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Abstract
Due to small size, low cost, and many other attractive features of sensor nodes, wireless
sensor networks (WSNs) have been adapted to a vast array of applications in both military and
civil sectors, such as military surveillance, smart homes, and remote environment monitoring.
Modern day requirements of various applications necessitate large scale sensor deployment
in as efficient a way as possible. In this thesis we investigate the problem of increasing the
sensor network’s sense and detect sensitivity in both space and time. All of the existing
literature surveyed as part of this research indicates that all of the solutions address singular
aspects of this problem. My research is novel in that I address this problem holistically. The
research goal is to maximize coverage and minimize energy consumption in sensor deployment
and self-organization in WSNs.
The thesis first introduces a comprehensive taxonomy for WSNs deployment and selforganization. Three sensor relocation algorithms are proposed to match the mobility degree of
sensor nodes, particle swarm optimization based algorithm (PSOA), relay shift based algorithm
(RSBA) and energy efficient fuzzy optimization algorithm (EFOA). PSOA regards the sensors
in the network as a swarm, and reorganizes the sensors by the particle swarm optimization (PSO)
algorithm, in the full sensor mobility case. RSBA and EFOA assume relatively limited sensor
mobility to further reduce energy consumption. We propose a novel method for the
redeployment of mobile nodes in a hybrid sensor network consisting of a collection of both
static nodes and mobile nodes. In such a sensor network, the locomotion ability of mobile nodes
helps the autonomous deployment to enhance the network coverage. An optimal decision of a
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sensor node moving direction is made based on Analytical Hierarchy Process (AHP). Four
factors contributing to the optimal deployment are considered and they are coverage hole,
obstacle avoidance, hot spot, and the boundary effect, respectively. I also propose a network
maintenance strategy in the post-deployment phase based on the sensor node importance level
ranking. Simulation results show that our approach not only achieves fast and stable deployment
but also greatly improves the network coverage and prolongs the lifetime.
In order to enable efficient self-organiztion in static sensor networks, I propose a VQ-LBG
based approach for cluster formation in WSNs. The most distinguishing feature of the proposed
method is that both energy efficient cluster formation and fast data compression can be
guaranteed. Experiment shows its great improvement over other related methods. The thesis
then presents a sleep scheduling scheme for balancing energy consumption rates in a single hop
cluster based network using AHP. Three factors are considered contributing to the optimal
nodes scheduling decision and they are the distance to cluster head, residual energy, and sensing
coverage overlapping, respectively. I also propose an integrated sleep scheduling and routing
scheme for WSNs by AHP. The sleep scheduling is redesigned to adapt the multi-hop case. For
the proposed routing protocol, the distance to the destination location, remaining battery
capacity, and queue size of candidate sensor nodes in the local communication range are taken
into consideration for next hop relay node selection.
In summary, this thesis provides an important link between the crucial problems of
coverage, connectivity, energy management, and self-organization in wireless sensor networks.
It is expected to lead to even more efficient protocols for node deployment, state management,
recovery and routing protocols for energy-constrained sensor networks.
- ii -
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Chapter 1 Introduction
1.1 Motivation
1.1.1 Wireless sensor networks
Due to advances in wireless communications and electronics over the last few years, the
development of networks of low-cost, low-power, multifunctional sensors has received
increasing attention [1, 2, 3, 4, 5, 6, 7, 8]. These sensors are small in size and able to sense,
process data, and communicate with each other, typically over an RF (radio frequency) channel.
A wireless sensor network (WSN) is designed to observe environment, collect and process data,
and transmit sensed information to interested users. Basic features of sensor networks are:
• Self-organizing capabilities

• Short-range broadcast communication and multihop routing
• Dense deployment and cooperative effort of sensor nodes
• Frequently changing topology due to fading and node failures
• Limitations in energy, transmit power, memory, and computing power
These characteristics, particularly the last three, make WSNs different from other wireless ad
hoc or mesh networks. WSNs are important for a number of applications such as coordinated
target detection and localization, surveillance, ubiquitous health care and environmental
monitoring. Break-throughs in miniaturization, hardware design techniques, and system
software have led to cheaper sensors and fueled recent advances in WSNs [9].
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A typical sensor network consists of a large number of nodes. A sensor node integrates
hardware and software for sensing, data processing, and communication. Sensor nodes can be
deployed readily in large numbers in various environments.
•

Communication rage: the maximum distance that a node can communicate with another
node is characterized by the communication unit on the sensor node, e.g., for the RF
sensors used in the Berkeley mote [ 10 ], the maximum communication range is
approximately 100 ft.

•

Sensing coverage: the sensing area of a sensor node depends on the type of physical
sensors used on that node, e.g., a range sensor such as the Polaroid 6500 ultrasonic
ranging module, which is commonly used in robotics applications, is able to detect a
target from 6 inches away up to a distance of 35 feet [11].

An important consideration in sensor networks is the amount of energy required for sensing,
computation, and communication. Except for physical damage and system failures (e.g.,
software bugs), the lifetime of a sensor node depends exclusively on battery capacity; hence
information exchange and data dissemination must be carried out using efficient communication
protocols. A number of system architectures, communication protocols, and data aggregation
algorithms have been proposed in the literature for retrieving and processing sensed data with
low energy consumption [12, 13, 14, 15, 16, 17, 18].
WSNs are typically organized in an ad hoc manner, e.g., through random sensor deployment
and ad hoc networking protocols. Nevertheless, a number of methods have recently been
developed to organize the sensor network in hierarchical clusters [19, 20] to improve the
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sensing coverage [21, 41, 22, 23, 24, 25, 26, 27] and reduce the energy consumption in
information processing [28, 29, 30].
1.1.2 Coverage-driven sensor deployment
In many applications such as remote surveillance, manual deployment of sensor nodes is
infeasible. Nodes may be deployed from aircrafts, for example. As a result, the sensing and
communication coverage cannot be controlled. In early works, researchers assume that sensor
nodes are static and that a large number of redundant nodes are deployed in order to achieve a
desired level of coverage. This however may introduce high cost and still cannot guarantee
coverage, especially in the presence of obstacles. Recently, mobile sensors [31] have been
developed and are expected to be applied in practice shortly. This motivates us to adopt mobile
sensor nodes to address the coverage problem. The introduction of mobile sensor nodes,
however, brings forth new issues such as how mobile nodes interact with each other and with
static nodes, and brings forth new cost, performance, and communication tradeoffs. I have
investigated these topics in a stepwise manner. First, I assume a system with all mobile sensor
nodes, categorize their mobility into full and limited, and study how the nodes can effectively
collaborate to improve coverage in a distributed fashion. Then, I consider a more realistic
system including a mixed set of mobile and static sensor nodes, that is, hybrid sensor networks.
To deploy mobile sensors from where they are initially distributed, three sensor relocation
algorithms are proposed to match the mobility degree of sensor nodes, particle swarm
optimization based algorithm (PSOA), relay shift based algorithm (RSBA) and energy efficient
fuzzy optimization algorithm (EFOA). PSOA regards the sensors in the network as a swarm,
and reorganizes the sensors by the particle swarm optimization (PSO) algorithm, in the full
-3-

sensor mobility case. RSBA and EFOA assume relatively limited sensor mobility, i.e., the
movement distance is bounded by a threshold, to further reduce energy consumption. Based on
these algorithms, individual nodes independently calculate their required movement to increase
coverage. The different types of the calculation algorithms, tuned by multiple parameters, allow
users to choose different levels of mobility, coverage, energy consumption and depending on
system requirements.
With a hybrid sensor network that consists of both mobile and static sensors, it becomes a
NP-hard problem to place mobile sensors to maximize sensing coverage. To tackle this NP-hard
problem in a distributed fashion, I have proposed analytic hierarchy process (AHP) based
deployment algorithm [32] to move sensors. It is different from the previous methods since it
not only incorporates various environmental factors such as hot spot and obstacles in the design
but also provides the optimal decision for mobile nodes movement. After an initial random
deployment of static sensors, a certain amount of mobile nodes are deployed randomly into the
monitored environment without changing the existing deployment of static sensor nodes. In
order to increase the network coverage and uniformity, the mobile nodes are relocated according
to the proposed scheme. The decision of moving direction of each mobile node is made
according to AHP method, in which a set of criteria is evaluated and the optimal alternative is
selected.
1.1.3 Self-organization
Wireless sensor networks can be deployed in inhospitable terrain or in hostile environments
to provide continuous monitoring and information processing for a wide variety of applications
[33, 34].
-4-

The network topology control for large number of randomly placed sensors was studied in the
recent years emphasizing the limited battery power. Generally, there are three methods that can
be considered as possible networking protocols: direct communication, multi-hop routing, and
clustering. In order to send information from a very high number of sensor nodes to the base
station, it is necessary and economical to group sensors into clusters to prevent redundant
information transmission and prolong network lifetime. Given the parameters for variation of
energy consumption in the nodes, there are some main problems: How many sensors should be
connected to each cluster head (CH), how many clusters are needed, how to select CH, and
where each CH should be positioned. Another typical challenge is that due to the resource
limitation of sensor nodes (CPU, memory, bandwidth, and energy), the collected information
from sensor nodes in the cluster has to be compressed quickly and precisely for transmission.
Many wireless sensor nodes have low cost and small form factors; therefore, they can be
deployed in large numbers with high redundancy. In this way, the network can be made faulttolerant. Since nodes are deployed in a redundant fashion, not every node in the sensor network
needs to be active for sensing and communication all the time. By selecting only a subset of
nodes to be active and keeping the remaining nodes in a sleep state, the energy consumption of
the network is reduced, thereby extending the operational lifetime of the sensor network. Fewer
active nodes also places less demand on the limited network bandwidth. Sleeping nodes serve as
backup nodes to replace the failing active nodes without affecting the quality of service in the
sensor network.
The selection of active nodes must be carried out with coverage and connectivity as important
considerations. A procedure for selecting active nodes should provide the highest possible
-5-

coverage of the sensor field, and it should also ensure network connectivity for routing and
information dissemination.
I propose a sleep scheduling scheme for balancing energy consumption rates in a single hop
cluster based network using AHP [35]. I consider three factors contributing to the optimal nodes
scheduling decision and they are the distance to CH, residual energy, and sensing coverage
overlapping, respectively. I also propose an integrated sleep scheduling and geographical multipath routing scheme for WSNs by AHP. The sleep scheduling is redesigned to adapt the multihop case. For the proposed routing protocol [36], the distance to the destination location,
remaining battery capacity, and queue size of candidate sensor nodes in the local
communication range are taken into consideration for next hop relay node selection. It can
reduce the packet loss rate and link failure rate since the buffer capacity is considered.

1.2 Problem statement
My research goal is to maximize coverage, i.e. sensing coverage, and to minimize energy
consumption in sensor deployment and self-organization in WSNs.
Modern day requirements of various applications necessitate large scale sensor deployment in
as efficient a way as possible. So in this thesis I investigate the problem of increasing the sensor
network’s sense and detect sensitivity in both space and time.
•

Space: increase the coverage area so that unsensed regions can become sensed, subject to
criteria of mobility and communication energy consumption.

•

Time: prolong the sensor networks’ sensing capability by conserving energy.
All of the existing literature surveyed as part of this research indicates that all of the solutions

address singular aspects of this problem. My research is novel in that I address this problem
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holistically, that is, I address multiple facets of this problem as part of the whole context of
WSNs.

1.3 Contributions
In this thesis, I focus on two aspects of wireless sensor networks: coverage-driven sensor
deployment, and energy-efficient self-organization. The contributions are listed as follows:
•

Three sensor relocation algorithms are proposed to match the mobility degree of sensor
nodes, particle swarm optimization based algorithm (PSOA), relay shift based algorithm
(RSBA) and energy efficient fuzzy optimization algorithm (EFOA). PSOA regards the
sensors in the network as a swarm, and reorganizes the sensors by the particle swarm
optimization (PSO) algorithm, in the full sensor mobility case. RSBA and EFOA assume
relatively limited sensor mobility, i.e., the movement distance is bounded by a threshold,
to further reduce energy consumption.

•

Propose a network maintenance strategy in the post-deployment phase based on the
sensor node importance level ranking to improves the network coverage and prolongs
the lifetime.

•

Propose a novel method for the redeployment of mobile nodes in a hybrid sensor
network consisting of a collection of both static nodes and mobile nodes. In such a
sensor network, the locomotion ability of mobile nodes helps the autonomous
deployment to enhance the network coverage. An optimal decision of a sensor node
moving direction is made based on AHP. Four factors contributing to the optimal
deployment are considered and they are coverage hole, obstacle avoidance, hot spot, and
the boundary effect, respectively.
-7-

•

In order to enable energy-efficient self-organization, I propose a VQ-LBG based
approach for cluster formation in WSN. The most distinguishing feature of the proposed
method is that both energy efficient cluster formation and fast data compression can be
guaranteed.

•

Propose a sleep scheduling scheme for balancing energy consumption rates in a single
hop cluster based network using AHP. Three factors are considered contributing to the
optimal nodes scheduling decision and they are the distance to cluster head (CH),
residual energy, and sensing coverage overlapping, respectively.

Fig. 1.1 Research diagram
•

Propose an integrated sleep scheduling and geographical multi-path routing scheme for
WSNs by AHP. The sleep scheduling is redesigned to adapt the multi-hop case. For the
proposed routing protocol, the distance to the destination location, remaining battery
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capacity, and queue size of candidate sensor nodes in the local communication range are
taken into consideration for next hop relay node selection.
In summary, this thesis provides an important link between the crucial problems of coverage,
energy management, connectivity, and self-organization in wireless sensor networks, as shown
in Fig. 1.1. It is expected to lead to even more efficient protocols for node deployment, state
management, recovery and routing protocols for energy-constrained sensor networks.

1.4 Thesis organization
The rest of my thesis is organized as follows. I survey related work and introduce a
comprehensive taxonomy for mobility-assisted sensor deployment and self-organization in
Chapter 2. I present the mobility-assisted relocation algorithms to deploy both pure mobile
sensor networks and hybrid sensor networks and also a maintenance strategy in postdeployment stage in Chapter 3. Two energy efficient self-organization schemes that are vectorquantization based clustering and integrated sleep scheduling and routing are presented in
Chapter 4. In Chapter 5, I present the performance evaluation for the proposed algorithms, and
finally conclude the thesis in Chapter 6.
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Chapter 2 Taxonomy and related work
2.1 Taxnomy
Due to the unfamiliar nature of such environments, deployment of sensors has become a
challenging problem and has received considerable attention recently. Sensor deployment
cannot be performed manually when the environment is unknown or inhospitable such as
remote inaccessible areas, disaster fields and toxic urban regions. To scatter sensors by aircraft
is one possible solution. However, using this scheme, the actual landing position cannot be
predicted due to the existence of wind and obstacles such as trees and buildings. Consequently,
the coverage may not be able to satisfy the application requirements. Some researchers suggest
simply deploying large amount of static sensors to increase coverage; however it often ends up
harming the performance of the network [37]. Moreover, there are situations where sensor
deployment is restricted by the environment, for example, during in-building toxic-leaks
detection [38] chemical sensors must be placed inside a building from the entrance of the
building. In such cases it is necessary to take advantage of mobile sensors which can move to
the appropriate places to provide the required coverage. This approach is different from the
some of the work [39, 40, 41] which assume that the environment is sufficiently known and
under control.
In this chapter, I introduce a comprehensive taxonomy framework for wireless sensor
networks (WSN) self-deployment in which three sensor relocation algorithms are proposed
according to the mobility degree of sensor nodes. The first one, particle swarm optimization
based algorithm (PSOA), regards the sensors in the network as a swarm, and reorganizes the
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sensors by the particle swarm optimization (PSO) algorithm, in the full sensor mobility case.
The other two, relay shift based algorithm (RSBA) and energy efficient fuzzy optimization
algorithm (EFOA), assume relatively limited sensor mobility, i.e., the movement distance is
bounded by a threshold, to further reduce energy consumption. Simulation results show that our
approaches greatly improve the network coverage as well as energy efficiency compared with
related works. The contributions include the comprehensive collection of algorithms for mobile
sensor network self-deployment within the context of a generally applicable taxonomy.
In this chapter, I present a brief overview of the previous work on the coverage driven
deployment of mobile sensor networks and self-organiztion of static sensor networks that is
most relevant to our study.
A taxonomy (Fig 2.1) for WSN self-deployment and self-organization is introduced. I take
the initial deployment as the first level, in which most of the existing research work makes an
assumption of random distribution. Three categories of the full, limited and zero mobility are
then considered as the top 2nd level of Fig. 2.1. The three relocation and scheduling cases for
sensor network self-deployment corresponding to the three categories of sensor nodes mobility
degree are extensively studied and integrated. The two objectives are coverage (in space) and
energy (in time) which are competing. The coverage objective desire “spread out” the nodes
which consumes energy.
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Fig. 2.1 Taxonomy integrating deployment and self-organization schemes
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Fig. 2.2 Proposed algorithms together with the technic components and their assumptions
The proposed algorithms together with the technic components used and their assumptions
are summarized in Fig 2.2. The numbers in square brackets indicate the sections in which the
technic components or the proposed algorithms appear. The reused components (marked in
shadow in Fig 2.2) in the whole thesis are coverage models and their calculations, energy model
and Analytical Hierarchy Process (AHP) and they are introduced in the next subsections.
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2.1.1 Coverage
Coverage is one of the measurement criteria of Quality of Service (QoS) of a sensor network.

(a) Binary sensor model (b) probabilistic sensor model

Fig. 2.3 Sensor coverage models
The coverage of each sensor can be defined either by a binary sensor model or a probabilistic
sensor model as shown in Fig. 2.3. In the binary sensor model, the detection probability of the
event of interest is 1 within the sensing range; otherwise, the probability is 0. In this case
coverage is defined as the ratio of the union of areas covered by each node and the area of the
entire Region Of Interest (ROI), as shown in Eq. (2-1) [51]. Generally ROI indicates the area in
which sensor nodes need to be deployed. Here, the covered area of each node is defined as the
circular area within its sensing radius. Perfect detection of all interesting events in the covered
area is assumed.

C=

U i =1,..., N Ai
A

(2-1)

where
Ai

is the area covered by the ith node;

N

is the total number of nodes;

A

stands for the area of the ROI.
In order to prevent recalculating the overlapped area, the coverage here is calculated using

Monte Carlo method by creating a uniform grid in the ROI. All the grid points located in the
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sensing area are labeled 1 otherwise 0, depending on whether the Euclidean distance between
each grid point and the sensor node is longer or shorter than sensing radius, as shown in Fig 2.4
(dashed circle indicating the sensing area boundary). Then the coverage can be approximated by
the ratio of the summation of ones to the total number of the grid points.

Fig. 2.4 Sensing coverage calculation
If a node is located well inside the ROI, its complete coverage area will lie within the ROI. In
this case, the full area of that circle is included in the covered region. If a node is located near
the boundary of the ROI, then only the part of the ROI covered by that node is included in the
computation.
Although the binary sensor model is simpler, it is not realistic as it assumes that sensor
readings have no associated uncertainty. In reality, sensor detections are imprecise, so that the
coverage needs to be expressed in probabilistic terms. In many cases, cheap sensors such as
omnidirectional acoustic sensors or ultrasonic sensors are used. Some practical examples
include AWAIRS at UCLA/RSC, Smart Dust at UC Berkeley, the USC-ISI network, the
DARPA SensIT systems/networks, the ARL Advanced Sensor Program systems/networks, and
the DARPA Emergent Surveillance Plexus (ESP). For omnidirectional sensors, a longer
distance between the sensor and the target generally implies a greater loss in the signal strength
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or a lower signal-to-noise ratio. This suggests that we can build an abstract sensor model to
express the uncertainty in sensor responses. In other words, a sensor node that is closer to a
target is expected to have a higher detection probability about the target existence than the
sensor node that is further away from the target.
⎧ 0 if
− λa β
, if
⎨e
⎪ 1 if
⎩

cij(x, y) = ⎪

r + re ≤ d ij ( x, y );
r − re < d ij ( x, y ) < r + re ;
r − re ≥ d ij ( x, y ).

(2-2)

The sensor field is represented by a grid. An individual sensor node s on the sensor field is
located at grid point (x, y). Each sensor node has a detection range of r. For any grid point P at (i,
j), I denote the Euclidean distance between s at (x, y) and P at (i, j) as dij(x, y), i.e., dij(x,
y)= ( x − i ) 2 + ( y − j ) 2 . Eq. (2-2) expresses the coverage cij(x, y) of a grid point at (i, j) by
sensor s at (x, y), in which re(re<r) is a measure of the uncertainty in sensor detection, a = dij(x,
y)−(r−re), and λ and β are parameters that measure detection probability when a target is at a
distance greater than re but within a distance from the sensor. The distances are measured in
units of grid points. In fact, the sensing behavior of almost all the omnidirectional range sensing
devices including not only chemical sensors but also infrared, ultrasound, and acoustic sensors
etc., can be modeled by probabilistic sensor detection model which is shown in Fig. 2.2(b). Fig.
2.2(b) also illustrates the translation of a distance response from a sensor to the confidence level
as a probability value about this sensor response. The coverage for the entire grid sensor field is
calculated as the fraction of grid points that exceeds the threshold cth.

2.1.2 Energy model
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According to the radio energy dissipation model, in order to achieve an acceptable Signal-toNoise Ratio (SNR) in transmitting an l bit message over a distance d, the energy expended by
the radio is given by [14]:
⎧⎪lEelec + lε fs d 2
ET (l , d ) = ⎨
4
⎪⎩lEelec + lε mp d

if d ≤ d 0
if d > d 0

(2-3)

where Eelec is the energy dissipated per bit to run the transmitter or the receiver circuit, ε fs and

ε mp are amplifier constants, and d is the distance between the sender and the receiver. By
equating the two expressions at d=d0, we have d 0 = ε fs / ε mp . Here electronics energy is set
as Eelec=50nJ/bit, whereas the amplifier constant is taken as ε fs =10pJ/bit/m2, ε mp =
0.0013pJ/bit/m2.
In both cases, to receive l bit message, the radio expends:

ER (l ) = lEelec

(2-4)

2.1.3 Analytical Hierarchy Process
The Analytical Hierarchy Process (AHP) [42] is a multiple criteria decision-making method
which decomposes a complex problem into a hierarchy of simpler and more manageable sub
problems. These sub-problems are usually called decision factors and weighted according to
their relative dominances to the problem. AHP synthesizes their importance to the problem, and
finds the best solution.
AHP performs following four main steps: decomposition, pair-wise comparison, local
weight calculation, and weight synthesis.
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A.

Structuring Hierarchy
Structuring a problem as a hierarchy of multiple criteria is the first step of implementing

AHP. The decision factors of the problem are identified and inserted into the hierarchy. The
overall objective is placed at the topmost level of the hierarchy. The subsequent level presents
the decision factors. The solution alternatives are located at the bottom level.
B.

Calculating Local Weights
The second step is the evaluation stage where each factor is compared to all other factors

within the same parent. Local weights consist of two parts: the weight of each decision factor to
the goal and the weight of each nominee to each factor. Both of them are calculated with the
same procedure. Taking the former as an example, I describe the procedure as the following
three steps.
1) Making Pairwise Comparison
The evaluation matrices are built up through pairwise comparing each decision factor under
the topmost goal. The comparison results are based upon user expertise experience by asking
questions such as "Which is more important and by how much?" These initial values are
captured in square matrix A as

A = (aij )n×n

⎛ a11
⎜
⎜a
= ⎜ 21
L
⎜
⎜a
⎝ n1

L a1n ⎞
⎟
a22 L a2 n ⎟
L L L⎟
⎟
an 2 L ann ⎟⎠
a12

(2-5)

where aij denotes the ratio of the ith factor weight to the jth factor weight, and n is the number of
factors.
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The smaller one in a pair is chosen as a unit and the larger one is estimated as a multiple of
that unit and assigned a number based on the perceived intensity of importance. Similarly, the
reciprocals of these numbers are used to show the inverted comparison results. We thus obtain a
reciprocal matrix where the entries are symmetric with respect to the diagonal. The fundamental
1 to 9 scale can be used to rank the judgments as shown in Table 2.1.
Table 2.1. A fundamental 1 to 9 scale
Number Rating

Verbal Judgment of Preferences

1

Equally

3

Moderately

5

Strongly

7

Very

9

Extremely

2, 4, 6, 8 indicate the medium value of above pairwise comparison.

2) Calculating Weight Vector
For the given matrix A in Eq. (2-5), its eigenvalue equation is written as AW = λmaxW,
where W is a non-zero vector called eigenvector, and λmax is a scalar called eigenvalue. W and
λmax appear as a pair and cannot be taken apart. After standardizing the eigenvector W, I regard
the vector element of W as the local weight of each decision factor approximately, which can be
denoted as:

w Tj = {w1 , w2 , L , wn }

(2-6)

As a result, the weights of the decision factors can be achieved by calculating the
eigenvector of AHP matrix and the eigenvalue that approximately equals the number of
assessed elements.
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3) Checking for Consistency
If every element in Eq. (2-5) satisfies the equations

aij = 1 / a ji

and

aik ⋅ akj = aij

, the matrix

A is the consistency matrix. However, the evaluation matrices are often not perfectly consistent
due to people's random judgments. These judgment errors can be detected by a consistency ratio
(CR), which is defined as the ratio of consistency index (CI) to random index (RI). CI can be
achieved by
CI = (λmax −n)/(n−1),

(2-7)

where λmax is the eigenvalue and
n

λmax = (1 / n)∑ ( AW ) i / Wi .

(2-8)

i =1

Table 2.2. Random index
n

1

2

3

4

5

6

7

8

9

10

11

RI

0

0

0.58

0.90

1.12

1.24

1.32

1.41

1.45

1.49

1.51

The RI is given in Table 2.2 [43]. When CR ≤ 0.1, the judgment errors are tolerable and the
weight coefficients of the global weight matrix Wj are the weights of decision factor under the
topmost goal. Otherwise, the pairwise comparisons should be adjusted until matrix A satisfies
the consistency check, i.e. matrix A needs to be reinitialized.
C.

Calculating Global Weights
From above steps, we can obtain not merely the weights of decision factors towards the

topmost goal from Wj but also the weights of alternatives towards each factor. If there are k
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candidates, all the k weight matrixes of alternatives under n factors construct a k×n matrix,
denoted as Wni / j , i=1, 2, … k, j=1, 2, …n.
The global weight of each alternative can be achieved through multiplying the local weight
by its corresponding parent. So the final weight matrix in the symbol of Wni is calculated as

Wni = Wni / j ⋅ W j ,

(2-9)

where the final weight of each alternative is calculated as
n

Wni = ∑ Wni / j ⋅ W j .

(2-10)

j =1

The larger the final weight of alternative, the higher the probability it is eligible to be
selected.

2.2 Related work
2.2.1 Coverage
In WSNs with zero mobility, i.e., stationary sensor networks, there are many previous studies
which have focused on characterizing coverage. The authors of [44] consider a grid-based
sensor network and derive the conditions for the sensing range and failure rate of sensors to
guarantee that an area is fully covered. In [45], the authors propose several algorithms to find
paths that are most or least likely to be detected by sensors in a sensor network. Path exposure
of moving objects in sensor networks is formally defined and studied in [39], where the authors
propose an algorithm to find minimum exposure paths, along which the probability of a moving
object being detected is minimized. The best and worst coverage problem is explored in [46].
They propose an optimal polynomial time worst and average case algorithm for coverage
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calculation for homogeneous isotropic sensors. They also present several experimental results
and analyze potential applications, such as using best and worst-case coverage information as
heuristics to deploy sensors to improve coverage. In [47], the authors define several important
coverage measures for a large-scale stationary sensor network, namely, the area coverage,
detection coverage, and node coverage. Under the assumption that sensor location follows a
Poisson point process, the authors obtain analytical results for the coverage measures under a
Boolean sensing model and a general sensing model. A more thorough survey of the sensor
network coverage is provided by [48].

2.2.2 Mobility-assisted deployment
While the coverage of stationary sensor networks has been extensively studied and
relatively well understood, a class of work has only recently appeared where full mobility of
sensors is utilized to achieve desired deployment [49, 50, 51, 52, 53, 54, 55, 56]. Typically
in such works, the sensors detect lack of desired deployment objectives, then estimate new
locations, and move to the resulting locations. In [38, 22], the authors propose a virtual-forcebased sensor movement strategy to enhance network coverage after an initial random placement
of sensors. The virtual forces repel the nodes from each other and from obstacles to ensure that
the initial configuration of nodes quickly spreads out to maximize coverage area. However they
assume that global information regarding other nodes is available. Several distributed energyefficient deployment algorithms are proposed in [51]. In order to achieve an energy-efficient
node topology for a longer system lifetime, they employ a synergistic combination of cluster
structuring and a peer-to-peer deployment scheme. Besides that, an energy-efficient deployment
algorithm based on Voronoi diagrams is also proposed there. In [50], the authors propose
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several algorithms that identify existing coverage holes in the network and compute the desired
target positions where sensors should move in order to increase the coverage. The main
difference among all of their proposed algorithms is how the desired positions of sensors are
computed. In [53], the authors propose a proxy-based sensor deployment protocol. Instead of
moving iteratively, sensors calculate their desired positions based on a distributed algorithm,
move logically, and exchange new logical locations with their new logical neighbors. Actual
movement occurs at one time when sensors determine their final locations. The proposed
protocol can greatly reduce the energy consumption while maintaining similar coverage. In [49],
a scan-based movement-assisted sensor deployment method that uses scan and dimension
exchange to achieve a balanced state is proposed. Using the concept of load balancing, it
achieves good performance especially when applied to uneven distribution sensor networks. The
authors of [47] study the dynamic aspects of the coverage of a mobile sensor network that
depend on the sensor movement process. The results show that sensor mobility can be exploited
to improve network coverage. For mobile targets, they take a game theoretic approach and
derive optimal mobility strategies for sensors and targets from their own perspectives. In [55],
the authors examine the optimization of wireless sensor network layouts using a multi-objective
genetic algorithm (GA) in which two competing objectives are considered, total sensor coverage
and the lifetime of the network. However the computation of this method is not inexpensive. In
[56], fuzzy logic theory is applied to handle the uncertainty in full mobility sensor deployment
problem. Their approach achieves fast and stable deployment and greatly increases the field
coverage as well as communication quality. However, their fuzzy inference rules only consider
two aspects, number of neighbors of each sensor and the average Euclidean distance between
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sensor node and its neighbors, without energy consumption included at all, which is one of the
most critical issues in sensor networks.
In fact, the mobility of sensors is limited in most cases. To this extent, a class of Intelligent
Mobile Land Mine Units (IMLM) [57] to be deployed in battlefields have been developed by
Defense Advanced Research Projects Agency (DARPA). The IMLM units are employed to
detect breaches, and move with limited mobility to repair them. This mobility system is based
on a hopping mechanism and the hop distance is dependent on the amount of fuel and the
propeller dynamics. Some other techniques can also provide such kind of mobility, for instance,
sensors supplied by spring actuation etc. This type of model normally trades off mobility with
energy consumption [58]. Moreover, in many applications, the latter goals outweigh the
necessity for advanced mobility, making such mobility models quite practical in the future. In
fact, [58] is one of the very few papers which deal with the mobility limited deployment
optimization. The mobility in the sensors they consider is restricted to a flip. However coverage
is the only considered objective in their paper and their approach is not feasible in network
partition case.
With the same goal as the existing research work in mind, that is, to improve the sensing
coverage in a predefined area with low energy consumption and with connectivity guaranteed, I
propose three different relocation algorithms, PSOA, RSBA and EFOA, in the cases of full
sensor mobility and limited sensor mobility. I also indicate in the diagram that, in the zero
mobility case, static topology control and scheduling schemes such as optimal number of cluster
heads selection and cluster formation may be used. In general, cluster formation allows
individual sensors to be grouped together for either communication or power efficiency. Cluster
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head is a node which manages the processing and relaying the information from its cluster
members. In the next chapter, I will describe our proposed sensor relocation approaches in detail.
The above is a class of work that recently appeared where all the sensor nodes with
mobility are utilized to achieve desired deployment. Typically in such works, all sensor nodes
are relocated to maximize the coverage of a given target area with constraints on deployment
time, the distance the sensors have to travel and the complexity of the protocol. The sensor
network deployment scenario when only some of the sensors are mobile while others are static,
that is, hybrid sensor networks [59], has also been under active research, especially in the field
of robotics for exploration purposes. The movement capable sensors can help in network
maintenance and repair by moving to appropriate locations within the topology to achieve
desired level of coverage and connectivity, and to connect a possibly disconnected network.
In [60], Batalin et al. suggest a combined solution for the exploration and coverage of a
given target area. The coverage problem is solved with the help of a constantly moving robot in
a given target area. The mobile robot first performs the network deployment in the target area as
it explores the unknown environment. The deployed static nodes then guide the robot to poorly
covered areas. However, the algorithm does not consider the communications between the
deployed nodes. All decisions are made by the robot by directly communicating with a neighbor
sensor node. In fact, the deployment strategy and network repair policy can also benefit from
the multi hop information derived out of a communicating sensor network.
Wang et al. [61] address the single coverage problem by moving the available mobile
sensors in a hybrid network to heal coverage holes. The static sensors detect their local coverage
holes by using Voronoi diagrams as in [50]. The mobile sensors also calculate coverage holes
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formed locally if they decide to leave their current position. The static sensors bid for the mobile
sensors based on the size of their detected coverage hole. A mobile sensor compares the bids
and decides to move if the highest bid received has a coverage hole size greater than the new
hole generated in its original location due to its movement. However, the local broadcast may
prevent the bid messages reaching mobile sensors if they are located farther than two hops.
Moreover, the environment influences are not included in the design.
In [62], a hybrid sensor network is considered and a Voronoi diagram based approach is
provided to estimate the amount of coverage holes in a sensing field. They also propose a
collaborative algorithm (Coven) to estimate the number of additional mobile nodes to be
deployed and relocated to fix the coverage holes. However, their collaborative algorithm doesn’t
consider any environmental factors such as obstacle and hot spot.
Luo, R.C. et al. [63] propose a mechanism which divides the map into many grids, and sets
up weighting fields generated by various environmental effects such that the deployed goal can
be determined. Without changing the previous distribution of static nodes, the coverage and
uniformity are improved by incrementally placing additional mobile nodes one by one into the
monitored environment. Although this “grid method” has inexpensive computation, it provides
only approximate result rather than an optimal one.

2.2.3 Sleep scheduling
Sleep scheduling which aims to conserve the energy of the sensor nodes has been studied in
the literature. In [99], nodes are allowed to sleep based on routing information, and nodes switch
between sleep and active state based on the traffic of the network. As a modification to this
basic algorithm, reactive features have been added to the node's schedule. The node would wake
- 25 -

up more frequently based on the route discovery interval. Another widespread option is to turn
off redundant nodes in the network [64]. In this scheme, the density of low power sensors is
high enough to maintain the sensing coverage of the entire network even when some nodes are
turned off. Each node studies the activity of their neighbors and decides to sleep if the coverage
can be maintained by the active nodes. A back-off based approach has been used to prevent
neighboring nodes to turn themselves off simultaneously.
In [65], a few nodes are selected as coordinators which would then decide the sleep/awake
schedule of the other nodes in the network. While coordinators are awake at all times, the other
nodes in the network sleep in order to conserve the overall network energy. In [66] nodes are
randomly selected to go to the sleep mode and in [67] a Linear Distance-based Scheduling (LDS)
technique has been used to define the sleep schedule of the nodes in a cluster based
homogeneous network. In [68], the authors release the single hop communication assumption of
[67] and introduce a Hop-based Sleeping Scheduling (HSS) algorithm in a circular sensor
network which is divided by a number of levels. The overall result of these sleep schedules is a
considerable reduction in the energy consumption of the sensor network.
In [69], the authors propose a cross-layer sleep-scheduling-based organizational approach,
called SS-Trees, in order to increase monitoring coverage and operational lifetime of meshbased USNs. An integer linear programming (ILP) formulation and an iterative algorithmic
approach are suggested to determine the feasible SS-Tree structures for these purposes. The ILP
approach requires the determination of objective functions and several constraints, which is
often complicated. Hence the proposed AHP based approach is different and simpler in that we
only need to give the estimated weight to several factors as an input for AHP to finish the whole
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process of optimal decision making without knowing the objective functions and constraints.
From this point-of-view, AHP is easier to carry out with the achievement of the same
performance goals.

2.2.4 Sensor clustering
The research community is actively looking into these challenges. [14] proposes the LEACH
protocol, which is a hierarchical self-organized cluster-based approach for monitoring
applications. The data collection area is randomly divided into several clusters. Based on time
division multiple access (TDMA), the sensor nodes transmit data to the cluster heads, which
aggregate and transmit the data to the base station. A new set of cluster heads are chosen after
specific time intervals. A node can be re-elected only when all the remaining candidates have
been elected. The work in [70] shows that a 2-tier architecture is more energy efficient when
hierarchical clusters are deployed at specific locations. [71] describes a multi-level hierarchical
clustering algorithm, where the parameters for minimum energy consumption are obtained using
stochastic geometry. HEED [72] selects cluster heads through O(1) time iteration according to
some metric and adopts the multi-hop communication to further reduce the energy consumption.
PEGASIS [29] improves the performance of LEACH and prolongs the network lifetime greatly
with a chain topology. But the delay is significant although the energy is saved. In [100],
particle swarm optimization (PSO) is used to find the optimal cluster head positions for sensor
network deployment. There are some other related works [73, 74] which efficiently use energy
through clustering. However, none of the above clustering approaches can guarantee both
energy efficient sensors clustering and fast data compression. For example, in their proposed
cluster based topology, sensing values inside one cluster may not provide the closest
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correlations, thus the optimal data compression can not be guaranteed. To the best of our
knowledge, [75] is the first paper that suggests a sensor cluster formation method with fast data
compression while minimizing energy consumption in sensor networks.

2.2.5 Routing
Many routing protocols have also been developed for ad hoc networks, which can be
summarized into two categories: table-driven (e.g., destination sequenced distance vector [76],
cluster switch gateway routing [77]) and source-initiated on-demand (e.g., ad hoc on-demand
distance vector routing [78], dynamic source routing (DSR) [79]). In [80], Lee and Gerla
propose a Split Multi-path Routing protocol that builds maximal disjoint paths, where data
traffic is distributed in two roots per session to avoid congestion and to use network resources
efficiently. A Multi-path Source Routing (MSR) scheme is proposed in [81], which is an
extension of DSR. Their work focuses on distributing load adaptively among several paths.
Nasipuri and Das [82] present the On-Demand Multi-path Routing scheme which is also an
extension of DSR. In their scheme, alternative routes are maintained, which can be utilized
when the primary one fails.
In sensor networks, location is often more important than a specific node ID. For example, in
sensor networks for target tracking, the target location is much more important than the ID of
reporting node. Therefore, some location-aware routing schemes have been proposed for USNs.
A greedy geographic forwarding with limited flooding to circumvent the voids inside the
network is proposed in [83], and some properties of greedy geographic routing algorithms are
studied in [84]. Jain et al [85] proposes a geographical routing using partial information for
USNs.
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Chapter 3 Mobility-assisted relocation schemes
3.1 Full mobility case: PSOA
I propose three different relocation methods for movement assisted self-deployment of
sensors according to the mobility degree of sensor nodes. The common goal of the suggested
schemes is to improve the sensing coverage in a predefined area with low energy consumption.
In the full sensor mobility case, I propose particle swarm optimization (PSO) based algorithm
for movement assisted relocation. PSO, originally proposed by Eberhart and Kennedy [86] in
1995, and inspired by social behavior of bird flocking, has come to be widely used as a problem
solving method in engineering and computer science [87, 88, 89, 90].
All of the particles have fitness values, evaluated by the fitness function to be optimized. PSO
is initialized with a group of random solutions and then searches for optima by updating
generations. In every iteration, each particle is updated by following two "best" factors. The first
one, called pbest, is the best fitness it has achieved so far and it is also stored in memory.
Another "best" value obtained so far by any particle in the population, is a global best and called
gbest.
The PSO formulae define each particle in the D-dimensional space as Xi = (xi1, xi2, xi3,……,xiD)
where i represents the particle number. The memory of the previous best position is represented
as Pi = (pi1, pi2, pi3……piD), and the index of the best particle among all the particles in the
population is represented by the symbol g. A velocity along each dimension is denoted as Vi =
(vi1, vi2, vi3……viD). Let d ∈ [1, 2, …, D], the updating equation [91] is as follows,
vid = ϖ × vid + c1 × rand()× ( pid − xid ) + c2 × rand()× ( pgd − xid )
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(3-1)

xid = xid + vid

(3-2)

where ω is the inertia weight, and c1 and c2 are acceleration coefficients.
The role of the inertia weight ω is considered to be crucial for the convergence of PSO. A
suitable value for the inertia weight ω balances the global and local exploration ability and,
consequently, reduces the number of iterations required to locate the optimum solution. So it is
better to initially set the inertia to a large value, in order to make better global exploration of the
search space, and gradually decrease it to get more refined solutions. Thus, a time-decreasing
inertia weight value is used.
PSO shares many similarities with genetic algorithm (GA). Both algorithms start with a
group of a randomly generated population, have fitness values to evaluate the population with
random techniques. Compared with GA, PSO is easier to implement, has fewer parameters to
adjust, and requires only primitive mathematical operators. Because of its inexpensive
computation and fast convergence rate, PSO is a potential algorithm to optimize deployment in
a sensor network.
I assume that each node knows its position in the problem space, all sensor members in a
cluster are homogeneous and cluster heads (CHs) are more powerful than sensor members.
Sensing and communication coverage of each node are assumed to have a circular shape
without any irregularity. The design variables are 2D coordinates of the sensor nodes, {(x1, y1),
(x2, y2), …}. Sensor nodes are assumed to have certain mobility. PSOA includes two stages, the
first is to optimize coverage by relocating sensors and the second is cluster formation when
nodes have settled down during the first stage and don't move again.
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I consider coverage as the first optimization objective. The coverage of each sensor is defined
either by a binary sensor model or a probabilistic sensor model as shown in Fig. 2.2; both are
used here. I take the Eqs. (2-1) and (2-2) as the coverage objective functions.
After optimization of coverage, all the deployed sensor nodes move to their own positions.
Our goal then becomes to minimize energy usage in a cluster based sensor network topology by
finding the optimal cluster head (CH) positions. So cluster formation used to optimize energy
consumption here is actually in a static sensor network manner. We are now in the second stage
of PSOA.
Assume that the sensor nodes inside a cluster have short distance dis to CH but each CH has
long distance Dis to the base station. For each sensor node inside a cluster, to transmit an l-bit
message a distance dis to CH, the radio expends
ETS (l , dis ) = lEelec + lε fs dis 2

(3-3)

For CH, however, to transmit an l-bit message a distance Dis to base station, the radio
expends
ETH (l , Dis ) = lEelec + lε mp Dis 4

(3-4)

So the energy loss of a sensor member in a cluster is
Es (l , dis) = l (100 + 0.01dis 2 )

(3-5)

The energy loss of a CH is
ECH (l , Dis ) = l (100 + 1.3 ×10 −6 × Dis 4 )

(3-6)

Since the energy consumption for computation is much less than that for communication, I
neglect computation energy consumption here.
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Assume m clusters with nj sensor members in the jth cluster Cj. The total energy loss Etotal is
the summation of the energy used by all sensor members and all the m CHs:
m

Etotal = l ∑
j =1

nj

∑ (100 + 0.01disij2 +
i =1

−6
4
100 1.3 × 10 Dis j
)
+
nj
nj

(3-7)

Because only two terms are related to distance, we can just set the fitness function as:
m

f =∑
j =1

nj

∑ (0.01dis
i =1

2
ij

+

1.3 × 10−6 Dis 4j
nj

)

(3-8)

From Eq. (3-8) we can minimize the energy dissipation in the sensor network by reducing the
distance from each node to its CH and the CH to the remote base station. I use the PSO
algorithm to find the optimal CH positions in the sensor field when the minimized energy
consumption is achieved.

3.2 Limited mobility case
3.2.1 Relay Shift Based Algorithm (RSBA)
Let G(V, E) be the graph defined on V with edges uv ∈E iff uv ≤R. Here uv is the Euclidean
distance between nodes u and v, R is the communication range. I assume that sensor nodes know
their locations using one of the GPS-less localization techniques such as received signal strength
so that CH can get the position information of its sensor members.
There are 4 steps for implementing RSBA:
Step 1: Randomly deploy nodes in the network.
Step 2: Detect coverage holes by voronoi diagram and detect redundant sensor nodes. I set a
distance threshold value T1. Calculate the longest linear distance between two points A and B
along the uncovered area perimeter and create a virtual node point at the center of the straight
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line AB. If the distance between two neighbors is less than T1, regard them as redundant nodes.
Choose a redundant node nearest to the virtual node point in coverage hole.
Step 3: Use A* algorithm [92] to find a shortest path n0-n1-n2-…-nn-1 from a redundant sensor n0
to the destination nn-1 (added virtual node) in a coverage hole. The distance between nn-2 to nn-1
is bounded by R. A* algorithm is the most popular choice for pathfinding, because it is fairly
flexible and can be used in a wide range of contexts. A* was developed to combine heuristic
approaches like Best-First-Search (BFS) and formal approaches like Dijsktra's algorithm. It is
like Dijkstra's algorithm in that it can guarantee a shortest path, while BFS cannot; and it is like
BFS in that it works as fast as BFS which is faster than Dijsktra's algorithm. Take the advantage
of A* algorithm, we can solve our problem more efficiently than our previous work [24] in
which Dijsktra's algorithm was applied.
Step 4: Move sensor node nn-2 to the virtual node nn-1, move nn-3 to nn-2 … finally move the
redundant sensor n0 to n1, and leave the original location of sensor n0 empty. The nodes
coordinates can be updated by Eq (3-9):
NetLoc ( ni ) = NetLoc (ni+1 ),

i = 0, 1, L, n − 2

(3-9)

ni ∈nodes on shortest path from source to destination
n0=source node
nn-1 =destination (virtual node)
The process is illustrated in Fig. 3.1 using an example of four sensors and one virtual node
along the shortest path. Sensor node n3 moves to the virtual node point n4, n2 moves to n3 …
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finally the redundant sensor n0 moves to n1, and leave the original location of n0 empty. The
network coverage is defined and calculated the same using Eq (2-1).
n1
n2

n0
n0

n1

empty

n3

n4
empty

n2

n3

Fig. 3.1 Illustration of sensor nodes relay shift along the shortest path

S1
S2

S4

S5
S3

Fig. 3.2 Voronoi diagram
The coverage hole detection is based on Voronoi diagrams. As shown in Figure 3.2, each
sensor node denoted by a Si (i=1, 2, 3…), is enclosed by a Voronoi polygon. These polygons
together cover the target field. The points inside one polygon are closer to the sensor node
inside this polygon than the sensors positioned elsewhere. If this sensor cannot detect the events
in its Voronoi polygon, no other sensor can detect it. Thus to detect coverage holes, each sensor
only needs to check its own Voronoi polygon. If its sensing area cannot cover the polygon, there
are coverage holes.
To construct the Voronoi polygon, sensors first calculate the bisectors of their neighbors and
themselves. These bisectors (and possibly the boundary of the ROI) form several polygons. The
smallest polygon encircling the sensor is the Voronoi polygon of this sensor.
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The detailed procedure of the proposed RSBA method for sensor nodes reorganization is
listed as follows:
1. Initialization
initial_node_locations (netXloc, netYloc);
sensing_range r;
communication_range R;
distance (i, j) <= R

If

link i and j;
2. Detect coverage holes and create virtual nodes
Detect coverage holes based on voronoi diagram;
Calculate the longest length of two points A & B with coordinates (x1, y1) and (x2, y2)
along the hole arc;
Calculate the center point C with coordinates (Xc, Yc) of edge AB based on the following
two equations, thus C becomes Virtual Nodes;
Xc=(x1+x2)/2;

Yc=(y1+y2)/2;

3. Detect redundant nodes
threshold T1;
If

distance(i, j) <= T1
If

distance (i, C) < distance(j, C)
define i as source and C as destination;

4. Shortest Path Finding by A* algorithm
Function [path, totalCost] = A* (m, netCostMatrix, s, d)
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m: number of nodes in the network, s: source node index, d: destination node index,
path: node sequence of shortest path, totalCost: distance along shortest path
5. Sensor Nodes Movement
For k=1: length (path)-1
netloc (k) = netloc (k+1);
Update nodes link;
Calculate network coverage based on Eq. (2-1);

3.2.2 Energy-efficient Fuzzy Optimization Algorithm (EFOA)
A. Preliminaries of Fuzzy Logic System
The model of fuzzy logic system consists of a fuzzifier, fuzzy rules, fuzzy inference engine,
and a defuzzifier. I have used the most commonly used fuzzy inference technique called
Mamdani Method [93] due to its simplicity.
The process is performed in four steps:
1)

Fuzzification of the input variables energy, concentration and average distance to
neighbors - taking the crisp inputs from each of these and determining the degree to which
these inputs belong to each of the appropriate fuzzy sets.

2)

Rule evaluation - taking the fuzzified inputs, and applying them to the antecedents of the
fuzzy rules. It is then applied to the consequent membership function.

3)

Aggregation of the rule outputs - the process of unification of the outputs of all rules.

4)

Defuzzification - the input for the defuzzification process is the aggregate output fuzzy set
moving distance and the output is a single crisp number.
Information flows through the fuzzy inference diagram as shown in Fig. 3.3.
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1. If

and

then

2. If

and

then

Fig. 3.3. Fuzzy inference diagram
B. Energy-efficient Fuzzy Optimization Algorithm
The same energy dissipation model presented in Sec. 2.1.2 is used here for calculation of
energy consumption. Assume an area over which n nodes are uniformly distributed. For
simplicity, assume the sink is located in the center of the field, and that the distance of any node
to the sink or its CH is ≤ d 0 as explained in Section 3.1.
Two main procedures are carried out in our algorithm: 1) Determine the next-step move
distance for each sensor. 2) Determine the next-step move direction for each sensor. Expert
knowledge for deployment problem is represented based on the following three descriptors:
z

Node Energy - energy level available in each node, denoted by the fuzzy variable energy,

z

Node Concentration - number of neighbors in the vicinity, denoted by the fuzzy variable
concentration,

z

Average distance to neighbors - average Euclidean distance between sensor node and its
neighbors, denoted by the fuzzy variable dn.
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Table 3.1. Fuzzy rule base
No.

En

Con

dn

dm

1

low

low

close

close

2

low

low

moderate

vclose

3

low

low

far

vclose

4

low

med

close

moderate

5

low

med

moderate

close

6

low

med

far

vclose

7

low

high

close

moderate

8

low

high

moderate

close

9

low

high

far

close

10

med

low

close

moderate

11

med

low

moderate

close

12

med

low

far

close

13

med

med

close

far

14

med

med

moderate

moderate

15

med

med

far

close

16

med

high

close

far

17

med

high

moderate

moderate

18

med

high

far

moderate

19

high

low

close

far

20

high

low

moderate

moderate

21

high

low

far

moderate

22

high

med

close

vfar

23

high

med

moderate

far

24

high

med

far

moderate

25

high

high

close

vfar

26

high

high

moderate

far

27

high

high

far

far

Legend: vclose=very close, vfar=very far, med=medium, En=Energy, Con=Concentration
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The linguistic variables used to represent the node energy and node concentration, are divided
into three levels: low, medium and high, respectively, and there are three levels to represent the
average distance to neighbors: close, moderate and far, respectively. The outcome to represent
the moving distance dm is divided into five levels: very close, close, moderate, far and very far.
The fuzzy rule base includes rules like the following: IF the energy is high and the concentration
is high and the distance to neighbor is close THEN the moving distance of sensor node i is very
far.
Thus I use 33 = 27 rules for the fuzzy rule base. I use triangle membership functions to
represent the fuzzy sets medium and moderate and trapezoid membership functions to represent
low, high, close, vclose, far, and vfar fuzzy sets. The membership functions developed and their
corresponding linguistic states are represented in Table 3.1 and Figures 3.4 through 3.7.
For the defuzzification, the Centroid is calculated and estimated over a sample of points on
the aggregate output membership function, using the following formula:
Cen = (∑ μ A ( x) ∗ x ) / ∑ μ A ( x)

(3-10)

where, μA (x) is the membership function of set A.
The control surface, or decision surface, is central in fuzzy logic systems and describes the
dynamics of the controller and is generally a time-varying nonlinear surface. From Fig 3.8 and
Fig 3.9 obtained by computation in Matlab Fuzzy Logic Toolbox [94], we can see that although
the concentration for a certain sensor is high, the moving distance can be smaller than some
sensor with higher energy or sensor with fewer neighbors but more crowded. With the
assistance of control surface, the next-step moving distance can be determined.
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Fig. 3.4 Fuzzy set for fuzzy variable energy.

low

Degree of membership

1

med

high

0.8
0.6
0.4
0.2
0
0

2

4
6
concentration

8

10

Fig. 3.5 Fuzzy set for fuzzy variable concentration.
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Fig. 3.6 Fuzzy set for fuzzy variable dn.
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Fig. 3.7 Fuzzy set for fuzzy variable dm.
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Fig. 3.8 Control surface (concentration, energy vs dm).
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Fig. 3.9 Control surface (dn, concentration vs dm).
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The next-step moving direction is decided by virtual force. Assume sensor i has k neighbors,
k=k1+k2, in which k1 neighbors are within threshold distance dth to sensor i, while k2 neighbors
are farther than dth distance to sensor i. The coordinate of sensor i is denoted as Ci = (Xi, Yi) and
that of neighbor sensor j is Cj = (Xj, Yj). The next-step move direction of sensor i is represented
as Eq. (3-11) and (3-12), thus sensor i clearly knows its next-step moving position by getting
distance dm and direction (angle α).
1
v
v= v v
Ci − C j

2

k2
v
v ⎞
⎛ k1 v v
⎜ ∑ (Ci − C j ) + ∑ (C j − Ci ) ⎟
⎜
⎟
j =1
⎝ j =1
⎠

tan(α ) =

(3-11)

v
Y (v )
v
X (v )

The threshold distance dth here is set to a proper value

(3-12)
3r

which is proved as follows. I

attempt to make distance between two sensor nodes moderate, i.e., not very close and not very
far. This kind of stable structure is illustrated in Fig. 3.10. Non-overlapped sensor coverage style
is shown in Fig. 3.10(a), however, an obvious drawback here is that a coverage hole exists
which is not covered by any sensor. Note that an alternative way is to allow overlap, as shown
in Fig. 3.10 (b) and it ensures that all grid points are covered. Therefore, I adopt the second
strategy.
In Fig. 3.10(b), it is obvious that △S1S2S3 is equilateral triangle. Because the sensing radius is
r, through some steps of simple geometry calculations, we can easily derive the distance
between two sensor nodes in the latter case S1 S 2 = S 2 S 3 = S1 S 3 = 2 ×
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3
r = 3r .
2

S1

S2

S3

(a)

S1

r
r
S2

π /3
S3

(b)

Fig. 3.10 Non-overlapped and overlapped sensor coverage cases

3.3 Mobile nodes relocation in hybrid sensor networks
In this section, I also solve the coverage problems in hybrid sensor networks by the proposed
AHP based algorithm. It is different from the previous methods since it not only incorporates
various environmental factors such as hot spot and obstacles in the design but also provides the
optimal decision for mobile nodes movement. After a random deployment of static sensors, a
certain amount of mobile nodes are deployed randomly into the monitored environment without
changing the existing deployment of static sensor nodes. In order to increase the network
coverage and uniformity, the mobile nodes are relocated according to our proposed scheme. The
decision of moving direction of each mobile node is made according to AHP method, in which a
set of criteria is evaluated and the optimal alternative is selected.

3.3.1 Problem Statements
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Static node
Base station
Mobile node

Obstacle
Hot spot

Fig. 3.11 Illustration of the design scenario
Assume that there have been some static nodes deployed in the monitored region. Then, some
mobile nodes are randomly deployed into this system. The problem is how these mobile sensor
nodes should be relocated for coverage enhancement under the constraint of environment
factors. Fig. 3.11 is the illustration of our design scenario.
Some basic assumptions are made in our design. First, the networking system is a hybrid
sensor network containing both mobile and static nodes. The static nodes must be pre-placed
into the environment and the base station records all these locations. All nodes are equipped
with the same sensing and communication devices. Second, the map should be well-known in
detail including the distribution of obstacles. For example, to monitor a hazardous area suffered
from terrible attacking, we need be familiar with the environment pattern and the distribution of
static nodes. Third, the mobile nodes have only flip-based mobility as introduced in [95]. This
type of model is adopted in most cases and normally trades-off mobility with energy
consumption. The object of our proposed relocation scheme is to reduce the coverage holes and
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improve the network topology in specific environment after redeploying the additional mobile
nodes.
To enable desired coverage while satisfying the environment requirements, we move the
mobile nodes to proper locations according to their specific situation. In real environment, fours
factors influence coverage directly, that is, the location and size of coverage hole in the network,
the existence of hot spot and obstacle in the environment, and the boundary effect:


Coverage hole: Areas not covered by any node. The direction to the nearest and largest
coverage hole is preferred to be selected.



Hot spot: The region in which events happen most frequently. The mobile node should
ensure at least single coverage in hot spot. Thus the moving direction towards hot spot is
also preferred.



Obstacle: The mobile nodes need to avoid obstacles on their moving direction.



Non-boundary: The mobile node is not preferred to move to the boundary since it will
cause certain amount of sensing coverage loss.
The optimized next step moving direction determination is a multiple factors optimization

problem and can be achieved using the AHP approach which is introduced in the next section.

3.3.2 Moving Direction Determination by AHP
The goal of the decision “choosing an appropriate moving direction” is at the top level of the
hierarchy as shown in Fig. 3.12. The next level consists of the decision factors which are called
criteria for this goal. At the bottom level there are 8 alternative directions to be evaluated.
From above steps, we can obtain not merely the weights of decision factors towards the
topmost goal from Wj but also the weights of alternative directions towards each factor. It is
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assumed that there are eight directions. All the eight weight matrixes of alternatives under four
factors construct a 8×4 matrix, denoted as Wni / j , i=1, 2, … 8, j=1, 2, 3, 4. The final weight of
each alternative is calculated as
4

Wni = ∑Wni / j ⋅ W j

(3-13)

j =1

Moving direction determination

Distance to
coverage hole

Hot spot

Obstacle
avoidance

Non-boundary

East
West
South
North
Northeast
Northwest
Southeast
Southwest

East
West
South
North
Northeast
Northwest
Southeast
Southwest

East
West
South
North
Northeast
Northwest
Southeast
Southwest

East
West
South
North
Northeast
Northwest
Southeast
Southwest

Fig. 3.12 AHP hierarchy for moving direction selection
The larger the final weight of the direction, the more important it towards enhancing the
network topology quality. Thus, the direction with the largest weight is selected as next step
moving direction of the mobile node.

3.4 Network Maintenance Strategy
After the first stage deployment, the network maintenance is also necessary to be considered
due to the uncertain environment. Thus, it is actually the post-deployment stage after the fuzzy
optimization deployment stage and a certain period of network operation. The characteristic of
the network in this situation is heterogeneous. The proposed network maintenance strategy is
based on the sensor node importance level ranking. First, I take the importance level calculation
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of the node n as an example. Assume the total number of nodes in the network is N. Let the
probability that node i can sense grid point j be denoted by Si(Pj), and then the probability C(Pj)
that grid point j is sensed by the whole network is derived as:
N

C ( Pj ) = 1 − ∏ (1 − Si ( Pj ))

(3-14)

i =1

N

= 1 − (1 − S n ( Pj )) × ∏ (1 − Si ( Pj ))
i≠n

If delete node n, then the probability C(Pj) becomes
N

C ( Pj ) = 1 − ∏ (1 − Si ( Pj ))

(3-15)

i≠n

For point j, the detection probability loss due to the deletion of node n becomes
N

ΔCn ( Pj ) = S n ( Pj ) × ∏ (1 − Si ( Pj ))

(3-16)

i≠n

Integrating the importance difference of each node in the network, the detection ability loss of
the whole network after deleting node n is:

ΔCn = ∑ ΔCn ( Pj )

(3-17)

j

Considering the temporal gradient of sensing value in each grid point, the detection ability
loss of the whole network after deleting node n is:

ΔCn = ∑ ΔCn ( Pj ) × ∇( Pj )
j
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(3-18)

in which ∇( Pj ) is the temporal gradient of sensing value at grid point j. The higher the
gradient value the more often the interesting events occurrence. I assume that sensor
measurement physically has a range (0~xmax); if the sensing vale v>xmax, then let v=xmax.
According to importance level indicator ΔCn , the importance level ranking of each node in
the network can be sorted. Consequently we can either deploy several new sensor nodes close to
the most important nodes or remove redundant nodes from “quiet” spot to the vicinity of those
“busy” nodes as a backup.
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Chapter 4 Self-organization of static sensor networks
The sensor deployment problem for cluster-based sensor networks, as described in previous
chapter, focuses on mobile sensor networks and does not consider communication connectivity
because multi-hop communication is not needed. In more general sensor network scenarios, we
must also consider connectivity because it is needed for successful data delivery. However,
most recent work in sensor network self-organization either focuses on one aspect such as
energy-efficiency, maintaining the communication connectivity, the sensing coverage or output.
The integration of some of these objectives is important in self-organization for sensor networks.
In this chapter, I present an energy-efficient clustering algorithm with fast data compression
in sensor networks. It is a VQ-LBG based approach for cluster formation in WSN. The most
distinguishing feature of the proposed method is that both energy efficient cluster formation and
fast data compression can be guaranteed. I then propose a sleep scheduling scheme for
balancing energy consumption rates in a single hop cluster based network using AHP. I consider
three factors contributing to the optimal nodes scheduling decision and they are the distance to
cluster head (CH), residual energy, and sensing coverage overlapping, respectively. I also
propose an integrated sleep scheduling and geographical multi-path routing scheme for WSNs
by AHP. The sleep scheduling is redesigned to adapt the multi-hop case. For the proposed
routing protocol, the distance to the destination location, remaining battery capacity, and queue
size of candidate sensor nodes in the local communication range are taken into consideration for
next hop relay node selection. It can reduce the packet loss rate and link failure rate since the
buffer capacity is considered.
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4.1 Vector-quantization based clustering
WSN network topology control for large number of randomly placed sensors was studied in
the recent years emphasizing the limited battery power. Generally, there are three methods that
can be considered as possible networking protocols: direct communication, multi-hop routing,
and clustering. In order to send information from a very high number of sensor nodes to the base
station, it is necessary and economical to group sensors into clusters to prevent redundant
information transmission and prolong network lifetime. Given the parameters for variation of
energy consumption in the nodes, there are some main problems: How many sensors should be
connected to each cluster head (CH), how many clusters are needed, how to select CH, and
where each CH should be positioned. Another typical challenge is that due to the resource
limitation of sensor nodes (CPU, memory, bandwidth, and energy), the collected information
from sensor nodes in the cluster has to be compressed quickly and precisely for transmission.
The proposed approach is based on VQ-LBG design algorithm. It is a lossy data compression
method based on the principle of block coding. It provides fast data compression process with
minimum average distortion at CHs and uniform cluster formation. This would help in
balancing the system load on each CH since all the clusters are balanced, and at the same time,
the communication energy consumption will be significantly reduced due to the efficient data
compression.

4.1.1 WSN model
In this section I describe our model of a wireless sensor network with nodes homogeneous in
their initial amount of energy. I particularly present the energy model and how the optimal
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number of clusters can be computed. I assume that all nodes are distributed randomly over the
sensor field.
Previous work have studied either by simulation or analytically [71], [96] the optimal
probability of a node being elected as a cluster head as a function of spatial density when nodes
are uniformly distributed over the sensor field. This clustering is optimal in the sense that
energy consumption is well distributed over all sensors and the total energy consumption is
minimum. Such optimal clustering highly depends on the energy model we use. For the purpose
of this study I use similar energy model and analysis as proposed in [14].
According to the radio energy dissipation model, in order to achieve an acceptable Signal-toNoise Ratio (SNR) in transmitting an l bit message over a distance d, the energy expended by
the radio is given by Eq.(2-3), to receive l bit message, the radio energy expenses follow Eq. (24).
Assume an area A = L × L square meters over which n nodes are uniformly distributed. For
simplicity, assume the sink is located in the center of the field, and that the distance of any node
to the sink or its cluster head is ≤ d 0 .Thus, the energy dissipated in the cluster head node
during a round is:
ECH (l ) = (

n
n
2
− 1)lEelec + lEDA + lEelec + lε fs dtoBS
nc
nc

(4-1)

where nc is the number of clusters, EDA is the processing (data aggregation) cost of a bit per
report to the sink, and dtoBS is the average distance between the cluster head and the sink. The
energy used in a non-cluster head node is equal to:
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2
EnonCH (l ) = lEelec + lε fs d toCH

(4-2)

where dtoCH is the average distance between a cluster member and its cluster head. The expected
squared distance from the nodes to the CH is given by:
2
]=
E[d toCH

L2
2πnc

(4-3)

The energy dissipated in a cluster per round is given by:

E cluster ≈ ECH +

n
E nonCH
nc

(4-4)

The total energy dissipated in the network is equal to:
2
2
Etotal = l ( 2nEelec + nE DA + ε fs ( nc d toBS
+ nd toCH
))

(4-5)

By differentiating Etotal with respect to nc and equating to zero, the optimal number of
constructed clusters can be found [97]:

nc− opt

2
n L
n
≈
=
2π d toBS
2π 0.765

(4-6)

4.1.2. Cluster formation based on VQ-LBG
1) VQ design problem
I propose a data compression guaranteed clustering algorithm based on vector quantization
(VQ). Our approach is designed according to the following observations:
(1) In sensor networks, the historical information exhibits similar patterns over time,
(2) different measurements are intrinsically correlated,
(3) coordinates of sensor nodes can be regarded as a feature pattern.
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VQ is a lossy data compression method based on the principle of block coding. It is a fixedto-fixed length algorithm. LBG is a VQ design algorithm based on a training sequence. The use
of a training sequence bypasses the need for multi-dimensional integration. A VQ that is
designed using this algorithm are referred to as an LBG-VQ [98].
The VQ design problem can be stated as follows. Given a vector source with its statistical
properties known, given a distortion measure, and given the number of codevectors, find the set
of codebook and a cluster formation (partition) which results in the smallest average distortion.
I assume that there is a training sequence consisting of M source vectors:

τ = { X 1 , X 2 ,..., X M } .
This training sequence can be obtained from some large database. M is assumed to be
sufficiently large so that all the statistical properties of the event source are captured by the
training sequence. I assume that the source vectors are k-dimensional, e.g.,

X m = {xm,1 , xm , 2 ,..., xM ,k } , m= 1, 2,…, M
Let N be the number of codevectors and let C = {c1 , c2 ,..., cN } , represents the codebook.
Each codevector is k-dimensional, e.g., ci = {ci ,1 , ci , 2 ,..., ci ,k } , i=1, 2,…, N. Let Si be the
encoding region associated with codevector ci and let P = {S1 , S 2 ,..., S N } denote the partition
of the space. If the source vector Xm is in the encoding region Si, then its approximation

Q( X m ) = ci , if X m ∈ Si .
Assuming a squared-error distortion measure, the average distortion is given by:

Dave =

1 M
2
X m − Q( X m )
∑
Mk m =1
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(4-7)

where e

2

= e12 + e22 + ... + ek2 . The design problem can be briefly stated as follows: Given

τ and N, find C and P such that Dave is minimized.
2) Optimality criteria
If C and P are a solution to the above minimization problem, it must satisfy the following
two criteria.
•

Nearest Neighbor Condition:

Si = { X : X − ci

2

2

≤ X − cn′ } ∀n′ = 1,2,..., N }

(4-8)

This condition means that the encoding region Si should include all vectors that are closer
to ci than any of the other codevectors. For those vectors lying on the boundary, any tiebreaking procedure will do.
•

Centroid Condition:

ci =

∑
∑

X m∈S n

Xm

X m∈S n

1

, i=1,2,…,N

(4-9)

It says that the codevector ci should be average of all those training vectors that are in
encoding region Si. We should ensure that at least one training vector belongs to each encoding
region to guarantee that the denominator in the above equation is never 0.
3) LBG design algorithm
The LBG-VQ design algorithm is an iterative algorithm which alternatively solves the
above two optimality criteria. The algorithm requires an initial codebook C(0). This initial
codebook is obtained by the splitting method. In this method, an initial codevector is set as the
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average of the entire training sequence. This codevector is then split into two. The algorithm
runs with these two vectors as the initial codebook. The two codevectors are splitted into four
and the process is repeated until the desired number of codevectors is obtained. The algorithm is
summarized below.
1) Given τ . Fixed ε > 0 to be a very small value.
2) Let N = 1 and c1* =

1
M

M

*
=
∑ X m , and calculate Dave
m =1

2
1 M
X m − c1* .
∑
Mk m =1

3) Splitting: For i=1,2,...,N, set ci( 0 ) = (1 + ε )ci* , cN( 0+) i = (1 − ε )ci* and set N=2N.
(0)
*
= Dave
. Set the iteration index i = 0 .
4) Iteration: Let Dave

X m − cn(i )

a) For m= 1, 2,…, M, find the minimum value of

2

over all n=1, 2,…, N. Let n*

be the index which achieves the minimum. Set
(4-10)

Q( X m ) = cn( i*)
b) For n=1, 2,…,N, update the codevector

cn(i +1) =

∑
∑

Q ( X m ) = c n( i )

Xm

Q ( X m ) = c n( i )

1

c) Set i=i+1.
(i )
=
d) Calculate Dave

1 M
2
X m − Q( X m )
∑
Mk m =1

( i −1)
(i )
( i −1)
e) If ( Dave
− Dave
) / Dave
> ε , go back to Step a).

*
(i )
= Dave
. For n=1, 2,…,N, set cn* = cn( i ) as the final codevectors.
f) Set Dave
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(4-11)

5) Repeat Steps 3) and 4) until the desired number of codevectors is obtained.
4) Proposed Algorithm
Considering both finding the initial cluster heads position for proper cluster formation and
fast data compression, I propose our algorithm applied in sensor networks for both cluster
formation and data compression as follows:
Step1: Create the codebook from training data set of the sensors.
Step2: Transmit the codebook to the base station.
Step3: Base station determines the CHs which has shortest distance to codebook.
Step4: Let the sensor collect data and fill the local buffer.
Step5: Compute the codebook update locally at CH and send to BS.
Step6: Sensor node with highest energy inside a fixed cluster becomes new CH.
Step7: Go to step 4 and repeat until the last node dies.

4.2 Integrated sleep scheduling and routing
Currently, energy supply is one of the fundamental bottlenecks in USNs. It is very costly
and unpractical to replace sensor node batteries once they are deployed, both because of the
large number of sensing nodes and the typically hazardous or unfriendly environment in which
these nodes are deployed. Hence, prolonging network life becomes a primary concern in
network design.
The sleeping technique has been used to conserve energy of battery powered sensors.
Several researchers even suggest putting redundant sensor nodes into the network and allowing
the extra sensors to sleep to extend network lifetime [99]. This approach is practical due to the
low cost of individual sensors. When a sensor node is put into the sleep state, it is completely
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shut down, leaving only one extremely low power timer on to wake itself up at a later time. In a
dense sensor network, rotating active and inactive sensors among the low power sensor
members, some of which provide redundant data, is an intelligent way to manage sensors to
extend its network lifetime. This leads to the following sleep scheduling problem: How does the
CH or base station (BS) select which sensor nodes to be put into sleep, without compromising
the sensing coverage capabilities of the whole network?
For a multi-hop USN rather than a single hop USN, an energy efficient routing protocol also
needs to be considered. Hence, there exist more challenges than single hop networks, for
example,
•

The routing path (link) failure may happen during data transmission because of collision,
node dying out (no battery), node busy, or other accidents. Some applications require real
time information and data, which means retransmission is not possible. This motivates us to
design a multi-path routing scheme for USNs.

• There exists energy constraint in USNs because most sensors are battery operated. This
motivates us to consider energy aware routing.
In this chapter, I investigate the energy constraint problem in USNs and propose a sleep
scheduling scheme in a single hop network based on Analytical Hierarchy Process (AHP). In
addition, an integrated sleep scheduling and routing algorithm in a multi hop environment is
proposed again based on AHP. In a single hop network, three factors contributing to the optimal
nodes scheduling decision are considered and they are 1) distance to CH, 2) residual energy, and
3) sensing coverage overlapping, respectively. Our goal is to balance energy consumption in
low power sensor nodes and extend the sensor network lifetime while maintaining adequate
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sensing coverage capabilities. In a multi hop network, I propose an integrated AHP based sleep
scheduling and multipath routing scheme for USNs, each of which has three different criteria
considered as well. I evaluate the efficiency of both proposed schemes in terms of energy
consumption, lifetime and coverage, and compare with related work, that is, Linear Distancebased Scheduling (LDS) and random scheduling in single hop heterogeneous sensor networks,
and Hop-based Sleeping Scheduling (HSS) algorithm and Geographical Multipath Routing
(GMR) scheme in the multi hop case.

4.2.1 Single-hop case
I adopt the same radio model as stated in [14] with ε fs =10pJ/bit/m2 as amplifier constant,
Eelec=50nJ/bit as the energy being dissipated to run the transmitter or receiver circuitry. It is
assumed that the transmission between the common nodes or between the CH and its individual
member node follows a second-order power loss model. The energy cost of transmission for
sensor nodes at distance d from each other in transmitting an l-bit data is calculated as:

ET (l , d ) = lEelec + lε fs d 2

(4-12)

A typical sensor network could contain thousands of small sensors. In some specific
applications, clustering has been employed to group a number of sensors, usually within a
geographic neighborhood. In such a cluster based topology, sensors can be managed locally by a
CH which is a node responsible for management in the cluster and for communication between
the cluster and the base station.
I aim to enhance the efficiency of the given sensor network by enabling a balanced usage of
energy across the nodes and an improved network lifetime without compromising network
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coverage. Figure 4.1 is the illustration of cluster based sensor network topology in which our
proposed single hop sleep scheduling scheme is designed. I focus on energy consumption at the
cluster level.
A. Assumptions
I consider the sleep node scheduling problem under several assumptions as follows:
– The target sensor network is heterogeneous with a large number of low power sensor nodes
to serve as member nodes and a small number of more powerful nodes to serve as CHs. The
motivation behind is to confine the complex hardware and additional battery to a few CH
nodes. The low power nodes are simple in hardware and perform basic functions such as
sensing and simple computations;
– A large number of sensor nodes are deployed over a sensing field, such that at least some
sensor nodes can be put into the sleep state without degrading the sensing coverage of the
network;
– The CHs can communicate directly with BS and vice- versa. Similarly, the CH can reach all
the sensor members in the cluster in one hop and vice-versa. Thus, it is not needed for any
routing strategy from the BS to any specific CH or from any CH to the individual sensor
member.
– The application can tolerate some delay in reports from some sensors in each round.
B. Network Parameters
The user-defined parameters used in defining the network are listed below:
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1) Fraction of nodes selected to sleep in a given round, 'r': This is the fraction of the total
number of nodes in the network that are selected to sleep in each round.
2) Threshold limit, 'θ': This denotes the fraction of nodes in the network, which, when dead,
determines the lifetime of the network.

member node
CH

Base station

Fig. 4.1 Cluster based sensor network topology.
C. Sleep Scheduling Scheme by AHP
In our design, three factors influence the load balance and coverage directly, that is, 1)
distance to CH, 2) residual energy, and 3) sensing coverage overlapping:
1) Distance to CH: Distance of a node to its CH. It can be approximated by the signal strength
of radio transmission. The node with longest distance to the CH is preferred to be put into
sleep.
2) Residual energy: Remaining battery of the sensor node. The initial energy is predefined. In
addition, the energy consumption for transmission is calculated using Eq. (7) by CH.
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3) Sensing coverage overlapping: Overlapped sensing range of a node by neighbor nodes. The
node with larger overlapping degree, i.e., the node with higher redundancy, is desired to be
selected as sleeping node.
This optimized sleep scheduling process is a multiple factors optimization problem and can
be achieved by AHP, which is used to select the nodes eligible to sleep in one cluster. It is
carried out in three steps:
Step 1: Collect information and formulate the sleeping nodes selection problem as a decision
hierarchy of independent factors.
Step 2: Calculate the relative local weights of decision factors or alternatives of each level.
Step 3: Synthesize the above results to achieve the overall weight of each alternative nodes
and choose the one with largest weight as the eligible sleeping node.
The goal of the decision "select a node eligible to sleep" is at the top level of the hierarchy
as shown in Fig. 4.2. The next level consists of the three decision factors. At the bottom level
there exist the m alternative sensor nodes to be evaluated.
In AHP modeling, the evaluation matrix A, here denoted as A1, is determined based on Eq.
(3-21) as follows:

A1

=

α
β
γ

Distance

Residual

Sensing range

to CH

energy

overlapping

(α)

(β)

(γ)

⎡ α/α
⎢ β/α
⎢
⎢⎣ γ/α

- 61 -

α/β
β/β
γ/β

α/γ ⎤
β/γ ⎥⎥
γ/γ ⎥⎦

=

⎡ 1
⎢1 / 2
⎢
⎢⎣1 / 3

2 /1
1
1/ 2

3 / 1⎤
2 / 1⎥⎥
1 ⎥⎦

where the three criteria (distance to CH, residual energy and sensing range overlapping) are
denoted by α, β and γ respectively. The selection of these initial values is motivated by our
choice that "Distance to CH" is the most important, than "Residual energy" is the next important
followed by "Sensing range overlapping" as the least important factor. This choice reflects a
typical set of parameters for energy conservation.
Select a node eligible to sleep

Distance to CH

Residual energy

Sensing coverage
overlapping

Nodes 1 to m

Nodes 1 to m

Nodes 1 to m

Fig. 4.2 AHP hierarchy for sleeping nodes selection in a single hop case.
The computed eigenvector W = [0.5396 0.2970 0.1634]. It indicates the local weight of the
distance to CH, residual energy, and sensing coverage overlapping respectively so that we can
see clearly that the distance to CH is the most important criterion, and sensing coverage
overlapping is the least. According to Eq. (3-24), we can get the eigenvalue λmax = 3.0093.
Consequently, consistency ratio can be calculated as CR= 0.0047 < 0. 1, thus matrix A satisfies
the consistency check.
Each sensor node determines the weight matrices of alternatives under three factors and
then gets global weight based on its specific situation. Afterwards, its eligibility as a sleeping
node can be finally decided.
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If there are eight candidate nodes in each cluster, all the eight weight matrixes of
alternatives under three factors construct a 8×3 matrix, denoted as Wni / j , i=1, 2, … 8, j=1, 2, 3.
The final weight of each alternative is calculated using Eq. (3-26) with n =3. The larger the final
weight of node, the higher the probability of node which is eligible to be put into sleep. Thus,
the r fraction of nodes with the largest weight are selected as the sleeping nodes in the current
round.

4.2.2 Multi-hop case
4

Y-Coordinate

2

0

-2

-4
-4

-2

0
X-Coordinate

2

4

Fig. 4.3 Ring based multihop network topology.
In multihop environment, I investigate the sleep scheduling problem as well as multipath
routing problem and propose an integrated AHP based sleep scheduling and routing (A-SR)
scheme in a ring based multi-hop network topology with the destination (or BS) at the center, as
shown in Fig. 4.3. In the existing multi hop sleep scheduling scheme (e.g., [68]), although
routing is integrated, residual energy is the only factor considered. In the existing geographical
routing approach (e.g., [85]), the path selection doesn't consider the remaining battery capacity
of each node, which is a very important factor for energy constraint sensor networks. In our A-
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SR sleep scheduling part, distance to destination, residual energy, and sensing coverage
overlapping are included, with the latter two factors the same as the single hop case. In contrast
with the single hop case, the node with shorter distance to destination is preferred to be put into
sleep since they are more energy hungry as a relay. In routing part, distance to the destination,
residual energy, and queue size of each sensor node are included, with the former two factors
the same as the proposed multi hop sleep scheduling. Our scheme is a fully distributed approach
where each sensor only needs the above parameters, and I use AHP to handle these parameters
in the A-SR.
In our A-SR scheme, I only keep the second assumption from single hop case. And I
additionally assume that the event detection by the nodes in the network occurs periodically and
all nodes are synchronized. Thus our A-SR can be executed round by round based on the period.
For A-SR routing part, the detailed explanations of the three criteria for next hop relay node
selection are given as follows:
1)

Distance to destination: Distance of a node to BS which is the destination. The
geographical location of destination is known to the source node (as in [85]), and the
physical location of each sensor node can be estimated easily if the locations of three
sensor nodes (within a communication range) are known in a USN. The node with shorter
distance to the destination is preferred to be selected.

2)

Residual energy: Remaining battery of the sensor node. The energy consumption for
transmission and reception can be calculated using Eqs. (4-12) and (3-6).

3)

Queue size: It indicates the buffer capacity at the node. This parameter helps avoid packet
drops due to congestion at the receiver.
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The optimized node selection in multipath routing is also a multiple factors optimization
problem and can be achieved using AHP.
In our A-SR for M-path routing, the source node select M nodes in its communication range
for the first hop relay. Assume there are N (N > M) nodes in its communication range, nodes
that are farther to the destination node than the source node are not considered. Choosing M
nodes from remaining eligible nodes is based on AHP (as will be described in detail). Starting
the second hop, each node in the M-path selects its next hop node also using AHP.
Select a node eligible to sleep
Distance to
destination

Residual energy

Sensing coverage
overlapping

Nodes 1 to N

Nodes 1 to N

Nodes 1 to N

(a) AHP hierarchy for sleep nodes selection
Next hop relay node selection
Distance to
destination

Residual energy

Queue size

Nodes 1 to N

Nodes 1 to N

Nodes 1 to N

(b) AHP hierarchy for next hop relay nodes selection

Fig. 4.4 AHP hierarchy for decision making in a multi-hop network.
In the AHP hierarchy model, the goal of the decision "next hop relay node selection" is at
the top level of the hierarchy as shown in Fig. 4.4 (b). The next level consists of the three
decision factors and at the bottom level there exist the N alternative sensor nodes to be evaluated.
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We assume that each sensor node keeps a table which has some information about its
neighbor nodes: locations, battery level, and queue size. The table is updated periodically by the
locally-broadcasted information (beacon) from each neighbor node. We define a time interval T,
during which the three parameters (locations, battery level, and queue size) do not change very
much. This time interval T is the shortest time duration that a sensor node will send another
beacon. Each sensor examines itself the status of the three parameters in every period T, and if a
certain parameter has changed above a threshold, it will locally broadcast a beacon.
In the route discovery phase, the source node uses AHP model to evaluate all eligible nodes
(closer to destination) in its communication range based on the parameters of each node:
distance to destination, residual energy, and queue size. The source node chooses the top M
nodes based on the local weight that this node will be selected. And the source node sends a
Route Acknowledgement (RA) packet to each desired node, and each desired node will reply
using a REPLY packet if it is available. The structure of RA and REPLY is summarized in
Table 4.1. If after a certain period of time, the source node did not receive REPLY from some
desired node, it will pick the node with highest weight among the remaining N-M nodes. In the
second hop, the selected node in each path will choose its next hop node using the same process.
As illustrated in Fig. 4.5, node B needs to choose one node from four eligible nodes C, D, E,
and F based on their three parameters, and sends RA packet to the selected node and waits for
REPLY. If the top one node is unavailable (for exmaple, selected by another path), then the top
second node will be selected. Consequently, M paths can be set up.
For A-SR sleep scheduling part, we only present its AHP hierarchy model which is shown
in Fig. 4.4 (a), due to the similarity to the single hop case.
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Fig. 4.5 Illustration of next hop node selection.
For energy analysis, I adopt the previously presented transmission energy model, i.e., Eq.
(4-12). In multihop networks, the energy for reception and data aggregation also need to be
taken into account. Thus, to receive an l-bit data, the radio energy expenses follow Eq. (3-6),
and the energy for data aggregation is set as EDA = 5 nJ/bit, the same as [14].
In AHP modeling, the evaluation matrices for A-SR, here denoted as A2, is determined
based on Eq. (3-21) as follows:

α
A2 =

β
γ

α

β

⎡ 1
⎢1 / 2
⎢
⎢⎣1 / 3

2 /1
1
1/ 2

γ

3 / 1⎤
2 / 1⎥⎥
1 ⎥⎦

where the three criteria, shown in Fig. 4.4 (a) and (b) from left to right, are denoted by α, β and
γ respectively.
The computed eigenvector W has the same value as the single hop case since I assumed the
same evaluation matrix. So we can observe that the distance to destination is the most important
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criterion, and sensing coverage overlapping and queue size are the least. We can again get the
eigenvalue λmax = 3.0093, and consequently matrix A2 satisfies the consistency check.
Each sensor node determines the weight matrixes of alternatives under three factors and
then gets global weight based on its specific situation. Its eligibility as next hop relay node and
sleep node can be finally decided by the AHP hierarchy model.
Table 4.1 RA and REPLY message structure
Desired

Self Node

Node ID

ID

Type

Dest_X
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Dest_Y

Src_ID

Chapter 5 Performance Evaluation
5.1 Experimental methodology
This chapter is organized following the presentation of the earlier algorithms, to wit, firstly,
experiments pertaining to the mobility-assisted relocation algorithms, secondly, to the selforganization methods.
The purpose of the experiments relating to deployment is to confirm via simulation
important aspects relating to the performance of the dual coverage and energy consumption, by
categorizing the algorithms to match the mobility metrics and by comparing the set of
algorithms in each category, giving some insight on choosing protocols in different situations,
lastly, to confirm via simulation practical and realistic implementation issues. These
performance-related experiments compare the proposed algorithms in this dissertation to
random deployment-based algorithms because the nature of the initial deployment assumptions
(Chapter 2) leads to random distribution of sensor nodes. In addition, a second perfomance
comparison with the performance of a unifromly distributed sensor network or related work is
conducted to verify that all the proposed algorithms have similar performance or outperform a
standard coverage-driven deployment algorithm.
The purpose of those experiemnts that relate with network maintenance is to confirm
predictive expectations of the model presented in Section 3.4. The purpose of the experiments
relating to sef-organization is mainly to test the effectiveness of our algorithms in decreasing
energy consumption without compromising the coverage, secondly to confirm via simulation
practical implementation issues.
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We analyze the performance of our protocols from two aspects: deployment quality and
energy consumption. Deployment quality is measured by the sensing coverage and the time
(number of rounds) to reach this coverage. As for movement, we use moving distance and the
number of movement as the metrics.

5.2 Mobility-assisted relocation
5.2.1 PSOA
5.2.1.1 Optimization of Coverage
A. Binary Model Case
The PSO starts with a “swarm” of sensors randomly generated. As shown in Fig. 5.1 is a
randomly deployed sensor network with coverage value 0.4484 calculated using Eq. (3-3). A
linear time decreasing inertia weight value from 0.95 to 0.4 is used in order to make better
global exploration of the search space first and to get more refined solutions gradually. The
range is decided according to [91]. Acceleration coefficients c1 and c2 both are set to 2 as
proposed in [91]. For this performance study, I select a large scale deployment of 50x50 square
sensor network because the prevalent modern-day view prefers it. For optimizing coverage, we
have used 20 particles, which are denoted by all sensor nodes coordinates and the maximum
number of generations we are running is 500. The maximum velocity of the particle is set to be
50. The sensing range of each sensor is set to be 5 units. An upper bound on the coverage is
given by the ratio of the sum of the circle areas (corresponding to sensors) to the total area of
the sensor field. In this simulation, the upper bound evaluates to be 0.628, which is calculated
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from the perfect uniform distribution case without any overlapped area. The coverage is
calculated as a fitness value in each generation.
Fig. 5.2 is the coverage optimization results. The coverage improvement verses number of
iterations in one run is shown in Fig. 5.2 (a) and the final achieved coverage values for six runs
are shown in Fig. 5.2 (b). Compared with the upper bound 0.628 (which is achieved in a
uniformly distributed ideal coverage driven situation), the difference between the average value
0.58 for six runs and upper bound is small.
50

Y-Coordinate

40

30

20

10

0

0

10

20
30
X-Coordinate

40

50

Fig. 5.1 Randomly deployed sensor network (Coverage value=0.4484).
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Fig. 5.2 Optimal coverage results (binary sensing model)
B. Probabilistic Model Case
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In probabilistic model case, I use a randomly deployed sensor network as shown in Fig. 5.3,
with coverage value 0.31 calculated by Eq. (3-4) and approximate method mentioned in section
3.1.1. PSO algorithm parameters are set the same as binary model case, however, the other
parameters of sensor models are set to be r=5, re=3, λ=0.5, β=0.5, cth=0.7.
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Fig. 5.3. Randomly deployed sensor network with r=5 (Coverage value=0.31)
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Fig. 5.4 Optimal coverage achieved using PSO algorithm (probabilistic sensing model)
Fig. 5.4 (a) shows the improvement of coverage during the execution of the PSO algorithm.
Note that the upper bound for the coverage for the probabilistic sensor detection model (roughly
0.38) is lower than the upper bound for the case of binary sensor detection model (roughly
0.628). This is due to the fact that the coverage for the binary sensor detection model is the
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fraction of the sensor field covered by the circles. For the probabilistic sensor detection model,
even though there are a large number of grid points that are covered, the overall number of grid
points with coverage probability greater than the required level is fewer. I also show the
achieved coverage for six runs in Fig. 5.4 (b), and the average is nearly 0.37 which has little
difference from the upper bound.
5.2.1.2 Optimization of Energy Consumption
I have compared the average distance traveled (an indicator of moving energy
consumption), PSO has a result of 49 and the ideal uniformly distribution strategy take 112,
which shows a large moving energy saving of PSO.
After the optimization of coverage, all sensors move to their final locations in setup phase.
Now the coordinates of potential CHs are set as particles in the sensor network. The
communication range of each sensor node is 15 units with a fixed remote base station at (25, 80).
I start with a minimum number of clusters acceptable in the problem space to be 4. The node,
which will become a CH, will have no restriction on the transmission range. The nodes are
organized into clusters by the base station. Each particle will have a fitness value, which will be
evaluated by the fitness function (12) in each generation. Our purpose is to find the optimal
location of CHs. Once the position of the CH is identified, if there is no node in that position
then a potential CH nearest to the CH location will become a CH.
I also optimized the placement of CH in the 2-D space using GA. I used a simple GA
algorithm with single-point crossover and selection based on a roulette-wheel process. The
coordinates of the CH are the chromosomes in the population. For our experiment I use 10
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chromosomes in the population. The maximum number of generations allowed is 500. In each
evolution I update the number of nodes included in the clusters. The criterion to find the best
solution is that the total fitness value should be minimal.
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Fig. 5.5 Comparison of convergence rate between PSO and GA based on Eq. (3-12).
Fig. 5.5 shows the convergence rate of PSO and GA. I ran the algorithm for both
approaches six times and in every run PSO converges faster than GA which was used in [55] for
coverage and lifetime optimization. The main reason for the fast convergence of PSO is due to
the velocity factor of the particle.
Fig. 5.6 and Fig. 5.7 show the final cluster topology in the sensor network space after
coverage and energy consumption optimization when the number of clusters in the sensor space
is 4. We can see from the figure that nodes are uniformly distributed among the clusters
compared with the random deployment as shown in Fig 5.1 and 5.3. The four red stars denote
CHs, the blue tiny circles and diamonds are sensor members, and the dashed circles are
communication range of sensor nodes. The energy saved is the difference between the initial
fitness value and the final minimized fitness value. In this experiment, it is approximately 16.
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Fig. 5.6 Final cluster formation by PSO (Binary model case)
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Fig. 5.7 Final cluster formation by PSO (Probabilistic model case).

5.2.2 RSBA
The performance of the proposed movement assisted algorithm RSBA is evaluated by
simulation. For the convenience of comparison with related work, I set the initial parameters the
same as in [51]: 30 randomly placed nodes in a region of size 10 × 10 are used for initial
deployment; the r and R used in the experiment are 2 and 4 m, respectively. In Fig. 5.8, the
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coverage and connectivity of the initial random deployment before running the algorithms are
shown. The green circles are used to show the sensing range r of the nodes. Communications
are possible within the R between nodes that are connected by a dashed line.
Initial position of 30 sensors, covered area: 0.9273
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Fig. 5.8 Initial random deployment with sensing range 2m and communication range 4m.
Fig. 5.9 shows the detected virtual node points (labeled as 31 and 32) in coverage hole and
the redundant nodes nearest to 31 and 32 are 14 and 17 respectively. Both the coverage holes
and the redundant nodes are judged by CHs. This information is then broadcasted by CHs to the
whole network. The parameter values needed are: threshold value T1= r/4.
Fig. 5.10 shows the two shortest paths found (14→19→31 and 17→32) by A* algorithm
from redundant nodes to virtual node points. This is also the actual path of individual nodes as
they move by relay shift, in which sensor node move only one hop at a time which can
guarantee the connectivity. For the initial distribution of Fig. 5.8, each node moves a distance of
2.6157 on average and the standard deviation of distance traveled is 0.5714. When the average
distance traveled is small, the corresponding energy for locomotion is small. Also, when the
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standard deviation of distance traveled is small, the variation in energy remaining at each node
is not significant and a longer system lifetime with desired coverage can be achieved. Fig. 5.11
shows the final node positions with desired coverage=0.9923 after executing RSBA. Note that
the original 30 sensor nodes are finally reorganized and relabeled.
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Fig. 5.9 Determine virtual node point in uncovered area and redundant nodes.
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Fig. 5.10 Find shortest path by A* algorithm from redundant node to virtual node point.
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Final Node Position after Moving (relabeled)
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Fig. 5.11 Final node positions after executing proposed movement-assisted deployment
algorithm
Next, the performances of RSBA are compared with DSSA, IDCA, and VDDA [51] in
terms of coverage, movement distance until convergence, and time. Results are presented in
Figures. 5.12–5.14. These results are obtained for different number of nodes dispersed over a
fixed ROI of size 10 × 10, i.e., for different node densities to examine the relation between node
densities and the performance metrics. The number of nodes varies from 20 to 40 and results are
averaged over 10 runs (initial random distributions) for each node density.
Fig. 5.12 shows the improvement in coverage area from the initial random deployment for
RSBA, DSSA, IDCA, and VDDA. All four algorithms exhibit a similar performance. Although
the coverage of RSBA (99%~1) is not always the highest among the four algorithms, this
number is often satisfactory for many application requirements.
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Fig. 5.13 shows the significant reduction of total distance traveled by RSBA compared with
other three algorithms. In fact, distance moved here is used as the indicator of energy
consumption. In RSBA, only very few numbers of nodes need to move and each sensor
movement is bounded by only one hop. However, almost every node needs to move in the other
three algorithms. So it is obvious that our proposed algorithm can save much more energy
compared with related methods. Fig. 5.14 shows that RSBA leads to faster deployment than
DSSA, IDCA, and VDDA. Termination time is measured in the number of iterations until the
algorithms stop.

5.2.3 EFOA
For the convenience of comparison between EFOA and related work FOA, I set the initial
parameters the same as in [56]: various number of sensors deployed in a field of 10×10 square
area are investigated; the r and R used in the experiment are 1m and 2m (2m and 4m)
respectively. So dn should be ranged as 0~2 (0~4), not 0~10 as set by [56]. I assume each sensor
- 80 -

is equipped with an omni antenna to carry out the task of detection and communication.
Evaluation of our EFOA algorithm follows three criteria: field coverage, energy consumption
and convergence. Results are averaged over 100 Monte Carlo simulations.
Fig. 5.15 shows that the coverage of the initial random deployment, FOA and EFOA when
r=1m and R=2m. The FOA and EFOA algorithms have similar results that both of them can
improve the network coverage by 20% ~ 30% in average.
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Fig. 5.15 Coverage vs. Number of Nodes (R=2, r=1).
Fig. 5.16 gives the results when r=2m and R=4m, the coverage comparison of 1) random
deployment, FOA, EFOA and RSBA with binary sensing model and 2) random deployment,
EFOA and RSBA with probabilistic sensing model (denoted as Random-Prob, EFOA-Prob, and
RSBA-Prob). In the case of binary sensing model, when 20 sensors are deployed, initially the
coverage after random deployment is around 86%. After FOA and EFOA algorithm are
executed, the coverage reaches 97%. RABA even has higher coverage ratio up to 99%. The
coverage is dramatically improved in the low density network. The coverage ratio in case of
probabilistic sensing model has similar improvement pattern by EFOA and RSBA compared
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with random deployment. The above two figures indicate that instead of deploying large amount
of sensors, the desired field coverage could also be achieved with fewer sensors.
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Fig. 5.16 Coverage vs. Number of Nodes (R=4, r=2).
Fig 5.17 shows the total number of nodes that remain alive over time where each node
begins with 2J of energy and when R=4 and r=2. The number of nodes in EFOA remains same
for a long time and they die out quickly almost at the same time, while the first node dies the
earliest in FOA and RSBA in between. The reason is that after some operation time, the network
display heterogeneous characteristics, however, FOA doesn’t consider the residual energy of
nodes, so the energy difference among sensors becomes significant as time goes on. Network
lifetime is the time span from the deployment to the instant when the network is considered
nonfunctional. When a network should be considered nonfunctional can be generally considered
as the instant when the first sensor dies or a percentage of sensors die and the loss of coverage
occurs. In RSBA, the uniformity is worse than EFOA but better than FOA. Thus the lifetime is
prolonged in EFOA compared with FOA.
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Fig. 5.18 Standard deviation of distance traveled verses number of nodes.
Fig. 5.18 shows EFOA has much lower standard deviation of distance compared with FOA
in both cases when R=4, r=2 and R=2, r=1 while slightly higher than RSBA in the former case
with various number of nodes. When the standard deviation of distance traveled is small, the
variation in the energy remaining at each node is not significant and thus a longer system
lifetime with desired coverage can be achieved. However, in case many sensors don’t need to
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move in RSBA, although the standard deviation is low, it causes lower uniformity and thus
slightly shorter lifetime compared with EFOA.

5.2.4 Mobile nodes relocation in hybrid sensor network
In order to evaluate the relocation scheme by AHP, I compare it with random deployment
case. In our simulation, the 50m by 50m square monitored area is divided into 100 uniform
square grids. Each grid has the same length of 5m, and all nodes equip with identical sensors
with sensing radius equal to 5m. The communication range is set as 10m to ensure the network
connectivity. The moving style of a mobile node is flip by flip until the stable status is achieved.
One flip distance is assumed to be 2m.
In AHP modeling, the matrix A is determined as follows according to Section 3.3:

Coverage hole
A =

Hot spot
Obstacle
Non-boundary

Coverage

Hot

hole

spot

⎡ 1
⎢1 / 3
⎢
⎢1 / 2
⎢
⎣1 / 5

The computed eigenvector W = [0.4729

Obstacle

3 /1

2 /1

1
2 /1

1/ 2
1

1/3

1/ 4

0.1699 0.2844

Nonboundary

5 / 1⎤
3 / 1 ⎥⎥
4 / 1⎥
⎥
1 ⎦

0.0729]. It indicates the local

weight of coverage hole, hot spot, obstacle and non-boundary, respectively, so that we can see
clearly that coverage hole is the most important criterion, and non-boundary is the least.
According to Eq. (3-20), we can get the eigenvalue λmax = 4.0505. Consequently, consistency
radio can be calculated as CR= 0.02 < 0. 1, thus matrix A satisfies the consistency check.

- 84 -

Each mobile sensor node determines the weight matrixes of alternatives under four factors1
and then gets global weight based on its specific location and environment characteristics. Its
moving direction can be finally selected by the AHP model.
In contrast to random deployment which achieves desired coverage with 70 static sensors
deployed, the proposed AHP based scheme can achieve the same amount of coverage (k
coverage can be guaranteed in hot spot with k≥1) using only a combination of approximate 20
static and 20 mobile sensors.
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1

Coverage holes positions and area can be calculated by using Voronoi diagrams as in [50].
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In Fig. 5.19, the static node locations and coverage of the initial random deployment before
running the algorithms are shown. Tiny points with red numerical label beside represent the
positions of 20 static nodes. The two red small disks denote the hot spots, the rectangle and
triangle denote the obstacles in the environment. It’s obvious that many uncovered areas exist
and the hot spots are not well covered. Fig. 5.20 shows the random 20 mobile nodes deployment
without change of original static sensors placement. The tiny stars denote the mobile node
positions, and the green and blue circles represent the sensing range of the static sensor and
mobile sensor respectively. The final mobile node positions with desired coverage after
executing AHP based algorithm are shown in Fig. 5.21.
Fig. 5.22 provides the coverage ratio comparison between proposed AHP based
redeployment and random deployment. The proposed scheme is only compared with the random
deployment case because of our different assumptions from other existing mobile node
relocation schemes. In AHP based redeployment, the coverage is achieved by deploying a
hybrid sensor network in which mobile nodes occupy a half and the environment has a 3%
obstacle area. The coverage here is defined as the ratio of the union of all sensor nodes’ sensing
areas to the whole monitored environment excluding obstacles. For the detailed explanation of
coverage ratio calculation method, please refer to Chapter 3, Section 3.1.1. Note that, as the
number of mobile nodes increases (the total number of nodes also increase), the coverage
increases sharply because the sensing field becomes more flexible by movement of sensors.
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5.2.5 Network maintenance strategy
The network maintenance strategy is simulated thereafter as Figure 5.23 shows. The
parameter xmax is set to be 50, sampling period is 5s.Total number of nodes in the network is 30,
and two of the most importance nodes are the nodes labeled as 18 and 19 which have the highest
importance level. After adding four new nodes close to node 18 and 19, the importance level
distribution become nearly uniform compared with the case before executing network
maintenance strategy. Thus the working load of the “busy” nodes can be shared by the backup
nodes and the lifetime can be further prolonged. The importance level distribution before and
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after maintenance strategy based on Eq. (3-17) are shown in Fig. 5.23 (a) and (b), and the results
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Fig. 5.23 Importance level verses node serial number

5.3 Self-organization of static sensor networks
5.3.1 Vector-quantization based clustering
I simulate a wireless sensor network in a 100m × 100m field. I set Eelec as Eelec=50nJ/bit, EDA
as EDA=50nJ/bi/report and the amplifier constant is taken as ε fs =10pJ/bit/m2, ε mp =
0.0013pJ/bit/m2, thus d0 can be computed as about 87m. I set total sensor nodes number n=100,
and the optimal number of constructed clusters can be approximately 8 according to Eq. (4-6).
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So the number of codevectors N is 8. I take τ = { X 1 , X 2 } with X1 as the location of sensor
nodes, and X2 as temperature and humidity sensing values. I regard the source vectors as 2dimensional. So the sample data set is a 100 × 4 matrix. Without losing generality, I regard the
sensing values to be the coordinates divided by 100. Thus when I simulate, I standardize the
coordinates range as [0, 1] instead of [0, 100m].
Figure 5.24 (a)-(d) show four snapshots of the VQ-LBG algorithm based codebook creation.
The red circles represent codebook. Figure 5.25 is the final cluster formation in which the nodes
with same color are bunched into one cluster. The sensor node in one cluster which has the
shortest Euclidean distance to its codevector is selected as CH. Figure 5.26 is an example of
randomly generated 8 cluster heads marked as red stars which form uneven cluster distribution
used in LEACH. We can see that compared with VQ-LBG based cluster formation result,
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Fig. 5.24 Snapshots of the VQ-LBG algorithm based codebook creation
Table 5.1 Loop count and distortion vs No. of centers during the execution
No. of centers

Loop count

distortion

2

9

10.834

4

6

4.20282

8

8

1.83539

Table 5.1 shows the loop count and distortion verses number of centers during the algorithm
execution process. It is obvious that the distortion is decreased significantly after the final
codebook with 8 centers is determined.
Figure 5.27 exhibits the distribution of the number of clusters in randomly selected 50
rounds in both proposed algorithm and LEACH. The number of clusters varies widely in each
run in LEACH; on the other hand, the cluster number varies narrowly at the optimal range in
proposed algorithm. Although the clusters are fixed in our algorithm and only the cluster head
nodes are rotated, once the clusters are formed, there is no set-up overhead at the beginning of
each round. Depending on the cost of forming adaptive clusters, our approach where the clusters
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are formed once and fixed and the cluster head position rotates among the nodes in the cluster is
more energy efficient than LEACH. Besides that, our method at the same time guarantees fast
data compression which is also an important issue in WSNs due to the scare resources of sensor
node.
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5.3.2 Integrated sleep scheduling and routing
In order to evaluate the single hop sleep nodes scheduling scheme by AHP, we compare it
with the upper (lower) bound (which optimizes merely the current factor), LDS [67] and
random scheduling scheme. In our simulation, the 50m by 50m square monitored area is
assumed. All nodes except CHs equip with identical sensors and the sensing and
communication range are equal to 8m and 16m respectively. Initial energy in each node is 2J. I
set the total number of nodes to be Nt=50 and number of static clusters to be 2. Thus the number
of nodes in each cluster is 25 by assuming a uniform distribution of nodes.
Assume the CH plans to allow 25r nodes in its cluster to sleep in each cycle. In the random
scheduling scheme, the CH randomly selects r fraction sensor nodes to sleep. At first, we
compare the average energy consumption in a cluster by AHP based scheme and random
scheduling scheme to show the energy that can be conserved by our scheme. Figure 5.28
provides the energy consumption verses the fraction of sleeping nodes of the three schemes.
Furthermore, I also consider the ideal case where Eq. (3-6) is used to determine the minimum
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energy consumption which provides a lower bound on average energy consumption. It shows
that the energy consumption in case of the proposed AHP based scheme is less than that of the
random scheme, however slightly more than that of the LDS. The energy savings can be
enhanced with an increasing value of r. For an r value of "0.7", the energy consumed by the

Average energy consumption per round (uJ)

AHP based scheme is 49.3% less than by random scheme and 9% more than LDS.
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Network lifetime can be defined as the time when a fraction of nodes, θ, run out of energy.
In Fig. 5.29, I evaluate the lifetime of the three schemes and the upper bound for various values
of r and θ. The length of each round is 5 seconds. We can see that the lifetime of both schemes
is prolonged with the increasing of r and the proposed AHP based scheme greatly outperforms
the random scheme and is close to LDS. This is in line with the analysis that the proposed
scheme can balance the energy consumption among all the member nodes. We also can see that
the lifetime of all the schemes increases with an increase of θ. This is because the network can
be alive up to the time when θ fraction of nodes are drained of their energy.
Figure 5.30 provides the comparison of coverage ratio verses the fraction of sleeping nodes
r. The coverage here is defined as the ratio of the union of all sensor nodes' sensing areas to the
whole monitored environment. For the detailed explanation of coverage ratio calculation
method, please refer to [100, 101]. Fig. 5.30 shows that for the three schemes (AHP, LDS [67]
and random) the coverage ratio decreases with the increasing of the fraction of sleeping nodes, r.
LDS shows similar sensing coverage ratio with random scheme (though different pattern) since
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the sensing coverage of the LDS scheme in the border area is lower than that in the central area,
as sensor nodes close to the border are put into sleep with higher probability. However, in case
of the proposed AHP based sleeping scheme, the coverage ratio still can maintain above the
desired value of 0.98 when up to 30% nodes are put into sleep. It indicates that the tradeoff in
terms of coverage is not very critical using the AHP based scheme. AHP based scheme
outperforms the LDS and is close to the upper bound in that the AHP takes overlapping
coverage as one of the impact factors while the LDS does not but only energy saving.
To evaluate the integrated sleep scheduling and routing in multi hop networks by AHP, I
have used J-Sim [102] as the simulation environment. 60 sensors are randomly deployed in an
area of 100m x 100m. The source and destination sensors are set as 2J initially, and 5 couples of
source and destination nodes are communicating at the same time in this network. All the other
sensors have initial energy of 0-2J. The buffer capacity of each sensor node has been taken as 5
packets with packet length 512 bit and bit rate 9.6kb/sec. The time interval T is set as 10s in our
simulation. The source node select M=3 nodes in its communication range for the first hop relay.
From the second hop, each node along the three paths selects only one node toward its next hop.
We compare our A-SR with Hop-based Sleeping Scheduling (HSS) algorithm [68], upper
bound and the geographical multipath routing (GMR) [85] scheme where only distance to the
destination is considered. In Fig. 5.31, I plot the simulation time versus the number of nodes
dead. It shows that when 50% nodes (30 nodes) die out, the network lifetime for A-SR has been
extended more than 40%. A-SR significantly outperforms GMR and has similar performance to
HSS. In Fig. 5.32, we compare the packet loss rate of these three schemes. Packets are dropped
either due to insufficient buffer capacity at the receiver or because of the lack of energy needed
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to transmit the packet. Observe that our A-SR outperforms the GMR and HSS with about 20%
and 10% less packet loss respectively resulting in greater reliability. The average latency during
transmission (end-to-end) is 424.23ms for our A-SR, 407.5ms for GMR and 422.8ms for HSS,
and link failure rate for A-SR is 6.51%, but for GMR is 10.42% and for HSS is 10%. Due to the
integrated sleep scheduling, in our proposed scheme, the network coverage ratio does not drop
below the satisfactory value 0.97 when up to around 30% nodes are put into sleep.
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Chapter 6 Conclusions and future work
In this thesis, the proposed techniques have addressed the problems of effective sensing
coverage-driven energy-aware deployment and self-organization in WSNs. The results of this
thesis provide an efficient infrastructure for sensor network management.
I first introduced a comprehensive taxonomy for coverage-driven energy-aware WSNs
deployment and self-organization. Three sensor relocation algorithms were proposed according
to the mobility degree of sensor nodes. The first one, PSOA, regards the sensors in the network
as a swarm and reorganizes the sensors by PSO, in the full sensor mobility case. The other two,
RSBA and EFOA, assume relatively limited sensor mobility further reduce energy consumption.
Simulation results have shown that our approaches greatly improve the network coverage as
well as energy efficiency compared with related works. In a hybrid sensor network which
consists of a collection of both static nodes and mobile nodes, a novel method for the
redeployment of mobile nodes was proposed. An optimal decision of the mobile sensor node
moving direction is made based on AHP. Four factors contributing to the optimal deployment
were considered which are coverage hole, obstacle avoidance, hot spot, and the boundary effect,
respectively. The moving style is flip by flip until the stable status is achieved. Simulation
results showed that the proposed approach could provide high coverage with limited movement
distance without compromising connectivity. I also proposed a network maintenance strategy in
the post-deployment phase based on the sensor node importance level ranking. Simulation
results showed that our approach not only achieved fast and stable deployment but also greatly
improved the network coverage and as well as extended the lifetime.
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In the zero mobility case, i.e. a static sensor network, self-organization technique such as
clustering and integrated sleep scheduling and routing were introduced. I have proposed a VQLBG algorithm based clustering approach for sensor networks which provides fast data
compression process with minimum average distortion at CHs. The resulted uniform cluster
distribution also balanced the system load on each CH since all the clusters were balanced, and
at the same time, the communication energy consumption was significantly reduced due to the
efficient data compression. In order to achieve energy-efficient self-organization, I proposed a
sleeping scheduling scheme in a single hop network and an integrated sleep scheduling and
routing protocol in a multi hop network based on AHP. In the single hop network, three factors
contributing to the optimal nodes scheduling decision were considered and they are 1) distance
to CH, 2) residual energy, and 3) sensing coverage overlapping, respectively. In the multi hop
network, our proposed A-SR scheme includes distance to destination, residual energy, and
sensing coverage overlapping for sleep scheduling, and distance to the destination, residual
energy, and queue size of each sensor node for routing. To evaluate the performance, in the
single hop network case, we evaluated the efficiency of our proposed scheme in terms of energy
consumption, lifetime and coverage ratio, and compared with the upper (lower) bound, LDS and
traditional random sleep scheduling scheme in heterogeneous clustered sensor networks. The
proposed scheme was observed to improve network lifetime and conserve energy. We also
evaluated the efficiency of the proposed scheme in the multi-hop environment and the results
showed that it could extend the network lifetime much longer than the original geographical
routing scheme which only considered distance to the destination location, and it had similar
lifetime performance with HSS. Moreover, the proposed scheme could reduce the packet loss
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rate and link failure rate since the buffer capacity was considered. In both single hop and multi
hop network environment, the sensing coverage capabilities were not compromised.
As a future work, the abstraction of mobility degree will be further studied in which both
the physical factors and environmental factors are included, so that the continuous mobility
metric can be generated and a generalized deployment scheme can be designed. Moreover, the
realistic sensing range model will be derived and used in the network maintenance strategy.
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