, with �2 � �1
changing from 1� to 10�. In addition, the rooting-based methods in general have

a better RMSE performance than the spectral MUSIC when the source angular

separation is small.

Similarly, Fig. 5.5 demonstrates the DOA estimation RMSEs of the proposed

technique against the number of snapshot used in the observation window, in

which case the true DOA's = [100�; 105�] and all other parameters are chosen as in
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Figure 5.5: The DOA estimation RMSEs versus the snapshot number with true
DOA's = [100�; 105�] and SNR = 20dB (each point is averaged from 1000 Monte-
Carlo trials).

the previous example. As expected, the proposed fast root-MUSIC has achieved

a rather similar performance to the extended root-MUSIC. When the number

of snapshot is small, the rooting-based techniques have demonstrated superior

RMSE performance than the spectral MUSIC. Again this can be explained by

the fact that the rooting based methods are insensitive to the radial root errors.

5.3.2 IDFT-Based Adaptive Direction Finding Approach

In order to evaluate the performance of the proposed IDFT-based adaptive direc-

tion �nding approach, two randomly moving targets are generated in our simula-

tion environments, using the random trip mobility model and the Gauss-Markov

mobility model, as studied in Section 2.4.1 and 2.4.2, respectively. An arbitrary

wireless array of N = 6 sensors, with the same sensor coordinates as in Eqn.
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(5.62), has been used in our simulations. Again, it is assumed that the wireless

array is fully calibrated and operating as a single array unit to cooperatively

receive the signals impinging from the far-�eld region. The transmitted signals

from the two moving targets are considered to have equal power and uncorrelated.

The noise is assumed to be additive white Gaussian noise, with SNR = 20dB.

Q = 100 is used for the manifold separation in Eqn. (5.2), which provides a

modelling error of k"kF � 10�15. Throughout our simulations, the number of

signals are considered known.

A total number of 2000 snapshots have been generated, which corresponds to

a total time duration of 20s with sampling frequency of 100hz. The top view of

the targets' trajectories relative to the wireless array position is shown in Fig.

5.6.
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Figure 5.6: The top view of the trajectories of two randomly moving targets,
where target 1 follows random trip mobility model and target 2 follows Gauss-
Markov mobility model.
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A forgetting factor, � = 0:7; has been used to form the exponentially weighted

window in Eqn. (5.17). In addition, the IDFT length K = 211 = 2048 is chosen

such that the quantization-error is negligible. Figure 5.7 depicts the true azimuth

DOA angels and the estimated DOA's of the two moving targets, averaged from 50

Monte-Carlo independent runs. It is clear that the proposed IDFT-based adaptive

direction �nding approach works well for both moving targets, generated from

di�erent mobility models.
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Figure 5.7: The true and estimated DOA's of two moving targets, using an
arbitrary Wireless Array of N = 6 sensors, SNR = 20dB, Forgetting factor � =
0:7, the IDFT length K = 2048:(each point is averaged from 50 Monte-Carlo
trials).

Since the subspace weight matrixW is initialised using an arbitrary orthonor-

mal matrix at time instant 0, i.e. W(0) =
� IM
O(N�M)�M

�
, there is a settling down

period at the beginning of the estimation process, where the DOA estimations

are expected to be less accurate. This is best illustrated in Fig. 5.8, where the
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DOA estimation RMSEs for both moving targets during the �rst 100 snapshots

are plotted. It can be observed that the performance of the proposed method

settled down quickly after around 10 snapshots. The DOA estimation RMSEs of

both targets are kept well below 1� thereafter.
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Figure 5.8: The DOA estimation RMSEs of two moving targets, using an arbi-
trary Wireless Array of N = 6 sensors, SNR = 20dB, Forgetting factor � = 0:7
and the IDFT length K = 2048 (each point is averaged from 50 Monte-Carlo
trials).

Furthermore, in order to evaluate the accuracy of the estimated DOA's with

respect to di�erent SNRs, we calculate the RMSE during the observation window

of 2000 snapshots as follows,

RMSE of n snapshots =

r
1

n

X
k�est � �truek

2 (5.63)

where n = 2000 is the number of total snapshots, �est and �true are two 2000 �

1 vectors, with elements being the estimated and true angles of instantaneous

DOA's at each snapshot.
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Figure. 5.9 illustrates the RMSEs performance of the proposed method with

SNR varying from 0dB to 40dB. It can be seen that, in low SNR scenarios (i.e.

SNR � 20dB), the proposed approach achieves a slightly better estimation accu-

racy for target 2, which follows a Random Trip mobility model, than for target

1, which follows a Gauss-Markov mobility model. This is due to the fact that

the DOA changes of the �rst target at each snapshot exhibits more randomness.

In the presence of high level of noise, such uctuations in target movement are

expected to result in less accurate DOA estimations, comparing with the case of

target 2, where the DOA changes are more smooth. As an observation of this

simulation studies, when SNR � 0dB, the FAPI subspace tracking algorithm does

not always converge. However, it is apparent that the proposed technique yields

very accurate DOA estimations (RMSEs � 0:26�) for both targets when SNR

� 20dB.
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Figure 5.9: The DOA estimation RMSEs of 2000 snapshots versus SNR, using
an arbitrary Wireless Array of N = 6 sensors, Forgetting factor � = 0:7 and the
IDFT length K = 2048 (each point is averaged from 50 Monte-Carlo trials).
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5.4 Summary

Under the context of the proposed Mobile Sentinel WSN's, sensor nodes may

be attached to people or moving targets whose mobility is not controlled by the

network. With the objective of developing a cooperative direction �nding algo-

rithm, a novel root-MUSIC type of direction-of-arrival estimation algorithm has

been proposed, �rstly in the stationary environments. The proposed subspace-

type super resolution technique does not have restrictions on the geometry of the

array, which is in contrast with the conventional root-MUSIC, and can be em-

ployed by an array of sensors that are closely located and fully cooperative (i.e.

wireless array) with arbitrary geometry. One major advantage of the proposed

algorithm is that it computes only the roots of interest (those corresponding to

the true DOA's of the targets), instead of performing a full polynomial rooting

as in the conventional approaches. Simulation results have shown that the pro-

posed fast root-MUSIC algorithm provides accurate DOA estimates of the targets

even when conventional spectral MUSIC failed. It is also worth noting that the

proposed technique, with considerably less computational complexity, exhibits

asymptotically the same performance in DOA estimation as the extended root-

MUSIC.

Furthermore, an adaptive DOA estimation framework has been presented in

the second part of this chapter, with the aim of providing an e�cient yet practical

solution to the target direction tracking problem in the context of mobile sensor

networks in general. The proposed approach combines the advantages of subspace

tracking technique and the IDFT-based method and is able to e�ciently track

the DOA's of multiple moving targets. The performance of the proposed tech-

nique have been evaluated via simulation studies, using multiple moving targets

generated by di�erent random mobility models. From the simulation results, it

has been demonstrated that the proposed IDFT-based adaptive direction �nding

algorithm is capable of tracking target DOA's with very good accuracy under

various scenarios.
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Appendix 5.A Proof of the Fast Implementation

of Updating the Polynomial Coe�cients

In order to compute the root-MUSIC polynomial coe�cients bi(t) at each time

instant, the naive method would require to calculate A(t) �rst, using

A(t) = GH(r)(I�bPEs(t))G(r)
= GH(r)G(r)�GH(r)W(t)WH(t)G(r) (5.64)

then to take the summations along A(t)'s each diagonal, as

bi(t) =
X

8m�n=i

[A(t)]m;n (5.65)

with [A(t)]m;n denoting the (m;n)th entry of matrix A(t): Please note that the

last step in Eqn. (5.64) makes use of Eqn. (5.50), i.e.

bPEs(t) = bEs(t)bEHs (t) =W(t)WH(t)

However, a fast implementation can be accomplished by separating signal and

time independent parameters from the computation, as these calculations can be

performed o�ine and only once.

It is clear that Eqn. (5.65) is a linear operation. According to the additivity

property of the linear operator, we have,

bi(t) = ai � ci(t) (5.66)

where ai and ci(t) are the sum of the elements of matrix GH(r)G(r) and

GH(r)W(t)WH(t)G(r) along the ith diagonal, 8i 2 [�(Q � 1); (Q � 1)]; respec-

tively, i.e.

ai =
X

8m�n=i

�
GH(r)G(r)

�
m;n

(5.67)

ci(t) =
X

8m�n=i

�
GH(r)W(t)WH(t)G(r)

�
m;n

(5.68)

It is apparent that the computation of ai only depends on G(r) which can

be obtained o�ine using the geometry information of the wireless array alone.
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The computation of ci(t); in addition, can be achieved via a fast implementation,

inspired from [87]. In order to illustrate this method, let us consider a lower order

case, where Q = 4 and M = 2; and de�ne

D = GH(r)W(t) 2 CQ�M

= [d1; d2] (5.69)

The columns of D can be written as

d1 = [d11; d12; d13; d14]
T (5.70)

d2 = [d21; d22; d23; d24]
T (5.71)

ci(t) is given by the sum of elements of matrix DDH along the ith diagonal.

Expanding DDH , we have

DDH =

26666664
jd11j2 + jd21j2 ; d11d

�
12 + d21d

�
22; d11d

�
13 + d21d

�
23; d11d

�
14 + d21d

�
24

d12d
�
11 + d22d

�
21; jd12j2 + jd22j2 ; d12d

�
13 + d22d

�
23; d12d

�
14 + d22d

�
24

d13d
�
11 + d23d

�
21; d13d

�
12 + d23d

�
22; jd13j2 + jd23j2 ; d13d

�
14 + d23d

�
24

d14d
�
11 + d24d

�
21; d14d

�
12 + d24d

�
22; d14d

�
13 + d24d

�
23; jd14j2 + jd24j2

37777775
(5.72)

Taking i = 1 for example, we have

c1(t) = d12d
�
11 + d22d

�
21 + d13d

�
12 + d23d

�
22 + d14d

�
13 + d24d

�
23 (5.73)

which can be expressed in matrix format as

c1(t) = dH1 J1d1 + dH2 J1d2 (5.74)

with

J1 =

26666664
0 1 0 0

0 0 1 0

0 0 0 1

0 0 0 0

37777775 (5.75)

Similarly, it can be shown that

c2(t) = dH1 J2d1 + dH2 J2d2 (5.76)

c3(t) = dH1 J3d1 + dH2 J3d2 (5.77)

c0(t) = dH1 J0d1 + dH2 J0d2 (5.78)
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where

J2 =

26666664
0 0 1 0

0 0 0 1

0 0 0 0

0 0 0 0

37777775 ; J3 =
26666664
0 0 0 1

0 0 0 0

0 0 0 0

0 0 0 0

37777775 ; J0 =
26666664
1 0 0 0

0 1 0 0

0 0 1 0

0 0 0 1

37777775 (5.79)

Furthermore, it can be easily shown that

dH1 = [wH1 g1; w
H
1 g2; w

H
1 g3; w

H
1 g4]

= wH1 G (5.80)

and

dH2 = [wH2 g1; w
H
2 g2; w

H
2 g3; w

H
2 g4]

= wH2 G (5.81)

with wi and gi denoting the i
th column vector of matrix W(t) and G(r) respec-

tively.

Therefore, the general expression for ci(t); 8i 2 [0; (Q � 1)]; can be obtained

as

ci(t) =
MX
j=1

dHj Jidj; for i 2 [0; (Q� 1)] (5.82)

=
MX
j=1

wHj (t)G(r)JiGH(r)| {z }
,Ki

wj(t)

where Ki , G(r)JiGH(r), which can be computed completely o�ine, with Ji;

8i 2 [0; (Q� 1)]; representing a known set of sparse matrices given by,

Ji =

24 O(Q�i)�i; I(Q�i)

Oi�i; Oi�(Q�i)

35 (5.83)

where Ik represents an k by k identity matrix and Ok�l denotes a zero matrix of

dimension of k by l.

Equation (5.82) can be generalized for any Q and M; which has been further

veri�ed via simulation studies.
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Finally, due to the conjugate symmetry relation, for i 2 [�(Q � 1); 0); ci(t)

can be readily obtained via,

ci(t) = c��i(t) (5.84)



Chapter 6

Conclusions And Further Work

In this thesis, a novel WSN's framework has been proposed with the view of

meeting the challenges posted by the foreseeable next generation mobile sensor

network applications. The main objective of this study has been to integrate ad-

vanced array processing techniques with novel cooperative network algorithms in

the context of mobile WSN's. Backed up by the huge progress in wireless commu-

nications in combination with the advance in MEMS-based sensors technology,

the proposed framework has aimed to incorporate the following key factors,

� exploitation of nodal mobility and motion,

� collaboration of sensors in network operations,

� situational awareness and self-healing,

� cooperative direction �nding and DOA tracking capabilities for high accu-

racy target detection.

These features collectively form a dynamic and self-recon�gurable network

and distinguish the proposed framework from any existing implementations of

the WSN's. A summary of the technical work contained in the previous chapters

now follows, together with an outline of the main contributions of this work and

some suggestions for areas of potential future research.

131
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6.1 Thesis Summary

In Chapter 1, the characteristics of the conventional WSN's has been introduced

in conjunction with the related applications. With the vision of meeting the

requirements of next generation WSN's that is self-con�gurable, highly dynamic

and with the exploitation of nodal mobility, the concept of Mobile Sentinel WSN's

has been introduced. Furthermore, the associated research challenges and under-

lying technical issues have also been discussed.

Based on the fundamental understanding of the problems and limitations in-

herent in the conventional static WSN's applications, a complete framework for

Mobile Sentinel WSN's has been devised in Chapter 2. In the proposed frame-

work, sensor nodes have the ability to move (e.g. attached to robotic modules,

vehicles or soldiers) in order to guard a speci�ed area of interest, hence comes

the name Mobile Sentinel WSN's in this thesis. While the coverage, detection,

resolution and the reliability of individual sensors nodes are limited, the collab-

oration of a group of nodes, namely wireless array, have been utilised to jointly

perform sensing, coverage optimisation and direction �nding tasks. Furthermore,

a detailed discussion of array processing, which is the key to many of the techni-

cal problems addressed in this study, has been carried out in this chapter. The

emphasis has been given to the modelling of array manifold vector in two dif-

ferent scenarios, far-�eld case where the planewave propagation model can be

applied and the near-�eld case where the spherical wave propagation has to be

considered.

The introduction of nodal mobility brings numerous opportunities that are

not conventionally possible in a static network, and also change the speci�cations

of many existing research problems. In order to tackle the challenges, the mo-

bility in the proposed Mobile Sentinel WSN's has been classi�ed into two types,

Active mobility and Passive mobility, according to the purpose of the sensor

movement. The active mobility is controlled by the network hence such nodal

motion can be utilised in topology control and sensor management. On the other

hand, the sensor movement associated the passive mobility is considered to be
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completely dictated by the moving object it is attached to, which suggests the

need of direction �nding and DOA tracking algorithm in the networks.

During the deployment phase, the geographical distribution of the sensor

nodes greatly dictates the e�ectiveness of the network performance at later stages.

In order to improve the initial network coverage, a Wireless Array-based Cooper-

ative Sensing Model has been proposed in Chapter 3, which takes advantage of

the proximity of those closely located nodes and uses them as fully cooperative

wireless array units. This work has not overlooked the practical considerations of

the approach and a distributed array formation algorithm has been derived and

presented in this chapter. The algorithm selects desired groups of clustered nodes

to form wireless arrays to jointly perform the sensing tasks. It has been shown

via extensive simulation studies that the proposed cooperative sensing technique

outperforms the traditional boolean-type sensing model [40] [44], both in terms of

the average coverage achieved and the number of active nodes required in order to

obtain the same coverage. In addition, the proposed approach is able to identify

redundant nodes that are located within the cooperative sensing range of other

WA's, which can be turned into energy saving mode or be relocated using sensor

relocation algorithms that has been proposed in Chapter 4.

After the initial deployment phase, a number of WA have been formed, with

their cooperative sensing range enhanced by their array gains. To minimise the

coverage holes, a distributed sensor relocation algorithm has been proposed in

Chapter 4 which e�ciently move the nodes from high density areas to the sparse

areas. The iterative nature of this algorithm not only provides an e�ective way to

maximise the initial coverage but also can be utilised during the operation stage

to compensate for nodes' failure and battery depletion. Such capability gives

the proposed network the self healing dimension mentioned before. Moreover,

the developed algorithm can naturally terminate when the optimum coverage is

achieved within the maximum moving distance allowed.

Finally, in order to equip the network with direction �nding capabilities so

that the passive mobility can be accommodated, a cooperative root-MUSIC type
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DOA estimation algorithm has been proposed in Chapter 5. The proposed algo-

rithm does not have the restriction on the array geometry and can be employed

by WA's of arbitrary geometry. One distinct feature of the proposed fast root-

MUSIC is that it needs only compute a small portion of roots that correspond

to the true DOA's, rather than requiring a full polynomial rooting as in the con-

ventional approaches. Moreover, an adaptive DOA estimation framework has

also been proposed in Chapter 5, with the view of providing e�cient direction

tracking capabilities in the time-varying environment. The proposed framework

has combined the advantage of subspace tracking technique and the IDFT-based

approach and has demonstrated excellent DOA tracking accuracy in the simula-

tion studies, where multiple moving targets have been generated using di�erent

random mobility models.

6.2 List of Contributions

This investigation has been concerned with foreseeable next generation sensor

networks, where a complete new framework of Mobile Sentinel WSN's has been

devised. This framework has aimed at addressing di�erent challenges and im-

proving di�erent aspects of the network performance, such as sensing coverage,

self healing and DOA detection etc. This framework not only has taken into

account the physical layer performance but also has given special consideration

to network layer aspects providing the possibility for cross layer optimisation.

Advanced array processing techniques have been integrated seamlessly with the

innovative network protocols and algorithms, forming scienti�c solutions for a

number of problems. The following list summaries the contributions of this study

in the order they appear in this thesis:

� Proposal of the Mobile Sentinel WSN's concept (Chapter 1 and 2)

� Mobility classi�cation in the Mobile Sentinel WSN's (Chapter 2)

� Introduction of the concept of cooperative sensing using closely located

sensor nodes (Chapter 3)
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� Formulation of the Wireless array based cooperative sensing model based

on spherical wave propagation (Chapter 3)

� Development of the distributed Wireless Array formation algorithm (Chap-

ter 3)

� Introduction of the concept of Local Detection Diagram which can be

adapted by any heterogeneous type of networks where the sensors have

di�erent sensing range for local coverage detection (Chapter 4)

� Proposal of the redundant nodes relocation algorithm where the wireless

array selects the most suitable redundant nodes to cover the biggest holes

in its local detection diagram (Chapter 4)

� Development of the baryceter-based moving strategy which not only works

with the proposed local detection diagram but also applicable in the con-

ventional Voronoi diagram approach (Chapter 4)

� Formulation of the cooperative fast root-MUSIC which reduces the overall

computational complexity by computing only the roots of interest (Chapter

5)

� Derivation of the adaptive direction �nding framework consisting of sub-

space tracking and an IDFT-based DOA estimator (Chapter 5)

� Formulation of a fast implementation in updating the root polynomial at

each snapshot (Chapter 5)

6.3 Suggestions for Further Work

The future of WSN's and ad hoc networks is deemed to be based on node mobil-

ity, cooperative communications and signal processing and situational awareness.

Designing and implementing such a fully mobile yet self-organised network is a

very di�cult task which is worth pursuing because of the numerous applications

and uses that it entails.
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The proposed framework of Mobile Sentinel WSN's is a very promising fusion

of two important technologies in wireless communications, the advanced space-

time array processing systems and the state-of-the-art WSN's. Within the scope

of this study, the framework has been set for designing a self-recon�gurable net-

work, which exploits nodal motion in conjunction with cooperative space-time

beamforming techniques to improve network connectivity, coverage, target detec-

tion and tracking performance, with no requirement for additional node deploy-

ment. However, the design of such a powerful mobile network is very much an

open research subject and there are a number of possible directions that research

can be continued and extended.

� Flexible arrays

Firstly, while the capabilities of the wireless array have been demonstrated

in this work, such concept may be extended to a dynamic environment where

wireless array is moving with its geometry also changing over the time. A typical

operational scenario is a group of sensors acting as a wireless array, while attached

to separate moving targets whose motion is neither controlled by the network nor

coordinated among each other. For example, autonomous underwater vehicles

(AUVs) equipped with sonar sensors can be used to cooperatively track moving

underwater targets. This leads to innovative array auto-calibration techniques

and dynamic array communication schemes. What is more challenging is how

to incorporate the time varying characteristics of the channel into the design

of target parameter estimation and possibly in the presence of correlated non

stationary non Gaussian noise.

� Dynamic array formation in coverage optimisation

In addition, in the proposed framework of this study the wireless array for-

mation algorithm is considered to be in the initial deployment phase while the

sensor relocation algorithm is deemed to be in the operational phase. One possi-

ble extension of the proposed work will be to take into account the possibility that
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redundant nodes and other individual nodes may also move together to form new

wireless arrays when appropriate. Such a scheme yields an additional degree of

freedom to the network which sees the array formation and the sensor relocation

algorithm incorporate with each other. In order to devise such moving strategy

and formation algorithm, a comprehensive investigation is needed which should

take into account the trade-o� between moving and communication overhead and

coverage gain from an energy consumption perspective.

� Fast direction �nding and DOA tracking in the near-�eld environment

Finally, the cooperative fast root-MUSIC algorithm and the adaptive direction

�nding framework presented in this work has been based on the plane wave

propagation, hence the assumption that the target is located in the far-�eld of

the array. The potential of extending the proposed techniques to the near-�eld

environment (i.e. spherical wave propagation) forms an interesting yet challenging

research topic for future research. Moreover, to allow the system to bene�t from

the large redundancy inherent in wireless sensor networks, a smart opportunistic

beamforming technique may be devised to select the favourable channel at any

given time to fully take advantage of the multi-user diversity.

Although the investigation of this project is aimed at military surveillance-

oriented applications of the next generation mobile sensor networks, the tech-

nologies developed are readily applicable to many other �elds, such as Mobile ad

hoc networks (MANETs) and vehicular ad hoc networks (VANETs). The above

research directions have the potential of extending the capabilities of the Mobile

Sentinel WSN's to a degree that is truly self-sustainable, scalable and exible.
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