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Abstract

Wireless sensor networks (WSNs) technology has been identified as one of the key
innovations for the 21st century. WSNs consist of many up to thousands of small
inexpensive lightweight distributed sensors which are capable of sensing and monitor-
ing the physical world. With the recent developments of mobile sensor nodes either
as mobile robots or unmanned autonomous vehicles, adding mobility to provide dy-
namic on-demand performance is becoming attractive in sensor networks. WSNs
have unique advantages over other existing networks which make them suitable for
many real world applications, due to certain factors such as ad hoc deployment, cost
effectiveness and self-organization. However, efficient usage of WSNs in many appli-

cations is impeded by a plethora of challenges due to several limiting factors such
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as finite node energy, low processing capabilities at nodes, and unreliable and im-
perfect wireless communication channels. In this dissertation, we investigate major
problems in a resource limited wireless sensor network for detection and estimation,
in signal processing and communication perspectives. Specific problems addressed

in the dissertation can be categorized as follows:

1. Power management under correlated observations
2. Distributed node scheduling for sequential inference

3. Impact of node mobility on detection and dynamic state estimation in mobility

assisted sensor networks

The dissertation is started by focusing on efficient power management in dis-
tributed detection and estimation with correlated local observations. In most po-
tential applications, once deployed WSNs need to work unattended for a long time.
Since sensor nodes are equipped with finite energy supplies, power management is
considered to be a core issue in designing a WSN. Also, in a practical densely de-
ployed sensor network, it is more likely that the observation noise is dependent across
sensor nodes. The performance analysis under correlated observations is analytically
complex compared to that with independent observations. We explore optimal power
scheduling techniques with correlated observations under different practical correla-

tion models.

Among all possible power consumption modes, the transmission power is the most
dominant in a sensor node. A large communication power is consumed in a tradi-
tional centralized data/decsion fusion since nodes have to communicate with a central
fusion center. On the other hand, the reliability of centralized data fusion architec-
ture depends on the robustness of the fusion center for failure. Hence, distributive

approaches for data fusion are desirable in power constrained sensor networks. In the
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second part of the dissertation, a distributed sequential methodology is proposed for
parameter estimation in a stationary sensor network in which nodes are assumed to
exchange information locally via noisy communication channels. Distributed algo-
rithms for node selection in the sequential estimation process were developed taking

the trade-off between information gains and the communication costs into account.

As far as a static sensor network is considered, the performance is basically deter-
mined by its initial configuration. Even if a all-static network meets the performance
quality requirement at the initial deployment stage, it does not adapt to unpre-
dictable dynamics in the network conditions, such as coverage holes caused by node
failures or changing dynamics of the phenomenon being sensed over time. Recently
mobile sensor nodes are proposed to be deployed in wireless sensor network appli-
cations to provide dynamic on-demand performance. However, deploying a large
number of mobile nodes in a sensor network is expensive due to energy consumption
of mobile nodes compared to that of static sensor nodes. In this dissertation, the cost
of deploying mobile nodes is investigated in terms of the required node density to
achieve desired performance measures. Several important performance measures in
target detection in a mobility assisted sensor network were derived assuming random
and independent node mobility models. In situations where random node mobility
models are inefficient, it is required to navigate mobile nodes purposefully to com-
pensate for the lack of performance resulted in a all-static network. To that end, a
new interactive distributed protocol, collaborating among static and mobile nodes,
for node mobility management is proposed to improve the coverage over time in an
efficient manner. The worst case performance in detecting mobile targets is derived

in terms of the exposure.

Contrast to continuous movements for target detection, due to energy constraints,
it may be desired to keep mobile nodes stationary until a target is detected with a

certain confidence level, or useful statistics regarding the target locations are available
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under stationary configuration. We develop two decision fusion architectures for a
hybrid sensor network when nodes are allowed to move only if necessary depending
on the application requirements. Moreover, the cost of allowing nodes to be mobile is
investigated analytically in terms of the minimum fraction of mobile nodes required

to achieve desired performance gains under certain constraints.

Estimation of the state of a moving target is an another important application of
wireless sensor networks. In the last part of the dissertation, we address the problem
of non-linear/non-Gaussian dynamic state estimation by hybrid sensor networks.
The node mobility is exploited to improve the tracking quality dynamically as target

moves.
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Chapter 1

Overview of the Dissertation

“Not everything that counts can be counted, and not everything that can be counted

counts”-Albert Einstein

1.1 Introduction

Recent advances in low-power micro sensors, integrated circuits and wireless com-
munication technologies have enabled the development of wireless sensor networks
(WSNs) [15,28,33,85] for wide variety of applications. Sensor networks are capable
of information gathering, processing and dissemination in diverse and hostile envi-
ronments. WSNs have unique advantages over other existing networks which make
them suitable for many real world applications, due to certain factors such as ad
hoc deployment, cost effectiveness and self-organization However, efficient usage of
WSNs in many applications is impeded by a plethora of challenges. Basically these
sensor nodes are to be deployed in hostile environments, for example in military ap-
plications or environment monitoring applications, with unattended for a long time.

Thus power management is considered as a core issue in designing WSNs. On the
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other hand, maintaining connectivity and networking functions among geographically
dispersed sensor nodes is going to be another field of study in WSNs. Resource con-
straints of a typical WSN include limited node energy, slow processors, small memory
sizes and limited bandwidth. When mobile nodes are embedded with static nodes,
a set of problems has to be solved in terms of the cost and energy for locomotion
in addition to that for sensing, processing and communication. These factors make
the WSNs technology an active research area in the community in communication,

signal processing and networking aspects.

Some active areas of recent research in WSNs include distributed detection/estimation,
data/decision fusion, node scheduling, node connectivity, wireless communication via
imperfect channels and resource management. In this dissertation we address several
challenges in a mobility assisted sensor network for detection and estimation with
respect to signal processing and communication aspects. Major contributions of the

dissertation are summarized in the following.

1.2 Main Contributions

1.2.1 Optimal power scheduling for distributed detection
and estimation in stationary sensor networks with cor-

related observations:

Previous research in detection and estimation by stationary sensor networks under
resource constraints has mainly focused on independent local observations [6,22,24,
60, 98,147, 148]. However, when sensor nodes are densely deployed, node observa-
tions are spatially correlated in a practical sensor network [25,69,138]. In [25], it

was shown how dense the sensor network should be for the dependence among ob-
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servations to be increased. With correlated observations, the performance analysis
is not analytically tractable compared to that with independent observations. In
the dissertation, we propose several approaches to find the optimal power alloca-
tion in a distributed sensor network under correlated observations at local nodes.
To obtain the optimal power allocation analytically in terms of network parameters
for distributed detection, we derive an easy-to-optimize upper bound for the fusion
error probability under certain correlation models. The proposed optimal power
scheduling scheme with the derived upper-bound can be implemented distributively
with a small feedback from the fusion center. With arbitrary correlation models, we
propose numerical-based algorithm for optimal power scheduling based on particle
swarm optimization. We investigate the performance reduction when the decision
rules are implemented considering conditional independent assumption when the ob-
servations are actually correlated. For the distributed estimation with correlated ob-
servations using non-orthogonal communication channels, we derive the large system
performance measures at the fusion center. Moreover, the optimal power scheduling
schemes with orthogonal as well as multiple access channels are derived to maintain

a desired performance level at the fusion center in estimating static parameters.

1.2.2 Distributed node selection schemes for sequential esti-
mation over noisy communication channels in station-

ary sensor networks:

In distributed sensor networks, due to energy limitations and failure tolerance prop-
erties, centralized data/decision fusion may not be desirable always. On the other
hand, in centralized data/decision fusion, a large communication power is consumed
at each node since nodes have to communicate with a central fusion center. In this

dissertation, we investigate the problem of efficient data fusion with inter-node com-
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munication. In particular, we propose a distributed sequential methodology for static
parameter estimation in a stationary sensor network in which nodes update estimator
sequentially based on their own observations and information received from previ-
ous nodes. In the sequential estimation process, we assume noisy communication
channels among nodes in contrast to most existing work with perfect communication
channels in sequential analysis. In such a sequential process not all nodes among
all available sensor nodes provide useful information which improves the accuracy of
the estimator. This motivates to find the set of nodes with proper ordering which
improves the estimator performance as the sequential process continues. However,
due to the distributed nature, the optimal set of nodes should be found without
having explicit knowledge of measurements residing at each nodes since otherwise it
needs a large communication burden to exchange measurements among nodes. Also
it can be shown that finding such optimal set of nodes is computationally complex
as the network size is large. To that end, we propose distributed algorithms for node
selection in the sequential estimation process which can be implemented having only
partial information on some parameters at neighboring nodes at each node, but still

without much deviating from the optimal performance.

1.2.3 Trade-off between mobile node density and detection
performance measures in hybrid sensor networks with

random mobility models:

As far as a static sensor network is considered, the performance is limited by its
initial network configuration. For example, to achieve a k-coverage in a random
sensor network, with a network size of L, the sensor node density should be increased
as O(log L+kloglog L) [136] at the initial stage. On the other hand, even a all-static

network meets the performance quality requirement at the initial deployment stage,



Chapter 1. Overview of the Dissertation

it does not adapt to unpredictable dynamics in network conditions such as coverage
holes caused by node failures, or changing dynamics of the phenomenon being sensed
over time. Recently mobile sensor nodes are deployed in wireless sensor network
applications to provide dynamic performance. However, deploying a large number of
mobile nodes in a sensor network is expensive due to energy consumption compared
to that with static sensor nodes. We investigate the cost of deploying mobile nodes in
terms of the node density required to achieve desired performance measures. For this
discussion we assume random node mobility, which is reasonable assumption when it
requires the minimum coordination among nodes and is justifiable in scenarios where

mobile nodes do not have a priori information on the sensing field.

1.2.4 Distributed protocol for mobile node navigation in a

hybrid sensor network:

Although random mobility models are desirable in many situations since they need
minimum coordinations among nodes, they might not be ideal to provide an efficient
coverage in a hybrid sensor network consisting of both static and mobile nodes. In
a hybrid sensor network, it is cost effective if the node mobility is exploited only to
compensate for the lack of performance resulted in all-static network. We propose
a new interactive distributed protocol for node mobility management in a hybrid
network such that the time that an arbitrary point in the sensing region is uncovered
by at least one node, is minimized. The proposed protocol can be implemented

distributively collaborating among static and mobile nodes in the local neighborhood.



Chapter 1. Overview of the Dissertation

1.2.5 Worst-case detection performance in hybrid sensor

networks:

One of the fundamental problems in target detection is exposure which measures how
well the region is covered by sensor nodes. This measure is important to diagnose
the weaknesses of the coverage patterns of a sensor network in target detecting. We
propose an efficient sequential technique to find the exposure to reflect the worst-case
detection performance, using graph-theoretic techniques. The proposed algorithm is

valid for arbitrary node mobility models.

1.2.6 Decision fusion models for hybrid sensor networks to

detect randomly located targets:

Since using mobile nodes in a hybrid sensor network for continuous movements might
be expensive due to energy constraints, it may be desired to keep mobile nodes sta-
tionary until a target is detected with certain confidence level, or useful statistics
regarding the target locations are available under stationary configuration. In such
scenarios, mobile nodes are allowed to move only if it is necessary to improve the
detection performance. We develop a theoretical framework for decision fusion incor-
porating measurement uncertainties for such applications when the target location is
random. Specifically two decision fusion models are proposed. The cost of allowing
nodes to be mobile is explored in terms of the minimum set of mobile nodes required

to move to reach at a desired performance level.



Chapter 1. Overview of the Dissertation

1.2.7 Distributed tracking algorithm using particle filters

with reactive mobility:

Estimation of the state of moving targets is an another important application of
wireless sensor networks which has been attracted much attention by signal pro-
cessing community. The Bayesian approach provides the general framework to solve
dynamic state estimation problems, in which the key is to construct the probability
density function (pdf) of the underlying state vector based on the available observa-
tions. When the state dynamics and observation models are linear and Gaussian, the
optimal Bayesian estimator is given by well known Kalman filter [105]. However, in
most real world applications, dynamic state estimation problems are non-linear and
non-Gaussian. Under the Bayesian approach, for non-linear and non-Gaussian prob-
lems, obtaining the optimal solution in closed-form is not tractable. Use of particle
filtering for solving non-linear/non-Gaussian dynamic state estimation problems is
becoming an attractive in which the required pdfs are represented as a set of random
sampling. Use of particle filters for target tracking applications is addressed by many
authors in static sensor networks in different contexts [21,35,41,54,100,101]. How-
ever, a less effort is made for target tracking in mobility assisted sensor networks.
We develop a cluster-based distributed tracking algorithm based on particle filters
in hybrid sensor networks with reactive mobility. The key feature in the proposed
tracking algorithm is that the predicted target locations are covered dynamically to

the desired coverage level exploiting node mobility.

1.3 Dissertation Outline

An introduction to wireless sensor networks focusing on signal processing and com-

munication aspects is given in Chapter 2. Chapters 3 and 4 explore the optimal power
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management techniques for detection and estimation in stationary sensor networks
with correlated observations considering different communication architectures. In
Chapter 5 we propose a distributed sequential methodology for estimation of a ran-
dom parameter incorporating distributed node selection algorithms. In Chapter 6,
we derive analytical formulas for different performance measures which are important
in designing hybrid sensor networks consisting of both static and mobile nodes, un-
der random node mobility models. Specifically, we investigate the trade-off between
the mobile node density and the performance measures under certain constraints.
Chapter 7 proposes a novel distributed protocol for node mobility collaborating with
static and mobile nodes such that the uncovered area by static nodes will be covered
in an efficient manner as time progresses. Chapter 8 develops an efficient sequential
methodology to find the worst-case detection performance in a hybrid sensor network,
in terms of the exposure when a target tries to escape the sensing region without being
detected. In Chapter 9, we propose two decision fusion models for target detection
incorporating measurement uncertainties for hybrid sensor networks to enhance the
detection performance, if a target is detected by the stationary configuration with
a certain confidence level. Chapter 10 provides a distributed cluster-based tracking
algorithm in a hybrid sensor network with reactive node mobility. In Chapter 11, we

conclude the dissertation providing some future work.



Chapter 2

Wireless Sensor Networks

2.1 Introduction

A wireless sensor network is a collection of densely deployed small, low-cost and low-
power sensor nodes which are capable of collecting and disseminating environmental
data. These sensor nodes are equipped with one or multiple sensing units, local
processor with limited processing and wireless transceiver which enables wireless
communication. Upon deployment, the sensor nodes organize themselves to form a

connected network to perform the required tasks.

These small sensor nodes are capable of processing and intelligently analyzing
local observations. To combine locally processed data at multiple sensor nodes,
nodes communicate with neighboring nodes or with a separate fusion center over

wireless channels to exchange information.
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2.2 Static and Mobile Sensors

2.2.1 Static sensors

A typical sensor node used in wireless sensor networks is capable of performing (i).
sensing, (ii). On-board processing, and (iii). Wireless communication. With current
technological trends, sensing units, processors, and communication devices of sensor
nodes are getting much smaller and cheaper compared to that with sensor networks in
early ages. These sensor nodes can be deployed on ground, in the air, under water, on
bodies of vehicles and inside buildings in either stationary or mobile configurations
depending on the requirement and the possibilities. The initial deployment may
be systematic (e.g. equi-space in a grid) or random depending on certain factors
such as reachability and the cost of deployment. For example, a smart Dust optical
mote, built by Dust Inc., Berkeley, CA, can be deployed by dropping to float to the
ground [33].

Sensing

A sensing unit of a sensor node consists of one or multiple onboard sensors such as
passive: acoustic, seismic, video, IR, magnetic or active: radar, ladar sensors [33].
Fig. 2.1 (a) illustrates an example sensing unit by crossbow, MTS300. MTS300
sensor board has a variety of sensing modalities including light, temperature and

acoustic and it can be used with the mote MICAz by crossbow (in Fig. 2.1 (b)) [1].

Processing and communication

A typical sensor node is associated with a programmable processor board with RF

transceiver, which enables wireless communication. An example processor/radio

10
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(a). MTS300 sensing
board

(b). MICAZ mote

Source: http://www.xbow.com

Figure 2.1: Sensing unit and transceiver/processor unit of a typical sensor node

board of MICAz mote by crossbow is shown in Fig. 2.1 (b). MICAz mote by
crossbow is associated with IEEE 802.11.15.4 compliant RF transceiver and Atmel

ATmega 128L low power micro-controller [1].

2.2.2 Mobile sensors

By mobile sensors we mean unmanned autonomous vehicles (UAV) or mobile robots

equipped with various sensor nodes. With the technological advances in networking

11
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and low cost high endurance electro-mechanical systems, it is now practical and
relatively inexpensive to deploy robot vehicles for autonomous sensing and data
collection in a broad area [155]. Example applications of mobile nodes are XYZ, [83],

robomote, [116] and flip based sensors (which can jump only once) [27].

2.3 Data/Decsion Fusion Architectures

When spatially separated individual nodes collect observations on the phenomenon
of interest (Pol) and process them locally, the processed local information should be
efficiently combined to provide the best interpretation of the Pol. To perform the

data/decison fusion task in sensor networks, several architectures are employed.

2.3.1 Centralized data/decsion fusion

In a centralized fusion architecture, individual nodes transmit their locally processed
data to a separate fusion center as shown in Fig. 2.2. The fusion center combines
the summaries of observations received from local sensor nodes in an efficient way
to provide a meaningful interpretation to the Pol. In this architecture, high level
processing at local nodes may not necessary. However, nodes may require a large

communication power.

2.3.2 Distributed data/decsion fusion

Centralized decison/data fusion encounters several problems in a distributed sensor
network under strict resource constraints. Since power consumption in wireless com-
munication dominates the power consumption in processing and sensing [15] at a

sensor node, the centralized architecture consumes a significant portion of the avail-

12
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() ()]
Active nodes é Sleeping nodes

Figure 2.2: Centralized data/decision fusion architecture with a fusion center

able node energy. On the other hand, the reliability of such architectures depends
on the robustness of the central fusion center. Distributed architectures, in which
nodes communicate locally to exchange their information to make the final deci-
sion are more robust and efficient in terms of saving communication power. One
such architecture is sequential communication as shown in Fig. 2.3, in which nodes

communicate sequentially until a desired performance level is reached.

2.4 Applications

Wireless sensor networks are becoming a reality in many military and commer-

cial applications. Current and potential applications of wireless sensor networks

13
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Figure 2.3: Distributed sequential data/decision fusion architecture

include, military sensing, environmental and habitat monitoring, infrastructure se-

curity, physical security, traffic surveillance, video surveillance, industrial and manu-

facturing automation, distributed robotics, environmental monitoring, building and

structures monitoring, industrial sensing, traffic control, home automation and

telemedicine [85,117,127,148]. In the following, we discuss some of these applications

in detail.

e Military applications: Similar to advances in many other technologies, research

and developments in sensor networks have been driven initially by military ap-

plications. For example, in early ages, sound surveillance systems consisting

of acoustic arrays were deployed at strategic locations on the ocean bottom to

detect and track submarines. More advanced techniques similar to the same

14
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strategy were later used for monitoring events (e.g. earthquake and animal
activity) in the ocean [33]. Sensor networks in various forms are used in mili-
tary applications to monitor intruders or unauthorized activities. When sensor
networks are used to monitor battlefields, adapting to dynamic environments,
and network information processing under severe resource constraints are key

challenges to be addressed.

e Habitat/environmental monitoring: Apart from military applications, sensor
networks are becoming attractive in many commercial and civilian applica-
tions. In [85], researchers from UCB/Intel laboratory have shown that habitat
monitoring is a driver application of wireless sensor networks. They have de-
ployed a mote-based tiered sensor network on Great Duck Island, Maine to
monitor the behavior of storm petrel. Another potential application of sensor
networks is to monitor environmental conditions such as temperature, pres-
sure and humidity. Sponsored by the government of Brazil, a very large scale
sensor network consisting of different types of interconnected sensors including
radar, image and environmental sensors, is deployed to provide environmental
monitoring, drug trafficking monitoring and air traffic control for the Amazon

Basin [64].

e Industrial applications: Industrial sensing applications of sensor networks in-
clude for example, monitoring machine conditions through determination of
vibration or lubrication levels and deploying remote sensing nets to perform

quality control tests on automate production and assembly lines.

e Traffic control: Another application area of sensor networks is vehicle traffic
monitoring. When video cameras are used to monitor road segments with heavy
traffic, due to cost of deploying them, traffic monitoring may be limited to few
critical points. Cheap sensor nodes with embedded networking capabilities

may be potential candidates that can be deployed at every road intersections
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to count vehicle traffic. By communicating among neighboring nodes, a global
traffic picture can be developed eventually, which can be queried by human

operators or automatic controllers [33].

e Health applications: Sensor networks consisting of bio-medical sensors are po-
tential candidates in health monitoring applications such as Glucose level mon-
itoring, organ monitoring and cancer detectors. Other applications in this cat-

egory include monitoring and tracking patients and doctors inside a hospital.

2.5 Challenges

In spite of the applicability of wireless sensor networks in a wide variety of applica-
tions, sensor networks pose a number of unique technical challenges which impede

the deployment of many of the envisaged applications due to several factors [33,47]:

e Energy limitations: Sensor nodes are equipped with a finite source of energy.
When a sensor network is initially deployed, in most cases, it does not have
human intervention. Replenishment of power sources in such networks may be
impossible or difficult. In a sensor node, the main areas of power consumption
are processing and communicating while the communication power dominates
the processing power. It is a challenging problem to optimally utilize the

available energy to perform the required task.

e Ad hoc deployment: In most applications, sensor nodes are to be deployed in
regions where no infrastructure at all. For example, in military applications,
sensor networks are deployed by dropping or throwing sensors into the sensor
field. Under these scenarios, sensor nodes need to self organize to maintain

optimal coverage and connectivity.
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e Dynamic changes: Sensor networks need to be adaptable to changing network
conditions over time. For example, network conditions are changing over time
compared to that with at the initial stage of deployment. It is necessary to
better cope with changing network conditions and dynamically varying on-

demand requirements to facilitate required functions.

e Reliability and fault tolerance: It is important to maintain the reliability of
the network after the initial deployment. For example, node failures may occur
due to lack of power, physical damages or environmental interferences. The
sensor network should be able to sustain network functionalities without any

interruption due to node failures and other network faults.

2.6 Signal Processing Aspects and Research Di-

rections

While sensor networks are used in a wide variety of different applications, they share
a common set of technical issues in terms of signal processing and communication.
According to signal processing perspectives, main tasks carried out by a wireless
sensor network can be categorized as detection, classification, and estimation (static

as well as dynamic states).

Some of the research areas in sensor networks can be listed as follows:

e Local processing: When distributed nodes make observations on the Pol, it is
necessary to process them locally with the available limited processing capa-
bilities of sensor nodes to produce a summary of the observations. One such
approach is to quantize the observations to a finite number of messages prior

to being transmitted to the fusion center [148]. For detection problems, it was
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shown that [128], performing threshold tests on local likelihood ratios at sensor
nodes is optimal with independent local observations but not true for corre-
lated observations. Design of local processing schemes at sensor nodes under

different network conditions is addressed by [48,90].

e Collaborative signal processing: When spatially distributed individual nodes
make observations on the Pol, they should be properly intergraded in such
a manner that the maximum benefits are achieved utilizing scarce network
resources efficiently. Collaborative signal processing in distributed detection,
estimation and tracking is addressed in the literature in different contexts.
Collaborative signal processing with a central fusion center under power and
bandwidth constraints is addressed by [3,6,10,22,24,60,61,69,88,90,111,119,
125,143,148,152,153] and [9,39,45,58,60,61,73,81,82,87,93,94,107,108,124,141],
while [34,56,63,119,123,156,157] addressed in terms of the distributed sequen-
tial processing. However, most of these existing work addressed collaborative

signal processing in stationary sensor networks.

e Sensor scheduling and deployment: Initial deployment of nodes to maximize
the network performance is important in designing sensor networks. In [62,80,
135,150, 158], initial node deployment strategies in resource constrained sensor
networks are addressed in different contexts. Sensor scheduling is another
important research direction, in which nodes switch between active and sleep

modes periodically as desired, extending the node lifetime.

e Mobility assisted sensor networks: To cope with the challenges due to dy-
namically changing network conditions and for on-demand applications af-
ter initial deployment, an alternative solution is to add mobility into typ-
ical stationary sensor networks. Use of node mobility to reposition sensor
nodes to provide a uniform coverage at the initial deployment stage was ad-

dressed by [27,57,135,136, 146, 158]. Use of node mobility for continuous cov-
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erage/capacity improvements is addressed by [51,79,86]. However, the perfor-
mance gain achieved by adding node mobility depends on certain factors such
as mobility patterns, cost of adding mobility and dynamics of the phenomenon
being sensed. It is of interest to investigate the trade-off among these factors

for efficient use of node mobility in mobility assisted sensor networks.
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Chapter 3

Power Management for Detection

with Correlated Observations

3.1 Introduction

Distributed detection is one of the fundamental tasks performed by a wireless sen-
sor network (WSN). In distributed detection with a central fusion center, each node
in the network sends a summary of its observation to the fusion center. The local
processing to produce a summary of observations at distributed nodes can be a form
of lossy compression or simple relaying. The fusion center makes use of partially
processed data from local nodes to make the final decision. Since only a summary of
observations is transmitted, decentralized detection has the potential to extend the
lifetime of the sensor network at the expense of some performance reduction. The
fusion performance of a decentralized detection system in a low power stationary
WSN is limited by resource constraints, namely power and bandwidth. In a typi-
cal WSN, communication and computing capabilities of sensor nodes can be limited

due to various design considerations such as finite energy and limited available band-
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width. For example, it may be impractical to replace or recharge the batteries due to
cost and operating environment considerations. Therefore, the power management

is considered to be a core issue in designing a WSN.

Distributed detection and fusion in stationary sensor networks under resource
constraints have been considered by many authors [3,4,6,22-24,26,59-61,95]. These
have studied the fusion performance under given power or bandwidth constraints on
the network. For example, in [22], it was shown that when the network is subjected to
a joint power constraint, having identical sensor nodes (i.e. all nodes using the same
transmission scheme) is asymptotically optimal for binary decentralized detection.
When the whole system is subjected to a total average power constraint, [59] showed
that it is better to combine as many as not-so-good local decisions as possible rather
than relying on a few very good local decisions in the case of deterministic signal
detection. The optimal power scheduling for distributed detection in a WSN with in-
dependent observations has recently been considered in [153], where an optimal power
allocation scheme was developed with respect to the so-called J-divergence perfor-
mance index. Neyman-Pearson detection of correlated random signals is addressed
in [120] where the performance is analyzed via error exponent using the large devia-
tions principle. Distributed detection using multiple access channels was considered
in [78] with both synchronous and asynchronous transmissions. Distributed detec-
tion based on counting rules at the fusion center was addressed by [133] in which
distributed nodes make likelihood ratio testing with a constant threshold among

nodes.

However, most of the work on distributed detection under resource constraints
discussed above considered independent observations at local sensor nodes. In prac-
tice, when nodes are densely deployed node observations can be spatially corre-
lated [25,44,74,132]. In this Chapter, we address the problem of how to optimally

allocate the node power (we consider only transmit power) for detection of a constant
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signal in a stationary sensor network with independent as well as correlated obser-
vations while keeping a certain performance level at the fusion center. We consider
a WSN consisting of a fusion center and an n number of spatially distributed sensor
nodes. The distributed nodes collect observations corrupted by Gaussian noise and
perform amplify-and-forward (AF) local processing to compute a local message that
is transmitted to the fusion center. The wireless channel between the nodes and the

fusion center is assumed to undergo fading.

First we consider the case where the local observations are independent and derive
the optimal power allocation scheme analytically. For the correlated observations, we
derive the exact, as well as an upper bound for the fusion error probability that is easy
to optimize when the local observation correlations are sufficiently small. Based on
the derived upper bound, the optimal power allocation scheme is found analytically.
Next, we use Particle Swarm Optimization (PSO), which is a numerical technique
based on the movement and intelligence of particles of a swarm, to numerically find

the optimal power allocation scheme for arbitrarily correlated Gaussian observations.

As we will show, according to the optimal power allocation scheme that conserves
total power spent by the whole WSN, nodes with poor observation quality and/or
bad channels are turned off while the other nodes transmit locally processed data
to the fusion center. We will show that when local signal-to-noise ratio (SNR) is
large, only a small number of nodes needs to be active to achieve the required fusion
error performance while a relatively large number of nodes should be active when the
local SNR is small. We also observe that the optimal power allocation scheme has
considerably better performance over that with the uniform power allocation scheme
specifically when the number of nodes in the network is large. It is also verified that
the results obtained via PSO-based numerical method closely match with analyti-
cal results under the same network conditions when the observations are i.i.d.. We

also investigate the performance of the analytical power allocation scheme derived
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under the conditionally independent assumption in a network when observations
are actually correlated. It can be seen that for large correlations, the conditionally
independent assumption degrades the performance significantly compared to the per-
formance of PSO-based method for correlated observations. It is also noted that the
power allocation schemes, obtained analytically for independent observations and for
correlated observations based on the derived probability bound, can be implemented
distributively with a small feedback from the fusion center provided that the channel

state information is available at nodes.

The remainder of this Chapter is organized as follows: Section 3.2 formulates
the fusion problem. In Section 3.3 the optimal fusion performance is analyzed. The
proposed optimal power allocation schemes with independent observations and cor-
related observations are discussed in Sections 3.4 and 3.5, respectively. Section 3.6

gives the performance results and finally concluding remarks are given in Section 3.7.

3.2 Data Fusion Problem Formulation

We consider a binary hypothesis testing problem in an n-node distributed wireless

sensor network. The k-th sensor observation under the two hypotheses is given by,

Hy:z, = v, k=1,2,....n

Hy:z, = xp+uv; k=1,2,...n, (3.1)

2

2 and zj is the

where v, is zero-mean Gaussian observation noise with variance o
signal to be detected. In vector notation, (3.1) becomes z = x + v where v is a zero
mean Gaussian n-vector of noise samples with covariance matrix 3. In general we
consider spatially correlated observations, so that 3, is not necessarily diagonal. We

consider the detection of a constant signal so that x; = m for all k£ (the results hold
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straightforwardly for any deterministic signal). Let us define the local signal-to-noise
ratio vy = ;"—22 The prior probabilities of the two hypotheses H; and H are denoted
by P(H,) = m and P(Hy) = mo, respectively.

We assume that amplify-and-forward (AF) local processing is used, according to
which each node retransmits an amplified version of its own observation to the fusion

center. Hence the local decisions sent to the fusion center are,
uy = grpzr; for k=1,2,..n, (3.2)

where g is the amplifier gain at node k. The received signal r; at the fusion center

under each hypothesis is given by;

Hy 7, = ny; (3.3)
and

Hy : v = hygry + ng; (3.4)
for k = 1,2,....,n where ny = hpgrvr + wg, hi is the channel fading coefficient and

wy, is the receiver noise that is assumed to be i.i.d. with mean zero and variance o?2.

Defining r = [ry, -+ ,7,]7 and n = [ny,--- ,n,]T, we have,

r=Ax+n (3.5)

where A = diag(hig1, h2g2, ..., hngn). The detection problem at the fusion center

can then be formulated as,

H() DI~ po(r) = N(O, En)
Hy : r~p(r)=NAm,X,) (3.6)
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where 3, = A, A + 021, m = me, e is the n-vector of all ones and I is the n x n

identity matrix. The log-likelihood ratio (LLR) for the detection problem (3.6) can

be written as,
1
T(r) = me" AX 'r — ierTAEglAe. (3.7)

It is well known that optimal fusion tests should be threshold tests on the above

LLR. Thus the optimal Bayesian decision rule at the fusion center is given by,

- 1 fT(r)>In7
i(r) = _ (3.8)
0 if T(r) <lnr,

where 7 is the threshold given by 7 = Z—(l) (assuming minimum probability of error

Bayesian fusion).

3.3 Analysis of Optimal Fusion Performance

Note that the distribution of the decision statistic 7'(r) is given by (under two hy-
potheses),

Hy: T(r) ~N (—im?eTAX'Ae, m*eTAT 'Ae)
Hy: T(r) ~N (3m?eTAZ *Ae, m?eTAX 'Ae). (3.9)

The false alarm probability of the optimal detector (3.8) at the fusion center is

(3.10)

Pr= P(T(x) > Inr|Hy) = @ [ T2 A% A
= r)>InT = ’
! ’ my/eTAY 1Ae
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where @Q-function is defined by Q(z) = > ’TdC . Similarly, the detection

7= )
probability associated with the decision rule (3.8) is given by

InT — Im2eTAX tAe
(3.11)

Pp=P(T(r) > Int|Hy) = 2
Hence the probability of error at the fusion center for a Bayesian optimal detector

can be shown as,

P(E) = Pf’ﬂ'() + (1 — PD)TFl = Q (%\/m%TAE;lAe) (312)

where the prior probabilities are assumed to be equal so that 7 = 1.

3.3.1 Independent local observations

When the node observations are uncorrelated the noise covariance matrix X, is

simply given by 3, = ¢2I. Then the probability of fusion error in (3.12) is simplified

to,
P(E) = zn: higi (3.13)
n2g2o? + o2 | - '
It is interesting to note that lim >y RTg gZiUQ = —5 so0 that the probability

gi%oo,k:l ..... n
of fusion error has a performance floor:

lim  P(E)—Q (@) (3.14)

Therefore, when g, — oo for £ = 1,---,n, for a fixed number of sensors, n, the
probability of fusion error is ultimately limited by the observation quality at local

sensor nodes regardless of the quality of the wireless channel.

26



Chapter 3. Power Management for Detection with Correlated Observations

3.3.2 Correlated local observations

It is not straightforward to evaluate X' in (3.12) analytically in closed form for
a general X, when the observations are correlated. In the following we consider a
specific sensor network model and obtain an upper bound for P(E) in (3.12) that is
valid for small correlations. To that end let us assume a 1-D sensor network in which
adjacent nodes are separated by an equal distance d and correlation between nodes ¢
li—3]

and j is proportional to pg where |po| < 1. Letting pf = p, 3, can be written as

1 p pn—2 pn—l
1 n—3 n—2
s =02| 7 (3.15)
i pn—l pn—2 p 1 |

Note that, when p is sufficiently small, we may approximate (3.15) by its tri-diagonal
version by dropping second and higher order terms of p. Recall, from Bergstrom’s

inequality [2] that, for any two positive definite matrices P and Q

(e"(P+Q)"e)(e"Q"e)

Tp-leg > .
© ¢ = eTQle—eT(P+ Q) le

(3.16)

Since m?eTAY *Ae = m?eT(X, + 02 A"2) e, let P = (X, + 02 A~2) and define
the matrix Q such that

1 —p _pn—2 pn—l
- 1 _.n—-3 _ n—2
Q=0 P p p
i pn—l _pn—Q —p 1 |

For small enough p it can be shown that e’Qe > 0. In fact, when X, has the

tri-diagonal structure (implying only the adjacent node observations are correlated),
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it can be shown that for any |p| < sy we will have eTQe > 0. In general, if X,
is as in (3.15), this will be true for small enough p. Note that while noise covariance
matrix (3.15) is an idealization, it can be used in many applications, such as traffic
monitoring or in industrial monitoring, where the sensors are approximately equally
spaced. The tri-diagonal version of (3.15) is a reasonable approximation when the
correlation coefficient p is small, since then the second and higher order terms of p

in (3.15) are negligible. From (3.16) it can be shown that,

1 1
T 2 A-2)-1, _
e (Xy+o,A™") e> - 2 D : (3.17)
k=1 2h2g2o2+02,

where D = eTQ 'e. From (3.12) and (3.17), we then have the following upper
bound for the fusion error probability when the observations are correlated and p is

sufficiently small:

m 1 1
PIE)<@Q| 5 -=1 | 3.18
N P D (3.18)
k=1 2n2g202+02,
-1
WheanOWG haVGD:n/O'g. Then , lim ;}ﬂﬁ_% — J%'
gk~>oo,k:1,...,n 22:1 thgzkﬁ v

That is, the fusion error probability bound (3.18) also has a performance floor
of Q) (@) as in (3.14), when local amplifier gains are large. Thus both the exact
fusion error probability and the proposed bound exhibit the same performance in

the case of i.i.d. observations when the amplification gain is large.
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3.4 Optimal Power Allocation with Independent

Observations

In the following, we first derive the optimal power allocation scheme that minimizes
the total power spent by the whole sensor network subjected to a threshold on the

fusion error probability when local observations are i.i.d..

In general, the power allocation problem can be formulated as,

. n 2
min Y, g such that
gk >0.k=1,n

P(E)=Q <%\/m2eTAE;11Ae) <e and

g >0, k=1,2,---.,n, (3.19)

where € is the required fusion error probability at the fusion center.

When local observations are i.i.d., the fusion error probability is given by (3.13).

Hence, the first inequality in (3.19) becomes § < \/ donei higi

kgk02+0'12u

where we have
defined g = EQ I(€). Since 3 is positive, the optimal power allocation problem can

thus be rewritten as,

, _in nzzzl g2, such that
kZYU,R=1,,

2 2
2 _ n hi9% <
/3 k=1 higlo2+o2 — 0, and

g >0 fork=1,2,...n, (3.20)
The Lagrangian for the above problem is

n

gk
G(L,\ A Mg — 3.21
05 [k § gi + o E h29k02+02 +k§1uk( k) (3.21)
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where A\g > 0 and pp > 0 for k = 1,2,..,n. Verifying KKT conditions, it can be
shown that the optimal solution for (3.20) is given by,

o2 hi Zj{:llhl . L

h{‘;’g (K1*,52012)]) —1 ; if k< Ky andn > /3 o;
2 _

9 = 0 L it k> K, and n > %7 (3.22)

infeasible : if n < p%0?

where K is found such that f(K;) < 1and f(K;+1) > 1 for 1 < K; < n assuming,
without loss of generality, hy > hy > --- > h,, where
k — 2 2
F(k) = # 1<k<n. (3.23)
e D m1 7
The proof of the uniqueness of such a K; and the global optimality of the solution
(3.22) for the optimization problem (3.20) are shown in the Appendix 3A.

Since there is a feasible optimal solution only when n > %02, i.e.
Yo > %(Q‘l(Pe))Q, this implies that we can not achieve probability of errors below

Q <@) Note that this is consistent with (3.14). The optimal solution for g7

when f(k)—1 <0 and n > %02 can be rewritten as gi = % <@ — 1), where
k% w
w e , :
vV = # Hence, once the fusion center calculates \y and broadcasts it, each
node can determine its power distributively using Ay as side information provided

that the channel state information is available at nodes.

3.5 Optimal Power Allocation with Correlated

Observations

Since it is not possible to find a closed form optimal solution for g;’s in (3.19)

when observations are correlated, in the following we solve it numerically. For that,
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we develop a stochastic evolutionary computation technique based on PSO [65, 66,
109]. Since PSO is not directly applicable for constrained optimization problems, we
first transform our constrained optimization problem in (3.19) into an unconstrained
optimization problem using the exterior penalty function approach [106,151]. Note
that the choice of PSO technique for our problem is motivated by several factors. In
the constrained PSO method, only the fitness function is needed to evaluate at each
iteration in contrast to evaluating gradients in other numerical techniques. Further,
it was observed that (as explained in subsection 3.5.3) the PSO-based algorithm is

robust against the changes in network parameters.

3.5.1 Penalty function approach for constrained optimiza-

tion
Suppose that the optimization problem of interest is
min f(X) such that h;(X)<0; j=1,---,m. (3.24)

Then the exterior penalty function for the above minimization problem can be for-

mulated as [106,151],

A(X, i) = F(X) + 15 > (max[0, h;(X)]), (3.25)

J=1

where 7 is a positive penalty parameter and ¢ is a non-negative constant. Usually,
the value of ¢ is chosen to be 2 in practice [106]. The exterior penalty function
algorithm that finds the optimal solution for the problem (3.24) can be stated as
below: (Note that subscript of X denotes the index corresponding to penalty pa-
rameter while the superscript of X denotes the iteration number of the minimization

algorithm for a particular penalty parameter).
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e step 1: Set k = 1. Start from any initial solution X}, and a suitable value of

T =17T1.
e step 2: Find the vector X that minimizes the function given in (3.25).

o step 3: Test whether the point X satisfies all the constraints. If Xj is feasible,
it is the desired optimum and hence terminate the procedure. Otherwise go to

next step.

e step 4: Choose the next value of the penalty parameter according to the

Tk41

relation = ¢ where ¢ is a constant greater than one and set X, = Xj

and k =k + 1. Go to step 2.

Assuming that f(X) and h;(X), j = 1,2,---,m are continuous and that an optimal
solution exists for (3.24), the unconstrained minima X} of (3.25) converge to the
optimal solution of the original problem f(X) as k — oo and 7, — oo [106]. In order
to ensure the existence of a global minimum of ¢(X,ry) in (3.25) for every positive
value 71, , ¢(.) has to be a strictly convex function of X. The following theorem, the
proof of which can be found in [106], gives the sufficient conditions for ¢(X, ) to

be strictly convex:

Theorem 1
If f(X) and h;(X), for j =1,2,---,m are convex and at least f(X) or either one of
{h;(X)}jL, is strictly convex, then the function ¢(X, ;) defined by (3.25) will be a

strictly convex function of X.

3.5.2 Particle swarm optimization

To evaluate optimal X for each penalty parameter rj as required in the step 2 above,
we use the particle swarm optimization technique. A brief overview of the particle

swarm language is given in Table 3.1 and more details can be found in [109].
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Table 3.1: PSO terminology

Particle/Agent A Single individual in the swarm
Location/Position An agent’s n-dimensional coordinates which
represent a solution to the problem
Swarm The entire collection of agents
Fitness A single number representing the goodness
of a given solution
pbest The location in parameter space of the best fitness
returned for a specific agent
gbest The location in parameter space of the best fitness
returned in the entire swarm
V max The maximum allowed velocity in a given direction

In the following we give the algorithmic steps needed to implement the PSO for

a given problem:

(D

(10).

. Define the solution space and the fitness function: Pick the parameters that

need to be optimized and give them a reasonable range in which to search for the
optimal solution. The fitness function should exhibit a functional dependence

that is relative to the importance of each characteristic being optimized.

We denote the swarm size by M. For each k in (3.25), we perform a PSO
optimization algorithm to find Xj. For each k, let us define, X}, as the posi-
tion vector of the m-th particle; Py, ., as the pbest of the m-th particle; Py, gpest
as the gbest of the swarm; ¢(Xy ., 7,) as the fitness value corresponding to
the location X, of the m-th particle; ¢(Pg ., %) as the fitness value corre-
sponding to the pbest Py ,,, of the m-th particle; ¢(Py gpest, 7%) as the fitness
value corresponding to the gbest of the swarm and Vy, ,,, as velocity of the m-th

particle. The maximum number of iterations of PSO for each k is set to S.

If £ =1 (i.e. the penalty parameter is r1) initialize the swarm locations ran-
domly. Otherwise set the initial positions of each particle to be the best pbest

values for k =k — 1.
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e Initializing position: For k = 1 and for each particle m, m =1,---, M,
X} is chosen randomly. If k£ > 1, then Xllc,m:Pfq,m where Pffl,m is

the pbest of the m-th particle for k = k — 1 at the S-th iteration of PSO.

e Initializing pbest: Since its initial position is the only location encountered
by each particle at the run’s start, this position becomes each particle’s
initial pbest. i.e. P,lg’m = X}%m.

e Initializing gbest: The first gbest is selected as the initial pbest which gives

the best fitness value: Py, ;. =P ., where m; = arg min {¢(P} ., 7%)}.
s ’ 1<m<M )

e Initializing velocities: Initialize V}, = as zeros for each particle m.

(I1I). Fly the particles through the solution space:
Each particle is then moved through the solution space. The following steps

are performed on each particle individually.

e Evaluate the particle’s fitness value and compare it with that of pbest
and gbest. For each particle, if its fitness value is better than that of the
respective pbest for that particle or the global gbest, then the appropriate
locations are replaced with the current location. i.e., in the s-th iteration
of the PSO, for each particle m, for m = 1,..., M, if ¢(X3 ,,7) <

¢(Py ., k) then set Py = Xi . Set P§ .. = P where my =

arg miny <, <y {A(PF ., k) }-
e Update the particle’s velocity: The velocity of the particle is changed
according to the relative locations of pbest and gbest. The particles are

7accelerated” in the directions of the locations of best fitness value ac-

cording to the following equation [102,109]:
Vi = X{(wVi, +arand()(Py,, — X} )

+02Tand()(Pz,gbest - Xz,m))}7 (326)

where X is the constriction factor that is used to control and constrict
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velocities; w is the inertia weight that determines to what extent the
particle remains along its original course unaffected by the pull of pbest
and gbest, c; and cy are positive constants that determine the relative
"pull” of pbest and gbest (in fact ¢; determines how much the particle
is influenced by the memory of its best location and ¢, determines how
much the particle is influenced by the rest of the swarm) and the random

number function rand() returns a number between 0 and 1.

e Move the particle: Once the velocity has been determined as in (3.26),
move the particle to its next location as X! = Xim T AtVZE. The

k,m

velocity is applied for a given time step At.

(IV). Repetition: After the velocity and the position are updated the process is
repeated starting at step (III) until the termination criteria are met. The
termination criteria can be a user-defined maximum iteration number or a
target fitness termination condition. In the latter case, the PSO is run for the
user-defined number of iterations, but at any time if a solution is found that
is greater than or equal to the target fitness value, then PSO is stopped at
that point. In our work we set the maximum iteration number (S) for PSO as
defined before. Once the termination criteria are met, the optimal solution Xj

for the unconstrained minimization problem (3.25) for given k is PZ gbest-

To solve the optimization problem in (3.19) when the observations are correlated we

define the exterior penalty function as,

m

o(g, 1) = f(8) + ref(maz[hi(g),0)) + Y (max[h;(g),0])*}, (3.27)

J

where f(g) = > 97, hi(g) = % — eTAX 'Ae and hiyi(g) = —g; for i =
1,2,---,nand g = [g1, - ,gn]". Here we have m = n + 1. When the observa-

tion noise is i.i.d, it can be shown that ¢(g,rx) is a strictly convex function for
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9i > 4 forv=1,2,--- ,n and also it can be seen that when h;’s are small enough

3h202
the convexity of ¢(g, 1) holds for g; > 0, ensuring a global minimum for ¢(g, ;). We
will assume that ¢(g, 1) has a global minimum for each r; even when the observation
noise is correlated under above conditions. Assuming that an optimal solution for
(3.19) exists and since f(g) and h;(g) for j = 1,2,--- ,m, are continuous, as k — oo

and r;, — oo the unconstrained minima g of ¢(g, 7x) converge to the optimal solution

of the original problem (3.19).

3.5.3 Selection of parameter values for PSO

T and we define the solution

The parameter set to be optimized is g = [g1, - , gn]
space as [0, c0) for each parameter. To run the PSO the population size was selected
as 30 which has been shown to be sufficient for many engineering problems [19].
Various values for inertia weight w have been suggested in the literature. Since
larger weights tend to encourage global exploration and conversely smaller initial
weights encourage local exploitations, [46] has suggested to vary w linearly from 0.9
to 0.4 over the course of the run. On the other hand, [102] suggested to gradually
decrease w from 1.2 towards 0.1 over the run of a PSO. We allowed w to vary between

0.9 to 0.4 linearly since it gave a fast convergence over 100 iterations. ¢; and ¢y were

both set to 2.0 [109], [102]. The constriction factor X was set to 0.73 [102].

One of the main advantage of the PSO based method is that once the algorithm
parameters are chosen as above, the algorithm seems to work over a large range
of variations in problem parameters such as fading coefficients, n, p and €. On the
other hand, the choice of step size and the initial values for a conventional method
such as Newton’s was observed to depend heavily on the problem parameters. The
designer has to change the step sizes and the initial values every time when the system

parameters change. This becomes especially problematic since fading coefficients are
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random. Hence, although once proper choices have been made, the Newton’s and
the proposed PSO-based methods show almost similar convergence properties, the

PSO based method seems much easier to use.

3.5.4 Power allocation based on the derived fusion error

probability bound with correlated observations

When observations are correlated we may use the bound (3.18) to obtain an approx-

imate analytical solution to the power allocation problem via

. n 2
min Y, g such that
9k=>0,k=1,-.n

n higi <0
— S/ — and
q k=1 2hZg202 102 =

g >0, k=1,2,---,n, (3.28)

where ¢ = (% + )" and, as before, 8 = wal(e) (Note that, ¢ > 0 since D > 0).

We can use the same method as in Section 3.4 to find the optimal solution for (3.28).
Defining a function f (k) = % and assuming again, hy > hy > -+ > h, it
can be shown that (steps of deriving (3.29) are similar to that in Section 3.4 and are
omitted here), we can find a unique L; such that f(L;) < 1 and f(L; +1) > 1 for

1 < Ly < n. Then the solution to the problem (3.28) is given by,

b ik 7
% {k ]lhj—l} o ifk < Ly & n > 202

2h702 | (Li—202q)
2
9r = 0 itk >Ly &n> 203(] (3.29)
infeasible ; ifn < 203(1

Note from (3.29) that to achieve the required fusion error probability at the fusion

center the total number of active sensors should be greater than 202¢ in the optimal
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Figure 3.1: Total power Vs. probability of fusion error for independent observations:
Yo = 5dB

solution where now is dependent on the correlation coefficient as well (since ¢ depends

on p).

When f(k‘) —1<0 and n > 202q, similar to Section 3.4, the optimal solution for

g

2 - . 2 2’ \/ hk / Tw ZJ 1 h
g in (3.29) can be rewritten as g, = hio? ~—— — 1], where /A AT
Assuming channel state information is available at sensor nodes, each node can de-
termine its power distributively using A; as side information, if the fusion center

computes \; and broadcasts it to the sensor nodes.

3.6 Performance Results

In this section we illustrate performance gains possible with the derived optimal

power allocation schemes. We assume that fading coefficients hy’s of the channel
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Figure 3.2: Optimal power values of sensor nodes Vs. number of sensors for n = 20
and n = 50 when ¢ = 0.1 and vy = 10dB

between sensors and the fusion center are Rayleigh distributed with a unit mean.

The results on Figs. 3.1 to 3.4 correspond to the optimal power allocation for
i.i.d. observations. When observations are i.i.d. the optimal total power is given
by Popt. = Zlel gi where g2’s are given in (3.22). The performance of the optimal
scheme is compared with that of the uniform power allocation scheme in which each
node uses same amplification gain such that g, = g for all k. To achieve a fusion
error probability e, with independent observations it can be shown that using (3.13)

g is given as the solution to the following equation:

9 n 2
B mg hi;
e=0Q < 5 E thiag—FUg,) . (3.30)

k=1

Figure 3.1 shows the total network power versus the desired fusion error proba-
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Figure 3.3: Number of active sensors for independent observations.

bility e, for different values of n. It can be seen that when the number of sensors is
increased then the energy saving due to proposed optimal scheme is more significant
compared to that with uniform power allocation scheme. This is due to the fact that
it is more likely that there will be more channels with good channel fading coeffi-
cients, when the number of sensors is large. By using those channels the network
can spend a smaller total power, while still ensuring the required performance at the
fusion center. From Fig. 3.1 it can also be seen that when the required fusion error
probability is not significantly low, the gain of the optimal power allocation scheme

over the uniform power allocation scheme is high.

An illustration of the power values needed by active nodes to meet a performance
level (we let e = 0.1) with different n is shown in Fig. 3.2. Figure 3.2 essentially
depicts how the required total power, to achieve the desired performance level, is

divided among the active nodes.
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Figure 3.4: Total power Vs. local SNR for independent observations

The number of active sensors versus total number of sensors in the network to
achieve a fusion performance levels of € = 1072 and € = 1075 with different v, values
is shown in Fig. 3.3. To achieve a given fusion error probability, it can be seen that
only a small number of active sensors is needed when the local SNR is high. Fig.
3.3 also shows that a relatively large number of active sensors are needed to achieve
lower fusion error probabilities compared to that of higher fusion error probabilities.
This explains the high performance gain achieved at relatively higher fusion error
probabilities as shown in Fig. 3.1. It is also noted from Fig. 3.3 that for relatively
large 7o values, the number of active nodes needed to achieve the desired performance
levels is nearly constant over the number of total nodes. This implies that when
is relatively large, it is optimal to divide the total power, required to achieve the
desired fusion performance level, among a small number of nodes and switch the

rest of the nodes off. After a certain number of total nodes, this required number of
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active nodes is remaining almost same for relatively higher vy values. However, it can
be seen from Fig. 3.3 that for relatively low vy values, the number of active sensors
needed is nearly-linearly increasing with the number of total nodes. It implies that
for low 7y region, it is optimal to divide the required total power among a relatively

a large number of nodes, in contrast to what is observed in large v, region.

In Figure 3.4 the total power versus the observation SNR 7, is shown for n = 50
and n = 100 parameterized by different fusion error probabilities. As expected, it
can be seen that as 7, is increasing the total power required to achieve desired fusion
performance levels is decreasing. Also, it is noted form Fig. 3.4 that the rate of
decreasing of the total power (as 7o is increasing) is higher for low network sizes (i.e.
for relatively small n) compared to that with larger network sizes. Moreover it is seen
that effect of the optimal power scheduling scheme over the uniform power scheduling
scheme is more significant in the relatively high SNR region. This phenomenon
is understood from the results observed in Fig. 3.3, where at lower 7, region a
relatively a large number of sensors has to be active to meet the desired performance
levels. Then the optimal scheme suggests for a relatively large number of nodes to
transmit their observations. Since in the uniform scheme, all nodes transmit their
observations, the two schemes may consume approximately closer total power values

in obtaining the desired performance level at lower v, range.

In next two figures, the performance evaluation with the derived fusion error
probability bound is presented. Before comparing the performance with optimal
power allocation scheme, in Fig. 3.5 it shown that how tight the bound is for different
network parameters, n and 7, assuming uniform power at each node. In Fig. 3.5,
we have let p = 0.2. It can be seen from Fig. 3.5 that the derived bound (3.18)
is a tight bound to the exact error probability (3.12) irrespective of the change of

network parameters.

In Fig. 3.6 the fusion error performance with the optimal power allocation scheme
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Figure 3.5: Comparison of the derived probability bound and the exact error prob-
ability for correlated observations; p = 0.1

for correlated observations based on the fusion error probability bound (3.18) is
shown. The results in Fig. 3.6 are obtained assuming the observation noise covari-
ance matrix has the tri-diagonal structure of (3.15) and we let p = 0.1. It can be
seen from Fig. 3.6 that, in the optimal scheme, the total power required to keep
the error probability bound under a certain threshold e, is significantly less (in the
region of moderate values of €) than the total power needed with the unform power
allocation scheme to keep the exact fusion error probability under the same thresh-
old. Performance gain achieved by the optimal scheme compared to that with the
uniform scheme with the fusion error probability bound shows similar characteristics
as with the i.i.d. observations when the network parameters n and v, are changing

(figures are not included for brevity).

Next we consider the performance results based on the constrained-PSO algo-
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Figure 3.6: Total power and the fusion error probability bound for correlated obser-
vations; v9 = 5dB, n = 100 and p = 0.1

rithm. Note that we employed the PSO-based method for each penalty parameter
71, of the unconstrained optimization problem (3.27) until ¢(g}, rx) — f(g;) where
g; = argmin ¢(gg, 7). For a given ry the convergence of PSO algorithm is shown in

gk
Fig. 3.7. The starting penalty parameter r; was set to 2, and was increased in such

Tk+1
Tk

a way that = 2. It was observed that for each r; the PSO algorithm converges
rapidly. The convergence of unconstrained minimum of ¢(g, ;) to the constrained
minimum of f(g) is shown in Fig. 3.8 in which the error between the penalty function
and the objective function at the convergent point is 0.0023 after 7 iterations of ry.

That is, with a relatively smaller number of iterations, the unconstrained minimum

of the penalty function ¢(g, ry) approaches to that of the objective function f(g).

The comparison of g* obtained numerically (via PSO) and analytically (3.22)

under the same network conditions is shown in first two rows of the Table 3.2 for
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Figure 3.7: Convergence of exterior penalty function based PSO: Best fitness returned
for PSO iterations for a given penalty parameter. (Fusion error probability = 0.01)

10 nodes when the observations are i.i.d.. It can be seen that the numerical results
closely match with the analytical solution. The third row of Table 3.2 shows the
optimal g* obtained numerically when p = 0.1, n = 10, 7 = 10dB and ¢ = 0.01.
It shows that when the observations are correlated the optimal solution for (3.19)
should turn off the sensors with poor channels similar to the analytical solution for
i.i.d observations. But it is seen that then the sensors need more power when the

observations are correlated for the same n, vy and e.

The dependance of the total network power (obtained via constrained-PSO) on
the required fusion error probability when local observations are correlated is shown
in Figs. 3.9 and 3.10 parameterized by p and 7. Note that, the constrained-PSO
method is applicable for any arbitrary observation noise correlation model. The

results in Figs. 3.9 and 3.10 are based on the noise covariance matrix in (3.15).
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Figure 3.8: Convergence of exterior penalty function based PSO: Convergence of
penalty function to the original optimization problem. (Fusion error probability =

0.01)

It can be seen that the fusion performance characteristics with respect to n and
7o for the correlated observations are similar to that with the i.i.d. observations.
From Fig. 3.10, it can be seen that the network needs to spend more power to
achieve the same performance level as the correlation coefficient of the observations
increases. This is because, as the correlation between the observations is increased,
the new information added by each additional sensor decreases (or the diversity on

the observations in reduced) resulting in degraded fusion performance.

Figure 3.11 shows the results obtained from the constrained PSO algorithm for
different noise covariance models. In the noise covariance matrix in model 1, the
off-diagonal elements above the main diagonal (or below the main diagonal) are
generated according to a uniform distribution on [0,1]. Model 2 refers to the noise

covariance matrix X, such that (Xy);; = o2p for i # j and (2y);; = o2 for i = j.
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Table 3.2: Comparison of analytical and numerical results when p = 0, 7y = 10dB,
e =0.01, n =10
g*: Analytical | [1.6172, 1.5888, 1.5555, 1.4666, 1.4616,

(p=0) 1.4107, 1.1231, 0, 0, 0]
g*: Numerical | [1.6163, 1.5696, 1.5548, 1.5014, 1.4501,
(p=0) 1.4099, 1.1212, 0.0013, 0.0066, 0.0008]

g*: Numerical | [1.6717, 1.5867, 1.6112, 1.5034, 1.5285,
(p=0.1) 1.4758, 1.3381, 0.3366, 0.0062, 0.0005]

Model 3 refers to (3.15) and Model 4 is its tri-diagonal version. p = 0.1 for models
2, 3 and 4. As observed earlier, for small p we may approximate model 3 by model
4. As in model 2, if the observation correlation is the same among all the sensors
then the system needs more power to achieve the same performance level compared
to models 3 and 4 in which the correlations decrease as separation between sensors

increases. It can also be seen that when the correlation coefficients are randomly
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Figure 3.9: PSO: Total power Vs. fusion error probability when observations are
correlated; n =20, p = 0.1

47



Chapter 3. Power Management for Detection with Correlated Observations

Total power in dB

6 i i i i i i F—— i i i i i i i
10° 107 10"

Fusion Error Probability

Figure 3.10: PSO: Total power Vs. fusion error probability when observations are
correlated; n = 20, vy = 10dB

selected between 0 and 1 as in model 1, the required power is significantly higher

than that of other noise covariance models considered with small p values.

In the next experiment (Fig. 3.12) we analyze the performance loss caused by
the independent assumption when the observations are actually correlated. For the
results in Fig. 3.12, we assume two noise correlation models as defined by model 1
(random-uniform correlation model) and model 3 (Gauss-Markov model as given by
(3.15)). In model 3, we evaluate the performance for different values of p. In Fig.
3.12 two dashed line plots are corresponding to the model 1 and all the solid line
plots are corresponding to the noise model 3 with different p values. With correlation
model 1, if the power allocation is done assuming independent observations to reach
a desired fusion performance, it can be seen that a severe performance degradation

will result. Thus, with random correlation models, it is more desirable to allocate
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Figure 3.11: PSO: Total power Vs. fusion error probability for different noise covari-
ance models; in models 2 — 4, p=0.1

power according to PSO-based optimal scheme rather than depending on the i.i.d.
assumption for the local observations. With the noise Model 3, which may be more
realistic in practice in many applications, it can be seen from Fig. 3.12 that for
large p values the performance degradation on the independent assumption is severe
compared to that with lower p values. Thus, for large correlation values (i.e. when
the nodes are placed so densely) the independent assumption for local observations
may will cause significant performance penalty. However, when p is small, as can
be seen in Fig. 3.12 the assumption of conditional independence might not lead to

severe performance penalties, although actual observations are correlated.

In the next experiment, we analyze the robustness of the proposed power allo-
cation scheme when the estimation error of the channel fading coefficient is varied.

So far we have assumed that transmitting nodes and the fusion center have the
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models 1 and 3, n = 20 and vy = 10dB

knowledge of exact channel fading coefficients. In practice, the fusion center has
only estimates Bk’s of channel coefficients. Let us assume that izk = hy, + 05, where
estimation error d; ~ N(0,0%) and o3 is the estimation error variance. The affect of
the estimation error on the optimal power allocation scheme is shown in Fig. 3.13

with different o5 values. It can be seen that the proposed optimal power allocation

scheme is robust for relatively small estimation errors.

3.7 Conclusions

In this Chapter we addressed the problem of optimal power scheduling for sensor

nodes while meeting a desired fusion error probability, for data fusion in a wireless
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Figure 3.13: PSO: Total power Vs. fusion error probability for with the estimation
error of the fading coefficients at the fusion center. n = 20, vy = 10dB,p = 0.1,¢ =
0.1

sensor network with i.i.d. as well as correlated observations. When observations
are i.i.d., we derived the optimal power allocation scheme analytically. For cor-
related observations, we derived an easy to optimize upper bound for the fusion
error probability that is valid for sufficiently small observation correlations. When
the observations are arbitrary correlated, we proposed an evolutionary computation
technique based on PSO to evaluate the optimal power levels at sensor nodes. We
showed that according to the optimal power allocation strategy the sensors with poor
observations and /or bad channel qualities must be turned off to save the total power
spent by the network. Moreover, when the local observation quality is very good it is
sufficient to collect data from only a small number of sensors out of the total available

nodes in the network (keeping others turned off). In the case of i.i.d. observations,
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and with correlated observations with the derived upper bound, the derived optimal
power scheduling schemes can be implemented distributively with only a small feed-
back from the fusion center. From numerical results based on constrained-PSO, we
observed that the optimal power allocation scheme provides significant total energy
savings over that of the uniform power allocation scheme especially when the number
of nodes in the system is large or when the local observation quality is good. Also
the PSO based method has significantly better performance compared to power al-
location schemes assuming independent observations for relatively large observation

correlations.

3.8 Appendix 3A

Uniqueness of Ki: In the following, we show the existence of a unique K, where

k—pB2%05
1< Ky < msuch that f(Ky) < 1and f(Ky+1) > Lwhere f(k) = josu—tr, 1 < b <
i=1%;
n and we have assumed hy > hy > --- > h,. When k =1, f(1) = (1;6# < 1. So,

1h1

f(k) > 1is not possible for all k = 1,2,--- n. Therefore there are two possibilities:
(I). f(k) < 1forall 1 <k < n: In this case we set K; = n. (II).There exists a
unique K; such that f(K7) <1 and f(K;+ 1) > 1, where 1 < K; <n.

The uniqueness of K implies that for any k£ > K; + 1, we should have f(k) > 1.
This can be proved by showing that if f(k) > 1, then f(k+1) > 1. When f(k) > 1,
it implies that

(3.31)

(k — B*02) +1
k1) =
fED (hie Xy e+ 1) 4 (e = ha) 5y 1

The second term of the denominator of (3.31) is negative or equal to zero since we

have assumed that hgq < hy. Hence f(k+1) > % > 1 as required.
hi Zj:l h—j+1

52



Chapter 3. Power Management for Detection with Correlated Observations

Uniqueness of the minimum of (3.20) : The uniqueness follows from the fact that,
(3.22) is the only solution that satisfies the KKT conditions of the problem (3.20).
Remaining is to show that the optimal solution (3.22) corresponds to a global mini-
mum. To prove that, we will show that the Hessian matrix of the Lagrangian (3.21)
is positive definite at the optimal solution. It can be seen that the Hessian matrix

(H) of (3.21) is diagonal with Hyj = 2 + 2)\gh2o2 CHr%—0u) g1 = 1,2 ... n.

W (gphios+os)
As in (3.22), when n > 3?02 and f(k) — 1 < 0, the optimal power at k-th node
o [he i %

Tw

is given by, gf = ;5 {m-@%g) . 1]. Then Hy; = 2 [1 _ (4%f(K1) . 3)} >0,
since f(K7) <1 and hg, < hy. When n > %02 and f(k) — 1 > 0, optimal g7 = 0
and then Hyy = 2 [1 - <%)Q] > 0, since then f(K;) > 1 (that is k > K))
and therefore hy < hg,. Thus Hyj > 0 for £ = 1,2,--- ,n implying H is a positive

definite matrix.
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Chapter 4

Power Management for Estimation

with Correlated Observations

4.1 Introduction

In Chapter 3, distributed detection by a WSN in the presence of correlated observa-
tions was considered. Distributed estimation of static as well as dynamic parameters
by a set of distributed sensor nodes and a fusion center is another important topic
in signal processing for sensor networks. In most distributed estimation approaches,
it is assumed that the sensor nodes transmit their observations to the fusion center
over a set of orthogonal channels. However, the use of bandlimited channels has been
attracted considerable attention in the context of wireless sensor networks since the

available bandwidth of the system is fixed regardless of the number of nodes.

Use of bandlimited channels in WSNs has been considered by recent research. In
[94] the estimation over Type-Based Multiple Access (TBMA) was considered where
each node transmits its observations using certain signaling in a shared channel.

They have shown that TBMA is asymptotically optimal in the limit of large number
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of nodes if the channel gains are identical. Power efficient distributed estimation
of a random parameter over bandlimited channels was considered in [147]. The
asymptotic performance analysis based on non-orthogonal channels for distributed

detection was addressed in [60], [3].

In addition to limited bandwidth, as discussed in Chapter 3 for distributed de-
tection, an important issue to be considered in WSNs is node power, since sensor
nodes are usually equipped with small size batteries that can be expensive and/or
difficult to replace. A considerable work has been done on power constrained WSNs
for distributed estimation in the literature, to name a few [69,72,147,148]. In [69]
the minimum energy decentralized estimation with correlated data was addressed.
They have exploited the knowledge of noise covariance matrix to select quantization
levels at nodes and minimum power was derived accordingly to meet a target MSE.
In [148], the optimal power scheduling scheme meeting a required target MSE at
the fusion center (with independent observations) was considered assuming quan-
tized decisions at local nodes. It was also shown that optimal power scheduling
scheme improves the mean squared error performance by a large margin compared
to that achieved by an uniform power allocation scheme. In [147], the same problem
was addressed with AF processing at local nodes. Energy constrained distributed

estimation is addressed in [72].

However, again the effect of the correlated observations is a crucial issue in prac-
tical sensor networks for distributed estimation. Effect of dependent noise in the
estimation accuracy is presented in [118], for two different noise covariance models.
The minimum energy decentralized estimation with correlated data was addressed
in [69]. They exploited the knowledge of the noise covariance matrix to select quanti-
zation levels at nodes that minimized the power, while meeting a target mean-squared

error.

In this Chapter, our contribution is on the estimation of a non-random param-
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eter over bandlimited channels with correlated observations. Each node is assigned
a signaling waveform (or code) which corresponds to DS-CDMA. We consider the
cases where signaling waveforms are orthogonal, equi-correlated and perfectly cor-
related (multiple access channel-MAC). Assuming perfect synchronization in sensor
transmissions, first we analyze the asymptotic MSE performance for correlated ob-
servations with equal power at nodes and identical channel gains. Next, we derive
the optimal power allocation schemes for the communication with orthogonal and
MAC to achieve a required MSE performance at the fusion center. It is shown that
the optimal power scheduling scheme for MAC has a better performance over that
of the orthogonal channels. We also discuss the effect of the synchronization errors

on the MAC estimation performance.

The remainder of this Chapter is organized as follows. Section 4.2 presents the
sensor network model and formulates the estimation problem. MSE performance at
the fusion center is presented in Section 4.3. In Section 4.4, the asymptotic MSE
performance is analyzed for correlated observations assuming equal power at sensor
nodes and identical channel gains. Assuming channels undergo fading, the optimal
power allocation schemes for orthogonal and MAC communication are presented
in Section 4.5. In Section 4.6, the effect of the synchronization errors in sensor
transmissions on estimation performance is discussed. The conclusions of this work

are given in Section 4.7.

4.2 Sensor Network Model

Consider a WSN with n spatially separated sensor nodes. Each sensor has a mea-

surement z;, of a non-random parameter 6:

zk:9+vk; k:1,2,-~-,n
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where v,’s are assumed to be zero mean correlated additive noise with covariance
matrix ¥,. We assume that 6 has a finite range so that its average energy is finite.

Let us define the local signal-to-noise ratio 7y = % where P; is the average power

v

of the parameter to be estimated and o2 is the noise variance of each v;,. Each node

performs AF processing on its observation with a gain of g.

4.3 MSE Performance with Non-Orthogonal

Communication

In general, for non-orthogonal communication between nodes and the fusion center,
k-th node is assigned a signaling waveform s;, normalized such that s's, = 1, for
k=1,--- ,n. The number of degrees of freedom in the signaling waveform is assumed
to be N so that s; is a length N vector for £ = 1,--- ,n. Then the transmitted
signal u at each sensor node is given by u, = grzxS, where gy is the amplifier gain
at the k-th node. Note that, we assume that each amplify-and forward (AF) local
processing at each node (as in Chapter 3). A sufficient statistic for the estimation
of # at the fusion center is given by the output of a bank of n filters matched to the
signalling waveforms s;’s. Assuming perfect synchronization in sensor transmissions,

the matched filter output is given by [130],

y=RAz+w (4.1)

where R is the code cross correlation matrix, A = diag(hig1,- - , hng,) where hy’s
are the channel fading coefficients and w is the filtered Gaussian noise vector dis-
tributed as w ~ N (0, 02 R) where 02 is the receiver noise power at the fusion center.

In this Chapter we assume that R has the following form which is a common as-
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Lp pp
. . p L. .pyp :
sumption in practice: R = where |p| < 1. The Best Linear
L pp - - . p 1]

Unbiased Estimator (BLUE) at the fusion center based on matched filter output y

can be shown to be (which is the same as MVUE when the noise is Gaussian),

. eTARY, 'y
Q(Y) - T —1 I
eTARY, RAe

where X, = RAY,AR + aiR and e is the n-length vector with all ones. The
resulting MSE is given by,

MSE()) = (eTARS, 'RAe) . (4.2)

4.4 Asymptotic MSE Performance with

Non-Orthogonal Communication

For asymptotic analysis, we assume that each node has the same amplification factor
g and identical channel gains, hy = 1 for k = 1,--- ,n. Then MSE in (4.2), using

matrix inversion lemma, can be shown to be

1

MSE(f) = .
SE(f) = — : =
' (eTRe ~ LT [(REVR)*l + g—ngl} e)

UU} w w
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Let us denote, Z, = <(REVR)_1 - é’—;R_1>. Further, let us assume the noise co-
variance matrix X, has the Gauss-Markov model, so that

L pa Py eyt
1 n—3 n—2

s, =02 | G (4.3)
_pgfl pZiQ ... pa I

where |pg| < 1. It is easy to see that with noise covariance matrix (4.3), Z,, becomes
a circulant matrix for sufficiently large n . Since the inverse of a circulant matrix is

also circulant, Z_! is a circulant matrix. It can be shown that for large n [50],
eTZ;Ie =nAz-1m (4.4)

where Az-1 s is the largest eigenvalue of Z,'. By using eigenvalue decomposition
(EVD) and exploiting the fact that all circulant matrices have same eigenvectors, we
have Z;! = U |Ag'AJIAR' + %A;] B U* where Ar and A, are diagonal matrices
of eigenvalues of R and 3, respectively. U is a unitary matrix where columns of
U contain eigenvectors of an n X n circulant matrix. The m-th eigenvalue of Z " is

212
. . Uw)‘R,m)‘v,m
given by )\Z;I,m = m. NOW, (44) beCOmeS,
212
O-w/\R,MAvyM

02 + GPPAR, M AV, M

Tl _
eZ,e=n

where Ag as and Ay )/ are maximum eigenvalues of R and X, respectively. It can
be shown that [3,50], for large n, Ag v equals to (1 + p(n — 1)) for 0 < p < 1 and
1 —pfor —1 < p < 0 respectively and Ay py = W for |pa| < 1. Then MSE

asymptotically is given by,

(1= pa)os, + g°oa(1+ pa)(1 = p+ (np)?)
ng*(1 — pa)(1 = p+ (np)*)

MSE(f) =

where (z)" equals 0 for x < 0, and otherwise equals to z.
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4.4.1 p=0: Orthogonal communication

For orthogonal channels, the cross correlation between codes is p = 0. Then the

asymptotic MSE is given by,

(1 —pa)os, + g°o(1 + pa)

MSE() = ng*(1 — pa)

. (4.5)

4.4.2 p=1: Perfect correlation between codes

When p = 1, we call the communication is over MAC. In this case, each node uses

same signalling code.

Then the MSE asymptotically is given by,

i _ (L= pa)oi +ng’oy(1+ pa)
MSE(#) = . z
®) n?g*(1 — pa)

. (4.6)

It is clear from (4.5) and (4.6), that the use of non-orthogonal channels improves the
MSE performance. Figure 4.1 shows the derived asymptotic MSE performance and
the exact MSE as a function of n for a given p;. It can be seen that the derived
asymptotic expression for MSE is a good approximation for the exact MSE even with
relatively small n. The figure also shows that the MSE performance is improved by
increasing code cross correlation. This is because, with AF local processing and
non-orthogonal channels, the distributed sensor system tends to act as a coopera-
tive beam-former. For p = 1, the system has a perfectly directed beam towards the
fusion center that exploits the full coherent gain. In contrast, when p = 0, a set of
orthogonal channels are used for sending information regarding the same estimator
and does not have the cooperative beam-forming gain. In Fig. 4.2 the dependence
of MSE on local observation correlation pg is shown. It is observed that when ob-

servation correlation is larger, the MSE performance is degraded. This is because
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Figure 4.1: MSE as a function of number of sensors n

of the fact that the new information added by the additional sensor nodes decreases
as the correlation increases. However, it is shown that by increasing the code cross
correlation p, a better performance can be achieved even when the observations are

highly correlated.

4.5 Optimal Power Allocation in Fading Channels

In the following we assume the channels between sensor nodes and the fusion center
undergo fading. The objective is to allocate the node power in an optimal way

such that the minimum power is spent by the network to achieve a desired MSE
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Figure 4.2: The dependence of MSE on local observation correlation parameter py

performance at the fusion center. The optimization problem can be formulated as

min Zg,z such that MSE(0) < Dy (4.7)
"=

gr=0,k=1,--,

where Dy is the required MSE threshold at the fusion center.

4.5.1 Orthogonal communication and i.i.d observations

When the observations are i.i.d., 3, = ¢2I. Since p = 0, R = I. Then MSE in (4.2)

A h2 g2 -1 . L
becomes MSE(f) = < 1 W%) . Letting D = D%)’ the optimization problem
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(4.7) becomes

n
- 2
E h that
mm’m’nk g such tha

gr=0,k=1

n

D-— Z Mo (4.8)
h2gk02 +02 ~ '

The optimal solution g;? for (4.8) can be shown to be,

hzj .
-2 |:k lh _1] :if f(k) —1<0and n > Do?

hio2 | (Ki— Da2)
9 = 0 . if f(k) — 1> 0and n > Do? (4.9)
infeasible ; if n < Do?
where assuming, without loss of generality, hy > hy > -+ > h,, f(k) = %,
1 <k <nand K; is found such that f(Ky) <land f(Ky+1)>1forl1 < K; <n.
Note that letting /0y = o, %k }Jh’; ,for f(k)—1 < 0andn > Dc?, the optimal g;? can
be written as, g;? = % (% — 1). Hence, assuming channel state information

(CSI) is available at sensor nodes, once the fusion center broadcasts v/dy, each node

can determine its power using 1/Jg as a side information.

4.5.2 MAC and i.i.d. observations

When p =1 (MAC), the MAC output is simplified to,

y= Z hygrzr + w, (4.10)
k=1

where w ~ N (0,02). The MSE estimator and the corresponding MSE are then given
by,
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Y Y

0 _ _ 411
prue(Y) ol Ae ZZ:1 hdn ( )
and
~ eTAX Ae+ 02
MSE(0) = = 4.12
0 - (4.12)
With i.i.d. observations, the MSE in (4.12) reduces to,
2 32 2 | 2
MSE(f) = Jv2ok=t Midi & u (4.13)

(or hugr)?

A

Since MSE(0) in (4.13) is not convex over g;’s a variable transformation as in [147]
is done to obtain a convex programming problem for (4.7). Let g = hggy for k =

1,2,--- ,nand s => 7 _, q. Then g, = z—z and the optimization problem becomes,

2
min  >°7 7% such that
a1, 5qn;8 Tk

.

2
ZZ:NJ;?"FﬁSdSQ and s =q; + -+ qn,

where d = %.

v

By solving the above optimization problem, the optimal g;* can be shown to be,

o W hi
x2 _ 1 E=1.2--. 4.14
gk 4 (1+)\0h%)2, = 7n ( )
where A\ can be found numerically by solving the equation » ,_, (11&7};’22) = < and
k

1

. 1

p is given by, p = 2%= (ﬁ — > OJJ\LW) *. The optimal total power spent
v 0 k

: _ n *2 (7121, . .
i8 Protal = D pe1 9i° = 2. From (4.14), it can be seen that the optimal power
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Figure 4.3: Comparison of optimal power and uniform power for p =0 and p =1

has a distributed structure with Ay and p as side information from the fusion center

assuming CSI is available at the transmitter.

However, assuming that the channel fading coefficients are Rayleigh distributed

with a parameter o, for large n, A\g and p are given by, solutions to

n (iezaaloni(_

1
202 ) = = 4.15
202 \ g HU) d (4.15)

20’2)\0

and

g 1 n 1 n 1 1 1
= _w N ~a e 202\ S -
H 2% <A(2)d [Ag (Ao + 202) + 202)\36 o Ei( —202)\0)(%0 + 202)}) (4.16)

where Ei(.) is the exponential integral defined as Ei(z) = — [ ?dt. The perfor-

mance of the optimal power allocation schemes derived in sections 4.5.1 and 4.5.2 are

65



Chapter 4. Power Management for Estimation with Correlated Observations

shown in Fig. 4.3. As observed in Section 4.4, it is seen that the MSE performance
is improved as p increases. Also it is observed that the derived optimal power allo-
cation scheme has a better performance compared to the uniform power allocation
scheme especially when the number of sensor nodes in the system is large and/or the

required MSE is not significantly small.

It is noted from Sections 4.5.1 and 4.5.2 that for orthogonal communication (p =
0), it is optimal to activate the sensor nodes with good channel quality and high local
SNR while turning off the sensor nodes with poor channel and local SNR quality.
However, MAC (p = 1), it is optimal to combine all the observations irrespective
of the channel and the local SNR quality. This is because, for p = 1, the system
has a perfectly directed beam towards the fusion center that exploits a n factor of
coherent gain when there are n sensor nodes in the network. Therefore, for p =1, in
the optimal power allocation scheme, all the sensor nodes are active to exploit the
full coherent gain at the fusion center in contrast with p = 0 case where there is no

cooperative beamforming gain.

4.5.3 MAC and correlated observations

With correlated observations, the MSE is given by (4.12). Since when the observa-
tions are correlated, it is difficult to obtain an analytical closed form solution for the
optimal power allocation problem (4.7), using the fact that the Rayleigh quotient
of a Hermitian matrix is upper bounded by its maximum eigenvalue, we find the
following upper bound for the MSE (4.12),

B Ay 22:1 higi + 03

MSE(0) = S g 4

where A/ is the maximum eigenvalue of 3. Now the optimal power allocation

scheme is found to keep the MSE bound under a desired threshold Dy. Following a
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similar procedure as in Section 4.5.2, the optimal power can be shown to be

2 > hi
_r . k=1, 4.18
=4 T+ chd)? " (4.18)
where )\E) is found by solving the expression )\E) Y oret #iwhi) = DLO and ¢ =

1 R S S -
20, <>\62D0 AM D peq (1+Ag/\Mhi)) . The performance of the power allocation
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Figure 4.4: The performance of the power allocation scheme based on MSE bound
for p = 1 and correlated observations. Total power vs. MSE, n = 20, 7o = 20dB

scheme based on the MSE bound is shown in Figs. 4.4 and 4.5. From Fig. 4.4
and 4.5 it can be seen that the optimal power allocation scheme based on the MSE
bound significantly outperforms the uniform power allocation scheme based on exact
MSE when the number of sensor nodes in the network n is large or the observation
correlation coefficient p, is relatively small or the local SNR quality vy is moderate

and high. However, it is seen from Fig. 4.5 that for large p;, when n and 7 is small,
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Figure 4.5: The performance of the power allocation scheme based on MSE bound

for p = 1 and correlated observations. Total power vs. number of sensor nodes,
Yo = 12dB, DO = 0.08

the power allocation scheme based on the MSE bound does not perform well. In
those cases, the uniform power allocation scheme based on exact MSE provides less

total power consumption.

4.6 Synchronization in Sensor Transmissions and
the Effect of Synchronization Error on MSE

Performance

An important assumption that has been made in the above analysis in MAC com-

munication is perfect synchronization of sensor transmissions. In practice, achieving
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perfect synchronization among nodes might be a difficult task. In this section we
discuss a strategy for achieving synchronization and consider the impact of synchro-
nization errors on the MSE performance. For the analysis given below we assume a

network model with i.i.d. observations and p = 1.

We follow a similar strategy as described in [11] to achieve synchronization in the
sensor network. We assume that there is a master-node which broadcasts the carrier
and timing signals to the rest of the sensor nodes (slave nodes). Then there are (n—1)
slave nodes, each at distance dy + J; from the master node for £k = 1,2,--- ,'n—1
where d;, and J, are the nominal distance and the sensor placement error of the k-th
node, respectively. The master node broadcasts a carrier signal cos(27 fot) where f
is the carrier frequency. The received carrier signal at the k-th slave node is a noisy
version of cos(2m fot + ¥y, + 1er) Where 1y, = @ and ., = @. Each slave node
employs a Phase Locked Loop (PLL) to lock onto the carrier. If each slave node
precompensates for the difference in their nominal distances dj, to the master node,
by transmitting its modulated and locally processed observation with a proper delay
and phase shift v, then the received signal at the fusion center is corrupted by the
timing error and the phase error due to the sensor placement error ;. Considering
only the phase error due to sensor placement error, the matched filter output at the
fusion center is given by y = > ,_ higrzrcos(ter) + w. To analyze the effect of
phase error due to sensor placement error, we assume that the placement error 9, is
distributed as Gaussian with zero mean and the variance o which is much smaller
than the wavelength Ag. Then the phase error ., ~ N (0, ai) and we assume that

a?p is small. To obtain the BLUE estimator, we take the expectation of y with respect
2

to both z; and . i.e. E(y) = e~ > r—1 higr assuming the observation noise vy

is 1.i.d.. Then the BLUE estimator is éBLUE(y) = ——Y%— and the resulting

o

%
e 2 >hy hrgk
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Figure 4.6: The effect of the synchronization error for the MSE performance

MSE with the phase error is given by,

—o2 2 2 2 2
€ d)o-v Zk:l hkgk + Uw
—02 n 2

e~ (D=1 hxgr)
2\ 2 2 a2 2
0y Zk:l hkgk +evo

(D het higr)’

which is greater than the MSE with perfect synchronization in (4.13), showing

MSE'(d) =

that the synchronization error causes a degradation of MSE performance at the
fusion center. Figure 4.6 shows the effect of the synchronization error on the MSE
performance for i.i.d. observations. It can be seen that when the variance of the
phase error oi is significantly small, the affect of the synchronization error on the

MSE performance with MAC (p = 1), is small. Even for relatively large o7, the

use of MAC gives significant performance compared to that of orthogonal channels

(p=0).
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4.7 Conclusions

The distributed estimation of a non-random parameter in a bandlimited channel
with AF processing at local nodes is addressed in this Chapter. We consider in
general, correlated observations. First, assuming equal power and identical channel
gains, asymptotic performance of MSE was analyzed for correlated observations. It
was shown that the performance based on the derived asymptotic expression closely
matches with the exact MSE performance even for relatively small network sizes. It
was also shown that the use of non-orthogonal channels results significant perfor-

mance over that of the orthogonal channels.

Next, assuming fading channels between sensor nodes and the fusion center, we
derived the optimal power allocation schemes with both orthogonal and MAC chan-
nels while keeping the required MSE at the fusion center under a given threshold. In
the case of i.i.d. observations, it was shown that the derived optimal power alloca-
tion scheme has a distributed implementation with a limited feedback from the fusion
center. Also it was shown that the optimal power allocation schemes with both MAC
and orthogonal channels have better performance over corresponding uniform power
allocation schemes. For correlated observations with p = 1, the power allocation
scheme was found analytically using the derived bound for the MSE. It was shown
that the optimal power allocation scheme based on the MSE bound has a significant
performance over the uniform power allocation scheme based on the exact MSE when

n is large, 7 is high and for relatively small observation correlation coefficient py.

When the communication between the sensor nodes and the fusion center is non-
orthogonal, the coherent gain achieved above is based on the assumption that the
sensor transmissions are perfectly synchronized. We also discussed the synchroniza-
tion of the sensor transmissions and the effect of synchronization errors on the MSE

performance. It was shown that, for relatively small synchronization errors, the
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performance of the power allocation scheme for MAC channels does not have a sig-
nificant degradation and it is still better than that of using orthogonal channels.
Also it gives an insight on deciding the level of tolerance of the sensor placement
errors within which the multiple-access communication has better performance over

the orthogonal communication.

72



Chapter 5

Distributed Node Selection for

Noisy Sequential Estimation

5.1 Introduction

In typical sensor network applications considered in literature (as discussed in Chap-
ters 3 and 4), it is assumed that the spatially separated sensor nodes send their locally
processed information to a fusion center to obtain the final decision [7,82,94]. How-
ever, as discussed in Chapter 2, a major problem of such a centralized approach is
the large power consumption for communication. The reliability of such architecture
depends on the robustness of the fusion center. In some sensor network applications,
it is required that any distributed node has the ability to form the final decision or the
estimator by collaborating locally with other nodes in the network reducing the large
communication burden as with centralized schemes. Distributed sequential estima-
tion, in which nodes update the local estimators sequentially, is one way of achieving
collaborative estimation without depending on a central fusion center. Such schemes

are more robust against failures compared to centralized schemes. Since all nodes in
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the network may not have useful information regarding the Phenomenon of Interest
(Pol), it is required to select nodes which carry useful information for the estimation
process. This ensures that only nodes which contribute to the final decision need
to be in active in the decision process while others may remain idle preserving their

transmit energy.

The distributed sequential estimation problem was formulated in [34, 154, 156].
According to [34,154], a lead node sequentially queries the sensor nodes and updates
its estimator (based on the posterior distribution of the state of the Pol) until a de-
sired performance level is reached. In these schemes, the lead node has to keep track
of all nodes which have been participated in the decision process at each processing
step. In [156], the posterior distribution (belief) at the current node is transmitted
to the next node where it updates the state of belief based on the current belief and
the new measurement at that node. Note that in this scheme, if the belief (posterior
distribution) cannot be represented by a parameterizable distribution, grid samples
of the distribution should be transmitted to the next node leading to a considerable
communication burden. However, when the belief cannot be represented by a stan-
dard parameterizable distribution, [156] proposed to approximate the belief by a pa-
rameterizable distribution and the corresponding parameters are transmitted to the
next node. The communication complexity in transmitting belief then is determined
by the number of parameters and their dimensions. To find the next best node in the
sequential estimation process, several information utility measures based on entropy
and the network geometry were proposed in [34]. In [161] a node selection algo-
rithm for target tracking based on the posterior Cramer-Rao Lower Bound (CRLB)
was presented. However, neither of these work considered the noise in inter-node
communication links. In [63], the sequential estimation of a non-random parameter
over noisy correlated channels was considered. However, it did not consider the best

ordering of the nodes for the sequential processing.
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In this Chapter, we consider the problem of distributed sequential estimation
of a random parameter in which the updated estimate of a node is sent to the
next node via a noisy channel. In the proposed schemes, each node in the decision
process needs to transmit only two parameters, namely the updated estimator and
the corresponding minimum mean squared error (MMSE). We propose two greedy
algorithms to find the ordering of nodes for the estimation process based on a reward
function that reflects the trade-off between an information utility measure and the
communication cost between nodes. Two schemes are different from each other
in terms of the search space; global search or a local search. We propose to use
mutual information as the information utility measure and investigate the use of
MMSE of the estimator as an alternative when it is difficult to compute the mutual
information. Note that, the mutual information utility measure selects the node
that provides the maximum amount of new information regarding the Pol as the
next processing node, given the current estimate. In the global search based scheme,
we assume that any two nodes in the network can communicate with each other
and the next node is searched over all possible unvisited nodes to maximize the
relevant objective function. In the scheme based on local search, on the other hand,
we assume that each node has a set of neighbors that it can communicate at an
affordable communication cost. Candidate next nodes at each node are allowed to
be selected only from these neighbors. Information utility measures of the candidate
nodes are computed according to the current node’s information and the knowledge
of sensor positions of neighbor nodes and target positions. In the proposed scheme
based on local search, each node has to keep track of only its neighbors to determine
which nodes have been participated in the decision process, while in the scheme with
global search, each node has to keep track of all unvisited nodes in the whole network.
From simulation results we see that the performance of the proposed scheme with
local approach becomes closer to that with the global approach after processing

a relatively small number of nodes. Also when the two proposed node selection
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schemes are used an improved performance with a smaller number of processing
nodes can be achieved compared to the nearest node selection method. However, it
should be noted that, with proposed node selection schemes a global optimal MMSE
solution is not guaranteed since they are greedy-type algorithms. We compare the
two proposed schemes with the global optimal solution obtained via optimal shortest
path algorithms (forward dynamic programming) and show that the performances
of both proposed schemes are close to that with the optimal scheme with a relatively

small number of processing nodes.

The remainder of this Chapter is organized as follows: Section 5.2 presents the
sensor network model. Section 5.3 formulates the distributed sequential estimation
problem over noisy communication channels and derives the estimator performance.
The proposed distributed node selection schemes based on an information utility
measure and the inter-node communication cost are discussed in Section 5.4. Section
5.5 discusses the performance results and concluding remarks are given in Section

5.6.

5.2 Sensor Network Model

Consider a spatially distributed, sensor network consisting of n number of nodes.
Denote by s the k-th node, for £ = 1,--- ,n. Note that, when there is no ambiguity,
we use s, and k to denote the k-th processing node interchangeably. The network is
deployed to estimate the signal amplitude emitted by a possible target (e.g. a sound

source) based on the following observation model at node sy:

, 0

2, = +uy, fork=1,--- n, (5.1)

i — |72

where 6 is the parameter to be estimated (target amplitude) that is assumed to be

Gaussian with zero mean and variance ag, X and x; denote the positions of sensor
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node sj and the target, respectively, v}, is the measurement noise that is assumed to
be white Gaussian with zero mean and variance o7 and « is the path loss exponent
that is determined by the propagation environment. This model can be used, for
example, in applications in which acoustic sensors are used to estimate the amplitude
of sound signals emitted by a target [34,96]. By rearranging (5.1), we can re-write

the observation at node si in the equivalent form of
=0+, fork=1--- n, (5.2)

where now vy is assumed to be independent but not identically distributed. In

particular, vy, is Gaussian with mean zero and variance o7 o ||x; — x|

5.3 MMSE Performance

The idea is to estimate the parameter 6 sequentially via inter node communication.
Let s; be the starting node of the sequential estimation process. The starting node
estimates the parameter based on its own observation, z; = 6 + v;. Assuming that
the parameter 6 is independent of observation noise vy, the optimal Minimum Mean

Squared Error (MMSE) estimate at node s; based on z; is given by

———5 21, (5.3)

and the corresponding MMSE, denoted by Mj, of the estimator (5.3) is

olo? 1 1\

2 2
o1+ oy oy 0

Equivalently, (5.3) can be expressed as 0 (z,) = 2% 2.
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The sequential estimation process is continued until either the desired perfor-
mance level is reached or observations at all nodes are processed. When k = 1, if the
MMSE M; does not meet the desired performance, the estimator 0, is transmitted to
the next node, selected based on a certain criteria, over a noisy channel. The criteria
for selection of next node is discussed in a later section. For k£ > 1, the k-th node
estimates the parameter # based on its own observation and the received estimator

from the (k — 1)-th node. The effective observation vector at node s (for & > 1) is

z 0+v
7y = L g , for k=2---n,

qr Op—1 + ng

where g, is the noise corrupted decision from node s;_;. The channel noise ny, from
node s,_; to node s; is assumed to be independent Gaussian with mean zero and
variance o7, .y o [[xg — X 1]|* for k = 2,--- ,n where o is the path loss index of
communication channels between nodes. The MMSE estimator at node s, can thus
be shown as,

N A4k A4k(03 —-A4k,1)

0 =
i (Z0s Q) o7 % My,—1(0f — My_1) + 0502

(k—1,k)

where M, is the MMSE at the s,-th node that can be shown to be

2
Oy

M, = 20
F opdi + 1’

(5.6)

2_M 2 3
: (209 k—1) — and Mj,_; is the MMSE at the node s;_1
o? Mk,1(09*Mk—1)+090c(k—1,k)

that is assumed to be available at node s;. Note that the MMSE at the s,-th node is

2 _ L
where dj, = 2t

determined only by statistics of observations and channel noise and it is reasonable
to assume that they can be made available at neighbors [63]. From (5.5), it can
be seen that the MMSE estimator at node s is determined by its own observation,

information from the node s;_; and the channel noise quality.
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Since MMSE M}, in (5.6) depends on the channel noise of inter-node commu-
nication links, it is interesting to examine the behavior of M) with respect to the
corresponding channel quality. We consider following two extremes: Channel quality

is good such that Uf(k_l ry — 0 and channel quality is poor such that af(k_l gy — 00

for k =2,3,--- ,n. In the first case, we have
M,
lim My =—>1 fork=2,3,---,n.
Uc(k lk)~>0 1+ %—1

Therefore, it is seen that when Ug(k:—l,k) — 0, My < M,,_4 for all k. That is, by sending
the node s;_1’s decision to the node s; always improves the MMSE performance at

node si. On the other hand, if inter-node communication channel quality is poor,

we have
2 9
) lortes
, lim Mk:%, for k=2---,n. (5.7)
Oe(k—1,k) "X Oy T O

That is, when the quality of inter-node communication link is poor, the performance
at node s; does not depend on the decision at node s;_1, but is entirely determined
by the observation quality at node s;. It implies that there will be a certain threshold
value for channel quality of inter-node communication links which ensures that M <
M,_, for k = 2,3,---,n. Indeed, it can be shown that if Uz(k—m;) satisfies the
following inequality for £k =2,3,--- ., n

o2 < M;_y(0F — My—1)
W= 0 (0F = M) = M0y

(5.8)
then M, < Mj_q; i.e. sending the decision at node s;_; to node s, improves the
MMSE performance at s;. This is further discussed in Section 5.5.

If we assume that the node observations are i.i.d and the inter-node communi-

cation is noiseless such that o} = o2 and af(k_l g = 0for k=23, n, it can be
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Figure 5.1: MMSE vs. number of sensors when observation noise is i.i.d.

2 .2
shown that the MMSE at node s (5.6) reduces to M, = 0;7 12(;2, which is a mono-
v 0
tonically decreasing function of k. It is also interesting to see that in this case the
minimum number of nodes n,,;, required to achieve a required MMSE performance

level € is given by, ny, = o2 <1 — %)

€ 0'9

In the case of i.i.d. observation noise such that o7 = o2 for all k, Fig. 5.1 shows
the MMSE performance of the sequential estimation process with different channel
noise qualities of inter-node communication links. In Fig. 5.1, we have let 0 = 1 and
o3 = 1. In the special case when channel noise is also i.i.d. such that Uc2(k—1,k:) =02
for all k, from Fig. 5.1 it can be seen that M < M;._; holds for all k. Moreover, as
expected from (5.7) the MMSE performance converges to 0.5 as o2 increases. It is

expected that when both observations and channel noise are i.i.d., the performance

of the MMSE estimator is independent of the order of the processing nodes. Figure
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Figure 5.2: MMSE vs number of sensors when observation noise is non-i.i.d.

5.1 also shows the performance of the MMSE estimator when channel noise is not
identical (still the observation noise is i.i.d.). We have considered two cases: In the
first, Og(k—l,k)’s are drawn randomly from a uniform distribution in [0, 1] without
any order. In the second case, these random 002(/{71,19)’3 are arranged in an ascending
order. From Fig. 5.1 it can be seen that whenever the condition (5.8) is satisfied at
node k, M, < My_;. In this case, to find the node where the minimum MMSE is
achieved, the process should be continued for all nodes. On the other hand, in case 2,
where nodes are selected with minimum distance from the current node, we observe
that after a certain node the MMSE starts to monotonically increase. Therefore, it
is enough to continue the sequential estimation process only until this specific node,

thereby, saving the network power.

Figure 5.2 shows the MMSE performance of the sequential distributed estimation
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process with non-identical observations and channel noise. Dashed line corresponds
to channel noise variance drawn from a uniform distribution without any order while
the solid line corresponds to channel noise variance in ascending order with k. In
both cases, the observation noise variances are drawn from a uniform distribution
on [0,1]. As can be observed from Fig. 5.2, when observations are not i.i.d., just
selecting the nearest node as the next node does not always improve the performance.
Therefore, when observations are not identical, it is required to have an information
driven approach to select the nodes with higher information gain as well as lower

communication cost.

5.4 Sensor Node Selection

When a sensor network is deployed to estimate a Pol as discussed above, all nodes
in the network might not carry the same amount of useful information regarding the
Pol. Thus it is of interest to find the optimal sequence of nodes which contains the
minimum number of nodes required to reach a desired performance level. Denote sy,
to be the k-th processing node, for k = 1,2,--- ,n and s; to be the initial node in the
sequential estimation process, as before. Let ¢ be the desired MMSE performance
level and S = {81,892, , 8} C {s1,52, -+ ,s,} be a sequence of distinct nodes

with §; = s;. Then the optimal node ordering problem can be formulated as,

min |Sy|

such that My <e, (5.9)

where My, is as defined in (5.6) and the minimization is over all possible distinct node
sequences of length & (including ordering of the nodes), for k =1, ---  n, starting at
node s;. If the relevant information regarding Pol (essentially the observation noise

variance) and sensor positions at all nodes are available at node s;, to compute the
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Figure 5.3: Illustration of the shortest path formulation of the optimization problem
(5.9) forn =15

optimal set Sk that yields the global minimum, the optimization should be performed
over all (n%'k), possible sequences for k = 1,--- ,n at the worst case. It can be shown
that this global optimal set Sk, can be found, at a worst case complexity order of
O(n?®) by converting the problem into an directed expansion graph, using shortest

path algorithms.
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5.4.1 Optimal scheme

For illustration, we assume that there is total of n = 5 sensor nodes, s1, Sa, S3, S4, S5
with s; being the starting node. Thus the sequential estimation process should be
terminated by at most 5 steps and equivalently the graph needs to be expanded up
to 5 steps. To find the optimal node sequence according to (5.9) based on shortest
path algorithms, we construct the following expansion graph. We construct the
trellis at each k for £ = 2,--- |5, by concatenating of kK — 1 copies of the state space
where the state space consists of sensor nodes ss, s3, 54, S5, as shown in Fig. 5.3. In
Fig. 5.3, the dummy state s; represents the starting sensor node, at £ = 1 while
s; is terminating dummy node. Each branch from node s; to s; for j = 2,--- 5, is
assigned a metric 0 while branches s; to s; for j = 2,--- 5 are assigned metric M, ;
where M, ; is the MMSE at node s; at time (step) k = 2, when the initial starting
sensor node is s;. Metrics of the other branches when k& > 2 in the trellis are assigned
as described in the following and depends on the value of k. For k = 2, the goal is to
find the node sequence of length 2, that would result the minimum MMSE at k = 2
(equivalently, by processing any two nodes). In this case, when the metric at each
branch is assigned as just described, finding the node sequence which will result the
minimum MMSE after processing any two nodes, is equivalent to finding the shortest
path from node s; to s; as shown in Fig. 5.3(a). If the minimum MMSE found at
k = 2 (over all possible 2-length node sequences) does not meet the desired value,
k = 3 is considered as shown in Fig. 5.3(b) where now the goal is to find 3-length
node sequence which gives the minimum MMSE at £ = 3. When computing the
metrics of the branches from nodes from steps k£ = 2 to £ = 3, it should be noted
that each node can query only 3 ((n — 1) — 1) another nodes, since a node is not
processed twice. Thus the branches between nodes from the step kK = 2 to k = 3 are
connected as shown in Fig. 5.3(b) where the metrics associated with branches are

assigned as follows. A branch connecting s; at step k+2 to s; at step k+3 is assigned
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the metric M;; for j,i = 2,---,5,7 # j where M;, is the MMSE at node s; at step
k + 3 when the previous node is s; at step k + 2 and is given by, (5.6). Then finding
the 3-length node sequence which will result the minimum MMSE at step k = 3 is
again equivalent to finding the shortest path between s; and s; in Fig. 5.3(b). If
the minimum MMSE at step k£ = 3 does not meet the desired value, the next step is
started. Now the objective is to find the 4-length node sequence which will result the
minimum MMSE at £ = 4. Now, to define the metrics for branches between nodes
from step k = 3 to k = 4, we consider all the shortest paths from s; to all nodes
at step k = 3. For illustration purposes, let us assume that {si, s3, s2}, {s1, s2, 3},
{s1, 85,84}, {81, 52,55} be the node sequences which result minimum MMSE if the
third node at step k = 3 is s, s3, 4 and ss, respectively as shown in Fig.5.3(c) with
dark lines. Now, when defining metrics for branches between nodes from step & = 3
to k = 4, these sequences which result the shortest path up to step k = 3 are taken
in to account. For example, the node sy at k = 3 can connect to only nodes s; and
s5 at step k = 4 since, sy and s3 can not be processed again. In that way, at step
k = 3, any node can connect to only two ((n — 1) — 2) another nodes. By assigning
the metrics for those branches as the relevant MMSE values, again the problem is
equivalent to find the shortest path between nodes s; and s; as shown in Fig. 5.3(c).
By continuing the same process from step £k = 4 to k = 5, it can be seen that any
node at k = 4 can connect to only one ((n—1) —3) node at step k = 5. The shortest
path problem at each step k that would lead the global optimum solution can be
solved by efficient shortest path algorithms. By generalizing this scheme for n nodes,
it can be shown that at the worst case (i.e. to consider all n-length sequences), the
expansion graph (trellis) has at most (n—1)? number of vertices and £(n—1)*(n—2)
number of edges resulting the average worst case complexity of order O(n?), if the
shortest path problem is solved based on Dijkstra’s algorithm or forward dynamic

programming to yield the optimal sequence of nodes that results the global minimum

MMSE.
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However, with large network size n, the above shortest path approach would be
computationally complex. If the optimization were to be performed at the initial
node, it requires also a high communication burden since all nodes have to forward
their relevant information to the starting node s;. Thus, in the following we propose
greedy sequential algorithms to find the best ordering of nodes to achieve a desired
performance level where each node in the decision process determines its next best
node as a trade-off between the information gain and the communication cost. Both
proposed schemes can be implemented with reduced computational and communica-
tion complexities compared to the optimal scheme. We also show that the algorithms
discussed below can lead to the exact or close to exact results to the optimal scheme
(computed based on shortest path algorithms) under certain conditions. Details are

given in Section 5.5.

5.4.2 Distributed node selection: global approach

In the following we determine the best ordering of nodes sequentially that would
complete the estimation process by reaching at the desired performance level with
a minimum number of processing nodes as a trade-off between the information gain
and the communication cost. Let us denote by V = {1,2,--- n} the set of nodes
in the network. Let V; denote the set of nodes that have been participated in the
sequential estimation process up to step j. Let s; € V be the selected processing

node at step j. Then the next node s;;; at step (7 + 1) is chosen as,

Sj+1 = argmax R(s;, si) (5.10)

skEV;

where V5 denotes the set complement of V; with respect to )V and the objective

function R(s;, sy) is defined as

R(sj,s1) = BR(0, 21, 1) — (1 — B)Re(85, 5k), (5.11)
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where R;(.) and R, are the information utility function and a measure of communi-
cations cost, € [0, 1] is a trade-off parameter that balances the contributions from
the two terms in (5.11) and ¢;; = éj + n; is the received signal at node sy, if it is
chosen to be the next node when the current node is s; and n;, is the channel noise
between nodes s; and s;. The choice of 8 will depend on the required information
gain and the tolerable communications cost. Note that in this scheme, when the
current processing node is s;, the next best node is selected from the set of unvisited

nodes up to step j.

There are several possible information utility measures that can be used to quan-
tify the information gain provided by a sensor measurement. For example, [34], [156]
provided a detailed description of entropy- and geometry-based information utility
measures. In this Chapter, we consider two measures for information utility: (1).
the conditional mutual information 1(0; zj11/gjj+1 = éj + n; j4+1) which provides the
greatest amount of new information when the current estimate is é]- (2). the MMSE
M), at the s;;1-th node, when the current node is s, for s;,s;11 € V. We explore
the use of MMSE as an alternate information measure in the cases where compu-
tation of mutual information is difficult. When mutual information is used as the

information utility measure, the first term R;(.) in (5.11) is given by

Ri(0, 2, qj%) = I(6;2lqi% = 0; +njz)

= h(9|éj + nij) — h(0|é] + nj,k, Zk)
1

B S /A (5.12)
2 O'lz - Mng ’

where h(.) denotes the differential entropy [37] and M, is the MMSE at node sy
when current node is s;. From (5.6), it can be shown that M, < o7 for all j,k € V

so that (5.12) is valid for all 5, k € V.
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When MMSE is used as the information utility measure, we have

2
Oy

_ 9 5.13
2, 11 (5.13)

Ri(0, 2, q5) = =M\ =

(05 —M;)*
o2 [Mj (Ug—Mj)-i-O'gUf(j’k)]

2 _ 1
where d, = at

The communication cost function between current node s; and the possible next

node sy, is taken to be R.(s;, sx) = ——(x; — xx)7 (xj — Xx) where d,,, is the maxi-

dmaz

mum distance between any two nodes in the network. Then the composite objective

function (5.11) can be written as,

R(sj,sx) = BR(O, 2, q51) — (x5 — %) " (x5 — %), (5.14)

where R(0, 2, ¢; %) is as given in (5.12) and (5.13), for the mutual information and
the MMSE, respectively. To find the next best processing node, the node s; has to
compute the reward function (5.14) for all candidate nodes in V¥. At the worst case,
node s; has to compute the reward function for n — 1 candidate nodes. On the other
hand, decision process may consist of n nodes at the worst case, thus resulting in
a worst case computational complexity of order O(n?) for the whole network. Note
that in this scheme, in general the computational complexity is much more reduced
(compared to the worst case complexity) since as the process continues, the number
of nodes to be queried by the current processing node is decreased. However, in this
scheme each node s; has to keep track of nodes that have already been participated
in the estimation process up to step j, which requires a large communication between
nodes. Due to these, implementing this scheme distributively is difficult. Thus, in the
following, we propose a distributed algorithm for sensor node selection with reduced
computational and communication complexities in which each node only needs to

keep track of its neighboring nodes to perform the sequential estimation.

88



Chapter 5. Distributed Node Selection for Noisy Sequential Estimation

5.4.3 Distributed node selection: local approach

Assume that k-th node in the network has a set of neighbors N for k = 1,--- ., n
where the neighbors are determined based on a node’s effective communication range
and the affordable communication cost. We assume that each node has the same
effective communication range, 7., so that the criteria for selection of neighbors is
the same for all nodes. In other words, each node s selects its neighbors as the
nodes located inside a disk with an area of 7r? centered at location x; of node sy, for
k=1,2--- n. Moreover, if node s; is a neighbor of node s;, for ¢« # k, then node s;
is also a neighbor of node s;. Let s; be the current processing node at step j. The
node s; selects the next node based on the objective function (5.13) from the set of
candidate sensors C;j that is its neighbor nodes who have have not been participated
in the estimation process previously. Note that each node s; € V updates its set of
candidate nodes C;j based on the information received from its neighbors. Each node
has to keep track of the nodes participated in the estimation process only within its

neighborhood. Thus, the next node s;;; at step (j + 1) is chosen as,

Sj+1 = argmax R(s;, si). (5.15)

Sk EC;j

To find the next best node according to (5.15), the node s; has to compute the reward
function (5.14) only for candidate nodes in the set C;’. Denote m = ke{llna;.(. n}{|/\/k|}
to be the maximum size of the set of neighbors for any node s in the network where
m < n — 1. Thus each node s; in the decision process has to compute the reward
function only for a maximum of m nodes. Since there is a maximum of n nodes,
this leads to a worst case computational complexity of order O(mn) for the whole
network. Since, in this scheme a node has to keep track of only its neighbors, the

communication complexity is reduced compared to the scheme presented in subsec-
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. S1
Nodes in Cl update
their candidate sets

Figure 5.4: Distributed sequential estimation process at node s; for j =1,2,---

tion 5.4.2 whenever m < n—1. In distributed sensor networks, network architectures
where nodes only communicate with their neighbors to make local decisions are de-
sirable due to network resource constraints. For example, in [159], each mobile node
communicates with its one-hop neighbors at a given time to make a local estimate
of the target state where the one-hop neighborhood at each node is dynamically

changing. The proposed distributed sequential estimation process is summarized in
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Algorithm 5 and described in detail in Fig. 5.4.

Note that since node s;
s; only needs to perform \C;j\ number of computations. Also, node s; needs to

keep track of the nodes which are not participated in the decision process in its
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Algorithm 1 Sequential estimation process at step j at node s;
1: while (j >)1 do

2:  Compute estimate éj

Compute MMSE M;

if (M; < Desired performance or C;’ = ()) then
Make final decision
Go to sleep mode

else

Select next node from ij

Send estimate to the node selected

10: Broadcast signal to nodes in C;j implying node s; has been participated in
decision process

11: Go to sleep mode

12:  end if

13: end while

neighborhood only. Once the final decision is made, a signal is broadcast implying
the final decision is made. Then all unprocessed nodes go to sleep mode, until the
next event occurs. Also it is to be noted that, when the effective communication range
7. is sufficiently large (r. — o00), this scheme based on local approach converges to
the scheme described in subsection 5.4.2. Thus the scheme described in subsection
5.4.2 can be considered as a special case of the proposed scheme in this subsection

when r, — 0.

Updating candidate set at the k-th processing node

Denote C;* to be the candidate set of node sy, at the step j. Algorithm for updating

the candidate set at node s is explained in Algorithm 2.
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Algorithm 2 Updating candidate set at k-th node
NOTATION

s,: k-th node, s;: processing node at step j, C;j : candidate set of the processing

node s; at step 7, C;k: candidate set of the node s, at step j
INITTIALIZATION
o = N
UPDATING
1: while (j > 1) do

S5 S5

22 (7 =CL,
3: if s, = s; (i.e. node s;, becomes the current processing node at step j) then

. Sk Sj
4: Cr=¢C/
5:  else {s; € C;j (i.e. node sj belongs to the candidate set of the current pro-

cessing node at step j)}
6 Ci* =CFy \ s
7.  else
Sk __ Sk

9: end if

10: end while

Note that, node s; is not a neighboring node for any node in the network except
for those that are in N itself. Thus it is not necessary for nodes that are not
in N to keep track of node s;. According to this scheme each node is required
to communicate with and keep track of only its neighbors. However, this process
will be terminated when the current node does not have any candidate neighboring
nodes (i.e. C;j = (), where () is the null set, irrespective of whether the desired
performance level is reached or not, eventhough there might be remaining nodes in

other neighborhoods of the network. However, as observed from simulations, this

does not seem to cause a significant performance loss.
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In both schemes discussed above in subsections 5.4.2 and 5.4.3, a global minimum
is not guaranteed in general since in both schemes current node selects the next best
node from all unvisited nodes in the network (in scheme discussed in 5.4.2), or in
neighborhood (in scheme discussed in 5.4.3). As discussed at the beginning of this
section, the optimal node ordering which yields the global minimum over all possible
distinct node sequences can be computed, at a complexity of O(n?) via shortest path
algorithms. We observe (see Section 5.5) that when there is no channel noise, the
global scheme discussed in subsection 5.4.2 coincides with the optimal scheme that
yields the global minimum (computed based on shortest path algorithm) and the
local scheme proposed in subsection 5.4.3 performs close to the optimal scheme after
processing relatively small number of nodes. Even when there is channel noise, we
will see that both schemes perform fairly close to the optimal scheme. We refer to
the node selection scheme presented in subsection 5.4.2 with global search as the
scheme 1 and the proposed scheme with local search presented in subsection 5.4.3 as

the scheme 2, in the rest of the Chapter.

5.5 Performance Analysis

Let us consider a 2D square sensor network of area A on X x Y plane. The locations
of the k-th node and the target are denoted by x, = (v, yx), for kK =1,---  n, and
x; = (24, y4), respectively. In the following we analyze the performance of a fixed 2D

network when the target location is known exactly as well as statistically.

5.5.1 Exact target location is known at each node

First, we assume that the node s; has knowledge of its own position, target location

and the positions of its neighbors N;. Then the observation noise variance at the
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k-th node according to the model (5.2) can be expressed as

op = (%) op, (5.16)

where r; = \/(xk — )% + (yr — y4)? is the distance between the k-th node and the
target, « is the path loss index and ry and o are constants. The channel noise

variance between (k — 1)-th node and the k-th node is given by

’

UZ(k-A,k) = (Tk_l’k) ol (5.17)

/
To

where 741 = \/(xk — x5-1)® + (yr — yr—1)? is the distance between the k-th node

and the (k — 1)-th node, o is the path loss index and r{, and o2 are constants.

In the proposed schemes, node s; computes the estimator and the MMSE ac-
cording to (5.5) and (5.6). If the desired MMSE threshold is not met, node s; sends
its information to the node s;1, where the node s;; is selected from the candidate
set V¢ according to (5.14) in the scheme 1 and from C;j according to (5.15) in the
scheme 2. We assume that there is a total of 40 sensors deployed in a square region
of 10 x 10 square units. The target is assumed to be at the origin and the initial
node is selected randomly and assumed same for all plots. Neighbors at each node

are selected as the set of nodes located within a disk of radius r, = 3 units.

Figure 5.5 shows the performance of the sequential estimation process with the
proposed node selection scheme 2 with both mutual information and MMSE as the
information utility measures. It can be seen that MMSE acts as a good alternative for
mutual information as the information utility measure for all g values considered.
In cases where it is difficult to compute mutual information, we can use MMSE
as the information utility measure (if it is easier to compute compared to mutual
information). Thus, in the following results we use the MMSE as the information

utility measure. Note that, in the following figures, we refer to the scheme which
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Figure 5.5: MMSE at the k-th processing node with the proposed node selection
scheme based on local approach with both MMSE and mutual information as infor-
mation utility measures: (02 =0, o’ =2, 19 =1, 02 = 0.1).

results in the global minimum over all nodes, computed based on shortest path

algorithms, as the optimal scheme.

Figure 5.6 shows the MMSE performance at the k-th node with no channel noise
such that of(kfl’k) = 02 = (0 and Fig. 5.7 shows that with channel noise with af(kak)

as given in (5.17), with the MMSE as the information utility measure.

With no channel noise, it can be seen that when g = 1, the performance with
node ordering based on proposed scheme 1 coincides with that of the optimal scheme
which results in the global minimum. In that case, from Fig. 5.6 it can be seen that
the performance of the proposed scheme 2 converges to that of scheme 1 (as well as
to that with optimal scheme) after a relatively small number of processing nodes.

For 8 = 0.8 and § = 0, it is seen that proposed scheme 1 and scheme 2 give similar
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Figure 5.6: MMSE at the k-th node with exact target location with MMSE as the
information utility measure with no channel noise: O'Z(kil k) = 02 =0,n=40,a =2,
To = 1

performance. For example, with 5 = 1, to achieve a required performance level of an
MMSE of 0.05, scheme 1 requires 2 nodes, while scheme 2 requires 4 nodes. On the
other hand, to achieve the same performance level, both scheme 1 and the scheme
2 require 8 and 12 nodes with § = 0.8 and § = 0, respectively. It is noted that
the proposed scheme 2 is terminated at node 25, 32 and 35 with § =1, § = 0.8
and [ = 0, respectively, due to the reason discussed in subsection 5.4.3. However,
it is seen that once such a number of nodes are processed node ordering does not
affect the overall performance level. This implies that when the sequential estimation
process is continued among a large number of sensors, the performance converges to
the same value irrespective of how the nodes are selected, which of course is not

desirable in many resource constrained sensor networks.
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Figure 5.7: MMSE at the k-th node with exact target location with MMSE as the
information utility measure with channel noise: 002(/{71 )y 'S are as given in (5.17),n =
40, 02 =0.001, ¢/ =2, 179 =1

On the other hand, when there is channel noise, it is seen that continuing the
sequential processing after some point does not yield improved performance as can
be seen from Fig. 5.7. This essentially is due to the fact observed in (5.8). However,
in this case, from Fig. 5.7 it can be seen that the proposed scheme 2 (local approach)
with 8 = 1 gives closer performance to that of with the optimal scheme. Also we
can see that the performance of proposed scheme 1 (global approach) and that of the
scheme 2 is almost the same for § = 0.8 and § = 0. When g = 1, from Fig. 5.7 it can
be seen that the proposed scheme 2 yields a lower MMSE compared to the scheme 1
after processing a certain number of nodes. This can be explained by noting the fact
that both proposed schemes 1 and 2 are greedy-type algorithms. Thus they would

not necessarily result in the same global minimum after completing the same number
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of processing stages.

From these performance results, we can see that in the proposed sequential es-
timation process, the proposed greedy-type algorithms essentially results in a near-
optimal solution in finding the best ordering of nodes compared to the optimal scheme

which yields the global minimum at a high computational and communication cost.

5.5.2 Statistics of the target location is known at each node

In this section we assume that the two coordinates of target location z; and y, (with
the origin at the center of the square) are distributed as marginal Gaussian with mean
zero and the equal variance o7 = 5 units. Then it can be verified that the random
variable X = ;i; has a non-central chi-squared distribution with the pdf fx(z) =
t
Lo (@22 [0 (/X)) where )\, = % and I,(z) is the modified bessel function of
t
the first kind given by I,(z) := (z/2)* Y .2, dr((j% where I'(z) = [[7 7 e dt is
the Gamma function. Using (5.16), the average MMSE at the k-th node is given by

i - 020lQ)— IEJ;{ x }

g T+ Qr—1
0 g Q e ATIC Q_1 Qk; 1
_ %0% 21; 1 [JO(«/)\kaﬁlee T Ei (_ 2— )
0
0 ) i+1 ‘ 1
i Z z—l—l 2(1—1)!(_%1)%11(5)1]’ (5.18)
where Q-1 = =SB0~ Ay = (0F — My-)?,

2(3k 1+02 A, 1 )’
By_1 = 0} [Mk 1(02 — My_y) + oo (kfl,k)] and Jy(.) is the zero-th order Bessel

function of first kind.

Figures 5.8 and 5.9 show the MMSE performance of the 2D sensor network with-
out and with channel noise, respectively, when the exact target location is not known.

The network parameters are the same as that in Figs 5.6 and 5.7. It can be seen that
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Figure 5.8: MMSE at the k-th node when the statistics of target location are available
with no channel noise: 002(/{71 B = 02=0,a/=2,19=1,0=0.1

the performance of the proposed scheme 2 (local approach) is closer to that with the
proposed scheme 1 (global approach) with § = 1 both with perfect as well as noisy
inter-node communication. For other values of § considered, the performance of the
proposed scheme 2 almost coincides with that of the scheme 1. It is also noted that
(although figures are not included) when the uncertainty o7 of the target location is
high, the performance of the sequential estimation process does not depend much on

the ordering of nodes.
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Figure 5.9: MMSE at the k-th node when the statistics of target location are available

with channel noise: 002(/{71,19)’5 are as given in (5.17), o2 = 0.005, o/ = 2, ry = 1,
2

o5 =0.1

5.6 Conclusions

We proposed a distributed sequential scheme for estimation of a Gaussian param-
eter over noisy communication links between nodes with distributed node selection
algorithms. In the proposed scheme, each node makes a local estimate by combining
its own observation and the estimator from the previous node. To update the esti-
mator at the next node, the current node’s decision is sent to the next node through
a noisy communication channel. It was shown that such a sequential estimation
scheme is useful only if the channel noise quality satisfies a certain threshold condi-
tion. We proposed two node selection schemes to select the best node ordering in the

sequential estimation process based on a reward function which reflects the tarde-off
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between an information utility measure and the inter-node communication cost. To
select the next best node, in scheme 1 the current node searches over all unvisited
nodes in the network, while in the scheme 2 it searches over only its neighborhood.
In the proposed scheme with local search, to perform the distributed sequential es-
timation process, each node has to only keep track of its neighboring nodes. We
show that the performance of the scheme based on the local search gets closer to
that with scheme with global search with a relatively small number of nodes. Since
both proposed node selection schemes are greedy algorithms, they do not guarantee
a global optimal solution. We compare the two proposed schemes with the optimal
scheme computed based on optimal shortest path algorithms, which provides the
global optimal solution and show that the performance of two proposed schemes gets
very close to the optimal solution after processing relatively small number of nodes.
We derived the MMSE performance for 2-D sensor network models when either the
exact or only the statistics of the target position information are available at each
node. The proposed sequential node selection scheme based on the local search can
be performed distributively having only the information regarding neighbor nodes at

each node.
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Chapter 6

Impact of Mobile Node Density on

Detection Performance

6.1 Introduction

When a large area needs to be monitored by a sensor network for target detection,
estimation or tracking, it is necessary to deploy a large number of static nodes in
the region of interest in order to achieve an acceptable performance. But to deploy
a large number of sensors in a large network area or in hostile environments might
not be practical or affordable. For example, to achieve a k-coverage in a random
sensor network, with a network size of L, it needs to increase the sensor density as
O(log L+ kloglog L) at initial deployment stage [136]. On the other hand, the cover-
age of a static sensor network will remain the same (or reduced due to node failures)
after the initial deployment stage. This leads the sensor network to have coverage
holes over time. In order to cope with the unreliability, and provide dynamic on
demand coverage, static nodes can be integrated with mobile nodes. With the recent

advances in deploying sensor nodes with mobile platforms, such as mobile robots or
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unmanned autonomous vehicles, [83,99,116] integrated mobile-static sensor networks
are becoming attractive research area. If only mobile nodes are deployed, a location
is switched between covered and uncovered with the time as nodes move. On the
other hand, deploying a large number of mobile nodes might be unaffordable due to
the cost. By integrating static nodes with mobile nodes and efficiently collaborating
between them, it is more likely that the network can provide a better sensing cover-
age on demand with less resource consumption, compared to that with in a all-static
or all-mobile network. The goal of such a network is to exploit node mobility in an
efficient manner to compensate for the lack of performance resulted in a all-static

network.

Using node mobility to reposition nodes to provide uniform coverage at the initial
deployment stage has been addressed by several authors, [27,57,134-136, 146, 158].
These work differ from each other based on algorithms they use. When nodes are
deployed in a random fashion at initial deployment stage, an efficient coverage may
not guarantee since sensors might be overly clustered or there might be small fractions
of nodes in certain portions in the network. Random deployments may occur in cases
when the sensor network is established by dropping or throwing sensors into the
sensor field. Using mobile nodes to self organize at the deployment stage after initial
random deployment is addressed in [158], where a force-directed algorithm based
on attractive and repulsive forces is used to move nodes to enhance the coverage.
In [135], three algorithms are presented to heal the coverage holes occurred at the
initial deployment stage. Trade-off between mobile node density and the coverage
(k-coverage) of hybrid sensor network at deployment stage is addressed in [136] with
flip-based senor nodes which can move only once and have limited mobility. However,
these work do not address the dynamic coverage aspects that can be achieved by

allowing node mobility over time.

In [79], the dynamic aspects of the coverage of sensor networks with mobile nodes
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were addressed with random node mobility. They have investigated the coverage
measure based on the Boolean sensing model and the detection time of a randomly
located target in a mobile sensor network. They assumed a continuous random
movement of sensor nodes where the movements are not controllable. However, they
consider only all-mobile networks and do not provide the cost evaluations of mobile
nodes in continuous movement. Analytical modeling of detection latency of a mobile
sensor network was addressed in [31] where they have considered the detection of a
stationary target and presented a performance comparison between mobile and static
sensor networks based on latency. In [30], a cat-and-mouse game between targets and
mobile nodes was presented based on the sensing capabilities of targets and mobile
nodes in which mobile nodes try to detect the target as quickly as possible when the
target is trying to evade the sensing region without being detected. [43] presented the
delay of intrusion detection when the target is moving on a straight line and Brownian
motion when there are disconnected clusters in the network. A game theoretic model
for management of mobile sensors is presented in [110] where a game theoretical
model was proposed to assign targets to mobile sensors in a multi-target tracking
system. Event capturing using mobile sensor network is presented in [16] where
the quality of coverage resulted by mobile sensor nodes is investigated. Brownian
motion of mobile nodes to enhance the coverage in mobile sensor network is presented
in [67], where they have derived the distribution of the time-until-detection of slowly
moving targets. Distributed tracking by mobile sensor networks is addressed in recent
research, for example in [99,159]. In [131], mobile node navigation towards a specific
goal in a hybrid sensor network is addressed where static nodes are used to guide the
mobile nodes. Distributed detection by hybrid sensor networks is addressed by recent
work [122,149] when the sensor node and target positions are known. Target tracking
performance of an integrated mobile-static sensor network was addressed in [68]
where the mobile nodes are used to aid the data propagation when the communication

ranges of static nodes are limited.
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In addition to surveillance coverage improvement, node mobility in sensor net-
works is exploited in different contexts such as facilitating network connectivity and
achieving better communication between sensor nodes and the fusion center. Impact

of node mobility in sensor networks in terms of capacity /throughput improvement is

addressed in [86], [51].

In this Chapter, our focus is to analyze several important performance measures
and evaluate the cost of adding mobile nodes in target detection applications by a
hybrid sensor network. We address the problem of detecting an arbitrary located
stationary target using such a hybrid sensor network. We assume that the static
nodes and the initial locations of mobile nodes are both independently and uni-
formly distributed in a two dimensional plane such that node locations follow a 2-D
Poisson point process. In practice, random sensor deployment for sensor networks
is desirable in many situations. For example, if a priori knowledge of the sensing
field is not available at the deployment stage, it is more desirable to position sensor
nodes randomly. Moreover, random node deployment is justifiable when it is more
cost effective and practical to deploy nodes randomly in contrast to systematic de-

ployment. Target detection in random stationary sensor networks has been studied

by [18,43,70,97,137].

In network performance analysis, several random node mobility models which
model real world node mobility are used in the literature. In the following, we discuss
some of the widely used random mobility models for the performance evaluations in

sensor /ad hoc networks.

e Random straight line model: In this model, a node selects the direction ran-
domly and uniformly at the initial time and then moves on a straight line [79].

This is a very simple model used in sensor network simulations.

e Brownian motion model: Under this mobility model, at a given time a node
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moves from its current location to a new location by selecting the direction
and the speed randomly, both chosen from pre-defined ranges [17,67]. This is
a memoryless mobility pattern since at each movement step, the direction and
the speed for the next location, are chosen independently from the past. This
model might lead to unrealistic movements sometimes such as sudden stops
and sharp turns. Many derivatives of Brownian motion models in different
dimensions are used for node mobility in sensor networks including random
walk mobility model [89]. Random walk mobility model provides a steady

state uniform distribution of node locations [89].

e Random Waypoint model: Random waypoint model is a commonly used model
in the simulation of ad hoc networks [14,17]. In this model, at a given time,
each node of the network chooses a destination point in the deployment area
in uniform manner. The node moves to the selected destination point with a
speed v chosen randomly and uniformly in the interval [Vin, Vpmaz]. When it
reaches the destination, it will remain stationary for a certain pause time and
then starts moving again in the same manner. For a long running time of the
movement process, the stochastic node distribution of random waypoint model
converges to a non-uniform distribution although the initial node positions are

uniform.

o Gauss-Markov model: In Gauss Markov mobility model, speed and direction at
a given time are determined based on the corresponding values at the previous
movement step, and a random variable [17]. In particular, the speed and the

direction at time ¢, v, and 6, are given by,

v = avy_1+ (1 —a)v++/(1—a?)v,_,

0, = ab_1+(1—a)d++/(1—a2b,_,

(6.1)

106



Chapter 6. Impact of Mobile Node Density on Detection Performance

where 0 < o < 1 is the tuning parameter used to vary randomness, v;_; and
0., are Gaussian random variables and ¥ and # are constants representing
the mean values of speed and the direction as t — co. Note that the term «

controls the randomness of the mobility model.

For the performance evaluations in this Chapter, we consider two specific random
mobility models as discussed above which result approximately uniform steady state
distribution of node locations: In the first model we assume that each mobile node
initially selects a direction to move randomly and uniformly and then move on a
straight line in the selected direction [79]. In the second model, the mobile nodes are
assumed to follow 2-dimensional random walks. Such models for mobile nodes can be
justified in situations where the network does not have any prior information regard-
ing the sensing field and the target existence. Moreover, random and independent

mobility model requires minimum coordination among mobile nodes.

In a mobility assisted sensor network, important performance measures that
should be considered in addition to detection probability are (i). detection latency
which accounts for the time that the target remains undetected, (ii). the mean con-
tact distance at a given time which reflects the mean distance between the target
and any point covered by the sensor network at a given time. Another important
fact to be considered in a hybrid sensor network is the node connectivity. Since
node mobility, the topology of the network is varying over time. However, to obtain
the maximum benefit by the node mobility, it should be ensured that the nodes are

connected at any give time.

For the target detection, in particular, we consider two detection models: single-
sensing and k-sensing [70]. In single-sensing detection, the target is assumed to be
detected if at least one sensor detects it providing the minimum guarantee on target
detection [70]. In k-sensing detection, on the other hand, the target is assumed to be

detected if at least k-sensors detects it where k is a design parameter. In this model,
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the target is detected with lower false alarm probability than with single-sensing
detection [70]. Under these detection and node mobility models, the main problems

addressed in this Chapter can be categorized as,

1. Derive the detection probability analytically in stationary target detection by
the hybrid sensor network for two specific random mobility models (as pre-
sented in subsection 6.2.2) for mobile nodes. We consider two detection models;

single-sensing and k-sensing detection.

2. Derive the detection latency for both single-sensing and k-sensing schemes.

3. Analyze the trade-off between the mobile node density and the detection per-

formance achieved within a desired delay constraint.

4. Derive the mean first contact distance between the target and the closest (to

the target) point covered by the sensor network with at least one sensor.

5. Analyze the trade-off between mobile node density and the node communica-
tion ranges to maintain the node connectivity at a given time in the hybrid

sensor network.

The Chapter is organized as follows: Section 6.2 explains the sensor network,
target and detection models. Section 6.3 derives the detection performance measures,
in terms of detection probability, latency and mean first contact distance with the
mobility model 1 for single-sensing and k-sensing detection models and discusses
their dependence on mobile node density. In Section 6.4, the detection performance
with random walk mobility model is given. Probability of the node connectivity
is addressed in Section 6.5. Performance results are shown in Section 6.6 and the

concluding remarks are given in Section 6.7.
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6.2 System Model

We consider a hybrid sensor network made of a large number of sensor nodes, N,
deployed in a large region 'R. When a large region is to be monitored by a sensor
network, it is desirable to deploy a large number of inexpensive, low power sensor
nodes to improve the expected performance. Specifically, we assume that there are N
number of static nodes and N, number of mobile nodes. Denote (x4, ysx) to be the
location of the k-th static node where =4, and y,, are assumed to be independently

and uniformly distributed in [—b/2, /2] where b x b is the assumed dimension of the

N

sensor network. Denote \ = bﬁQ to be spatial density of the nodes and A,, = =

and A\, = NW be the fractions of mobile and static nodes respectively. Note that we
assume that the total number of sensor nodes, N and network dimension, b x b are
large enough so that assumptions made in the rest of the Chapter are valid. Let V
be the set containing all node indices in the network and let V,, and Vs to be the

sets containing mobile and static node indices, respectively.

6.2.1 Target model

We consider stationary target detection by the hybrid sensor network, where the
target location is assumed to be an independently and uniformly distributed arbitrary

point P in the region R.

6.2.2 Node mobility models

In this Chapter, we consider two random mobility models: In the first model (model
1), a mobile node moves independently in a direction 6 selected randomly and uni-
formly where 6 ~ U0, 27), with an average speed of v which is assumed to be the

same for all mobile nodes. Note that we use X ~ U[ay,as] to denote that X is
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uniformly distributed in the interval [a;,as]. Then at any time ¢t = nTy, a mobile
node has moved on a straight line a distance of nvT, where T} is the length of each
time step [79]. Second, in model 2, we consider that k-th mobile node follows a 2-
dimensional random walk [77] of n steps at time nT; with each of a length u = v75.
Random and independent mobility models are justifiable in scenarios where nodes
do not have any prior knowledge of sensing field or target existence. Also random
node mobility models are desirable when minimum node coordination is required.
Model 1 assumed in the Chapter is the simplest mobility model which requires mini-
mum control and coordination. Random walk mobility model can be justifiable when
mobile nodes are characterized by uncontrolled dynamics, such as random ON-OFF
transitions at each time step [113]. These two random models for a mobile node are

illustrated in Fig. 6.1.

6.2.3 Detection model

We assume that each node has identical effective sensing range r with the sensing area
of mr?. Although we assume homogeneous sensor nodes for simplicity, the results can

easily be extended for heterogeneous sensor nodes having different sensing ranges.

We assume a binary detection model in which the point Fj is considered to be
detected with probability 1 by the sensor s; at time t = nT if it lies in sensor-
coverage area Cy(nTy) [158], where Ck(nT}) is the coverage area of node s; at time
nTy for n = 0,1,2,---. Formally, we can express the probability that the node s
detects the target at time interval [0, nT}) as:

1 if By e Cp(nT;
Py (nT,) = if o € Gy(nTs)

0 otherwise

Note that for a static node, the coverage area Cy(nTy) is constant over time. Thus if

the target is not detected by a static node initially, it will never be detected. However,
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Figure 6.1: Random mobility models of a mobile node

with a mobile node, since the coverage is varied over time, there is a probability for
the target to be detected as time progresses.

6.2.4 Preliminaries

Boolean model

Let P = {a;,i > 1} in R* is a point process and {S;,7 > 1} be a sequence of inde-
pendently and identically distributed random sets, independent of P. The collection

of sets C = {a; + S;,7 > 1} is called a coverage process [55]. When C is driven by

a stationary Poisson point process (i.e. P is a stationary Poisson point process),
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the coverage process C is called a Boolean model [55]. Since we assume that static
node locations and initial mobile node locations are independently and identically
distributed in a vast two dimensional area, the sensor locations can be modeled as
a two-dimensional Poisson point process with intensity A, when the total number
of nodes and the sensing region are large. With the considered random mobility
models, since mobile nodes make independent and identical random movements, at
any time instance t = nTy, sensor locations still form a 2-D Poisson point process

with the same intensity [112] when the area b* lim oo.
—

Notation

We use A(S) and P(S) to denote the area and perimeter of the set S. Denote by
P + S the set centered at P with a shape of S.

6.3 Stationary Target Detection Performance

with Mobility Model 1

6.3.1 Detection probability

In the following, we consider two modes of detection: Single-sensing detection and
k-sensing detection [70]. In Single-sensing detection, the target is considered as de-
tected if it is captured by at least one sensor. In this case, target’s presence is obtained
with the minimum guarantee. On the other hand, detection by multiple sensors en-
sure lower false alarms. In k-sensing detection model, the target is considered as

detected if it is detected by at least k sensors where £ is a design parameter [70].

In this section, we analyze the detection performance with the random node mo-
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Figure 6.2: Hybrid network at times ¢ = 0 and ¢t = nT}

bility model 1, where the mobile nodes move in a straight line after selecting the
direction independently and uniformly from [0, 27). Figure 6.2 shows an illustration
of the coverage area of the sensor network at time t = 0 and time ¢ = nT; with mo-
bility model 1. With the assumption that the initial node locations are independent
and uniform, we can model the sensor network as a Boolean model at any given time
in which the driving point process is the initial Poisson point process with intensity
A and the shape distribution is varied with the time. Further, denote Ty to be the
average time a mobile node takes to leave the sensing region R. Since we assume
that the sensing region is large enough and the speed of a mobile node is small (e.g.
for example, Robomote [116] mobile nodes have speed of 0.5 ~ 2m/s), Ty is assumed
to be large. Thus the main focus in this Chapter is to analyze the detection perfor-
mance in the region where nT, < Tj. The corresponding coverage area S(nTj) at

time t = nT, < Ty is distributed as

Sy (nT with prob A\,
S(nT,) = (e sy , (6.2)
S with prob 1 — X\,

where S1(nTy) and Sy are as shown in Fig. 6.3. The coverage area of k-th static
sensor at time nT, < Ty is given by, C¢(nT}) = C§ = A(S3) = 7r?, and the coverage
area of the k-th mobile node at time ¢ = nT} is given by (corresponding to shape

Sy(nTy)) C(nTy) = A(S1(nTy)) = 7r? + 2rnT,v. Note that for nT, > Tp, we have
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S1(nTs) Sz

Figure 6.3: Realization of random shapes at time nT}

Cr(nTy) = A(S1(nTy)) = 7r? + 2rTyv while Cf(nTy) = Cf = mr?.
The probability that the target is detected at time ¢t = nTy is given by the

following theorem.

Theorem 1. (Detection probability) The probabilities of detection with single-sensingj]
and the k-sensing models (k > 1) at time t = nTy are given by,

1 1 — e Mar?4+2XmronTy) if  nTy < Ty
PD(nTS) == 2 7 (63>
1 — e~ MEr?+22mriTy) if nTy >T1T,

and
1 2 mronTs j 7)\(7r'r2+2>\m7“1771T5) .
1 — Zk_ (A2 +2 A mronT. )) e Zf TLTS < TO
k J=0 J!
PD(nTS) - k=1 (A2 422 r0Tp)) e~ A (T2 +2AmroT) .
1—2].:0 i if nTy >T,
respectively.

Proof. In single sensing detection, the target is considered as detected, if at least
one sensor captures it. If C = {«a; + S;,4 > 1} is a Boolean model with shapes S;
are distributed as S, the number of sets (shapes) that intersects an arbitrary point

(or the number of sets that covers an arbitrary point) in the Boolean model has a
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Poisson distribution with mean AE{.A(S)} [55]. Note that with the mobility model
1, the average area covered by a mobile node within the time interval [0, nT}) is given
by C™(nT,) = A(S1(nT,)) = 7r? + 2rnT,v if nT, < Ty and C*(nT,) = A(S(Tp)) =
r? 4+ 2rTyv if nT, > T,. Now, as can be seen from the right plot of Fig. 6.2, at time
t = nT}, the hybrid sensor network can be considered as a Boolean model in which
the diving point process is the initial Poisson point process and the shape distribution
is given by 6.2, in which the average coverage areas are determined depending on
whether nT, < Ty or nTy > Ty. Denote Pp,(m,nTs) to be the probability that m

number of sensors cover the point Py at time ¢t = nT}, which is given by [55]

(AC(nTy))" e=ACT)

Ppo(m, nTS) = m]

?

where C'(nTy) = (A\,C™(nT,) + (1 — \,,)C*) is the average coverage area of the
network at time n7y. Then the probability that no sensor covers the point F,
Pp,(0,nTy), at time nT, is given by Pp,(0,nT,) = e *¢"T:) The probability of the

single-sensing detection at time ¢t = n7y < Ty is thus given by,

PIID(TLTS) = 1- PPO(()?nTs) =1 e—ké(nTs)

1— 67)\(777“2+2)\mrm7T5)

For t = nT, > Ty, we will get, Ph(nT,) = 1—e ™ +2Amr?T0) [p k_sensing detection,
the target is considered to be detected if at least k sensors detect it. Probability that

the point Fj is covered by at least k sensors at time n7j is given by,

Pr(nT,) = 1— Pr(P,is covered by k — 1 or less sensors)

k—1
= 1-) Pp(jnT.)

j=0

= j ,— 7'r7‘2 mronTs

B 1_ Z;c;é ()\(WT2+2)\mTUnT5));!e Almro+2x Ts) Zf TLTS < TO
- 1 i o— 7\'7‘2 mTo

1 Zf;é (A(frr2+2)\mrvTo))jJ!e (T2 +2Xm roTy) Zf nT, > Ty
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Since allowing more nodes to be mobile is not desirable in many applications due
to energy constraints, it is required to determine the minimum fraction of mobile
nodes to be deployed in order to achieve the desired performance during a given
time interval. The following theorem states the minimum fraction of mobile nodes
required to achieve a desired probability level within a desired time interval for single

sensing detection.

Theorem 2. (Minimum mobile node density required with single sensing detection )
Let np be the desired detection probability to be achieved by the hybrid sensor network
at time tp < Ty. The minimum fraction of mobile nodes to be used to achieve np at

time tp(< Ty) with single-sensing detection model is given by,

—log(1—np)—Amrr?

if ne <np <

/\gm _ 2\_;—2])\7’17’1} ’ (64)
infeasible, otherwise,
tp |
where Ne = 1— 67)\#7"2 and N = 1— €—>\[7rr2+2LT—2Jrqu}'

Proof. If the tolerable detection delay is tp(< Tp), and the desired detection proba-

bility is np, the minimum \,, is characterized by,

min \,,

st P (L%J Ts) >np
where P}, (L%st) is given by (6.3). This leads to

_ _ N2
A > log(1 —np) )\m“'

6.5
- 2{%@ AT (6.5)
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Note that (6.5) holds for a desired delay constraint, only if the desired detection
probability np satisfies the condition n, < np < 1, where n, = 1 — e and

mo=1— o~ Arr? 2 2 o]

are the detection probabilities achieved by the network if
all nodes are stationary (\,, = 0), and if all nodes are allowed to move (\,, = 1),

respectively. O

In the case of k-sensing detection, the minimum fraction of mobile nodes can be

found by finding the minimum J,, which satisfies the following inequality:

EL O\ (72 4 20| 22 |GT,) ) e~ A+ 2Amr L JUT)

1— Lo

Z 77D7

T

5o, the minimum
S

However, if the desired delay constraint is such that L%J <

fraction of mobile nodes can be found by finding the minimum A, which satisfies the

following inequality:

_log(f(k = 1) + Anfolk— 1)) _ —log(1 — np) — Amr®

Am
2)\TUT—L:JETS - QLtT—L:J)\TBTS

2r| 2 Jar,

2

k—1 (Amr2)J
2 i=1 G-

where fi(k—1) =Y} (’\”JZW and fo(k—1) =

j=0

6.3.2 Mean first contact distance for single-sensing detection

An important measure to evaluate the quality of the target detection is to analyze
the mean distance between the target and the closest point (to the target) covered
by at least one sensor by the sensor network at any time instant. This is called the
first contact distance of the target with single-sensing. When there are mobile nodes
in the network, this measure essentially reflects how fast each point in the sensor

network is covered over time.
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The following theorem states the mean length of the first contact distance for

single-sensing detection.

Theorem 3. (Mean first contact distance) Denote X'(nT,) to be the distance be-
tween the target, located at any arbitrary point in region R, and the closest point
covered by the sensor network by at least one sensor at time t = nl,. Denote
X(nT,) = E{X(nT})} to be the corresponding mean distance. Then X'(nT}) is
given by,

L s () <

X'nT,)={

1442 =272
%eﬂ)\)\mv T0Q<

(2mr + 2)\m17nTS)> ., if nT, <T,
(2mr + 2)\m17T0)> Cif nT > T

and is upper bounded by,

1 = Awrr2422mronTs ]
Sary < 4 wAC L if T < T (6.6)
ﬁ e~ A2 +2Amr9T0) if nT,>1Ty

where Q-function is defined as Q(x) = \/%7 fxoo e‘édt.

To prove this theorem we use the following theorem regarding set intersection
whose proof can be found in [55]. An isotropic random set is a set in which the

distribution is invariant under independent and uniform rotations.

Theorem 4. Consider the Boolean model as defined in section 6.2.4 with the shapes
S distributed as isotropic convex sets. Let Sy be a fized convex subset in R*. Then

the number of sets in the Boolean model that intersects Sy is poisson distributed with

mean A(A(So) + E{A(S)} + 5=P(So)E{P(S)}).

Proof. (Theorem 3) Let the stationary target be located at any arbitrary point P, €
R. Let Py + So(x) represents the disk centered at P, with a shape defined by Sy(z)

with a radius of z. Let the distance between Py and the closest (to Fy) point covered
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by the sensor network at time nT, be X'(nT,). Then the probability of X' (nT}) > z

is equivalent to,

Pr(X*(nT,) > x) = Pr(no set intersects the disk Py + So(x) at time nTy)

o~ MAS0 (2)+E{A(S (nTs)) 15 P(So () E{P(S(nT5))}) (6.7)

where last step is obtained by applying theorem 4. In our case, A(Sy(z)) = ma?,

E{A(S(nT,))} equals to 7r? + 2\, ronT, if nT, < Ty and 7r? + 2\,,,r0T, if nT, >

To, P(So(x)) = 2mx and E{P(S(nTs))} equals to 2mr + 2\, onT if nTy < Ty and
271 + 20, 07Ty if nTy > Ty. Hence the mean distance X' (nT,) equals to

X'(nT,) = E{Xl(nTs)}:/OooPr(Xl(nTs)>1:)d1:

1 l)\)\2 22n272 by _ .
L oL R?T2 () <w /227 + 2)\mvnTs)) ,ouf nTs < T
VX 2 6.8)

%6%)\)\%52’1—'02@ (, /%(27?7“ + 2/\m17T0)> , if nTy > TO'
where last step results by using (6.7). The upper bounds in (6.6) for X*(nT}) (for
nTy < Ty and nTy, > T,) are obtained by applying the upper bound for the Q-

2

function, Q(z) < e~z in (6.8). O

For nT, < Tp, from (6.6) it can be seen that when \,, or n is increased, the
mean length of the first contact distance is decreased for fixed A and r. On the
other hand, if there is only a stationary sensor network, X!(nT,) can be decreased
by only increasing either A or r. Note that, (6.6) shows the proper trade-off between
X1(nT,), A\, and n when the total node density A and r are fixed.

6.3.3 Detection latency

In a hybrid sensor network embedded with mobile nodes, it is important to analyze

the time delay till the target is first detected after appearing in the sensor network,
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which is called the detection latency [31]. This measure essentially reflects the mon-
itoring capability and how fast the target can be detected by allowing nodes to be
mobile. First, we explore the dependence of the detection latency on mobile node
density with single-sensing detection. In this discussion we assume that the target
needs to be detected before mobile nodes leave the sensing region and the average
time that a mobile node requires to leave the region under mobility model 1, Tj, is

sufficiently large.

Theorem 5. (Average detection latency for single-sensing detection) Define the
random variable T to be the time until the target is first detected by the hybrid
sensor network with single-sensing. Then the average detection latency T, of the

hybrid sensor network in single-sensing detection (when Ty lim 0o ) is given by,
%

_ 2
e AT

n=—-——": 6.9
T r (6.9)
It can be seen from (6.9) that for a given total node density A and sensing range

r, the average detection latency can be reduced by increasing the fraction of mobile

nodes \,, or speed of mobile nodes, ©.

Proof. Let 1 be the random variable which represents the time until the target is

first detected by the hybrid sensor network with single-sensing. Then we have,

Pr(m >t) = Pr(target is not detected until time t (< Ty))

e*)\(ﬂ'T2+21“)\mT)t) (610)

Then the mean value of 7y is given by,

To €—>\7r7’2
— — P > t dt - 1 _ —27’>\>\m1_}T0 ,
n /0 rn >t = o (1= )
—Amr?
e
T = — 6.11
Tyl oo 2N (6:-11)
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Detection latency with k-sensing detection for 7j lim oo is given by the following
*>

theorem.

Theorem 6. (Average detection latency for k-sensing detection) The average de-

tection latency with k-sensing detection is given by

A= g Y P F), (612

where f( ) g 0 (jii)! (#)Z

Proof. Let 71, be the random variable which represents the time until the target is

first detected by the hybrid sensor network with k-sensing. Then Pr (7, > t) is given
by,

Pr(m, >t) = Pr (the target is not detected by k — sensing until time t)

k-1
2)\ t 5
_ (1% + 2\, 0rt) ) o~ Mr?+22rt) (6.13)

Y

J=0

Then we have,
o / Z [A(mr? 4 2\ ort)]d +2)\mvrt} o~ AT 2N rt) gy

N
— z : " —)\7\'7‘ / [7I'7‘ +2>\m’U7‘t]] —2)\Am1)rtdt
— !
=0
—Arr? k-1 J i
e ; 1 1
= -— E A2 JE ),
2MAm0r ]':O( ™) (4 —1)! (7”’2)

=0

where we have used the integral identity [~z te *dx = I'(i) = (i — 1)! for an

integer ¢ where I'(.) is the Gamma function. O
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6.4 Detection Performance with Random Node

Mobility Model 2 (Random Walk)

Now we consider that the mobile nodes follow 2-D random walk mobility model at
each time step nTy which is more practical mobility model used in network perfor-
mance analysis [89], as shown in Fig. 6.1. Let us assume that the sensing region
can be viewed as a virtual square lattice having a total of ~ 3—22 square sites where
u = uTy is the lattice side length. The k-th mobile node is assumed to be at the

center of a site. If the mobile node starts to move at time ¢t = 0, the expected number

of distinct sites visited by time nTy, E{G(nTs)} can be approximated by [20,77],

Ts

B OB\ T 2 ()
E{G(nT.)} ~ 7 (1 - (_2) by 10s2 (& )) ,

1

where ¢ = 1.8456....

In this Chapter we consider only the case r < pu, since if the step size p is selected
such that ;1 < r, there are large overlaps in the sensing areas at consecutive steps [77].
Thus it is more desirable to select step size of the random walk such that pu > r,
which reduces the overlapping of the coverage areas at consecutive steps of random
walk. Since each mobile node performs independent and identical random walks at
each time step, and the sensing range of each mobile node is identical, it can be seen
that, {C]"(nTs)}key,, are a set of independently and identically distributed random
sets where C}"(nTy) is the area covered by the k-th mobile node at time n7s. Denote
Cm(nT,) = C™(nT,) to be the average coverage area of the k-th mobile node at time
nT,. The average area covered by a mobile node at time nT}, C™(nT}) is then given

by the following theorem.

Theorem 7. (Minimum average coverage area of a mobile node) Assuming that

W > 1, the minimum average area covered by any single mobile node at time nTy s

122



Chapter 6. Impact of Mobile Node Density on Detection Performance

given by,

cm (nT,) = 7r®+ (E{G(nTy)} — 1)"2ru

— (E{G(nT,)} —2)" (1 — —)r?. (6.14)

T
4
Proof. Assuming p > r, when there is E{G(nTs)} number of distinct sites visited at
time nTy, there should be at least E{G(nTs)} — 1 number of steps to ensure that each
point is connected to at least one lattice point (see Fig. 6.4). Then the minimum
coverage area results if these lattice points are located such that each transition
is orthogonal to the previous transition (That is, then the maximum amount of
overlapping will occur with the minimum number of transitions). Figure 6.4 shows
the realization of random walk when 4 distinct sites are visited with minimum number
of 3 transitions. Left plot in Fig. 6.4 is corresponding to r < £, where there is no
overlapping of the sensing range while the right plot in Fig. 6.4 corresponds to
5 < r < p where there is overlapping of sensing range, between two consecutive
steps. Based on geometric simplifications, in both cases as shown in Fig. 6.4, the
minimum coverage area can be shown as,
cm (nTy) = 7wr’ 4+ (BE{G(nT,)} — 1)2ruT,

— (B{G(T)} ~2)(1 - D),

which completes the proof.

O

Then lower bounds for the detection probability in single-sensor and k-sensor

detections can be shown as,

PL(nT,) > 1 — ¢ ACmin(nTe), (6.15)
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Figure 6.4: Minimum possible coverage area after completing 4 distinct steps, left:
r < 5, right: £ <r<p

5 (nTs)) e~ ACrmin (nTs)

AnC™ (nT,) + (1 — A\, )7r? where C™

man

, respectively, with C.;,(nTy) =
(nTy) is given by (6.14).

Let np be the desired detection probability lower bound to be achieved by the
hybrid sensor network at time ¢p. The minimum fraction of mobile nodes X" that
should be used in order to achieve this probability bound, within the desired time is

stated in the following theorem:

Theorem 8. (Minimum fraction of mobile nodes required to achieve a desired prob-
ability at a given time) With single-sensing detection, if the desired detection prob-
ability lower bound, np, is to be achieved within a time interval tp, the minimum
fraction of mobile nodes that should be deployed in the hybrid network with single-

sensing detection is given by

—log(1 —np) — Amr? '
A (Gl T )2raT, - Go( 21T (1 - 5)r2)
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for > 7 where Gy(|%2|Ty) = (B{G(| 22 T,)}—1) and Go( |22 ]T2) = (B{G(|2]T)} ]
2).

Proof. The proof follows directly from (6.15) and (6.14). O

6.5 Probability of Node Connectivity

When a mobile or static node detects a target, the decisions need to be combined
to reach at a final decision at a separate fusion center or static node which acts
as a base station. In a hybrid sensor network, to exploit the node mobility on the
detection performance effectively, it is important that each mobile node is always
connected to at least one static node or another mobile node. We assume that node
x is connected to the node y (i.e., node x can communicate with node y, (may not
be bi-directional necessarily)), if node y is within the communication range of node
x. For bi-directional communication between x and y, node z also has to be within
the communication range of node y. In the following we consider these scenarios
separately. Since mobile nodes have to spend energy for mobility in addition to
sensing and communication we assume that mobile nodes have relatively smaller
communication range compared to that with static nodes. Let ry and r,, be effective
communication ranges of a static and a mobile node, respectively with r; > r,,. In
the following we consider the probability of network connectivity at any time instant
under several communication architectures. In the following discussions, we assume
that the sensing region is large enough so that 7y (as defined before) is large. Then,
under both random mobility models considered in the Chapter, it can be assumed
that at any given time (< Tp), node locations follow a 2-dimensional Poisson point

process with the same intensity as that with the initial PPP.

In the case where it is desirable for mobile nodes to communicate only with

125



Chapter 6. Impact of Mobile Node Density on Detection Performance

static nodes at any given time, we find an approximation for the probability that
each mobile node is connected to at least one static node at time t < Tj, P™*(t).
Consider an arbitrary mobile node my in the sensor network located at r,, ;(¢) at
time ¢ < Tj. Then if there is at least one static node within its communication range

at time ¢ < Ty, (i.e. within the disk Dy (v, k() 7m) = tmi(t) + 712, centered at

mo
r'mk(t) with radius r,,) we say that the mobile node is connected to at least one
static node at time ¢. As mentioned earlier, since node locations follow a 2-D PPP at
any time ¢t < Ty with the same intensity as the initial point process, the probability
that a mobile node is connected to at least one static node at any given time ¢ < T

e A1=Am)™r5 - Since there is N,, number of mobile nodes located

is given by 1 —
independently at any time ¢, probability that every mobile node is connected to at
least one static node at time ¢ is approximated by P"™*(t) ~ (1 — e)‘(l)‘m)”r%l>Nm.
On the other hand, in some situations it might be required for a mobile node to
send its decision to the closest node (either static or mobile) at a given time. A
mobile node my, is connected to at least one node at time ¢t < Ty if there is at least
one static or mobile node within the disk Dj/(ry, (%), ) at a given time instant
t < T,. Probability that there is at least one node (static or mobile) within the
disk Dy (ryx(t), 7) is given by, Pr(at least one node in the disk Dy(rp, (1), 1m)) <
1 — e . Since there is N,, number of mobile nodes independently located at
time t < Tj, the probability that any mobile node is connected to at least one node
is given by P7*(t) ~ <1 — e_’\”r3n>Nm. When static nodes receive local decisions
from mobile nodes, they need to combine them (with their own decisions) to make a
final decision. Thus it is required to determine the transmission range of static nodes
such that they can communicate with each other. Following a similar approach as
before, it can be shown that the probability that each static node is connected to
at least one another static node is approximated by P® =~ <1 — e)‘(l)‘m)”’”g)Ns

In cases where mobile nodes and static nodes may need to communicate in a bi-

directional way to exchange their local information at time ¢, (that is a mobile node
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may talk to any static node as well as static node may talk to a mobile node to
exchange information at time t) it is necessary to maintain that no node is isolated
in the network at any given time. The probability that any node is connected to

at least one another node in the network at time t < Ty can be approximated as

Pc(t) =~ (]_ — 6)\7r1”3n>Nm ' (1 . efAﬂ[(lf)\m)rng)\mrgn})

N

It is important to analyze the trade-offs between the probability of node connec-
tivity at a given time, mobile and static node densities and the communication ranges
of nodes in the hybrid sensor network according to the application requirements. For
example, let A2 be the required fraction of mobile node density that should be de-
ployed in the network to achieve desired performance level as described earlier in
this Chapter according to specific mobility models. According to the architecture
in which mobile nodes can communicate only with static nodes, assume that the
network needs to maintain the connectivity between each mobile node and at least
one static node with a probability of ]50”” at a given time t < Ty. Then, as has been
shown in [13], the trade-off between the transmission range of mobile nodes and the
connectivity probability can be obtained using the probability of connectivity dis-
cussed in Section 6.5. On the other hand, for a given transmission range r,, for a
mobile node, the mobile node density required such that a mobile node is connected

to at least one static node with a probability of 150”“5 at a given time ¢ < 7} is given

(6.16)

m

Similarly, the analysis on selecting required parameters can be performed to maintain

other communication architectures discussed before.

127



Chapter 6. Impact of Mobile Node Density on Detection Performance

6.6 Simulation Results

6.6.1 With node mobility model 1

We verify the analytical results obtained in this Chapter via extensive Monte-Carlo
simulations. The dimension of the sensing area is assumed to be b = 1000m, such
that area is 1000 x 1000m?2. Unless specified, for each figure in the following, 10°
Monte-Carlo runs were performed. Mobile node velocity is set to o = 1m/s. Initially
a total of NV = 500 sensor nodes are deployed independently and uniformly in the
sensing field, such that the node density A = 0.0005. A fraction \,, of 500 total
nodes, is directed to move according to the random mobility model 1 as described in
subsection 6.2.2. With these assumed parameters, it can be shown that the average
time a mobile node takes to leave the sensing region with the mobility model 1 is,

Ty = 473.31655s.

In the first experiment, the time varying detection probability is investigated
when the fraction of mobile nodes is varying for a given sensing range for mobile
and static nodes. Figure 6.5 shows the analytical and simulated results which reflect
the time varying detection probability of the hybrid sensor network for single-sensing
detection when the fraction of mobile nodes deployed is varied. In Fig. 6.5, we assume
that r = 20m. From Fig. 6.5, we can see the derived analytical results almost exactly
match with the simulation results for nT, < Ty and nTy > Ty. It can be seen from
Fig. 6.5, that after a certain time period, the detection probability reaches a steady
state, which essentially means that the area is maximally covered by the mobile
nodes (with static nodes) before they leave the sensing region. Interestingly, we see
that when the fraction of mobile nodes is increasing, this steady state probability
becomes 1 and it is reached well before the nodes leave the sensing region. This
means that when A, increases, the network can be completely covered by the hybrid

network within a shorter time (compared to 7p) with the mobility model 1. This
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Figure 6.5: Detection probability with single-sensing detection Vs desired delay con-
straint with mobility model 1: r = 20m

phenomenon essentially reflects the trade-off between the fraction of mobile nodes
and the probability of detecting the target before it disappears in the field. For
example, if the target appearing time is less, to detect it before disappearing, it is
desired that the total area is covered as quickly as possible, which needs a relatively
larger fraction of mobile nodes. On the other hand, if the target appearing time is
longer, then with a relatively small number of nodes is enough to cover the area with
the desired quality. Also it is noted from Fig. 6.5 that, at earlier time intervals before
the probability reaches steady state, the detection probability has rapid increment
compared to the stationary configuration, and increases slowly as it approaches the
steady state probability. Moreover, it is seen for Fig. 6.5 that by adding a small
fraction of mobile nodes will boost the detection performance significantly compared

to the stationary configuration, and the rate of performance improvement eventually
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Figure 6.6: Detection probability Vs fraction of mobile nodes in the network for
single-sensing and 2-sensing detection models for mobility model 1; Desired detection
delay is tp = 60s.

decreases as \,, increases.

In the next experiment, the detection performance is evaluated with varying
sensing ranges for single-sensing and 2-sensing detection models. Figure 6.6 shows
the detection probabilities for single-sensing (top plot) and 2-sensing (bottom plot)
detection models of the hybrid sensor network Vs the fraction of mobile nodes for
a given desired delay constraint, when the sensing range is varied. In Fig. 6.6 we
let the delay constraint t{p = 60s < T in which the network has not reached the
steady state performance. Note that, with mobility model 1, our interest is more on

the dynamic performance results in the hybrid network before it reaches the steady
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Figure 6.7: Minimum fraction of mobile nodes required to achieve a desired perfor-
mance level within a desired delay constraint for mobility model 1

state (i.e. before the mobile nodes leave the sensing region). Different plots in
Fig. 6.6 are corresponding to varying sensing ranges (for r = 20m, r = 30m and
r = 40m). From Fig 6.6, it can be seen that the derived analytical results perfectly
match with the simulation results. It can also be seen that the detection probability
is nearly-linearly increasing, when the fraction of mobile nodes is increasing, for a
given sensing range around the considered delay constraint (i.e. around relatively
lower delay constraints). Also, when the sensing range is increasing the increment
in the detection probabilities over \,, occurs at a lower rate for both single and

2-sensing detection models.

In Fig. 6.7, the minimum fraction of mobile nodes required to achieve a desired

performance level within a desired delay constraint (< Tp) is shown for r = 20m
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Figure 6.8: Mean value of the first contact distance for single-sensing detection with
mobility model 1; » = 20m, u = 1m/s

and r = 30m with single sensing detection. It is seen that when the desired delay
constraint is small, the minimum fraction of mobile nodes is increasing to achieve
a desired performance level. Moreover, the effect of the mobile node density on the
detection performance is more significant when the sensing range of the nodes is low,
which is the most practical scenario in many sensor networks. In other words, it can
be seen from Fig. 6.7 that when the sensing range is increasing, the variation of the
required fractions of mobile nodes to achieve different detection thresholds, is less

compared to that with lower sensing ranges.

The next experiment is performed to evaluate the performance of hybrid sensor
network in terms of the mean first contact distance at a given time. Figure 6.8 shows

the performance of the mean first contact distance derived in subsection 6.3.2, with
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Figure 6.9: Average detection latency for single-sensing and 2-sensing detection mod-
els with mobility model 1; r = 40m, @ = 1m/s

the mobile node density. In Figure 6.8, we let » = 20m and plots are corresponding
to different delay constraints. From Fig. 6.8, it can be seen that the derived results
for the mean first contact distance fairly match with the simulated results. Note that
the mean first contact distance at a given time essentially means that how much, in
average, a given arbitrary point is closer to any point in the network covered by at
least one sensor at a given time. It can be seen from Fig. 6.8, as the time elapsed,
any arbitrary point is getting closer to an point covered by the sensor network by
at least one sensor much faster until a certain fraction of mobile nodes, and after
that the mean distance reaches slowly to zero. This essentially reflects the proper
trade-off between the fraction of mobile nodes required and the delay constraint in

order to cover any arbitrary point in the network as time goes.
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Figure 6.9 depicts the average detection latency for single-sensing and 2-sensing
detection models with the fraction of mobile nodes. It can be seen that, for a given
sensing range, with a smaller fraction of mobile nodes, the average delay of detection
with 2-sensing model is significantly increased compared to that with single-sensing
model. However, as ), is increasing, the difference of average detection delays of two
sensing models becomes smaller. This essentially implies that to obtain the system
performance with a higher confidence level (increasing k) with a smaller fraction of
mobile nodes, it is required to wait a longer time compared to that with single-sensing
model (lower or minimum possible performance level). Moreover, as ), increases,
the average detection latency required to achieve a performance level with a higher

confidence, is not significantly long compared to single-sensing detection model.

From the results in the Figures 6.5, 6.6, 6.7, 6.8, 6.9 it can be seen that the
Boolean model is a good approximation for the hybrid sensor network considered in
this Chapter when the number of nodes and the sensing area are relatively large. To
further illustrate the suitability of Boolean/Poisson model with reduced number of
nodes and network sizes, in Fig. 6.10 we plot the time varying detection probability
for b = 500m and N = 125 such that the node density is still A = 0.0005. With
these parameter values, it can be shown that the average time that a mobile node
needs to leave the sensing region, 7 = 236.4925s. From Fig. 6.10, it can be seen
that the Boolean approximation does not give very accurate results when N and b

are relatively low.

6.6.2 With node mobility model 2
To see the performance of the derived detection probability lower bound, we perform

Monte-Carlo simulations to obtain the exact detection probability with random walk

mobility model. Figure 6.11 shows the analytical detection probability lower bound

134



Chapter 6. Impact of Mobile Node Density on Detection Performance

b=500m, N=125, A=0.0005

0.9

o
©

. Analytical, xm=0.8
MRS o ) -
S, > —i— Simulated, Xm 0.8

&%
~

Lo o ? ° -= = Analytical, A, =0.6
et - Simulated, &,_=0.6

o

3
~

~

= = = Analytical, xm:o.4
et - P> Simulated, 4_=0.4

Detection probability for single-sensing

.+ Analytical, xm=0A2
O Simulated, & =0.2
4 Analytical, xm:o
Q Simulated, A_=0
m

4 1 1 1 1 1 1 1
50 100 150 200 250 300 350 400 450 500
Desired delay constraint, ty (in seconds

Figure 6.10: Detection probability with single-sensing detection Vs desired delay
constraint with mobility model 1: » = 20m, b = 500m, N = 125, A = 0.0005

and the exact detection probability vs the fraction of mobile nodes, with random
walk mobility model after completing n = 20 steps. In Fig. 6.11, we let the step
sizes of the random walk to be p = V2r and i = 2r where 7 is set to r = 20m. From
Fig. 6.11, it can be seen that the derived lower bound is a good match for the exact
detection probability. Moreover, when the step size of the random walk is selected
relatively larger compared to the sensing radius of the node, it can be seen that the
derived lower bound becomes much tighter for the exact detection probability. For
a given sensing range, selecting a larger step size compared to the sensing range is
more desirable in performing 2-D random walk, since then the overlapping of sensing

coverage at consecutive steps is reduced.
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Figure 6.11: Detection probability lower bound with single-sensing detection Vs
fraction of mobile nodes in the network with random walk mobility model after
completing n = 20 steps: for p = v/2r and p = 2r: r = 20m

6.6.3 Node connectivity

Note that as mentioned earlier, with both random mobility models considered, at
a given time instant node locations form a Poisson point process when the network
size is sufficiently large. Thus the connectivity probabilities remain the same over
time. To evaluate the performance of the derived approximations of the probability
of node connectivity, we perform computer simulations for different communication
architectures. In Figure 6.12, the simulated probability of connectivity and the ana-
lytical probability approximations for several architectures in Section 6.5 are shown;
i.e. probability that each mobile node is connected to at least one static node P™*

and the probability that each mobile node is connected to at least one another node
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Figure 6.12: Probability of node connectivity for r,,, = 75m and r,, = 100m

(either static or mobile) P™. In Figure 6.12, two subplots correspond to two dif-
ferent network sizes. In the top plot we assume that N = 500 and b = 1000m while in
the bottom plot N = 1000 and b = 1500m. The transmission radius of mobile nodes
is assumed to be, r,,, = 7bm. From the simulation results, although it is seen that the
approximations are quite far from simulation results, both give similar characteristics
when ), is increasing, for both network sizes. In particular, it can be seen from Fig.
6.12 that, when the fraction of mobile nodes in increasing, the probability P is
getting smaller. That is because, when \,, is increasing, the fraction of static nodes
is decreasing (since we keep the total number of sensors constant) resulting a lower
probability that a static node lies in the communication range of a mobile node. On

the other hand, when mobile nodes are allowed to communicate with any other node
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(mobile or static, P’»"), a higher connectivity probability for all mobile nodes can
be obtained compared to allowing to communicate with only static nodes. Note that
from the results in subsections 9.6.1 and 6.6.2, it was observed that when the frac-
tion of mobile nodes is getting larger, an improved performance gains are obtained
in either perspective. But, in terms of the connectivity, increasing A, will reduce
the probability of node connectivity in the hybrid network. Although figures are not
included, it can be observed that by increasing the communication range of mobile
nodes, 7,,, a significant improvement in connectivity probabilities are obtained even
at relatively large \,,. However, allowing larger communication ranges for mobile
nodes is not desirable. Therefore, it is required to properly design hybrid sensor
networks taking these trade-offs between the probabilities of node connectivity and

the performance gains into account.

6.7 Conclusions

In this Chapter, the impact of mobile node density on the detection performance
in different perspectives and on the node connectivity of a hybrid sensor network
consisting of both static and mobile nodes is addressed. We consider two random
mobility models for mobile nodes where in the first one, mobile nodes move on
a straight line after selecting a random direction initially and in the second one,
mobile node follow a 2-D random walk. With the mobility model 1, we derived the
detection performance, in terms of detection probability, detection latency and mean
first contact distance for single-sensing and k-sensing detection models of the hybrid
sensor network. With mobility model 2, we derived reasonable approximations for
the average coverage area and the detection probability for single and £k sensing
detection models. We investigated the trade-off between the mobile node density

and the desired (exact or approximated) performance gain with given constraints.
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Moreover, the trade-off between mobile node density and the probability of node
connectivity at a given time is analyzed based on the derived approximations for
probability of node connectivity. The analytical results derived in this Chapter help
to select design parameters in hybrid sensor networks for on-demand application

requirements.
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Chapter 7

Interactive Distributive Mobility
Protocol for Mobile Node

Navigation

7.1 Introduction

In Chapter 6, we considered a mobility assisted sensor network in which the node
mobility is assumed to be random. As mentioned in Chapter 6, independent random
mobility models are widely used in performance analysis in sensor networks especially
when a priori information regarding the sensing field is unknown. Although random
mobility models are desirable in many applications, and they need minimum coordi-
nations among nodes, they may not always be ideal for hybrid networks consisting

of both static and mobile nodes due to following reasons:

e In a hybrid sensor network, as mentioned earlier, a certain portion of the field

is covered always (as shown by the union of checked circles in Fig. 7.1). Thus
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Figure 7.1: Hybrid sensor network consisting of both static and mobile nodes: solid
circles-mobile nodes, checked circles-static nodes

it is required to use mobile nodes to cover only the areas uncovered by static
nodes minimizing the overlapping between the mobile and static nodes’ sensing

ranges.

e When nodes are mobile, previously covered areas by mobile nodes become
uncovered and uncovered areas become covered. Thus it is desirable to manage
the mobility of the mobile nodes such that to minimize the duration that a
particular location is uncovered. Random mobility schemes do not address

these problems.

e [f the network does not have any prior knowledge about the sensing field, it is
desired that any point not covered by the static nodes is covered almost equally

to maintain an approximately uniform coverage over time.
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In this Chapter, we propose a new distributed mobility protocol for mobile node
navigation in a hybrid sensor network by collaborating with static nodes to provide
an efficient dynamic coverage for the area not covered by the static nodes. We
assume that the sensor network is partitioned into square cells such that a node
can cover a cell completely when it is located at the cell center. We divide these
cells into two categories: static and void cells. We define a static cell as a cell in
which there is at least one static node. A woid cell is defined as a cell in which
there is no any static node. Mobile nodes are directed move among these void cells
based on a certain criteria. Each of these wvoid cells is given a certain base price
(which is similar to that in [134], however, the criteria for assigning base price is
different from that in [134]). This base price is updated by static nodes based on the
time that the void cell remains not-covered by at least one mobile node. At each
movement step, mobile nodes communicate with their closest static nodes locally to
search for woid cells which are not covered for a long time. Static nodes provide
necessary information for mobile nodes in their neighborhoods. At a given time, we
assume that a mobile node can visit a certain number of candidate void cells from
its current position. These candidate void cells are determined by the mobile node’s
maximum speed. Taking base prices (collected from neighboring static nodes) of the
candidate void cells into account, each mobile node selects the best void cell to move
by the next time step, as the one that is not covered for a long time. We show, from
simulation results, the effectiveness of the proposed scheme in terms of the presence
probability matrix and the average time that an arbitrary point in the network is not
covered. The presence probability matrix contains the probabilities of the presence

of at least one node at each cell at any given time instant.

We further analyze the effectiveness of the proposed mobility scheme in terms
of the worst-case detection performance when the network is deployed for target

detection applications, which will be addressed in Chapter 8.
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The Chapter is organized as follows: Section 7.2 presents the motivation and
the network model. In Section 7.3, the proposed mobility protocol is described.
Performance results are shown in Section 7.4 and the concluding remarks are given

in Section 7.5.

7.2 DMotivation and System Model

7.2.1 Motivation

Consider a hybrid sensor network deployed in a square region as shown in Fig. 7.1,
where the union of checked circles represents the area covered by static nodes while
the union of solid circles represents the area covered by mobile nodes, respectively.
When the nodes are first deployed in a region, a random placement is often desirable
especially when a priori knowledge of the terrain is unavailable. However, such
random deployment strategies may not result effective coverage always, since some
nodes might be overly clustered while some of them might be sparsely located [158].
Use of node mobility to reconfigure the node locations to improve the coverage of
such networks was addressed by some authors, for example in [134,135,158]. In
these approaches, nodes move only during the deployment stage and the maximum
coverage area achieved by the network after reconfiguration is limited by the number
of total nodes and nodes’ sensing ranges. For example, if the total number of nodes
is relatively small, even by reconfiguration of mobile nodes to provide a uniform
coverage, a large portion of the network may be remained not-covered. On the other
hand, node failures after the initial reconfiguration might cause coverage holes in the

network.

Thus in this Chapter, our focus is on the dynamic coverage provided by mobile

nodes after the initial deployment stage. When mobile nodes are used for continuous
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movements, locations in the sensing region flip between covered and uncovered as
the time goes. Thus, an arbitrary location of the sensor field will have a time varying
coverage. However, in a hybrid network a certain portion is covered always due to
static nodes. Thus it is required to manage the node mobility such that the dynamic
coverage at an arbitrary point, located outside the area covered by static nodes, is
maximized. Motivating by these, in this Chapter we propose a distributed protocol
for mobile nodes in a hybrid sensor network to provide an efficient dynamic coverage

such that the average time that an arbitrary location remains uncovered is minimized.

7.2.2 Network model

We consider a hybrid sensor network made of /N total sensor nodes deployed in a
region R with network dimension of b x b. We assume that there are N, number
of static nodes and N,, number of mobile nodes. Denote A\ = bﬁg to be the spatial
density of the nodes and A\, = N—&” and \; = NW to be the fractions of mobile and
static nodes respectively. Let V be the set containing all node indices in the network

and let V,,, and V, be the sets containing mobile and static node indices, respectively.

7.3 Interactive, Distributed Mobility Protocol

Suppose that the sensing region is divided into a square grid with a grid length of
| = /2r where r is the effective sensing radius of a sensor. We assume both static and
mobile nodes have the same sensing radii and the analysis can be slightly modified to
deal with different sensing radii for mobile and static nodes. When a sensor node is
located at the center of a cell in the grid the corresponding cell is completely covered
by the sensor node. Consider the hybrid network with only static nodes as shown in

Fig. 7.2 (dropping the mobile nodes in Fig. 7.1). We denote the set of cells that is
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Figure 7.2: Sensor network with only static nodes

not covered by the static nodes as the set of void cells as shown in Fig. 7.2 with void
squares. When a static node is located in a particular cell (crossed cells in Fig. 7.2)
we consider that the corresponding cell is covered by the relevant static node and
call that cell a static cell. However, note that since a static node does not necessarily
locate at the middle of a cell, corresponding cell may not be completely covered by
the static node. We address this problem later and for the moment assume that the
cell is covered by the corresponding static node. Now the problem is how to use the
mobile nodes efficiently to cover the void cells as shown in Fig. 7.2 over time such
that revisiting time of any cell by at least one mobile node is maximized. In the
following, we propose a new distributed interactive protocol to achieve the required

task by collaborating among mobile and static nodes.
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7.3.1 Distributed protocol for node mobility management

We assign a base price for each void cell according to the following rule. Initially, at
time ¢t = 0, we assign a base price P = 0 for each void cell in which there is at least
one mobile node. For all the other wvoid cells we assign P = K where K is a large
value. Let T, be the time interval in which the mobility management is performed,
which can be determined by the mobile node’s maximum speed and the length of a
grid. At each time step T,,, the base price of each void cell is updated considering
the time it remains uncovered (or unvisited by a mobile node). More specifically, at
each step T,,, if a particular cell is visited by a mobile node, its base price P is set

to zero and the base prices of all other void cells are increased by 1 unit.

Without loss of generality we assume that at time ¢ = 0 each mobile node has
moved to the cell center which it belongs to, and at each step 7,,,, mobile nodes move
among cell centers. In the following we explain how a mobile node selects the best

cell to be visited at each time step distributively by collaborating with static nodes.

Determining 7,,

We assume that any mobile node can reach L. = 8 number of closest distinct cell
centers (and itself) as shown in Fig. 7.3 at any given time step. Then the maximum
distant that a node has to move during time 7, is 2r. Thus it is desirable to choose
the time step T,, as T, = fuiﬁ + €]s where U4, 1s the maximum speed of a mobile
sensor node and e is a bias factor which accounts for the scenarios when it is needed
to heal the lack of coverage at static cells which will be explained in subsection 7.3.4

in detail.

Let each cell (cell center) in the square grid is given an ID labeled by indices
1,2,---, Ly where Ly ~ ll’—; is the total number of cells. Let there is L, number of

cells covered by static nodes (static cells) and L, = Ly — Ls number of cells that
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Figure 7.3: A mobile node’s candidate locations at a given time

are not covered by static nodes (void cells). Also denote U, Us and U, to be the
sets containing all cell indices of the network, static cell indices and void cell indices,

respectively.

We assign a certain number of cells to each static node in the network. Each
static node in the network is responsible for updating the base price for each cell
that belongs to it. Corresponding cells for each static node are assigned based on
Voronoi partitions (as shown in Fig. 7.4). According to Voronoi partitions, any
point inside a Voronoi polygon of a static node is closer to that node rather than
to any other static node in the network. Thus for a given static node s, the cell
centers belonging to its Voronoi polygon are closer to the static node s, than any
other static node in the network. We assume that each static node has the knowledge

of the positions of the void cell centers belonging to itself. Note that at the initial
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Figure 7.4: Voronoi polygons for each static node: Solid square-static node loca-
tions, solid circles-grid points (centers) corresponding to static nodes, void circles-
grid points (centers) corresponding to grids not covered by static nodes

stage, static nodes can communicate with their Voronoi neighbors locally to construct
Voronoi polygons. By knowing its own location, based on the grid length (in terms
of the sensing range) each static node can determine the void cells in its Voronoi
polygon. Denote U, to be the set of void cell indices belongs to the Voronoi polygon
of the static node s for s, € Vs and L,, = |[Us,| be the number of void cells (cell

centers) belongs to static node s;. Note that we have then U, = |J U,,. Further
keVs
denote g, (nT,,) to be the Ly, -length vector containing the base prices for all void

cells attached to the static node s, at time n7T,, for k € V,. Each static node s;, is

responsible for updating g, (n7},,) at each time step ¢t = nT,, forn =1,2,---.
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7.3.2 Updating g, (nT,,)
At time t =0

At time ¢ = 0, each mobile node broadcasts its current location (or equivalently
current cell ID) to its neighborhood. The static nodes located close to the mobile
node receive this information and if the corresponding mobile node’s cell ID belongs
to Uy, then the static node sj sets the base price for the corresponding cell to zero.
Base prices for all the other cells in U, are set to a large integer number K. Note
that at time ¢t = 0, all void cells which have no mobile node at time ¢ = 0, have the

same base price K.

At time t =nT,,, n > 1

At time t = nT,,, each mobile node broadcasts its location information (current cell
ID) to its nearest static nodes. Based on this information, each static node updates
base price vector g, (n1},) as follows: Let N, x(nT,) be the number of mobile nodes
that the static node s; receives location information at time nT,, and Uy, x(nT,,) be
the set corresponding to those locations (cell indices). Then for a given static node
sy for all cell indices ¢; € Us,, it checks whether ¢; also belongs to U, ,(nT,,). If
yes static node s sets the base price of the cell ¢; to be zero otherwise static node

increases the c¢;-th cell’s base price by 1 unit.

After updating base price vector g, (n1,,) at time nT,, at each static node sy, the
problem is to determine the next cell ID to be visited by each mobile node by time
t = (n+ 1)T,, such that the cell-revisiting time is maximized. Denote C,, ;(nT},) to
be the set of candidate locations (cells) of the j-th mobile node at time nT,,. Also let
Uz (nT,,) be the set of cell indices belongs to both Cy, j(nT},) and Uy, . Note that the

maximum size of the set Us,” (nT,) is |Usy’ (NTin)|mae = Le +1 =9, since we assume
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that each mobile node can move to one of the 8 distinct candidate locations and itself
during a given movement step. For a given mobile node m; from which the static
node s, receives the location information, the static node s; checks whether any cell
in m;-th candidate set C,, j(nT,,) belongs to Us, at time ¢ = nT,,. If not, static node
s does not need to communicate with mobile node m; at time n7},. If yes, or in
other words, if the set Us,’ (nT},) is not empty, the static node s; queries the mobile
node m; to check whether m; is isolated with respect another mobile node. We call
the mobile node m; is isolated with respect to another mobile node, if there is no at
least one mobile node within a distance d; from its current location where d; (equals
to 4r) is a threshold distance determined such that no duplicate covering occurs as
discussed in subsection 7.3.3. We assume that the mobile node m; can communicate
locally with other mobile nodes within a distance of d; to check whether it is isolated.
Note that in the rest of the Chapter a mobile node is isolated means that the mobile
node is isolated with respect to another mobile node. If m; is isolated, static node sy,
finds the cell from the set Us,” (nT,,) which has the maximum base price and sends
a message corresponding to the cell ID and the maximum corresponding base price.
Note that at a given time, all the candidate cells for mobile node m; may not belong
to a one static node. In particular, they may belong to multiple near-by static nodes.
Once the mobile node m; gets maximum base prices from multiple static nodes in
which its candidate cells belong to, it selects the best location for time (n + 1)7;, by
comparing the base prices it gets from different static nodes and selects the one with

maximum base price.

If the mobile node m; is not isolated (that is there is at least another mobile node
very close to it) there might be situations which lead to duplicate covering; that is
two or more mobile nodes may try to go to the same cell at time (n + 1)T,,. To
combat this problem (as discussed in subsection 7.3.3), when a mobile node is not
isolated, each static node s; sends all the candidate cell IDs in the set Us,’ (nT},)

and their base prices to the mobile node to assist in resolving the duplicate covering
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Figure 7.5: Duplicate covering at a given time

problem.

7.3.3 Duplicate covering at a given time

When two mobile nodes are close to each other there might be situations where both
select the same void cell as the candidate location. For example, consider the scenario
as depicted in Fig. 7.5 where two mobile nodes try to heal the same cell. It can be
shown that this might happen when two mobile nodes are located within a maximum

distance of d, = 2v/21 = 4r. Assume that two mobile nodes m; and my are located
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in cells represented by A and B at time ¢ = nT}, as shown in Fig. 7.5. According to
the information received from closest static nodes, both mobile nodes can access to
the base prices of all of their candidate cells, for example marked at the north-east
corner of each candidate cell for both mobile nodes in Fig. 7.5. According to the
base prices, both will try to select the cell C' as the next location for time (n+ 1)7,,
which has the highest base price from each mobile nodes’ candidate sets. Since this
will lead to inefficient coverage, we propose for two mobile nodes to exchange their
local information to avoid duplicate covering. Since this phenomenon occurs when
two mobile nodes are located close to each other, we assume that these two mobile
nodes can exchange their information to check whether a duplicate covering is going
to happen. If so, they exchange the next maximum base prices from their candidate
sets, and check which mobile node has the second maximum base price. Accordingly,
the node with the highest maximum second base price selects the corresponding cell
as the candidate cell. According to Fig. 7.5, since the mobile node m; has the second
maximum base price (compared to mobile node ms), it moves to the corresponding
cell (denoted by cell D) while the mobile node my moves to the cell C'. If the second
maximum base price is same for both nodes, they can select either one of the nodes
to move to the cell with the second maximum base price arbitrarily. When there are
more than 1 mobile sensors within the distance d; from node m;, the same procedure
can be extended by exchanging the relevant information among those nodes. In
such cases it might be necessary to exchange, 2nd, 3rd,... highest base prices among

neighboring mobile nodes.

7.3.4 Compensating for the lack of coverage in a static cell

As mentioned earlier in this section, since a static node might not be located at the
center of a static cell in the grid, there might be certain uncovered portions of the

corresponding cell. Note that this uncovered portion is maximum when a static node
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Figure 7.6: Compensating for the lack of coverage in static cells

is located very close to one of the cell corners in which it belongs to. Consider the
scenario that the static node is located very close to the north-east corner of the
cell it belongs to (denoted by ¢y), as shown in Fig. 7.6 with a circle with solid line.
To compensate for the lack of coverage in the corresponding cell, we propose the
following procedure. It can be shown that with the relationship between the side
length of a cell in the grid and the sensing range, when a mobile node comes to a cell
located either to the left or to the bottom of the static cell, and if they are moved
a distance of r — % (at the worst case) beyond the cell center towards the static
cell, the corresponding static cell can be completely covered. This is illustrated in
Fig. 7.6 where when a mobile node comes to either cell centers A or C, and if it

is allowed to move a distance of r — 7 (i.e. to either B or D, respectively), the

uncovered portion of the static cell can be totally covered. To address this problem,
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at time nT,,, when a mobile node selects its candidate cell for time (n+1)T,,, it also
checks whether there is a static node to the right, left, up or down to the selected
cell. Then based on the static node location, it approximates the required distance
it should move (maximum of r — %) beyond the selected cell center to compensate

for the lack of coverage of the static cell.

Note that according to the proposed mobility algorithm we allow mobile nodes
to move between cell centers at consecutive time steps 7;,. However, when we need
to address this static cell compensating problem, mobile nodes have to move little
far away from a cell center. When this happens (i.e. a mobile node may move to
location B (or D) instead of A (or C) in Fig. 7.6), the mobile node may need to
move a maximum distance of &~ 2.2168r to reach its next candidate cell at next time
step. As shown in Fig. 7.6, when the mobile node is at the point D in the cell c3,
it can reach all its candidate cells by next time step, except £ and F by moving
a maximum distance of 2r. To reach the candidate cells E and F' it has to move
a maximum distance of ~ 2.2168r. Thus when determining the time step 7,, as

pointed out in subsection 7.3.1, we need to take this scenario into account. Thus 7},
0.2168r

max

is selected as, T,, = [-2— + €|s where € =
max

The proposed protocol for node mobility management of hybrid sensor network

is summarized in Algorithm 3.

7.4 Performance Evaluation

To evaluate the effectiveness and efficiency of the proposed mobility protocol, we
perform experiments to investigate how well the desired area is covered over time
to minimize the time that a void cell is unvisited by a mobile node. We depict the

results in different perspectives taking the factors, the probability that at least one
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Figure 7.7: Presence probability matrix with proposed mobility protocol, N = 40,
Am = 0.5, Upar = 10m/s (a). after moving steps Sy = 100 (b). after moving steps
St = 1000 (c). after moving steps Sy = 10,000

mobile node visits a particular cell at any given time instant, the average time that
any arbitrary point in the network is unvisited, effect of the node speed and the

fraction of mobile nodes, into account.

7.4.1 Presence probability at each cell

Denote p,, to be the probability that at least one node is present at the cell ¢;, at any

given time. Let A be the presence probability matrix containing the probabilities of
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Figure 7.8: Presence probability matrix with bounced random walk model, N = 40,
Am = 0.5, Upmar = 10m/s (a). after moving steps S = 100 (b). after moving steps
S7 = 1000 (c). after moving steps Sy = 10,000

the presence of at least one node at each cell at a given time instant. For simulations,
we consider a sensor network deployed in a =~ 200 x 200m? square region with 14 x 14
grid. We let 7 = 10m such that the grid length becomes [ = v/2r ~ 14.14m. Denote
St to be the number of moving steps. We compare the performance of the proposed
mobility protocol with bounced random walk mobility model with a step size of [.
We mean by bounced random walk, that when the mobile nodes hit the boundary
under random walk, they bounce back with probability 1. Figures 7.7 and 7.8 show

the presence probability matrices with proposed mobility scheme and with bounced
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Figure 7.9: Mean and the standard deviation of presence probabilities at void cells
vs. the number of movement steps St (in log scale) for proposed protocol and the
bounced random walk mobility model, N = 40, A\, = 0.5, U0, = 10m/s (a). Mean
(b). Standard deviation

random walk scheme, respectively. The presence probability matrices are shown after
completing S = 100, S = 1000 and St = 10,000 moving steps, respectively, for
N =40 and \,, = 0.5. Note that in Figs 7.7 and 7.8, the high peaks with presence
probability 1 reflect the presence probability of static cells. Looking at the presence
probabilities of void cells under two mobility schemes, from Fig. 7.7 it can be seen
that the presence probabilities of void cells are becoming uniform after completing
relatively a small number of steps compared to that with random walk model (Fig.
7.8). When the number of movements steps is large, it can be seen from Fig.7.8
that the presence probabilities of void cells under random walk mobility models are
also becoming uniform, as expected. However, as can be seen from Figs. 7.7 and
7.8, in terms of the number of movement steps needed to achieve this uniformity
the proposed protocol for hybrid sensor network outperforms the random mobility

schemes.
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To further investigate the relationship between the number of movement steps
and the uniformity of presence probabilities of void cells, in Fig. 7.9 we plot the mean
and the standard deviation of presence probabilities of void cells as the number of
movement steps (Sr) is increasing for proposed and random walk mobility schemes.
In Fig. 7.9 we use Sr in log,, scale. From Fig. 7.9(a), it can be seen that the mean
of the presence probabilities of void cells converges to a constant with a relatively
small number of movement steps for both schemes and the corresponding mean value
is relatively large with proposed scheme compared to that with the random mobility
scheme. This essentially implies, with the proposed protocol, void cells are covered
much efficiently over time compared to that with random mobility scheme. In Fig.
7.9(b), we plot the standard deviation of presence probabilities of wvoid cells with
log,y S7. Note that the standard deviation of presence probabilities of wvoid cells
acts as a measure of the quality of uniformness of the presence probabilities. From
Fig. 7.9(b), it can be seen that the standard deviation of presence probabilities of
void cells converges to a constant value for both mobility schemes and the threshold
number of movement step that this happens is much more less with the proposed
mobility protocol compared to that with the random mobility scheme. Moreover,
the constant value of this convergence is less for proposed protocol compared to that
with the bounced random walk scheme implying the effectiveness of the proposed

scheme.

Although figures are not included, it can be seen that when the fraction of mobile
nodes is increasing the presence probability of void cells is also increasing since then

the frequency that any mobile node can visit a cell is also increasing.
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7.4.2 Average unvisited time of an arbitrary point

In the next experiment, we evaluate the performance of the proposed mobility scheme
in terms of the average time that any arbitrary point is uncovered by the hybrid
sensor network. We compare the results of the proposed scheme with a random
mobility model. Figure 7.10(a) shows the average unvisited time of an arbitrary
point in the network with the proposed mobility protocol and bounced random walk
mobility model (with step size of [) for N = 40 and N = 60. In Fig. 7.10(a), we
let Upmqe = 10m/s, r = 10m. It can be seen that when the fraction of mobile nodes
is low, by the proposed mobility protocol for hybrid sensor network, a significant
performance improvement can be obtain over bounced random walk mobility model.
Note that due to extra cost needed for deploying mobile nodes compared to static
nodes, this is the most interesting scenario. As mentioned earlier in the Chapter,

random mobility models are not well suited for hybrid sensor networks specially for
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lower \,,’s since they may provide duplicate coverage, which results in an inefficient
usage of mobile nodes. Since deploying mobile nodes is not as cost effective as
deploying static nodes, it is more desirable to efficiently use the node mobility in
order to improve the network coverage. However, from Fig. 7.10(a), it can be seen
that when )\, is increasing, the unvisited time with the proposed scheme is not much
different from the random walk scheme since then there is a large number of mobile
nodes compared to static nodes and thus the duplicate coverage caused by random
walk mobility model is less. Also when the total number of nodes is increasing, it can
be seen that even with a lower fraction of mobile nodes, relatively lower unvisited
time can be obtained by the proposed scheme. The performance gain of the proposed
scheme over the random walk mobility model is more significant when N is smaller,

that is when the network is to be covered by a small number of total nodes.

Figure 7.10(b) shows the average unvisited time of an arbitrary point when the
node speed is changing. In Fig. 7.10(b), we let N = 60, r = 10m and the plots
correspond t0 Upq: = 5m/s and 10m/s. It can be seen that especially with a lower
fraction of mobile nodes, the speed of mobile nodes affects the system performance
significantly compared to that with a large fraction of mobile nodes. However, irre-
spective of the node speed, it can be seen that with relatively small fraction of mobile
nodes, the proposed mobility scheme outperforms the random mobility schemes. For
results in Fig. 7.10 we ran simulations for 10000s and averaged over 50, 000 arbitrary

points.

7.5 Conclusions

In this Chapter we proposed an interactive, distributed protocol for mobile node nav-

igation in a hybrid sensor network to efficiently cover the area not-covered by static
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nodes by maximizing the re-visiting time of an arbitrary point in the network. The
proposed scheme can be implemented distributively by collaborating among static
and mobile nodes locally, having only communicating in the local neighborhood. It
was shown that the proposed scheme provides an approximate uniform coverage af-
ter completing relatively small number of movement steps compared to that with
random walk model, which is desirable when the network is designed for detecting
targets in which the existence is unknown. The proposed scheme also outperforms
the random mobility schemes in terms of the average revisiting time of an arbitrary

point in the network especially when the fraction of mobile nodes is small.
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Algorithm 3 Mobility protocol
NOTATIONS:

gs,, (nTm): base price vector at static node s at time t = nT,

Us,,: set of all void cell indices belongs to static node sy

N,k (nTh): number of mobile nodes from which the static node s receives locations information at time nTy,
Cm,j(nTm): set of cell indices corresponding to candidate cells of mobile node m; at time nTy,

Z/ISTZJ (nTm): set of cell indices belongs to both C, ;(nTm) and Us,

g:z’ (nTm): base price vector corresponding to cell indices in Z/I:Zj

Pr+ element with maximum value (maximum base price) in g;r;j (nTm)

c;f’k: cell index corresponding to Pf,k

INITIALIZATION AT TIME ¢ = 0:

1: Determine Us,, for all k € Vs based on Voronoi partitions

2: TInitialize gs, (0) as in subsection 7.3.2
AT STATIC NODE s;, AT TIME ¢ = nTy,:
After receiving location (cell) information from neighboring mobile nodes:

1: Update the base price vector gs;, (nTm) as in subsection 7.3.2
2: for j=1: N, 1(nT) do

3: Check — Z/{:;’ (nTy,) is non-empty
4: if yes then
5: check — m; is isolated
6: if yes then
7 Find Pf,k and c;’k and transmit to mobile node m;
8: else {m; is not isolated}
9: Send cell IDs and their base prices in the set Z/{:;’ (nTym) to mobile node m;
10: end if
11: else {no}
12: Send nothing to mobile node m;
13: end if
14: end for

AT MOBILE NODE m; AT TIME ¢ = nTy,:
1: Broadcast location information to neighboring static nodes

After receiving base prices for relevant candidate locations from neighboring static

nodes:
1: check — m; is isolated
2: if yes then
3: select candidate cell with maximum base price
4: else {no}
5-

call duplicate_covering(m;)

6: end if
After selecting candidate cell corresponding to time (n +
DT

1: Check — need for static cell compensation

2: if yes then

3: Adjust the location to be moved in the selected candidate cell according to subsection 7.3.4

4: else {no}

5: Move to the center of the selected candidate cell by time (n + 1)Ti,

6: end if

duplicate_covering(m;)

Exchange local information with neighboring mobile nodes to check for duplicate covering
if yes:(duplicate covering) then
Exchange next highest base prices to determine the best candidate cell as in subsection 7.3.3
else {no:(no duplicate covering )}
select candidate cell with maximum base price
end if
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Chapter 8

Worst-Case Detection

Performance

8.1 Introduction

In this Chapter, we analyze the worst-case detection performance of a hybrid sen-
sor network consisting of both static and mobile nodes when the target to be de-
tected is trying to evade the sensing region with the minimum probability of being
detected. We evaluate the worst-case detection performance in terms of the expo-
sure [32,91,92,104], which reflects the quality of the sensor network when the target
tries to evade the network with minimum detection probability. Fxposure is defined
in different contexts in the literature, and the general idea behind that is how can
a target traverse the desired field with the minimum probability of being detected

(or minimum detection time). To find the exposure path, different algorithms were
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proposed in [91,92,104] considering different performance measures. For example,
in [92], the exposure path was formulated in terms of the sensor field intensity. In [91],
algorithms are presented to find exposure in terms of the worst case coverage. In the
worst case coverage, the exposure path is found by maximizing the closest distance
to any sensor node in the target traversal, based on Voronoi partitions and the graph
theoretic techniques. In [104], a different definition is given for the exposure. The
exposure path is defined as the one with the least probability of being detected and
they have taken the measurement uncertainties at sensor nodes into account in find-
ing the exposure path. The exposure in a mobile sensor network is addressed in [32]
to minimize the probability of being detected, based on a given sensing architecture
in which mobile nodes make noisy measurements on the emitted signals by the target
at a given set of locations of the route of the mobile nodes. However, they did not

consider specific mobility models for the mobile nodes.

To find the exposure in a hybrid sensor network, we develop an efficient sequential
methodology based on the presence probability matrix. The proposed methodology
to find exposure is valid for hybrid sensor networks with arbitrary mobility models
as far as the knowledge of the presence probability matrix is available. We show that
with the mobility management protocol presented in Chapter 7, a significant perfor-
mance at the worst-case target exposure is achieved compared to random mobility

schemes especially when the number of mobile nodes in the hybrid network is small.

The Chapter is organized as follows. Section 8.2 presents the sensor network and
the target model. The worst case performance on target detection by the hybrid
sensor network is addressed in Section 8.3. Section 8.4 shows performance results

and concluding remarks are given in Section 8.5.
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8.2 Network Model

We consider a hybrid sensor network made of /N total sensor nodes deployed in a
region R with network dimension of b x b. We assume that there are N, number
of static nodes and N,, number of mobile nodes. Denote A\ = bﬁg to be the spatial
density of the nodes and A\, = N—&” and \; = NW to be the fractions of mobile and
static nodes respectively. Let V be the set containing all node indices in the network
and let V,,, and V, be the sets containing mobile and static node indices, respectively.
We assume the same network model as in Chapter 7 in which the sensing region is
divided into a square grid with a grid length of I = +/2r where r is the effective
sensing radius of a sensor. We assume that any mobile node can reach L. = 8
number of closest distinct cell centers (and itself) as discusses in Chapter 7 at any

given time step. The time at which each movement step is taken by a mobile node

is denoted by T}, and the maximum speed of a mobile node is uy,q-

8.2.1 Target model

Without loss of generality we assume that the target traversal also is a sequence of
cells in the grid formed in Chapter 7. We denote by S, a set of cell sequences which
forms a path for the target. We assume that a target can enter and leave the desired
region from any boundary (boundary cell). Further we assume that the target should
spend at least T time after it enters the region to accomplish the required task, and
has to leave the region before maximum of 75 > T} time. The goal is to find the
best path for the target to minimize the probability of being detected by the sensor

network.
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8.3 Worst Case Detection Performance

8.3.1 Detection probability

Let us assume that a target can visit 8 number of distinct candidate cells at a given
time from its current cell as that with the mobile nodes. Let T, be the time that
the target needs to visit its candidate cells from its current position and , pq, be
the maximum speed of the target. Note that if the target has the same speed as
with mobile nodes, then we have T, ~ T,,,. When the target visits the cell ¢; at time
t = nT,, the probability that the target is detected at time t = nT,., P(c;, nT,) = pe,
where p,, is the presence probability of cell ¢, which is the probability that at least
one node is present at the cell ¢, at any given time instant. Note that p,, =1 if ¢4
is a static cell. When a target traverses along the path S for ng time steps, where
Ty < nyT, < Ty the probability that the target is detected by the sensor network is
given by,

no

P(S,no) =1—](1 = Pl 4T0)), (8.1)

j=0

where ¢; is the cell index where the target is located at time j7,. Let S be the set
of all cell sequences that the target can traverse by time T < nyT,. < T, starting at

any boundary cell. Then the exposure is defined as [32],

€= rglégP(S, no). (8.2)

8.3.2 Evaluating worst-case target exposure

Note that minimizing (S, 1) is equivalent to maximizing [[}%(1 — P(c;, 57;)) and
thus maximizing ) 7%, log(1 — P(c;, jT5)). Since log(1 — P(c;,5T;)) < 0, we take
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maximizing P(S,ng) as equivalent to minimizing — 7% log(1 — P(c;,jT5)). As
given in [32], to find the path with minimum exposure, we may convert the problem
into a shortest path problem in a time expansion directed graph by assigning vertices

and weights as follows.

For a given time t = nT,., the vertices of the graph represent all the cell indices.
We consider the same grid structure as given in section 7.3 which has a total of Ly
number of cells. We represent vertices at time ¢ = nT, as (¢, nT)) consisting of all
cells where ¢, € U. The weight assignment of the graph from time ¢ = n7;. to time
(n+1)T, is performed as follows. If the cell ¢; at time ¢ = nT,. (i.e. vertex (¢, nT},) in
the expansion graph) is a non-boundary cell, it has 9 (including itself) outgoing edges
to the corresponding neighboring cells. In particular, let (cx1, (n + 1)T}), (ck2, (n +
DT.), (exs, (n4+1)T5), (era, (n+1)T2), (exs, (n+1)T5), (cre, (n+1)T5), (e, (n+1)T3),
(cks, (n+1)T;) and (cg, (n+ 1)T;) be the vertices at time (n + 1)T,. corresponding to
neighboring (candidate) cells of the cell ¢, when the current time is t = n7,.. Then
the vertex (cx, nT,) has outgoing edges to all vertices listed above at time (n + 1)7,
and the corresponding edge weighs are given by —log(1l — P(¢p41, (n+1)7})), where
Cny1 18 the corresponding cell index at time (n + 1)7,. For a boundary cell, the
number of candidate cells is less than that with non-boundary cells, and the vertices
are connected only with the valid candidate cells. An illustration of vertex and edge
assignments for a 3 x 3 grid is shown in Fig. 8.1 where edge weights are not marked.
Since the target needs to exit the region by maximum of time 75, the graph is
expanded at most T5 /T, steps. Now the problem is to find the target traversal which
will result the minimum weight w = — 7%, log(1— P(c;, jT;)) for any 71 < ng < Tb.

Note that in [32], an upper bound and a lower bound for the exposure were given
instead of the exact exposure. In contrast, with the constraints that the target may

have to exit the region within [T7, 75|, we present a sequential procedure to find the
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Figure 8.1: Vertex and edge assignment of the expansion graph from time n7, to
time (n 4+ 1)7, for 3 x 3 square grid; edge weights are not marked. Note that the
vertex (5, nT}) at time nT, corresponds to a non-boundary cell of the considered grid
and it has 9 outgoing edges from time n7, to (n+1)T,. All the other vertices at time
nT, correspond to boundary-cells. For vertices (1,nT,.), (3,nT,), (7,nT}), (9,nT,) at
time nT,, they have 4 outgoing edges while for vertices (2,nT}), (4,nT},), (6,nT,),
(8,nT,), they have 6 outgoing edges from time nT, to (n + 1)T,

exact exposure with reduced complexity using graph theoretic techniques.

Denote U, and U,;, be the sets containing indices of boundary cells and non-
boundary cells, respectively. Recall that we assume that the target may enter and
exit from any boundary cell after spending 7} time. Now the problem is to find the
best path for the target such that it will give the minimum detection probability
to exit the region after T time, if it enters the region from a boundary cell. Note

that based on the above graph theoretic view, the shortest path (cell sequence) that
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any cell can be reached (from starting cell) by time ¢ = T; can be found based on
a single-source shortest path algorithm. For simplicity we assume that 7 /T, = ¢ is
an integer. Denote si(q7,.) to be the shortest path (or cell sequence) for the target
traversal with the destination being the cell ¢, at time ¢7,, and wy(¢T,) be the
corresponding weight where wy,(¢7,) = — > 7_ log(1 — P(c}, jT,)) where c}’s are in
the cell sequence of the corresponding path. Now we propose the following procedure

to find the best traversal for the target.

Let wiy"(qT;) = &iurzwk(qTr) be the minimum weight of all the shortest paths
with a boundary cell being the destination cell at time ¢t = ¢7,, = T and w,@’%(qTT) =
krgzifbwk(qﬂ) be the minimum weight of all the shortest paths with a non-boundary
cell being the destination cell at time t = ¢7, = Ti. It can be shown that if
with(qT) > wiy™(qT,), by expanding the graph beyond the time ¢ = ¢7, = T} will
not result any shorter path with corresponding weight less than wZ?g”(qTT). Thus if
this condition stratifies at time ¢7,. (or (77)), the path with minimum weight, for the
target enters at a particular boundary cell, is the path corresponding to w,%"(qTT).
If the condition is not satisfied, that will mean that there is a possibility to have a
shorter path for the target to exit the region with a less weight (or less probability
of detection) than the path corresponding to the weight wy’;"(¢7,) which terminated
by time t = ¢T,.. Then, if the above condition is not satisfied the graph is expanded
to time ¢ = (¢+1)7, while keeping w};"(¢7;) in the memory. Now the weight assign-
ments for edges connecting vertices from time t = ¢7, to t = (¢+ 1)T,. are performed

as follows.

From all the shortest paths with the destination cell as a non-boundary cell at
time ¢T., we find the set of non-boundary cells which have the corresponding weights
at time ¢7, less than w,%" (¢T.). Then we connect only these non-boundary cells to
their candidate cells at time (g+1)7,.. The point here is that, for other non-boundary

cells at time g7, where the corresponding weights of their shortest paths are greater
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than wmm(qT ) by expanding the vertices corresponding to them beyond ¢7,., we will
not get any shorter path which will result in a less value than wmm(qT ) since any
path with those cells being the cell at time ¢7;., will always result the weight greater
than wi}"(qT,).

At time (g + 1)T;, we follow two steps: (i). As in time ¢7}, wi}*((¢ + 1)T}) and
wih((¢ +1)T;) are computed. If wii"((¢ + 1)T,) < wit"(qT,), wiy™(T,) is deleted
from the memory, since then it makes sure that there is a shorter path on or beyond
time (¢ 4 1)7, having a smaller weight than w};}"(¢T}). Then again as in time ¢},
the condition wi'i((q + 1)T,) > wi"((¢ + 1)T;) is checked, and if true expansion is
stopped by time (¢ + 1)7,. If not, the same procedure follows as in time ¢7;., to find
the required set of non-boundary cells from which the edges are connected to time
(¢ + 2)T, while keeping wiy"((q + 1)T,) in the memory. (ii). If w;"*((¢ + 1)T;) >
wit™(qT;), it checks whether the condition wi'i((q + 1)T,.) > wiy™(qT,) is satisfied.
If yes, the expansion is stopped by time (¢ + 1)T, resulting wmm (¢T}) the minimum
weight corresponding to shortest path for the target. If not, the graph is expanded
to time (¢ + 1)7,. after finding the required set of non-boundary cells from which the
edges are connected to time (¢ + 2)7, (as in time ¢7,) while keeping wi}"(¢7) in
the memory. The expansion is stopped at time g7, if either one of the following
criteria is met. (i). if wii(qoT,) > min{wy"(¢T,), wi" (¢ +1)T5), - -, wit™(qoTr) }
for ¢ > qo < Ty/T, (ii). if qo = T5/T,, where the maximum time for expansion is

reached.

Note that, with the proposed scheme, the complexity is greatly reduced since
after time 77, at each time step a certain number of vertices corresponding to non-
boundary cells does not need to be expanded. On the other hand, with the proposed
mobility protocol, as can be observed from the simulation results, the graph does not
need to expand a large number of time steps after time 7} due to the approximately

uniform nature of the presence probability matrix (for the void cells). This essentially
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implies that after the required time is spent in the region (i.e. time T7), by circulating
inside the region to minimize the detection probability is not desirable for the target
since, due to nearly uniform presence probability matrix, target will not find a safer
area to avoid detection inside the region as time goes. Note that the above procedure
is for the target traversal starting at a given boundary cell. Thus to find the worst
case scenario over all starting boundary cells, the procedure can be repeated. The

proposed procedure is summarized in Algorithm 4.

8.4 Performance Results

In this Section, we evaluate the worst-case detection probability based on the algo-
rithm presented in Section 8.3. We compare the worst-case detection performance
of the proposed mobility model with the bounced random walk model. To find
the worst-case detection performance as given by Section 8.3, we find the presence

probability matrix with random walk with a step size of [.

Figure 8.2 shows the worst-case detection performance with the proposed mobility
scheme and with the random walk mobility model. In Fig. 8.2, we assume that the
maximum speed of mobile nodes and the target is the same, where U,qp = Uy maz =
5m/s. Note that higher the worst-case detection probability, less safe for the target
to enter the sensing region. It can be seen from Fig. 8.2 that, with the proposed
node mobility scheme, it is more dangerous for the target to enter the sensing region
and is very less likely that it can find a safe path to exit. Also, it can be seen that
more time the target has to be in the desired region (i.e. T} is increasing) to perform
the required task, more vulnerable for the target, and the rate of vulnerability is
higher as T} increases with the proposed mobility model when compared to that

with random walk model.
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Figure 8.2: Worst-case detection probability

8.5 Conclusions

In this Chapter, the worst-case detection performance of a hybrid sensor network
is evaluated when the target is trying to evade the sensing region by minimizing
the probability of being detected, in terms of exposure. We developed an efficient
sequential algorithm to find the worst-case target ezposure based on graph-theoretic
techniques which can be used to find exposure in mobile/hybrid sensor networks with
arbitrary mobility models as far as the presence probability matrix is available. It
was shown that with the proposed mobility protocol in Chapter 7, it is very less likely
that a target would find a safe path to traverse through the sensing field without

being detected, compared to that with random mobility models.
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Algorithm 4 Procedure to find best target traversal
NOTATIONS:

q = T1/T,: minimum number of time steps a target needs to spend in the region

s57.(¢T): the shortest path (cell sequence) for the target traversal with the destination cell
being the cell ¢; at time ¢7;

w?g”(qTr): (minimum) weight of the shortest path with a boundary cell being the
destination cell at time qT

sy.p(qTr): corresponding shortest path (cell sequence) which results the weight wmm(qT )

w,@”ﬁﬁ;(qT +): (minimum) weight of the shortest path with a non-boundary cell being the
destination cell at time qT

szmb(qTr): corresponding shortest path (cell sequence) which results the weight wZ?fl%(qTr)
U, (qT, ): set of non-boundary cells with the corresponding weights at time ¢7, are less
than wmm(qT )

E)Z““g”(nTT). mln{wmm(qT) w%n((q + T,), w?g”(nTr)} is the minimum weight of a
boundary cell over time qT;- to nT with n > ¢

AT TIME t = ¢T,-:

Construct the expansion graph over ¢ time steps
Find w}?y"(¢T,) and w(qT;)
if wZ?j[g(qTT) mm(qT) then
end procedure: result — shortest path sy ,(¢7;)
else {wqu)?;%(qTr) < w?[in(qTr)}
Find U}, (¢T;)
Expand the graph to time (¢ + 1)7, by connecting edges from vertices cor-
responding to the cells in U, (¢7T,.)
Keep @y (qT,) = wiy"(¢T,) in memory
9: end if

x

AT TIME ¢ = nT, WITH ¢ < n < ¢

1: compute w*(nT,) and wi'(nT,)

2: check — wi"(nT,) < wi*((n — 1)T;)
3: if yes then ‘

4: wpt(nT,) = wiy*(nT,)

5: else {no}

6 wpi(nT) = opi(n— VT

7: end if
8

: check — wih(nT,) > wiy™(nT,)
9: if yes then ‘
10: end procedure: result— the shortest path corresponding to w,%”(nTr)

11: else {no}
12: Find U, (nT})

13: Expand the graph to time (n + 1)7). by connecting edges from vertices cor-
responding to the cells in U, (nT,)

14: Keep @yy"(nT,) in memory

15: end if
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Chapter 9

Decision Fusion with Measurement

Uncertainty under Reactive

Mobility

9.1 Introduction

In Chapters 6 and 7, it was assumed that nodes perform continuous movements
searching for targets when the target existence is unknown or uniformly located (if
stationary as in Chapter 6) in the desired region. Moreover, in Chapters 6 and
7, the measurement uncertainty on the detection performance was not taken into
account. In situations where achieving a continuous coverage is not affordable due

to energy constraints, it might be desirable to keep mobile nodes in a stationary
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configuration until a possible target is detected by the stationary configuration with
certain confidence level, and allow nodes to be mobile only if necessary to detect the

target with higher confidence level.

In this Chapter, we develop decision fusion models to detect randomly located
stationary targets by the hybrid sensor network after detecting at a certain confi-
dence level. Due to energy constraints, we assume that the mobile nodes are kept
stationary until a target is detected with certain confidence level. Note that since
mobile nodes are required to perform on-demand for different functionalities, it is
not possible to locate them in a certain area for a specific task. We assume that, at
each time step, a mobile node can move to a limited number of locations from its
current position, where these candidate locations are determined by physical factors
related to mobile sensors and the environment. After detecting at a lower confidence
level, at each time step, mobile nodes move in a direction chosen based on the pro-
posed mobility management schedule to maximize the detection probability during a
desired delay constraint. At each time step, each node makes a local binary decision
based on its observations and transmits it to a separate fusion center. The fusion
center combines local decisions from all static and mobile nodes to reach at a final
decision at the corresponding time instance. Specifically we develop two decision
fusion models to make the final decision where in the first model, the impact of
the node mobility is taken into account to update the decision at the fusion center,
while in the second model, the impact of node mobility is taken at the node-level
decisions. Since allowing a large number of nodes to be mobile increases the cost,
we characterize analytically, the required minimum fraction of mobile nodes to be
directed to move in order to achieve a desired performance level within a desired
delay constraint. We investigate the performance gain achieved by the hybrid sensor
network when the network parameters are changing and discuss the scenarios where

the node mobility is essentially improves the network performance.
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The organization of the Chapter is as follows: Section 9.2 explains the sensor
network and the observation models, and presents the problem formulation. In
Section 9.3, we develop a decision fusion model in which the fusion center updates
the decisions over time while nodes make binary decisions based on the observations
collected during one time step when the target location is random. Also, mobility
management schedule is proposed to maximize the detection probability at the fusion
center within a desired delay constraint. In this discussion, the effect of the node
mobility is taken into account at the fusion center decision updating. In Section
9.4 a decision fusion model is developed in which the effect of the node mobility
is taken into account at the node-level decisions. In Section 9.5, we develop an
analytical procedure to find the minimum number of mobile nodes that should be
incorporated with static nodes to achieve a desired performance level within a desired
delay constraint. Performance results are given in Section 9.6 and the concluding

remarks are given in Section 9.7.

9.2 Problem Formulation and System Model

We consider a hybrid sensor network made of N number of total sensors. We assume
that there is Ny number of static nodes and a maximum of N, number of mobile
nodes initially deployed in a square region with dimensions b x b. Note that when
mobile nodes are not in the mobile configuration, they make measurements at their
stationary configuration. Denote \,, = N—]([” and \y = NW to be the fractions of mobile
and static nodes, respectively. Denote (x4, ysk) to be the location of the k-th static
node which is assumed to be fixed after initial deployment. Let V be the set of all
node indices in the network and let V), and V, to be the sets containing mobile and

static node indices, respectively.
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9.2.1 Problem formulation

In this Chapter, we assume that the network is kept stationary until a target is
detected at a certain confidence level. We also assume that the network does not
have any information regarding sensing field at the time of deployment. Information
regarding possible target locations may be available to the network after initial de-
ployment and, the target can be appeared in a particular target location during a
certain period of time. Because of these factors, it is not possible to deploy mobile
sensors to cover possible target locations at the time of deployment, and on the other
hand, mobile nodes may be required to perform on-demand for different purposes.

The key contributions in this Chapter are three-fold.

1. Develop decision fusion architectures for the target detection by hybrid sensor
network when the target location is random. Specifically, we propose two deci-
sion fusion architectures where in the first one, the effect of the node mobility
is taken into account for the decision updating at the fusion center and nodes
make binary decisions based on the observations during one step movement.
In the second model, nodes take the effect of the node mobility into account

for node-level decision updating.

2. Manage node mobility to improve (maximize) the system performance within
a desired delay constraint after a target is initially detected by the stationary

configuration at certain confidence level.

3. The cost of mobile nodes is evaluated in terms of the minimum number of
mobile nodes required to achieve a desired performance level within a desired

delay constraint.
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9.2.2 Node mobility model

We assume limited mobility of mobile nodes where at each time step each mobile node
can only move in one of the pre-determined set of locations (or directions) as shown in
Fig. 9.1 (for example), and the maximum total distance it can move in any direction
is bounded. This mobility model is justifiable in cases where a node can move to
a limited number of locations from its current position due to terrain constraints.
Let the velocity of mobile node k at time ¢t be ug(t) = (ux(t),0k(t)) = (ug, Ox(t))
where ug(t) = uy is the speed of the node k that is assumed to be constant and
0x(t) is the direction of node k at time ¢. Denote ¥ is the maximum distance that
the k-th mobile node can move with the available resources. At each time step T,
mobile node k moves with an average speed of u; in a direction 6 selected from a
set @ = {01,602, .- 0K}, Selection of ) at each time step T, is considered in later
sections. Let (x(t),yx(t)) denote the location of the k-th mobile node at time t.
Under this mobility model, the location (xy(t), yx(t)) of the k-th mobile node at time
3Ty <t < (j+ 1)T, is given by

p(t) = xp(§Ts) + (t — 575 )uk cos Ox(jT5)

u(t) = ye(JTs) + (t — jTs)uy sin 0, (5 T5),

for k € V,,, and j = 0,1,2,---, where 6,(jT;) € © is the selected direction at time
JTs and (z(0) and y(0)) are X and Y coordinates of the initial location of the k-th

mobile node.

9.2.3 Observation model

At each time step both mobile and static nodes make observations on the pres-

ence/absent of the target and make a binary decision on whether the target is present
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Figure 9.1: Candidate locations for a mobile node at time ¢

or absent. We consider the observation models for mobile and static nodes as given
below at time 0 < ¢t < nT, under hypotheses H; (target present) and H, (target
absent):

Hy o zi(t) = my(t) + vi(t); for 0 <t < nTj,

Hy @ zi(t) = vg(t); for 0 <t < nTj, (9.1)

for k € V, where {my(t), t € (0,nTs]} is the signal strength received from the target
at time ¢, {vx(t), t € [0,nT;]} is the measurement noise process at the k-th node
which is assumed to be white Gaussian with mean zero and the auto-covariance

function C,(t1,2) = o26(t1 —t2), t1,t2 € [0,nT,] where §(.) denotes the Dirac delta
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function.

The received sensing signal my(t) represents the attenuated (over distance) signal
emitted by the target. Depending on the sensing modalities, (such as acoustic,
seismic, IR, etc..), different models for received signal strength can be used. For this
discussion, we assume the following model for the signal my(t), which assumes that
the signal emitted by the target decays as the distance from the target to the sensing

node increases [71,97]:

Ao

— s for 0 <t <nT, ke Vy, (9.2)
Tk /2(t)

mi (t) =

where A is the signal strength emitted by the target,
() = /(2 (t) — 20)2 + (y(t) — yo)? is the distance between the k-th mobile node

and the target at time ¢ for 0 < t < nTy, (zo,y) is the location of the stationary
target and o' is the path loss index that is assumed to be 2 throughout. Note that,

for static nodes (9.2) reduces to

A
mi(t) = —5. k €V, (9.3)

where 7, = \/ (st — 0)? + (Ysk — Yo)?. However, the results presented in this Chap-

ter can be generalized to other sensing modalities as well.
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Figure 9.2: Decision fusion architecture for the hybrid sensor network with fusion
center updating decisions over time

9.3 Detection Performance with Decision Fusion
Architecture 1: Fusion Center Updating De-
cisions Over Time

In this section we consider the performance dynamics of hybrid sensor network when
the exact target location is unknown. At the stationary configuration, we assume that
the network monitors the Field of Interest (Fol) continuously, and mobile nodes are
directed to move when a possible target is detected with relatively lower confidence
level by the stationary configuration. The target location coordinates, xy and yq are

assumed to be random variables with known statistics.
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After initially detected by a lower confidence level, we assume that mobile and
static nodes make binary decisions at each time instant nT, for n = 1,2,--- based
on the observations collected during the current time interval. Formally, the k-th

node performs the following hypothesis testing problem at time t = nT:

Hy o ozg(t) = my(t) + v(t); for (n—1)Ty < t < nTy,
Hy o zg(t) = ve(t); for (n — 1)Ts <t < nTj, (9.4)

Each node transmits its local decision to the fusion center over a noisy communication
channel. The fusion center combines these local decisions from mobile and static
nodes and the previous information at the fusion center to make a final decision. The
corresponding decision fusion architecture is shown in Fig. 9.2 where the symbols
used in Fig. 9.2 are defined in subsections 9.3.1 and 9.3.3. As shown in Fig. 9.2, at
each time instant nT}, each node performs a local detection based on the observations
collected at the current time interval (n — 1)Ty < ¢t < nT,. The corresponding local
decisions are transmitted to the fusion center over a noisy communication channel
at each time step ¢t = nT,. The fusion center updates the final decision based on the
noisy corrupted decisions received from both static and mobile nodes at time nT},
and the previous information at the fusion center at time (n — 1)7§ to reach a final
decision. In this architecture, the impact of the mobility of mobile nodes is taken
into account at the fusion center while the mobile nodes make a local decision based

on observations collected at one-step movement.

9.3.1 Detection performance at k-th mobile node

Denote zx(t;n—1,n) = (2 (t))?sznq)Ts' Note that according to the signal model (9.2)
assumed in the Chapter, the signal strength received by a sensor node is decreasing

as the distance between the node location and the target location is increasing. If
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a simple constant threshold testing is performed on the received signal strength [97]
(or on energy [122]) at a sensor node to determine the target is present/absent, it
can be seen that more false alarms will occur at the nodes located relatively far
away from the target location if the threshold is chosen too small, or miss proba-
bility will be higher at sensors located closer to the target location, if the threshold
is too large. [97] has provided an approach of selecting an optimal threshold such
that the performance at the fusion center is maximized for a static sensor network.
However, in this Chapter since mobile nodes are directed to move when required,
maintaining a constant threshold test on signal strength (or energy) to determine
the presence/absence of a target would not essentially reflect the performance gain
achieved by node mobility. Thus it is required to have a dynamically varying thresh-
old at sensor nodes to exploit the impact of node mobility in an effective way. Thus,
in this Chapter we consider that k-th mobile node to perform likelihood ratio testing
on its observations. Explicitly we assume that each node performs a-level Neyman-
Pearson (N-P) optimum test to detect the presence/absence of the target at each
time nTy, since the ultimate goal in this Chapter is to manage node mobility to

result optimal detection probability.

According to the detection problem at the k-th mobile node as given by (9.4),
the log likelihood ratio based on the observations collected during time interval ((n—
)Ty, nTy|, Lp(zx(t;n — 1,n)), conditioned on the target location (o, yo), at the k-th

mobile node can be shown to be [105],

Ly (ze(t;n — 1,n)[ (w0, y0))

)

— Jog X1
RT2)
1 nTs 1 nTs 9
= - mi(t; 2o, Yo) 2k (t)dt — 5— my(t; o, Yo)dt,
s Jin—)1, 205 -1,
Zk(n—1,n)  EP(n—1,n)
_ _ 9.5
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nTs

i, Mk (t; 20, yo)zk(t)dt and

EM(l,n) = ZT}STS ma(t; xg,yo)dt for n =1,2,--- and

: _ A : : "
my(t; o, yo) = \/(:vk(t)—a:o);:r(yk(t)—yoﬂ as defined in (9.2). Computation of EJ*(l,n)

for a given target location is given in subsection 9.4.1. Then the log likelihood ratio

for k € V,, where Z;(l,n) =

Ly (zx(t;n — 1,n)) is given by,

Zr(n—1,n E'"(n—1,n
Li(zp(t;n—1,n)) = Ewo,yo{ k( . )_ k:( )}

2 2
v 20v

I .
= 2 (E)my (t)dt — ﬁE,T(n —1,n), (9.6)

)
Oy J(n=1)T,

where my,(t) = By yo imi(t; 20, %0)} and B (n—1,n) = B, {E(n — 1,n)}. Com-
putation of W is associated with the specific probabilistic model for the target
location distribution. For the evaluation used in this Chapter, the closed-form ex-
pression for m with assumed target location distribution model is given in Section
9.6. Assuming no point masses in the pdf of Ly (zx(t;n —1,n)), the optimal decision
rule at the k-th mobile node at time ¢t = nT} for the hypothesis problem (9.4) is

given by (according to the N-P-criteria [105])

5 (nT,) = if Li(ze(t;n —1,n)) O (9.7)

0 <

where 7;"(n) > 0 is uniquely determined such that, the false alarm probability at the
k-th node at time nTj, P}’Z(nTS) = « for k € V,,. Note that we assume that each
node performs same a-level N-P test at each time n7T,. The decision rule (9.7) can

be further simplified to,

ot (nTy) = if Zx(n—1,n) ™w(n) , (9.8)
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Z, (1) T(.)dt zk(n=1,n) "(n)

(n-1)T, 0

me ()

Figure 9.3: Detector structure at the k-th mobile node for the decision making based
on the observations during time interval ((n — 1)Ty, nT}]

where Zx(n — 1,n) f(nTs )my(t)dt is the new decision statistic and 77"(n) =

oZnt(n) + SE7(n — 1,n) is the new threshold, at the k-th mobile node for k € V.

Result 1. For a-level N-P test, the threshold 7'(n) and the detection probability at

the k-th mobile node at time nTy are given by,

"(n) = 0,Q  (a)y/EM(n — 1,n) (9.9)

and

P (nTy) = Eqq g {Q (Q—1<a> - E’“(’:Efg - 11’ ”))> } (9.10)
Oy rn—1n

respectively, where Ey(zo,yo;n — 1,n) = f(ZT—Sl)TS my(t; xo, yo)mx(t)dt and E*(n —

nTs
Ln) = [0 1y, Mi(t)dt.

Note that to evaluate PJ'(nT) as in (9.10) at k-th mobile node, in general a
2-fold integration is required. The block diagram of the detector at the k-th mobile

node is shown in Fig. 9.3.
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9.3.2 Detection performance at k-th static node

Result 2. For static nodes, the optimal threshold and the detection probability for

the a-level N-P test are given by,

mi(n) =7 = 0,Q " (a)m\/T, (9.11)
and

M) } (9.12)

Oy

P (nTy) = Emo,yO{Q <Q‘1(a)—

Note that the detection threshold 7 for a static node is a constant over the time.

9.3.3 Performance evaluation at fusion center with noisy

communication

To evaluate the performance of the hybrid sensor network, let us assume that the
nodes send their local decisions to the fusion center over binary symmetric channels
(BSC) which can be used to model noisy channels [48,97]. Denote wy(nT}) to be
the received signal at the fusion center from the k-th node at time ¢t = nT,. We
assume that the k-th node transmits its local decision over a BSC with a cross-over
probability pg, and that the channels of N nodes are independent of each other.

The received signals at the fusion center under the two hypotheses at time nT} for
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n=1,2,--- are given by

—_

with prob m(nT

0 with prob 1 —pg (nTy) forkeVy,
1 with prob 5 (nT,
0 with prob 1 —p3 (nTy) fork eV,
under H; and

1 with prob m(nT

wi(nTy) = p K fk( )
0 with prob 1 — '’ (nTs) for k €V,
1 with prob 5 (nT,

_ p py, (nT) (9.14)

0 with prob 1 —puj (nTs) for k €V

under Ho where i (nTy) = Pg’;(nTs)(1—pk)+(1—P£Z(nTS))pk, py, (nTs) = ij (nTS)(l—I

pr) + (1= Bj (nTo))pk, 1 (nTe) = (1 = pi) + (1 — )y and pi, (nT) = a1 —pp) +
(1 — a)py.

The fusion center makes a final decision at time ¢t = nTy using the majority rule
based on the received signals from all nodes at time nT, and the previous available
at the fusion center at time (n — 1)7;. Denote the decision statistic at the fusion

center to be A(nTy), where
1 (-
A =— —
(nTy) - (A n—1)T. Zwk (nTy) + Zwk (nTy) )
kE€EVm kEVs

where A((n — 1)T,) = > i LS w (5T + > i 3" wy(5T,) which can be updated
kEVm k?E s
recursively over time. The final decision at the fusion center is then given by,

1 >
or(nTs) = if A(nT,) P (9.15)
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where p is the threshold of the majority decision rule at the fusion. Note that, for
general non-identical BSCs, A(nT}) is a sum of independent but non-identical binary
random variables. Using the Lindberg-Feller Central Limit Theorem (LF-CLT) for
independent random variables (under certain regularity conditions as shown in Ap-
pendix 9A) [38], it can be shown that A(nT}) is distributed under two hypotheses

as,

Under Hy @ A(nTy) ~ N (pa,,0%,)
and

Under Hy : A(nTy) ~ N (pay, 03, ) -

where pup, (nTy) = £ 30, k§mu£ (GTs) + % >0, kezvsuzk (JTs),

ox,(nTy) = >0, kgmug; GT) (=g (GT2)) + 72 >0y kezvsuzk (T (1 = p5, (5T)),
fno(NTs) = & D00, kg;mu}’; (GTs) + 7 200 ,%;ﬂj‘k (JT;) and

o3y (nT5) = 73 > k;;mu?; GT) (1 —wf (GT)) + 5 > i1 %;f‘j”’f (UTs) (1= p3, (5T5))-

Then the detection probability at the fusion center can be shown to be

(9.16)

Pp(nTy) = Pr(A(nT,) > p|H,) = Q (LMTS)) .

oa, (nTy)

9.3.4 Mobility management for mobile nodes

In this section, we find the best movement schedule for each mobile node in order
to maximize the detection probability at the fusion center within a desired delay
constraint. We assume that each mobile node moves with the same speed such that
ur = u for k € V,,. Note that, each mobile node can move a distance of v, during

each time period of Ty in a direction selected from the set @ = {0 6% --. 6X}.
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Let Ci(nTs) be the candidate locations of mobile node k at time nT,. Note that, if
there are no terrain constraints such that nodes can move heading to the possible
target locations on straight line, a certain number of steps can be made along a
straight line as time goes, and there is only one direction. The following discussion
is applicable, if mobile nodes are not in a position to direct towards the possible
target locations on a straight line from their original locations due environmental and
terrain constraints. Denote T)p to be the desired delay constraint. The requirement
is to maximize the detection probability at the fusion center, Pp(npTs), where np =
LT[—?J, with optimal movement plan for each mobile node. Equivalently, we need
to find the optimal direction that k-th mobile node should move at time j75, for
ke€V,and j=0,1,2--- np, to obtain the maximum (over all possible movements)
detection probability at time npT}. Denote © = {0,(T}), 0x(21%), - - -, Ox(npTy)} be

the optimal set of movement directions at each time step for node k. Now the

problem can be formulated as,

Find the set {@1, Q,, - ,éNm}
such that

Pp(npTy) is maximized (9.17)

If the fusion center were to compute the movement plan beforehand for each
mobile node, in general, the optimization has to search over as many as N,, X |®| xnp
variables leading to a search space of size 2V"1€"> where |©] is the cardinality of
the set ®. Although this brute-force approach will result in the optimal solution,
it is computationally expensive. Thus, in the following we propose a near-optimal
approach for each mobile node to select its best movement direction at each time
step based on its own performance measure: i.e. each node moves in a direction at

each time step which would lead to maximum individual performance at time npT5.

Note that the detection probability at the fusion center at time n7y is given by
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(9.16). The required optimization problem is to find optimal movement plan for
each mobile node k for each 7 = 0,1,2,---,np such that Pp(npTy) is maximized.
Maximizing Pp(nTs) in (9.16) is equivalent to minimizing the argument in the Q-

function. Denote f(p,) be the argument of the Q-function in (9.16) where,

P— %“g(nTS)e

(9.18)
VB (nT)e — Sl (nT) pa(nT.)

f(pa(nTy)) =

where e is the Nn-length vector containing all ones,

pa(nTy) = [ug (1), pigy, (GT6), g, (GT5)s -+ s iy (GT5),j = 1---,n]" is the
Nn-length vector containing all the elements in the sum 5, (n7%) so that py, (nTs) =
Ll (nT,)e. Then as given by [122], since plf! (515), p, (7T%) € (0,1) for k € Vo, 1 € Vs
and j = 1--- n, using the first order Taylor series expansion around central point,

f(pa(nTy)) can be approximated as,

FunanT)) .~ a L) + 22 1 (9.19)

where H denotes the second and higher order terms in the Taylor series expansion.
It is seen from (9.19) that if H and the sum

pa, (npTs) = {% Py (kez‘;m,ugz (7Ts) + k;/suflk (jTS))] were to be independent of
each other, then f(p4(nT})) will be monotonically decreasing with increasing pa (n75).J]
It was shown in [122] that, with high probability, f(pq(nTs)) is indeed decreasing
when the sum pp, (nT%) is increasing. Thus, with high probability, maximizing the
detection probability at the fusion center at time n7Ty is equivalent to maximizing the
sum fip, (7). Since each mobile and static node perform their detection problems
independent of each other, maximizing 2?21 pegy (3Ts) over all possible movement

plans for k& € V,,, will maximize the sum py, (n7s) at time n7j.
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Note that Z 2 jug, (§T) for the k-th mobile node is given by

SHEGT) = S(BRGTI( - p) + (- PEGT)p)
= pr+ (1 —2p) ZD Py (jTs). (9.20)

Hence maximizing ngl gy (7T5) at k-th mobile node is equivalent to maximizing

> P7(jT,) where Py(jT) is given by (9.10).

Now the optimization problem is equivalent to finding the optimal set O, =
{0,(T}),0:(2T), - - -, 0x(npT,)} which maximizes the sum of detection probabilities
up to time npTy at the k-th mobile node as given in (9.10). Denote Py*(0,np) =
>0 P7(jT,) to be the sum of detection probabilities at k-th mobile node up to
time npT, where PJ(jT}) as given by (9.10) is the detection probability related to
the decision made by k-th mobile node based on observations during time interval
(7 — DTy, jT). In the following, we convert the required problem into an time
expansion graph, such that the required problem becomes a shortest path problem
and the optimal solution for the optimization problem can be obtained, for example

via Dijkstra shortest path algorithm.

Let ©(jT,) = {0'(4T%),0%(jT%),- - ,0%(4T,)} be the state space at time (stage)
7T, for the k-th mobile node which represents the set of directions that the k-th
mobile node can move at time ;7. We assume that each mobile node has the same
candidate set of directions that it can move at a given time step (However this
assumption can be generalized to have different candidate sets for different mobile

nodes).

For clarity, let us write the sum of detection probabilities P(Z:(O, np) as,

P0,np) = ZPm (j—1),7), (9.21)
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0(0) o(T,) o(n,T,)
6*0) _, 0 (T.) 6'((n, ~1T,)

~Pa, (6°(0,),0°TF;
time 0 time Ts

time (no-1)Ts

Figure 9.4: Shortest path representation for finding maximum detection probability
at time npT, at k-th mobile node

where PJZ (( — 1),7) is the average detection probability corresponding to the de-
cision made based on the observations during the interval ((j — 1)7%, j7%) which is
given by (9.10). Now we construct a trellis as shown in Fig. 9.4 where the states
of the trellis at time (stage) jT§ represents the directions (states) from the finite set
O(jTs). In Fig. 9.4, the trellis diagram is preceded by sy and followed by s; which
are two dummy nodes. Denote Pj*(6”(j — 1),60j) represents the detection proba-
bility for the decision based on observations collected during transition from state
0°(j — 1) € ©((j — 1)T}) to 0(j) € O(jTs). This represents the detection proba-
bility for the decision based on the observations collected during the time interval
(775, (j +1)Ts) when the k-th mobile node selects the direction §9(j) at time instant
JTs given that the direction selected at time (j — 1)7% is 07(j — 1). Now, branch
from so to 67(0) € ©(0) is assigned the metric —P;"(0,67(0)) where P7'(0,67(0))
represents the average detection probability for the decision based on observations
collected by the k-th mobile node if it selects the direction 67(0) from its original
location. Branch from state 07(j — 1) € ©((j — 1)T) to 09(j) € O(j71}) is assigned
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the metric —P;"(6”(j — 1),0%j) for j = 1,2,--- ,np — 1. Then finding maximum
value of the sum P7"(0,np) = >0 P ((j — 1),4) from time 0 to time npTy over
all possible directions is equivalent to finding the shortest path between the node sq
to s; as in the graph shown in Fig. 9.4, and the optimal @k is the set of states in
the shortest path, which can be computed, for example, using Dijkstra shortest path

algorithm.

Note that in this algorithm, which yields a near optimal solution for the original
optimization problem in (9.17), the movement plan for each mobile node needs to
be computed beforehand at time ¢ = 0 which also requires the knowledge of the
candidate set of locations at each time. In the following we propose a sequential
approach where the k-th mobile node determines its movement direction at time ;75

based on only its current information and expected information at time (j + 1)7j.

We consider the following approach where mobile nodes select best direction to
move at time j7T, sequentially. The idea is to select the best location for the k-
th mobile node at time step j7, such that the observations collected during time
interval [j7%, (j + 1)7] would lead to best detection performance over all possible
directions. According to the signal model (9.2), when a mobile node is getting closer
to the target, the SNR at the node is increased, subsequently increasing the detection
probability at the k-th mobile node. Hence, the direction at time ¢ = 57T is chosen

as in the following:

0,(jT) = aregngax {PI((j + 1T, 0:)},
i€
fOI‘jZO,l,Q,"- y D,

(9.22)

where P;"((j 4+ 1)T%, 0;) is the average detection probability at the k-th mobile node
at time step (j + 1)7 if the direction 0; € © is selected at time jTy, np is the step
index at which Pp(npTs) > &p for the first time. The average detection probability
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at k-th mobile node at time ;7 is as given by (9.10). From the simulation results,
we see that, when the candidate set of directions that any mobile node can move
at a given time is the same, and a node moves at the same speed in all directions,
the performance of this scheme coincides with the near-optimal scheme which is

computed based on shortest path algorithm.

9.4 Detection Performance with Decision Fusion
Architecture 2: Nodes Updating Decisions

Over Time

In this section, develop an alternate formulation for decision fusion in the hybrid
sensor network when the nodes are updating decisions over time, where the impact
of the node mobility is taken into account at the node level decisions. After a target is
detected with a lower confidence level, mobile and static nodes perform the following
hypothesis testing problem, at time ¢ = nl;, based on the observations collected

until time nTj:

Hy o zip(t) = me(t) +oi(t); 0 <t <nTj,
Hy @ zp(t) = ve(t); 0 <t <nT. (9.23)

Note that in this section we consider that each node performs hypothesis testing
(9.23) based on the observations collected during the interval [0,nT}], contrast to
Section 9.3. The decision fusion architecture in this case is shown in Fig. 9.5.
As shown in Fig. 9.5, at each time instant nT}, each distributed node performs

a local detection based on the observations collected at the current time interval
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Figure 9.5: Decision fusion architecture for the hybrid sensor network with nodes
updating decisions over time

(n —1)Ty; <t < nTy and previous observations up to time (n — 1)7 which can be
computed recursively for n = 1,2, ---. These local decisions are transmitted to the
fusion center over a noisy communication channel at each time step ¢t = nT;. The
fusion center combines these noise corrupted decisions to reach at a final decision on

whether the target is present or absent.

9.4.1 Detection performance at k-th mobile node
Similar to Section 9.3, we assume that each node performs a-level N-P detector to

decide whether the target is present or absent based on the observations collected

during time interval (0,n7Ts]. The decision statistic and the threshold for the N-P
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detector corresponding to (9.8) now can be shown as,

1 >
57 (nTy) = if 2 (0, n) (n) (9.24)
0 <
where 2,(0,n) = fO”TS aeme(t)dt = %(0,n — 1) + f(n VT, 2R my(t)dt is the deci-

sion statistic which can be computed recursively at each time step and 7,"(n) =
ol (n) + $E;(0,n) is the corresponding threshold, for k € V,, where EJ"(0,n) =
Euo v {E£7(0,n)} as defined in subsection 9.3.1.

Result 3. With decision fusion model 2, for a-level N-P test, the threshold and the

detection probability at the k-th mobile node, at time nTy are given by ,

"(n) = 0,Q " (a)y/ EF(0,n) (9.25)

and

Py (nT;) = Eqy {Q (Ql(a) - E’“(x%if(;oo’ n))> } . (9.26)
o 2 (0,n

Note that E7"(0,n) at the k-th mobile node is Ej*(0,n) = > 7, (ﬂiigl)Ts mi(t)dt
which is essentially the instant total signal energy received during the period 0 <
t < nTj, for a given target location. Then we have,

st 9 st Ag
EMj—1,5) = / m (t)dt:/ dt
* G- G-v1, Th(t)

J—1)Ts Jj—1

- /(J & (26 = 1)+ wlt = (G = VT3 cos B(T))

J=1Ts

FOAG — 1)+ ualt = (G~ DT sin6(GT)°) e
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2A2 20T/ Ar(j — 1
= ——0% ___ arctan , il lJ , ) (9.27)
where #,(j—1) = 2((} = 1)T)—0, (i~ 1) = (= 1)T2) 1o, ax = ud, by(j—1) =
2up (), (j — 1) cos Op (5T,) + yi (5 — 1) sin 0, (5T2)), cu(j — 1) = 22(j — 1) + y2(j — 1)
and Ap(5—1) = dapep(j—1) = b2 (5 —1). Note that (9.27) holds only if Ax(j—1) >0

which is shown to be true in the following.

A(i—1) = dui(@2( —1) +y2( — 1))
— du} (2 (j — 1) cos 0 (§T2) + yi(j — 1) sin 6, (§T3))"
= 42 (2),(j — 1) sin 0, (G Ts) — i (j — 1) cos 0, (T3))?

> 0.
Then E}*(0,n) is given by (9.28).

(9.28)

———————arctan 2axTs v/ A (j — 1)
ARG —1) Ap(G = 1) +br(G = Dbk — 1) + 20, 7Ts) )

9.4.2 Detection performance at the k-th static node

Similarly, for the k-th static node, the a-level N-P threshold and the detection prob-

ability at time nTy are given by the following result.

Result 4. For static nodes, the optimal threshold and the detection probability for

the a-level NP test are given by,

7i(n) = 0,Q" " (a)my\/nT, (9.29)
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and

(9.30)

my (o, yo)\/@) } '

Oy

PL(nTy) = Eapy, {@ (Ql(&) -

9.4.3 Decision fusion performance with noisy communica-
tion

Similar to subsection 9.3.3, we evaluate the decision fusion performance at the fusion
center at time n7, with BSC channels. Now, since the effect of the mobility is taken

at the node level, the decision statistic at the fusion center is taken as, A(nTy), where

A(nTy) = Z wi(nTs) + Zwk(nTs>7

kE€EVm k€EVs

where wy(nTy) is same as given by (9.13) and (9.14) under two hypotheses where now
pi (nTs) = P (nTs)(1 — pi) + (1 = B (nT5))pr, pg, (nTs) = Pj (nTs)(1—pg) + (1 —
Pj (nT¢))pr, 1, (nT) = a(l—pi)+(1—a)py and p5, (nT5) = a(1—pi)+(1—a)py with
Pp(nT;) and Pj (nT;) are given by (9.26) and (9.30), respectively. The detection
probability corresponding to the decision rule based on majority rule is given by

(following a similar approach as in subsection 9.3.3),

where pua(nTy) = 3 pg (nTe) + 3 pg, (nTy) and o} (nTy) = > g (nTy)(1 —
€V, kEVs kEVm
g (nTs)) + > pg, (nT5)(1 — pgy (nTy)) and p' is the threshold of the majority rule.
kEVs
In obtaining (9.31), it is required to show that conditions for LF-CLT are held.
Following a similar approach as in subsection 9.3.3, it can be shown that the sufficient

conditions for LF-CLT are held and details are omitted for brevity.
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9.4.4 Mobility management for mobile nodes

Similar to the scenario in Section 9.3, we need to find the best movement schedule
for each mobile node in order to maximize the detection probability at the fusion
center within a desired delay constraint, when the target location is exactly known.
The idea is to find the optimal movement schedule for each mobile node k£ such that
the detection probability at the fusion center within a desired delay constraint, is
maximized. As in subsection 9.3.4, denote T to be the desired delay constraint
and O, = {04(T,),0,(2T.), - - ,0,(npT,)} be the optimal set of movement direc-
tions at each time step for node k. following a similar approach as in subsection
9.3.4, it can be shown that with high probability, maximizing the detection proba-
bility at the fusion center at time nTy (9.31) is equivalent to maximizing the sum
pa(nTy) = > pp (nTs) + > pg (nTy). Since each mobile and static node performs
their detectkieoilm problems irlj(eizspendent of each other, maximizing each sy (nTy) for
k € V,, over all possible movement plans will maximize the sum p,(n7s) at time
nT. Similar to subsection 9.3.4, it can be shown that maximizing pfj (nT) at k-th

mobile node is equivalent to maximizing Pj*(nT) at the k-th mobile node, given by

(9.26).

Note that if the exact target location is known, then maximizing (9.26) at the
k-th mobile node is equivalent to maximizing the total energy collected during the
interval (0,n], E7*(0,n) as given in (9.28). Then the approach given in subsection
9.3.4, can be directly used to find the optimal movement directions at each time
step, where now the metrics of branches of the trellis in Fig. 9.4 are replaced by

—E7(6P(j — 1),69j) which represents the energy collected during transition from

state 0P(j — 1) € O((j — 1)T%) to 09(j) € O(57T5).
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9.5 Minimum Set of Mobile Nodes

Since allowing nodes to be mobile is expensive in terms of energy, it is important
to determine the minimum number of mobile nodes (from the set V,,) that should
be directed to move to achieve a certain detection probability during a given delay
constraint. In the following, we consider the problem of finding the smallest set of
mobile nodes in order to maintain the maximum detection probability achieved by
time Tp is greater than some threshold value. For the discussion given below, we
assume the case where exact target location is known with the decision fusion model

as given by Section 9.4 where nodes are updating decisions over time.

Let the required detection probability threshold at time T be £p. The problem
is to find the minimum set of mobile nodes, that should be used in the network to
reach the desired performance level by the desired delay constraint. Formally, we

can write the optimization problem as,

min |S,,|
such that S, C V,,

and PD(nDTS) Z £D (932)

where, as before, np = L%J Assuming that {p > 3, the inequality (9.32) can be
further simplified as given below (For simplicity, we assume perfect communication

channels such that p, = 0 for all k € V):

Pp(npTs) > &p
0 (Pl - MA(”DTS)) > &)

UA(nDTs>
_ /= pa(npTy)
= o) <p (9.33)
= p = pa(npTs) < Boa(npTs) (9.34)
= (p/ - ,LLA(77fD113))2 2 62012\(HDT5) (935)
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where pa(npTi) = Y Pp(npTy) + Y Py (npTy) and
kESm kEV\Sm

ox(npTy) = > P;’Z(nDTS)(l — P;’Z(nDTS)) + > P; (npT)(1 — Pj (npT)) and
kESm kEV\Sm
B =Q ' (&p). Note that here Py (npT) and P; (npTs) are given by (9.26) and (9.30)
without the outer expectation with respect to target locations (since we assume exact
target locations for this analysis). Since mobile nodes which are not moving also
make observations at their stationary configuration, we will have the set of static
nodes as V \ S,,, when the set of mobile nodes is S,,. Note that (9.34) is obtained
from (9.33) since oa(npTs) > 0 and (9.35) is obtained from (9.34) since, 5 < 0 for
§p > % and p' — pup(npTs) < 0 under certain conditions. We can show that when
P is chosen as the threshold for majority rule (p' = N/2) and under the assumption
of ij(nDTS),PjZ(nDTS) > %, at npTs for k € V such that pp(npTs) > %, then

P — pa(npTs) < 0. The inequality (9.35) can be further simplified as in (9.36).

kESm kESm kESm

2
— (20 + 5% ) Pl'(npTy) + ( > ng(nDTs)) +8%> Pi*(npTy)

+ 2> Pp(npT.) Y P (npTy)

kESm EEV\Sm
> (20 +8%) Y Pi(npTo)—p> > P (npTy)
kEEV\Sm EEV\Sm
2
- | X PioT) | —o* (9.36)
kEV\Sm

The problem is to find the minimum size set S, such that, inequality (9.36) is satis-

fied. To find this, in general we need to search over a maximum of 2V possibilities.

In the following we will show how to obtain the solution with reduced complexity

under certain conditions. Note that as discussed in subsection 9.4.4, the maximum
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Py (npTs) for each k € V,,, at time npT; can be computed. Without loss of generality,
let us arrange Pj'(npT)" s in descending order for k € V,,, such that PJ*(npT;) >
Pi(npTs) > -+, > Py (npT;). Then the set denoted by Sk consists of the indices
of first k£ mobile nodes. Now define two functions fi(k) and fo(k) such that,

filk) = (20" + 8% ) PP (npT.) (9.37)

J=1

and

fak) = (me (npTy) ) +BQZP”‘2 npTy)

+ QZP’” (npTy) > Pi(npTy) (9.38)
JEV\SE,

for k=0,1,2,--- | N,,, with f1(0) = f2(0) =0

Denote V¥ = V\ 8% to be the set containing all static node indices and the mobile
node indices from k + 1 to N, for k =1,--- , N,,. Clearly, V? =V and V¥ = V.

Define K (np, k) to be,
Kynp.k) = (24 + 5 S Py (o) — 823 Py 2(noT))

Jjevk Jevk

2
- (ZPj](nDTS)) — 02 (9.39)

Theorem 9. If P/*(npT;)’s are arranged in descending order and fi(k), fo(k) and

Ks(np, k) are defined as in (9.37), (9.38) and (9.39), respectively, then we can find
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a unique Ky such that,

fo(k) = fi(k) > Ky(np, k), for k > K (9.40)

and

fo(k) = fi(k) < K(np, k), for k < K. (9.41)

Then K is the minimum number of mobile nodes that should be used to meet

the desired criteria where the minimum set S0 = {1,2,--- | K,}.

Proof. See Appendix 9B. O

9.6 Performance Results

In this section, we evaluate the performance of the proposed target detection schemes
using a hybrid sensor network. We assume there is a total of 30 sensors deployed in
a square region of area 100 x 100m? where the center is at (0,0). We assume that
mobile node speed is a constant for all directions and the same for all nodes. The
time step Ts = 1s and each mobile node’s speed is © = 1m/s. We define the nominal
SNR at each node to be vy = A%/02. We also assume that the communication
between nodes and the fusion center is over i.i.d. BSC’s such that p, = p for all
k € V. At each time step, we assume that a mobile node can move a distance of
uTy in directions corresponding to due-east, north-east, due-north, north-west, due-

west, south-west, due-south and south-east or remain at the current location. To
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illustrate the detection performance of proposed schemes, we assume that X and Y

coordinates of the target location are with the following distribution:

Lq
o —
Tp
and
Ya
Yo =
Yo

with
with

with
with

e (9.42)

]-_qx

& (9.43)
1—gqy

This type of target location model is justifiable in situations when there is a finite

number of possible surveillance locations that the target can appear probabilistically,

based on the prior knowledge or new information received after initial deployment.

Note that with this target location model, my(t) is given by,

AO AO

¢z (1 — qy)

mk(t) =

VD 2P+ 0 0P T T mal ) )

Ag

> (1- Qx)qy

V(@e(t) — 23)2 + (yr(t) — va)

Ao

V(@e(t) — 2)2 + (yr(t) — us)

(1 —4.)(1—qy)

However, the proposed scheme is valid for any target distribution and the complexity

of the local detectors is determined by the complexity of evaluating my(t). For a

general target location distribution model with xy ~ f,(x¢) and yo ~ f(yo), we can

find my(t) as,

Z0o Yo

Ao
)= [ [ e foleo) folw)dzdyo. (944

)2+ (yk(t) — vo)
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Figure 9.6: Detection probability at the fusion center with desired detection delay
with perfect communication, with decision fusion model 1: T, = 1s, u = 1m/s,

9.6.1 Performance evaluation with decision fusion architec-

ture 1

In Fig.9.6, the time varying detection performance is shown when the target location
is random based on the decision fusion scheme discussed in Section 9.3 where the
nodes make binary decision based on the observations collected during current time
interval and the fusion center updates the decisions incorporating the current local
decisions and previous information at the fusion center. In Fig. 9.6, we let v = 20dB,
a = 0.22, and x, = =25, = 25,y, = —25,y, = 25. The detection performance
is shown with varying the fraction of mobile nodes and for p = 0. Subplot in the
left hand side shows the performance for ¢, = ¢, = 0.5 while the one in right
hand side is corresponding to ¢, = ¢, = 0.1. It can be seen that with the decision

fusion model as described in Section 9.3, by allowing even a small fraction of mobile
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0=0.22, yo=20dB, km=1, p=0

Detection probability at the fusion center
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Figure 9.7: Comparing the detection performance with exact and random target
locations, with decision fusion model 1 : Ty = 1s, u = 1m/s, 79 = 20dB, a = 0.22,
p=0.

nodes will improve the detection performance significantly when compared to a all-
static network. As time goes, since mobile nodes getting closer to possible target
locations, according to the given probability distribution for target locations, a mobile
node can make a binary decision based on the information collected at current time
interval with a higher confidence level, when compared to a stationary sensor. On
the other hand, stationary sensors make binary decisions based on its observations
collected during current time interval, and the quality of these decisions remains the
same over time since nodes are stationary. Then, according to the decision fusion
model described in Section 9.3, fusion center receives binary decisions over the time
with higher confidence level when there are mobile sensors, resulting an improved

performance compared to a all-stationary network.

Figure 9.7 shows the performance of decision fusion scheme presented in Section
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Figure 9.8: Detection performance with varying a and p, with decision fusion model
1: Ty = 1s, u = 1m/s, v = 20dB, ¢, = g, = 0.5.

9.3 when ¢, and g, are varying. In Fig. 9.7, we have let o = 0.22, 79 = 20d5B and
Am = 1. Note that when ¢, = ¢, = 1 and ¢, = ¢, = 0, the target location is exactly
known. From Fig. 9.7, it can be seen that, when the target location is exactly known,
the detection performance for given parameters such as number of mobile nodes \,,,
Yo and «, is increased compared to that with random target location. This due to
the fact that, when the local nodes perform non-coherent detectors (unknown target
location), a higher SNR is required to achieve the same performance level compared

to that with a coherent detector (known target location) [105].

Note that the effect of node mobility for the system performance is also dependent
on the parameters «, vy and the static node and initial mobile node locations as

well. Figure 9.8 shows the detection performance when « is varying while keeping
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Yo constant. In Fig. 9.8, we consider imperfect communication as well such that
the cross over probability of BSC channels is p = 0.2. For simplicity, to explore the
effect of mobility when « is varying we consider only A,,, = 0 and \,, = 1/3. It seen
that when « is increasing, the performance gain achieved by allowing nodes to be
mobile compared to stationary network is decreasing. Note that, according to (9.9),
the threshold of the N-P detector depends on « and the average energy collected
during the corresponding time interval. Specifically, for a constant «, the threshold
is increasing if the energy collected during the current time is increasing while for a
constant energy, threshold is decreasing if « is increasing. Thus, when mobile nodes
are getting closer to the target locations, even if more energy is collected for a higher
a value, the detector threshold might be lower. Thus in such situations, the decision
quality of mobile nodes will not improve significantly even though they move towards
target locations. Therefore, when « is set to a higher value, the node mobility does
not much affect the performance improvement of hybrid network. Although figures
are not included, it also can be seen that when ~, is getting larger, the effect of
the node mobility for the system performance is getting less significant compared
to a all-static network. This phenomenon is intuitively makes sense, since when
is increasing, the local decisions at static nodes are made with a higher confidence

level. This is further discussed in the next subsection.

9.6.2 Performance evaluation with decision fusion architec-

ture 2

The performance evaluations with the decision fusion architecture 2 is shown in this
subsection. We assume same network parameters as in subsection 9.6.1. Figure 9.9
shows the detection probability at the fusion center with the desired delay constraint,

when the fraction of mobile nodes is varied for two different vy values. In Fig. 9.9,
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Figure 9.9: Detection performance at the fusion center with decision fusion model 2:
a=022 N=30,u=1m/s,pr =p=0

we let a = 0.22 and two subplots are corresponding to nominal SNR ~g = 13dB
and for 7y = 15dB. Note that \,, = 0 represents the network when all nodes
are static. It can be seen that, with the decision fusion model 2, where the nodes
update decisions over time based on all observations collected up to current time,
the effect of node mobility becomes insignificant when the nominal SNR ~, is getting
larger. This is because, according to the decision fusion model 2, static nodes also
collect energy over the time and decisions are getting more accurate as the time goes.
When nominal SNR, 7y, is larger, static nodes may collect sufficient energy at their
stationary locations compared to that is collected by mobile nodes while moving
towards possible target locations, since for larger vy, even sensors located far away
from the target location will receive signals with considerable strength. However,
for lower vy values, (which is more important scenario), it can be seen that with the

decision fusion model 2, by allowing a small fraction of nodes to be mobile, relatively
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Figure 9.10: Minimum number of mobile nodes required to achieve a desired perfor-

mance level within a desired delay constraint, for p = 0, with decides fusion model
2

a significant performance gain can be achieved compared to that with a all-static
network. Also it can be observed that the when « is getting large, the performance

gain achieved by allowing nodes to be mobile, is getting smaller.

Although, the network has a maximum number of possible mobile nodes, it might
not be required to operate them all depending on the requirement. Figure 9.10
shows the minimum number of mobile nodes (from maximum of 30) that should be
directed to move to achieve a desired detection probability at the fusion center during
a desired delay constraint, for « = 0.22 and ¢ = 13dB. Figure 9.10 is corresponding
to decision fusion model 2, when the exact target location is known. Without loss
of generality, we assume that the target is located at the center point (0,0). If the

desired delay constraint is T, we define np = L:;—Dj as before. In Fig. 9.10, the
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minimum number of required mobile nodes is shown for np = 20 and np = 30 and
np = 40. Figure 9.10 essentially depicts the proper trade-off between the desired
detection delay and the minimum number of nodes to be mobile to achieve a desired
performance level. In particular, for the target to be detected in a shorter time with
higher confidence level, the effect of node mobility is more significant. However, as
larger the detection delay required, less significance of adding mobile nodes for the

detection.

When comparing the two decision fusion architectures developed in this Chapter,
it can be seen that the effect of node mobility has a significant performance im-
provement over all-stationary network even with a relatively small fraction of mobile
nodes with the architecture 1 compared to that with architecture 2. With archi-
tecture 2, where nodes update decisions over time, adding mobility improves the
system performance significantly only at the lower local nominal SNR range and the
performance improvement is also not as significant as with decision fusion architec-
ture 1. The reason is that, with architecture 1, since nodes make local decisions
F only with observations collected during the current time interval, the quality of
the decisions remains same for static nodes over time while the quality of decisions
of mobile nodes is getting much better as time goes, compared to that with static
nodes. Thus, adding mobile nodes (even a small number) will enhance the overall
performance significantly. This architecture can be regarded as a memoryless archi-
tecture at node level, since nodes do not have to use the previous information for
their current decision. On the other hand, with decision fusion architecture 2, both
nodes make decisions from the observations collected until the current time interval.
In this case, eventhough mobile nodes may collect more energy by moving compared
to static nodes, static nodes also will be able to make decisions with a higher qual-
ity as time goes since their decisions are based on the observations collected during
whole time period. Thus for a relatively higher local nominal SNR region, it can be

seen that allowing nodes be mobile is fairly useless with the architecture 2. However,
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due to energy and computational limitations in sensor nodes, performing decision
fusion architecture 2 may have practical limitations since nodes have to use the pre-
vious information to update the current decisions. Thus the choice of two decision
fusion models may depend on the factors such as node energy and computational

constraints, affordable number of mobile nodes and the performance metrics.

9.7 Conclusions

In this Chapter, we proposed two decision fusion models for target detection using
a hybrid sensor network in which the node mobility is taken into account at node-
level and at the fusion center and analyzed the impact of node mobility to the
overall performance under both schemes. The mobile nodes in the network are
kept stationary until a target is detected with a low confidence level or statistical
information on target locations are available and are directed to move to maximize
the detection probability during a desired delay constraint once a target is detected
within a certain confidence level. We proposed a node mobility management scheme
in order to maximize the detection probability within a desired delay constraint.
Since deploying mobile nodes in a sensor network is not as cost effective as deploying
static nodes, we evaluate the cost of allowing nodes to be mobile in terms of the
minimum number of mobile nodes required to achieve a desired performance level

within desired delay constraint.
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9.8 Appendix 9A

Regularity conditions to apply L-F central limit theorem in

subsection 9.3.3

L-F Central Limit Theorem: Suppose S,,, = X1+ - -+ X,, is a sum of m independent
random variables with E{X}.} = n; and Var{X;} = v2. The L-F CLT states that un-
der certain regularity conditions the sum S, converges in distribution to a Gaussian
random variable with mean 7" 7 and the variance >, 17 as m — oo [38]. For
the applicability of LF-CLT, it was shown in [103] two sufficient conditions should
be satisfied:

o > DB

o E{|X, — E{X,}*} < B,

for k=1, ---,m where B; and By are positive values.

To apply the LF-CLT in subsection 9.3.3, first we prove that the sufficient con-

ditions are satisfied under H;. Note that we can write A(nT}) as,

Jj=1 k€Vm J=1 k€Vs

1 m S
— ﬁZXM + X5, (9.45)
ik

where X7} = wi(jTy) for k € V,, and Xi) = wi(jTs) for k € V5. Under Hy, it
can be seen from (9.13) that X7} is a Binary random variable with mean g (57%)

and variance pp (57%)(1 — pi (§7%)). Similarly, X5, is a Binary random variable
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with mean pj (j7) and the variance pj (j7%)(1 — py, (§7%)). Then assuming perfect

communication channels (such that p, = 0) we have,

Var(XJ3) = pq (G791 = pg (GT3))
= PPGT)(1 - PP(T.)) (9.46)

and

E{IX}, — B[P} = PRGT)( - PEGT) (PiGT) + (1= PRGT)))
= PRUT)( = FRGT)) (1= 2P GT)(1 = PR (TY))

where last inequality results because 1 — 2P(j75)(1 — Pj*(jTs)) < 1. Note that
from (9.10), if the local false alarm probability « is set such that 0 < o < 1,
Pj(jT,) is positive and finite for any j, k. Let BY* = rlj%ilcn{PjZ(st)(l—Pﬂ(st))} and
B = II}%X{PJZ(jTS)(l — Pi*(jTs))}. Then we have Var(X7}) > Bi" and E{| X7} —
E{XT}P} < By for j =1,--- ,n, k € V. Similarly we can show that we can find
two positive values Bf and Bj such that Var(X?,) > B} and E{|X7}, —E{XT,}]’} <
B; for j =1,--- ,n, k € V. Following a similar procedure, it can be shown that the

two regularity conditions are satisfied under Hy as well.
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9.9 Appendix 9B

Proof of theorem 9

When £ = 0, all mobile nodes are in stationary mode. Then we have,

Ky(np,0) = (2 +8%)) _Fi(npTy) = 5*>_Pi*(npTy)
JjEV JjEV

2
- (ZPi](nDTs)) —p"” (9.48)

jEV
If K¢(np,0) <0, wehave fo(k)— fi(k) > Ks(np, k) for k = 0 since f5(0)— f1(0) =0
from the definition of fi(.) and f2(.). Also from the claim 1 (given below), we can
see that then fo(k) — fi(k) > K¢(np, k) for all £ > 0. Then we have Ky = 0, where
no need for any node to be mobile to achieve the desired performance level within a
desired delay constraint. Now, if K (np,0) > 0, in the following we prove that, we
can find a unique 1 > Ky < N,, such that fo(k) — f1(k) > K (np, k) for k > K and
fa(k) — fi(k) < Ks(np, k) for k < Ky. The uniqueness of such Kj is followed from
claim 1. If fo(k) — fi(k) < Ks(np, k) for all k = 1,2,---, N,,, it implies that the
required performance level can not be achieved within the desired delay constraint

even if all mobile nodes are directed to move.

To prove the uniqueness of Ky, we prove the following.

Claim 1. If fo(k) — fi(k) > Ks(np, k) then fao(k+1)— fi(k+1) > Ky(np,k+1) for
k=1, Np. Also, if fo(k) — fi(k) < Ky(np,k) we have fa(k —1) — fi(k —1) <

KS(HD,]C - ]_)
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Proof. First we prove that if fo(k) — fi(k) > Ks(np, k) then fo(k+1) — fi(k+1) >
K(np,k+1). Note that, when necessary, we use P; (npT%) and P} (npT) to denote
the detection probability at the k-th mobile node at time npTy at its stationary

configuration and mobile configuration, respectively. We have,

k+1 2
folk+1) = fi(k +1) (Zpd nDT>

k+1 k+1
+ B2 PP(npT) +2)  Pi'(npT.) > Pi(npT)
j=1 j=1 jevk
k+1
- (20 + 8> Pl'(npTy)
j=1

= falk) = fr(k) + (1 + B*) P 2(npTy)

k
+ 2P (npTy) (Z "(npTs) + Y Pi(npTy )

jeyktl

k
— 2P (npTy) Y PP (npTy) — (20 + BAFY, (npTy) (9.49)

j=1

Now adding and subtracting K,(np, k) to the right hand side of (9.49), we will get,

folk +1) = filk + 1) = [falk) = f1(k) = Ks(np, k)] + Ky(np, k) + (1 + %) Py, 2

+ 2Pp (ZPd + ) Pd> 2Pdk+IZPd (20 + B°) P (9.50)

Jevk+1 7=1

where we dropped argument npTi such that Pj (npTi) = Pj and Pj'(npT,) =
Py for simplicity. Substituting for K,(np,k) from ( 9.39) and using the fact that
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fa(k) — fi(k) > Kq(np, k), after simplification (9.50) reduces to (9.51).

fo(k+1) = fi(k +1)

> Kilnpk+ )+ (PR, —Pi,) |B(P0,, +Pi, —1D+2 (% Pl + > P p'>:| (9.51)

j=1 jevk
Note that we use Pj (npT;) to denote the detection probability at the k-th mobile
node at time npTy at its stationary configuration, as mentioned before. In (9.51)
Since mobility towards the target improves the detection probability at the k-th
mobile node, we have F;* (npTs) — P, (npTs) > 0. Using this fact, and with the
assumption that Py (npTy), Pj (npT,) > 5 for k € V (which holds true in practice

for sufficient npTy) the second term of the right hand side of the inequality (9.51) is

positive. Then we have,
folk+1)— filk+1) > Ks(np,k+ 1) (9.52)

as required. Following a similar approach, we can prove that fo(k—1)— fi(k—1) <

KS(HD, k — ].) if fg(k’) — fl(k’) S KS(nD, k’) O

217



Chapter 10

Particle Filter Based Target

Tracking with Reactive Mobility

10.1 Introduction

The Bayesian approach provides the general framework to solve dynamic state esti-
mation problems, in which the key is to construct the probability density function
(pdf) of the underlying state vector based on available observations. When the
state dynamics and observation models are linear and Gaussian, the optimal min-
imum mean squared error (MMSE) estimator is given by the well known Kalman
filter [105]. However, in most real world applications, dynamic state estimation prob-
lems are non-linear and non-Gaussian. Under the Bayesian approach, for non-linear
and non-Gaussian problems, obtaining the optimal solution in closed-form is not

tractable. In such cases, several sub-optimal approaches such as extended Kalman
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filter [5] and Gaussian sum filter [121] are used to solve the problem with certain
approximations. However, these sub-optimal approaches become inefficient when
the system is highly non-linear and non-Gaussian. Numerical techniques based on
sequential Monte-Carlo methods are proposed as an alternative to solve this prob-
lem where the idea is to approximate the required posterior pdfs by discrete random
measures. [49] proposed the idea of particle filtering where the required pdf is repre-
sented as a set of random sampling. A detailed description of particle filtering can

be found in [8,40].

Use of particle filtering for target tracking was addressed by many authors in the
literature with static sensor networks, [21,35,41,54,100,101]. For example, in [41] tar-
get tracking based on binary observations in a static sensor network was considered,
where the tracking is performed at a central fusion center. In [100], tracking algo-
rithm based on particle filters incorporating imperfect communication between sensor
nodes and the fusion center is proposed. When the target tracking is performed at a
centralized fusion center, each node in the network has to forward its raw or locally
processed observations to the central unit, perhaps via long-range communication,
which indeed consumes a large transmit power at nodes. Since many practical sen-
sor networks are operated with sensor nodes which have limited battery power, it is
desirable that the tracking is performed distributively utilizing the limited resources
efficiently. Distributed implementation of particle filters is proposed in some recent
work [12,36,52,53,84,115,160]. In [12], the computational burden of a centralized
particle filter is divided into distributed stations. In [36], a distributed particle fil-
ter (DPF) for a sensor network is proposed when the observation likelihood can be
factorized, where each node maintains a separate particle filter. In [115], another ap-
proach for distributed particle filter was proposed for multiple target tracking where
the DPF's are performed at different uncorrelated sensor cliques which are formed
based on different target trajectories. The main feature of this scheme is that the

central posterior distribution can be represented as a product of posterior pdfs at
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different uncorrelated sensor cliques. The locally estimated posterior distributions
(beliefs) based on particle filters are transmitted between different sensor cliques via
low dimensional Gaussian mixture model. In [52,53], a distributed consensus based
particle filters are proposed where each distributed node performs PF in parallel at
each node. In all above distributed particle filter approaches, all nodes in the net-
work are active at every time and participate in the tracking task. However, all the
nodes in the network might not have rich information regarding the target state as
the target moves. Thus it is of interest to obtain observations from sensors which

have useful information and allow the rest of the nodes to be idle saving energy.

On the other hand, most of the above work on target tracking considered static
sensor networks. Target tracking in mobile sensor networks is addressed recently in,
[75,76,99,159]. In [99,159], the tracking task was performed based on Kalman filters
assuming linear dynamic models and information driven approaches for mobility
management for the mobile nodes are presented. Target tracking with particle filters
in a mobile sensor network based on a centralized approach was considered in [75,
76]. Use of hybrid sensor networks consisting of both static and mobile nodes for
target tracking is addressed in [68] where the mobile nodes are used to aid the data

propagation when the communication ranges of static nodes are limited.

In this Chapter, our focus is on developing a target tracking algorithm based on
distributed particle filtering in a hybrid sensor network consisting of both static and
mobile nodes. We exploit the node mobility to compensate for the lack of coverage
resulted by static nodes dynamically. To the best of our knowledge, a tracking
algorithm in a hybrid sensor network exploiting the node mobility dynamically to
compensate for the lack of coverage by static nodes, is not addressed in the literature.
In the proposed scheme, the network is partitioned into clusters and each time only
one cluster is active. The corresponding cluster head performs the tracking task

at the given time. Since nodes have to communicate with only their cluster heads,
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they do not necessarily need to have long communication ranges. The active cluster
head is selected based on the predicted target locations. When the active cluster
head is selected, the associate sensor nodes are activated and asked to send their
local measurements to the corresponding cluster head. An example illustration of
cluster based network for target tracking consisting of both static and mobile nodes is
shown in Fig. 10.1 in which cluster heads are equi-spaced. In the proposed tracking
algorithm, the main idea is to maintain a certain coverage level for the predicted
target location at each time step. By coverage level, we mean that each predicted
target location at time k, is covered by exactly or approximately by a certain number
(say B) of sensor nodes. The predicted target location is 3 covered essentially means
that there is at least § number of nodes located within a certain distance (which
is a design parameter and is discussed in Section 10.4 in detail) from the predicted
target location. The terms exact and approrimate coverages are explained in a later
section of the Chapter. If the predicted position at time k is already covered by
[-number of static nodes, then mobile nodes are not needed to move during time
k to k 4+ 1. Otherwise, to maintain the f-coverage (exact or approximate) mobile

nodes are moved taking the energy and speed constraints into account.

We consider cases where nodes transmit their raw observations as well as binary
decisions to the cluster head to perform the tracking task. In the binary sensor
observation model, only 1 bit of information is transmitted to the cluster head by
each node representing the present/absent of the target. In the proposed scheme,
since nodes communicate only with their cluster heads, the node transmit power is
drastically reduced compared to that with centralized approach. On the other hand,
only a certain portion of nodes are making measurements at a given time while
the rest of the nodes are inactive saving node energy. Thus the proposed tracking
algorithm is robust against node as well as cluster head failures. We also derive
the Posterior Cramér-Rao lower bounds (PCRLB) for the states and compare the

performance of the proposed tracking algorithm with the derived lower bound.
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Figure 10.1: Cluster based target tracking with reactive mobility

The Chapter is organized as follows. Section 10.2 presents the system model and
problem formulation. In Section 10.3, the cluster based distributed target tracking
by particle filtering for raw as well as binary observations, is explained. Proposed
node mobility management scheme is discussed in Section 10.4. PCRLB analysis
for state estimates for both raw and binary observations is given in Section 10.5.

Performance results are shown in 10.6 and concluding remarks are given in 10.7
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10.2 Problem Formulation and System Model

10.2.1 Sensor network model

We consider a hybrid sensor network consisting of n, number of static nodes and n,,
number of mobile nodes. Denote n = ng + n,, to be the total number of nodes. In
general we assume that n,, << ng, since deploying a large number of mobile nodes is
not as cost effective as deploying static nodes. Let V be the set containing all node
indices in the network and V,, and Vs to be the sets containing mobile and static

node indices, respectively.

10.2.2 State dynamics model

We consider the problem of tracking a single target which is moving in 2-dimensional
X x Y plane. Denote X, = [z1x Tar 1x 79x]T to be the target state vector at time k
where first two elements represent the target position and the latter two elements of
X, represent the speed of the target in X and Y directions, respectively. We assume

following linear dynamic model for the target state:
X — Fka,1 + Vg, (101)

for k =1,2,-- -, with the initial known distribution, p(x) for xo where Fy, is a 4 x 4

matrix that models the state kinematics and is defined as, [29]

1 0 T, 0

0 1 0 T,
F =

0 0 1 0

0 0 0 1

223



Chapter 10. Particle Filter Based Target Tracking with Reactive Mobility

where T the time difference between two consecutive measurements (or sampling
period). The noise vector vy is assumed to be zero mean Gaussian with covariance

matrix () where @ is given by [29],

T I
3 2
0 g
2 3 2
Q =0, T2 )
oo 10 0
o L o 1

which models the acceleration terms in X and Y directions. o2 is a scalar which

controls the intensity of the process noise. We assume that the dynamic model
(10.1) performs a Markov transition and is represented by the conditional transition
probability density, p(xx|x;_1). The above state dynamical model is justifiable in
modeling targets’ acceleration components using random noise and targets move with

a constant velocity [29,101].

10.2.3 Observation model

We assume that the signal emitted by the target is attenuated with the distance from

the target according to the following model:

Zij = thg(Xk;) + Uij,
Ay .
= W +vk, forjeV (10.2)

where z;, is the j-th node’s observation at time k, x; = [x(1) x£(2)]" = [v1x 22x]7,
r;x = (Tjk, Sjk) is the position of the j-th node at time &, Ay is the amplitude of the
signal emitted by the target and v, is the observation noise which is assumed to

be zero mean Gaussian with variance o2 and independent across sensor nodes, and
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a is the path-loss attenuation index, which is assumed to be 2 throughout. Note
that for static node locations, we use r;;, =r; = (7, s;) by dropping the time index
since static node locations do not change over time. The observation model 10.2 is
justifiable for targets in which the emitted signals follow the power attenuation model

that inversely proportional to the distance (e.g. acoustic sources) [41,100,114].

10.2.4 Node mobility model

Initially, mobile nodes are assumed to be stationary and are directed to move to
improve the tracking performance when necessary. When directed at time k, mobile
node j moves with a speed of w;j € [Umin, Umaz] In & direction 0;; € [0,27). Let
(ks 8) denotes the location of the j-th mobile node at time k, as defined before.

Then the location (711, 8;k+1) of the j-th mobile node at time k + 1 is given by

Tikt1 = Tjr+ Tsujpcosty
Siktl = Sjk+ Tsujpsindyy,
for j € V..
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10.3 Cluster Based Target Tracking by Particle

Filters

10.3.1 Centralized particle filter

With raw observations

In the centralized approach, we assume that each node j sends its raw observations
given by (10.2) to a central fusion center where the fusion center performs the tracking
algorithm based on the observations obtained from sensor nodes. We assume that
the observations are sent to the fusion center over AWGN channel. The received

signal at the fusion center from the j-th node at time £ is,
Yjk = Zjk + €k, for j €V, (10.3)

where €;, is the received noise which is assumed to be Gaussian with mean zero and

the variance o?2.

With binary observations

Since sensor nodes are equipped with limited battery power and limited computation
and communication capabilities, it is desired that raw observations are processed lo-
cally to produce a summary of the observations and transmit. In the following we con-
sider the case where each local node makes a binary decision on target present/absent
at each time k, as given below and transmits only 1 bit information to the fusion

center if the target is present.
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We assume that each node j makes a binary decision on the target present/absent

at each time k based on its own observation z; according to the following rule:

1 Zin > T
Sin = foo2n 2 Tk , for j € V. (10.4)
0 Zf Zjk < Tjk

where 7; , is the detection threshold at the j-th node at time £. If a constant threshold
test is performed at each node at each time, we set 7;;, = 7 for all j € V and for all

k. The received signal at the fusion center from the j-th node at time £k is,
Yjk = 0jk + €, for j € V. (10.5)

where €;, is the received noise which is assumed to be Gaussian with mean zero and

the variance o2, as before.

Now the problem is to estimate the state vector x;, based on the observation

vector yp1., up to time k, where y1.x = [Y1.1:6, Y2165 - * > Yn,1:k) -

According to Bayes formulation, to estimate the target state at time k, it is re-
quired to construct the posterior distribution p(xg|y1.;) with the initial pdf p(xo|yo) =}
p(Xo). The pdf p(xx|y1.k) is constructed in two stages: prediction and update.

prediction

If the pdf p(xj_1|y1.6_1) is available at time k — 1, the predicted pdf p(xg|y1.x—1) is
obtained as [§]

P(Xply1e—1) = /p(Xk|Xk—1)p(Xk:—1|Y1:k—1)ka—1- (10.6)
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update

When the observations y; are available at time k, the required posterior distribution

to estimate x is updated as [8],

P(Yelxk)p(Xk [y 1r—1)
p(yrlyie—1)

P(Xk|y1r) = (10.7)

If the state dynamic model and the observation model are linear and Gaussian,
an analytical solution for the optimal MMSE estimate X, for the state vector can be
obtained based on well known Kalman filter. However, although the state dynamic
model (10.1) is linear and Gaussian, the observation model used in this Chapter is
non-linear. In such situations, there is no analytically tractable solution for optimal
estimator based on (10.6) and (10.7). Thus we use a sequential Monte Carlo approach

to approximate the posterior pdf (10.7) with particle filters [8].

Particle filters for centralized target tracking

Denote X, = {xi, wi}?, to be the random measure that characterizes the posterior
pdf p(xg|y1.x) where S is the number of samples. Then p(xy|yi.x) can be approxi-

mated as [8],

chb’l k Zwk 7

where d(.) here is the Dirac delta function. Then the target estimate at time £,

(which is the mean of the posterior pdf p(xx|y1.x)) can be obtained by the sum,
S
Xkl A Z Wi Xy,
i=1
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and the covariance matrix Uy, of the estimate is,

S
Ui = Y wh(x, — Rgw) (x5, — Rgp) "
=1

The predicted state X; 1, and the covariance matrix Uy, can be obtained by the

state dynamic model in (10.1):

Xprie = FXppg

Uy = FUk|kFT+Q-

10.3.2 Distributed cluster based target tracking for hybrid

sensor network

As well known, the problem of the centralized tracking algorithm is that the reliability
of the network fusion depends on the reliability of the central unit. Also since all
nodes in the network have to forward their local measurements to the central unit,

a large communication power is needed for nodes.

In the following we propose a cluster-based tracking algorithm for mobile target
tracking in the hybrid sensor network. In the proposed algorithm, we assume that
there are few static nodes with high processing capabilities which act as cluster heads.
The cluster head formation can be performed at the deployment stage, for example,
based on Voronoi partitions. Note that there are both static and mobile nodes in
the network. Thus, when a cluster is formed at the deployment stage, there is a
fixed number of static nodes belong to each cluster. Depending on the mobile nodes’
mobility, the number of mobile nodes belonging to a particular cluster may change

over time. Thus, for a given time there is a variable number of total nodes for a
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given cluster head. In the proposed tracking algorithm, we assume that each cluster
head keeps track on the mobile nodes entering and leaving the corresponding cluster

at each time.

Let C' be the total number of clusters (or cluster heads) in the network and n.j be
the number of total nodes belongs to the cluster ¢ at time k, forc =1,--- ,C. In the
proposed tracking algorithm, we assume that only one cluster head performs tracking
on the moving object at a given time. The active cluster head is selected as the closest
one to the predicted target position at each time. In the cluster based approach, each
node belonging to the cluster ¢, sends its observation to the cluster head of the c-th
cluster, CH, for c = 1,2,--- ,C. Since nodes have to communicate only with their
cluster heads, a significant reduction of transmit power can be achieved compared
to the centralized approach. On the other hand, the cluster head performing the
tracking task is changing over time according to the predicted target locations. Thus
one cluster head does not have to be active all the time. The proposed cluster based

approach is summarized in the following with the assumptions:

e There is a total of C' clusters (or cluster heads).

e Each cluster has a fixed number of static nodes and a varying number of mobile

nodes at a given time.

e FEach cluster head is assumed to have the knowledge of locations of static nodes

and the mobile nodes belong to itself at a given time.

e Only the nodes in the active cluster makes observations on the target state,

while other nodes in the network are in inactive mode.

e At each time k, the active cluster head performs particle filtering and makes

an estimate of the underlying state.
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e Once the target state is estimated at time k, the next active cluster head is
selected based on the predicted target position. The current cluster head talks
to its neighbors to determine the next cluster head. If the next cluster head
is different from the current cluster head, current CH transmits the necessary

information to the next CH, to perform the tracking task.

e Cluster heads can communicate with neighboring cluster heads, but slave nodes

in a particular cluster communicate only with the cluster head.

Denote ye 1k = [Y1.1:6: Y21k - - :?Jnc,k,lzk] be the observation vector at CH. up to
time k. We propose to use Sampling importance resampling (SIR) particle filter [§]
at the active cluster head, due to its implementation convenience. According to SIR

filter, the particles are generated from the state transition probability:

X, ~ p(Xe[x)_y) (10.8)

and the corresponding weights are updated according to

Wi o< p(yenrlx}) (10.9)

where y., is the observation vector at time k at C'H..

With raw observations

With raw observations, from (10.2) and (10.3), the conditional pdf p(y.x|xx) for the
c-th cluster head is given by,

P(Yerlxe) = N(@ck, Rer) (10.10)
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where a.j = [a1 4, G2k, ,an, k)" is & neg-length vector with,

Ao

= W, fO’I" ] = 1,2, e ,nak, (1011)

j.k

and Rc,k = (02 + 02)1., where I is the n. i X ngy identity matrix.

Then the weight update of the SIR filter at C'H, at time k£ can be performed as

Wiy, < P(YerlXy) = N(@cr(x}), Re)-

With binary observations

With binary observations, the conditional observation likelihood function is given

by,

Ne k
p(yere) = T (PN (i 1,02) + (1= pS L ON (0, 0%)) (10.12)
j=1

where p),(x;) = Q <%’v’“(x’“)) and we use N (z;u,0?) to denote that z is dis-

tributed as Gaussian with mean p and variance o?. Then the weight updating of the

SIR particle filter with binary observations at cluster head C'H, at time k is given
by,
wf;,k x H (P?,k/\/(yj,k; Lo)+(1 _P;S‘,k)N(yj,k; 0,062)>

j=1

Note that we drop z in the term N (z; u,0?) in the rest of the Chapter for clarity,
when there is no ambiguity. Denote X, xx and U, be the state estimator and the

error covariance matrix at the c-th cluster head at time k. Then the estimator and
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the error covariance matrix at the cluster head C'H, are given by,
s
. ~ i i
Xe k|, & E We X},
i=1
and
S
~ i (el % i 2 T
Uegre = ) wh i (Xh = Repe) (%5, = Kepie) "
i=1
respectively. The predicted estimator and the error covariance matrices are given by,

Xek+1lk = Fxc,k|k

Uepyrp = FUc,k\kFT+Q-

Once the estimator is computed at time k£ at C'H., we assume that the cluster
head that should perform the tracking task at time k + 1 is selected based on the
predicted position estimate, §67k+1|k. Denote r. be the location of the c-th cluster
head for ¢ =1,--- ,C. Then, the cluster head that should perform the tracking task

at time k£ + 1 is selected as,

CH = argmin|Xe g1k — il, (10.13)
CH;ieNe

where N, is the indices of the neighboring cluster heads of the cluster head C'H,
including itself. Note that, by selecting the next C'H as in (10.13), that is the one
which is closest the predicted target position at time k, the next cluster head is able to
collect a set of rich observations on the target state. Let C'H = CH,. If the selected
CH,CHy # CH,, then, C'H, transmits its estimator to C'Hy. Then for the particle
filtering, C'H,y samples particles from p(xpi1|Xr = Xcpp) and weight updating is

performed based on the observation likelihood at C'Hy at time k4 1. Further, for the
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discussion in this dissertation, we assume that communication between cluster heads
is via perfect channels. This assumption is justifiable, since we assume that there
are few cluster heads in the networks and they have sufficient power and processing
capabilities such that two neighboring cluster heads can communicate each other
with a sufficient transmit power such that the messages transmitted by one cluster

head can be reconstructed with a negligible error at the receiving cluster head.

10.4 Node mobility management

In this Section we discuss the proposed node mobility scheme for the target tracking
in the hybrid sensor network for dynamic coverage improvement as required. The
idea is to maintain a continuous f-coverage (exact or approximate) on the predicted
trace of the moving target’s trajectory at each time k. We call a point rq is 3-covered
if there is at least S-number of sensors located within the disk denoted by D(rg,rp)

centered at ry with a radius of rp where rp is a design parameter.

When the target state is estimated at time k, the idea is to maintain a [S-coverage
for the next target location at time k& + 1 such that it can be tracked with high
accuracy. Note that with the assumed observation model (10.2), the signal strength
emitted by the target decays as the distance from the target is increasing. Thus
the sensor nodes located closer to the target position at a given time make rich
observations while those located far away from the current target location make
poor observations. To better track the target at every time step, it is necessary to
maintain a certain number of nodes very close to the target location at each time
such that they receive rich observations. Let rp be the distance from the target
where we call the nodes within this distance receive rich observations. rp can be

selected such that the signal strength received at any node located within the disk
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D(rg,rp) from a target when the target is located at ry, exceeds a certain threshold.
One straight-forward way of maintaining a [(-coverage with a static network is to
deploy a large number of nodes in the desired region such that each point in the
region is covered by [-number of nodes. However, when it is necessary to cover a
large region, to achieve this a large number of static nodes may be required. On the
other hand, after the initial deployment if the nodes become inactive (due to node
power failure or node breakage, etc..) the required S-coverage at each point cannot
be achieved. Thus it is of interest to allow a certain number of mobile nodes with
static nodes such that the lack of coverage results in a static network is compensated
by the node mobility when necessary, taking their speed and energy limitation into

account.

When a predicted target location at a given time is covered by at least S-number
of static nodes we say exact S-coverage is achieved at the predicted target location. If
the required position is not covered by S-number of static nodes, the required number
of mobile nodes are directed to move the minimum distance needed to provide a (-
coverage. At time k, if the predicted target location is ):(C,qu”k, if all the required
number of mobile nodes can reach the desired destination to provide -coverage (i.e.
they can move such that after T, time they can be within D(§c,k+1\k7 rp)), we call the
position f{c,kﬂm achieves eract [-coverage. At sometimes, due to speed limitations
of mobile nodes, some mobile nodes may not be able to reach the disk D():chﬂ‘ ks TD)
even if they move with their maximum speed to provide -coverage. However, in this
case, since they move the maximum distance they can move towards the predicted
target location so that the signal strength received at their destination is higher than
that of the original location. If this happens, we call an approximate [-coverage is

achieved at the predicted target location.

The basic idea of the proposed mobility model is illustrated in Fig. 10.2. In
Fig. 10.2, the predicted target location at time k is denoted by Py for clarity.
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Figure 10.2: Tllustration of providing 5 = 3 coverage at predicted target locations

Assume that the mobile node locations of two clusters CH; and C'H, at time k are
represented by solid triangles. Suppose we need to achieve 5 = 3 coverage (ezact or
approximate) at each predicted target location. According to static and mobile node
locations, at time &, it can be seen from Fig. 10.2 that the disk D(Pjy1x,7p) has
three nodes (including cluster heads). Thus no mobile node needs to be moved from
time % to k+ 1 to cover the predicted location Py, to achieve the desired coverage
level. At time k + 1, it can be seen that the disk D(Pji9k41,7p) has only two
nodes (one mobile and one static). Then to provide 3 = 3 coverage at Pjojp41, the
cluster head C' H; selects 1 more mobile node to move the desired distance towards
P ojk41. According to Fig. 10.2, mobile node m;, is more likely to be selected to
move towards Py oz during time & + 1 to k + 2. At time k + 2, it can be seen
that the predicted target position P 342 belongs to second cluster (with cluster

head C'H;) and the disk D(P3jx+2,7p) has only one (mobile) node. Thus two more
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mobile nodes are required to be moved towards D(Pj 352, rp). Now, if the cluster
head C'H; has the knowledge of mobile node locations only inside its own cluster, it
may direct mobile nodes mo; and mo3 towards Pjy3p42 in time duration & + 2 to
k + 3. However, if C'H, has the knowledge of mobile node locations of neighboring
clusters it is more likely that C'H, selects node m;3 to move towards Py 3,42 instead
of may since my3 is more likely to provide exact coverage by moving a less distance
compared to mgyy. Note that when the predicted target location is closer to the
boundaries of the current cluster, there might be situations, as observed just now,
that it might be more efficient to move mobile nodes located closer to predicted
target location in neighboring clusters rather than moving mobile nodes located far
away from the predicted target location in its own cluster. However, to get the
information about mobile node locations in neighboring clusters, it might need to
have communication between neighboring clusters, which will result an additional
cost. Thus there is a trade-off between this additional cost and the performance gain
achieved by using mobile nodes in neighboring clusters in such situations. In this
Chapter we limit our discussion to the case where a cluster head has the knowledge
of mobile nodes only in its own cluster. However, we assume that the current cluster
head communicates with neighboring cluster heads to get location information of
near-by of mobile nodes to the predicted target position (outside its own cluster)
only if the current cluster head does not have sufficient number of mobile nodes to

provide the required [-coverage.

The proposed node mobility management scheme has 4 basic steps:

e The active cluster head checks the number of static nodes n, p within the disk
D(§07k+1‘k, rp). If ngp > B, mobile nodes in the corresponding cluster remain

stationary.

o If n, p < f3, the difference (8 — n, p) is determined.
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e Determine (f—ns p) number of mobile nodes which should be directed to move.
If the current cluster does not have (5 — ns p) number of mobile nodes, the
cluster head communicates with neighboring clusters (which are located close
to the predicted target location) to determine the required number of mobile

nodes needed from neighboring clusters.

e Determine the speed and direction of these selected mobile nodes.

Let C'H, be the candidate cluster head for time k + 1 which is selected at time
k and C'H. be the active cluster head which performs the tracking task at time k.
Once C'H,. determines the predicted location §C,k+1|k, it is transmitted to CHy (if
it is different from C'H.). Note that if §C7k+1‘k € CH,., then CH; = CH,.. The
cluster head C'H, is responsible for managing mobile node mobility to maintain (-
coverage for the predicted location, before start making measurements. Let nﬁ%d be
the total number of mobile nodes belonging to C'Hy at time k and V}, ; be the set
containing corresponding mobile node indices. If nyp < 3, the cluster head C'Hy

selects (8 —ns p) number of mobile nodes which are closest to )ﬁcc,k+1| k- H(B—nsp) >

k

nm,d’

C'Hy selects closest ny, ; — (f —n, p) number of mobile nodes from neighboring
clusters (located closer to the predicted target location) by communicating locally
with neighboring cluster heads. Denote ]77’;; 4 be the set containing indices of (5—ns p)

number of mobile nodes which are closest to §67k+1|k. Note that f}fw - V,’f%d only if

nﬁq,d > (8- HS,D)‘

According to the assumption, a mobile node j can move in a direction 6; 5, € [0, 27)
with a speed of uj, € [Umin, Umae) from time k to k 4+ 1. Now the objective is to
determine the optimal 0, and u;;, for j € 1}7’; 4 such that corresponding mobile nodes

move the minimum distance to provide a [-coverage for X, ;41 at time & + 1.

The optimal 6} and u;; for the j-th mobile node for j € f/fmd are given by the

following theorem:
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Theorem 10. The optimal speed and the direction for the j-th mobile node at time k

is given as follows. If (|r; —)chkﬂ‘k\ —rp) >0 and (|rjx —)ichﬂ‘k\ —7p) < UpmazTs,

. 1 2
Uy, = 1aX {T’Fj,k- — Xekt1fkls umzn} (10.14)
and
A Sik — Te
0, = atan2 ( L ’2(k+1k)) (10.15)
Tjk — Le,1(k+1[k)

If (v — ic,k-{—l\kz’ —rp) >0 and (|rj;, — ic,k-‘,—l\kz’ —7D) > UmazLs,

i e = Unas (10.16)

and

A Sik — Te
0; = atan2 ( A ’2(’““’“)) (10.17)
Tjk — Lel(k+1]k)

If (Jrjr — §c,k+1\k| —rp) <0,
=0 (10.18)

where atan2(x) is the four quadrant inverse tangent of x, and Te (k1)) aNd Te(k1lk)

are the X and'Y coordinates of the predicted target location )chkﬂ‘k.
Proof. See Appendix 10A. O
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The pseudocode for the proposed node mobility algorithm at time k is given in

Algorithm 5.

Note that in the proposed tracking algorithm, the current cluster head decides
how many nodes to move and where to move prior to making measurements, based
on the node’s location information and the predicted target position. Since the node
mobility algorithm does not depend on the measurements (or statistics) residing at
individual nodes, the algorithm can be implemented with minimal communication
costs between mobile nodes and the cluster head. Also, it should be noted that
the mobile node locations can be updated at cluster heads timely manner based on
the mobility management algorithm, thus nodes do not necessarily communicate to

cluster heads to inform their current locations.

10.5 PCRLB Analysis

The Cramér-Rao bound provides a lower limit on the mean squared estimation error
for non-random parameter estimation [105]. Analogous to this CRB, posterior CRLB
provides a lower bound for the mean squared error of random parameter estimation
[126]. For non-linear systems, a recursive formulation for computing PCRLB is given

in [126].

10.5.1 With raw observations

In this section we analyze the PCRLB for the derived estimator based on raw ob-

servations. The mean squared error matrix Uy at time £ is lower bounded by the
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PCRLB, such that, [42]
U > Ji !

where J, is the d, x d, Fisher-information matrix. According to [126], J; can be

computed recursively via,
Ju1 = D2 — D (J + DY D2, (10.19)
where

Di};l = E{_Aizlogp(xlwrl’xk)}
Dy = E{-A¥+ logp(xpi1]xi)}
D~ (DR

Di? = E{—-Alogp(xpp|xk)}

Xk+1

+ E{_A?;E log p(Yr+1/xk) }

where A9 = V4VE and V is the Laplacian operator. The initial condition for the
o ©

recursion (10.19) is,
Jo = E{—A% logp(xo)}

If p(x0) ~ N (o, X0), Jo becomes,
Jo =3,

Note that the terms D}', D}? and D do not dependent on the observation model,

but only on the state dynamic model. According to the state dynamic model in
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3

ol A3(rj 1 — T1g41)?
— (k1 — T1pr1)? + (85 p41 — Tor+1)2)”

~ 1
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(Dk )11 = ( P ) $1k+1,$2k+1 {

n,
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(o)
(o)

2 E22>43 - (D’%Q) - 0 (10.20)

(10.1), we can determine them as,

D' = F'Q'F
Dé? _ [D]?;I]T _ —FTQ_I.

With raw observations, the observation likelihood function at C'H,. at time k is

given by (10.10). Then D is given by [126],
2 _ -4 D2

where D?* = E{[V,,,, al, R4 Vx,..al, 4"}, Note that D is a 4 x 4 matrix

and we can verify that the matrix elements are given by (10.20).
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10.5.2 With binary observations

Note that in computing PCRLB for the state estimate with binary observations, the
fisher information matrix updating is given by (10.19) where now only the term D3??

differs form subsection 10.5.1. With binary observations, D?? is given by,
D2 =Q' 4 D2

where D2 = E{—-AX*'logp(yri1]xk+1)}. The corresponding matrix elements of

D?? are given in Appendix 10B.

10.6 Performance Analysis

10.6.1 With raw observations

In this section we analyze the performance of the proposed tracking algorithm when
the raw observations are transmitted by sensor nodes to the active cluster head.
For the simulations we assume a sensor network deployed in a square region of area
200m x 200m as shown in Fig. 10.3. The network is assumed to be consisting of 4
cluster heads. We assume that there are 36 number of static nodes (including cluster

heads) are deployed in a grid.

The initial target state is assumed to be Gaussian with mean py and covariance
matrix Xy. We assume py = [-80 — 80 1 1]7 and Xy = diag([10 10 0.1 0.1]7).
Sampling time is assumed to be Ty = 1s. The intensity of the state process noise

o2 = 0.4. Observation noise variance at individual nodes, and cluster heads, o2 and

2
o2 are set to 0.1. The target amplitude Ay = 100. The tracking is performed for
60s and the number of particles in the particle filter is set to S = 1000. Particle
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generation is performed as follows: As before, let C'H, be the current cluster head
at time k. At time k, if the selected next CH, CHy; # C'H,, then, C'H, transmits its
estimator x5 to C'Hy. At time k + 1, C'H, samples particles from the distribution,

P(Xpp1 [ X = Xe i)

The performance measure is taken as the root mean square error (RMSE) of the

target position estimate given by,

RMSEy, = /((xx — 1) + (yr — )2

The RMSE is compared with the square root of the PCRLB components of the

position error:

PCRLB); = \/([Jk_l]ll + [Ty 22).

Figures 10.3 and 10.4 show the performance of the proposed scheme when there
are 12 mobile nodes in the network. Then the average number of mobile nodes per
a cluster is 3. From the total nodes for a cluster, the fraction of mobile nodes is
1/4. In both figures we assume that rp = 5m and ., = 10ms—!. Mobile nodes
are directed to move at each time k such that to provide a [-coverage (exactly
or approximately) for the predicted target position. In Fig. 10.3 estimated and
true trajectories are shown with the assumed parameters. It can be seen that by
allowing 3 nodes per cluster to be mobile, the target trajectory can be tracked with
high accuracy compared to a static network. The results in Figs 10.3 and 10.4 are
averaged over 50 Monte Carlo trials. In Fig. 10.3, we also compare the performance of
particle filter based tracking algorithm to that with Extended Kalman Filter (EKF)
when all nodes are static. It can be seen that, with the non-linear observation
model considered in this Chapter, the performance with particle filter outperforms

the performance with EKF. Moreover, from 50 trials it was observed that there were
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Figure 10.3: Estimated trace of the target trajectory with proposed mobility man-
agement scheme; ng = 36, N, = 12, C' =4, Upee = 10ms™t, rp = 5m

20 number of missing tracks with EKF and 0 missing tracks with particle filters.
This essentially reflects the suitability of selecting PF as the tracking algorithm for
the non-linear tracking problem considered in the Chapter. For the static network
performance, we assume that all mobile nodes make measurements at their initial

locations.

The RMSE and PCRLB analysis for proposed scheme for 1,,,, = 10ms~! and
rp = dm are shown in Fig. 10.4 with PF. The results are shown for § = 1 and
[ = 2. It can be seen that when the objective is to maintain at least § = 2 number
of nodes within the disk D()ﬁchﬂ‘k, rp = bm), the target trajectory can be tracked
with lower RMSE. Also in that case, it can be seen that the RMSE performance

gets very closed to the derived Posterior Cramer-Rao lower bound. For g = 1,
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Figure 10.4: RMSE and PCRLB for the estimated target position when £ is changing;
ns = 36, Ny = 12, C =4, Umee = 10ms™!, Upin =0, rp = 5m

that is to maintain at least 1 node within the disk D(§07k+1‘k, rp = bm) at each k, a
considerable performance gain can be achieved compared to the static network. Note
that there is always a trade-off between the value 8 and the energy consumption of
mobile nodes, since when (3 is getting larger the number of mobile nodes to be moved
is also increasing although it provides a high performance gain. On the other hand,

it is of interest to investigate the performance metrics, when the maximum speed

that a mobile node is varying.

In the next experiment, we investigate the effect of the maximum node speed for
the proposed tracking algorithm when rp is fixed. Figure 10.5 depicts the perfor-
mance metrics when the maximum speed of a mobile node is varying. The results
in Fig. 10.5 are corresponding to e = dm/s and Uy., = 10m/s, and § = 2.
It can be seen that for low values of u,,,, the performance gain is quite decreas-
ing compared to higher values of ,,,,. This is due to the fact that for lower u,,q,

values the maximum distance that a mobile node can move from one time period
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Figure 10.5: RMSE and PCRLB for the estimated target position when ,,q,; is
varying; ng = 36, n,, = 12, C' =4, Ui, =0, rp =5m, § =2

is lower, thus almost it might provide an approximate [-coverage rather than exact
[-coverage. Also, with lower ,,,,, a considerable performance gain is achieved com-
pared to all-static network, for a given rp. However, as mentioned earlier, there is

always a trade-off among the parameters .., 5, p and the required performance
gain.

Figure 10.6 shows the performance of the tracking algorithm when the number of
mobile nodes is increasing. (However, note that we kept the total number of nodes
constant). The fraction of mobile nodes is now allowed to be 5/12. In Fig. 10.6, we
compare the performance of the static network when £ and w,,,, is varying. From
Fig. 10.6, it can be seen that when the number of mobile nodes is large, the tracking
performance with a given 8 (8 = 2) does not have much effect on the maximum speed
of mobile nodes. This is due to the fact that when there is relatively large number of
nodes, it is more likely that there are sufficient number of nodes around the required

position and they can reach the required location by moving small distances.
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Figure 10.6: RMSE and PCRLB for the estimated target position when the number
of mobile nodes is increasing; fraction of mobile nodes is 5/12; ny, = 28, n,, = 20,

C=4, tpim =0, 7rp =5m

Table 10.1 shows the average distance (during the same tracking period considered
above) that a mobile node needs to move in order to provide [-coverage according
to the proposed mobility algorithm. We set the number of static nodes to n, = 24,
the maximum speed of a node . = 10m/s and the number of mobile nodes is
varied. From Table 10.1, it can be seen that for a given number of static nodes, when
the number of mobile nodes is increasing, the average total distance that a mobile
nodes has to move to provide the required [-coverage dynamically, is significantly
reduced. This is because, for large n,,, is has more flexibility to find mobile nodes in
the close proximity of the predicted target position which would provide the desired
[ coverage by moving a small distance at any given time. As expected, it can be

seen that when [ is increasing, a mobile node has to move a larger total distance in

average to provide the required coverage.
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Table 10.1: Average distance (in m) a mobile node needs to move to provide /-
coverage

f=1] =2
Ny, = 12 | 71.7993 | 92.1394
Ny = 16 | 42.8655 | 66.8339

10.6.2 W.ith binary observations

With constant threshold

According to (10.4), if the binary decisions at each node are made considering a
constant threshold, i.e. 7, = 7 for all j € V and k = 1,2,---, from simulation
results we see that a relatively poor tracking performance is obtained with the SIR
filter as seen in Fig. 10.7. In that case, even with the proposed node mobility model,
a significant performance gain is not observed. With a constant threshold testing, the
gain achieved by allowing nodes to be mobile towards the predicted target locations
essentially is not reflected efficiently. Thus in the following we consider the tracking
performance of the hybrid sensor network with dynamic threshold testing at sensor

nodes.

With dynamic threshold

In [129], target tracking in a binary sensor network with adaptive threshold was
considered for a static network, where they have proposed two schemes for adjusting
threshold when the transmitted power level by the target is known and unknown.
In this work, we consider different approach for maintaining dynamic threshold at
each node at each time in the hybrid sensor network. The idea is that, at each
time, each node makes the binary decision such that to minimize the average error

in making the decision. At time k, if the threshold at node j is selected such that
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Figure 10.7: RMSE and PCRLB for the estimated target position with binary ob-

servations (constant threshold); fraction of mobile nodes is 5/12; n, = 28, n,, = 20,
C=4, Uy =0, 7rp=10m, 7 =2

Tip = 22k — Ao from the Bayesian framework it can be seen that the average
I 2 2rj k=]’

error associated with the decision (10.4) is minimized. However, it is to be noted
that the threshold corresponding to time k at the j-th should be computed at time
k — 1. If the cluster head C'Hy is selected at time k — 1 as the lead cluster for time
k, from the node mobility model discussed in Section 10.4, C'H; can compute the
mobile node locations at time k. Since C'H, is assumed to know the locations of

static nodes belonging to corresponding cluster, C'"H; can compute the j-th node’s
threshold for time k as,

Ao

2/rj% — Xife1]

Tjge = , forj eV (10.21)

where §k|k_1 is the predicted target position at time k—1 and V% is the set containing

all node indices belonging to C'H,; at time k.

The tracking performance of the hybrid sensor network with dynamic thresholds
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Figure 10.8: RMSE and PCRLB for the estimated target position with binary ob-
servations (dynamic threshold); fraction of mobile nodes is 5/12; n, = 28, n,, = 20,
C =4, Upin =0, rp = 10m

is shown in Fig. 10.8. In Fig. 10.8, we let n,, = 20, ny = 28, U4, = 10m/s and
B = 3. It can be seen that despite of the inefficiency of the SIR filter with binary
observations, an improved performance can be obtained with the proposed mobility

management scheme, with the dynamic threshold.

10.7 Conclusions

In this Chapter we proposed a cluster based target tracking algorithm incorporating
node mobility in a hybrid sensor network consisting of both static and mobile nodes,
based on particle filtering. The tracking task is performed at a cluster head where
the nodes need to only communicate with their cluster heads. We considered target

tracking based on both raw as well as binary observations received at cluster heads
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from individual nodes. In the proposed scheme, node mobility is exploited to main-
tain a required coverage level on the trace of the target at each time dynamically as
the target moves. It can be seen that when the mobile nodes are directed to move
to achieve relatively higher coverage level, RMSE performance of the target position
estimate is getting much closer to PCRLB even with a relatively small number of
mobile nodes. The trade-off between node velocity, required coverage level and the
performance gain was shown. The proposed scheme is robust against cluster head or

node failures in the network.

10.8 Appendix 10A

Proof of Theorem 10

Suppose that the predicted location of the target at time £ is denoted by Py, as
before, in Fig. 10.9. If any node is located inside the disk centered at P, with
a radius of rp, it can covers the point Pj;. Thus the requirement is to move the
required number of mobile nodes with the minimum distance in order to cover the
point Py qx. Denote dj = |rj; — )zcc,kﬂug] to be the Euclidean distance between the
predicted target position and the j-th mobile node. As seen in Fig. 10.9, if j-th
mobile node locates inside the disk, it already covers the point Py, so it does
not need to move. If the j-th node is analogous to the node ms, in the figure, to
cover the point Py, it should move along the straight line towards Py, from
its original location at least until it touches the perimeter of the disk. However, with
the maximum speed that it can move, if it can not reach the perimeter by moving
from time k to k + 1, it stops after moving ., T, distance towards Py, from its

original location. In that case, the optimal speed and direction (from geometry) of
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A Predicted
m P

k+1k target location

A Mobile nodes

Figure 10.9: Ilustration of mobile sensor locations and predicted target position in
a particular cluster

the j-th mobile node at time k are given by
ﬁj,k = Umazx

and

R Sik — Te
0, = atan2 ( oh ’2(’““'“)) , (10.22)
Tjk — Le1(k+1k)

where @ 1(p41 k) and Zeok41jk) are the X and Y coordinates of the predicted target
location §C,k+1| x- On the other hand, if the node j can reach the perimeter of the disk
(as node mg in the figure) within the desired time, it moves the minimum distance
such that it can cover the point Py ;. That is a distance of vk — §C7k+1‘k| —rp.
In that case, the optimal speed is given by

1 2
Uj | = IMax {Th‘j,kz - Xc,k+1\k|7 Umin

s
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and the optimal direction is as given by (10.22).

Note that if the condition |I'j,k_§(c,k+1\k:| —Tp > Upmaz s 18 satisfied for all j € ]N/fmd,
exact [-coverage cannot be achieved as desired. However, in this case, since the node
moves a certain distance towards the predicted target position, it receives a higher
signal strength compared to its original location. Thus in such cases, we call that

the predicted target position is approximately [-covered.

10.9 Appendix 10B

With binary observations, the conditional likelihood function of observation at cluster
head C'H, is given by (10.12). The logarithm of the likelihood function is given by

(omitting the cluster head index for clarity)

log p(Y+1[Xk+1) = Z 10g p(Yjk+1|Xp+1),
j=1

where p(y)k41|Xrt1) = P?,kﬂ(xkﬂ)-/v(l: o?) +(1— p?,k+1(xk+1))/\/(0a o?), where,

5 Tjk+1 — Qjk+1
D1 (Xey1) = Q (—j - ’ ) :
v

Then the first partial derivative of log p(yx+1|Xk+1) is given by,

n

Vi1 108 D(Yiot1[Xk+1) Z
7j=1

(Y kt11Xk41)
p(y;, k+1|Xk:+1) OXpy1

(10.23)
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Note that Vi, (.) in (10.23) is a 4 x 1 vector, where the elements are given by,

n

1 Op(Yy o1 Xk41)
VX prm— ]7
( k+1)11 ; p(yj,kJrl‘XkJrl) 0T 141
Z": (N (1,02) = N(0,02)) 0Pl 1y
j=1 p(yjyk+1‘xk+l> a$1k+1
h o §k+1 . b
where Zow = is given by,

2
k1 7% k1 (pe41))

ap?,kJrl e 20 Ao(Tj k1 — T1kt1)
- 2 3
0141 o (7 k41 — T1k41)? + (Sjht+1 — Top41)]?

The second element (Vy, )91 is given by,

Xk+1

(vXkH)Ql = i (N(L 062) _ N(O’ 062)) apg}k-i-l

= P(Yj 1] Xe41) OTop11
P 1 .
where e 5. - is given by,
5 _(Tj,k+1—aj,k+1(xk+1))2
2

Ojrs1 e 203 Ao(Sj k1 — Torg1)

= B 3
8$2k+1 Oy [(Tj’k+]_ - x1k+1)2 + (Sj,k+1 - 372k+1)] 2

and (V.. )31 = (Vx,,)n = 0. Note that AX7 log p(yr1|xk41) is a 4 x 4 matrix
1

where only (AX)11, (A% )12, (A% a1, (AxiTh)ee are non-zero. The (1,1)-th

element is given by,

Yjkt1Xe41) 02T 1k41

n 82 5
(A% = YW (L0?) — N (0.07)) (p( 1 Pinn

J=1

5
1 Op(yj jo+1Xk+1) OP5 i
P?(Yj ket 1]Xk+1) 0T k41 0T k41
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(92p5. A .
where W’}’:ﬂ is given by (10.24).
2 7(Tj,k+1*aj,k;—1(xk+1)) ) )
FPig e 203 (AO(Q(Tj,kH — Tip1)” — (k1 — Takt1) )+
2 - 2 5
141 7% (T k1 — T1eg1)? + (841 — Topgr)]?
(Tjk+1 —2%‘,1&1) A5(rjp1 — T1pg1)? i (10.24)
o, [(Tjhe1 = T1gs1)? + (Sjkt1 — Tarr1)]

Similarly, The (2,2)-th element is given by,

n 82 5
(A% )22 = Y (N(1,02) = N(0,02)) (p( 1 P i

Yjkt1Xe41) 02 Top41

5
1 Op () jo+1Xk+1) OP5 i
P2 (Yj k1 |Xkt1) 0ok 41 0ok 41

o B
where =t is given by (10.25).

(T k1= k41 k1))

a217?,/k:+1 o e 203 (AO(Q(Sj,k-H — Top+1)? — (7 k41 — $1k+1)2)+
2 - 2 5
02 ap+1 Ty [(Tjhe1 = T1eg1)? + (841 — Topgr)]?
(Tjkt1 — Qjri1) A5(Sjkr1 — Torg1)? (10.25)
oy [(Fkar = T1k41)? + (87041 — Tongr)]

Following a similar approach, we have,

(A% 12 = (A% )

Xk+1 Xk+1
n 2.0
1 °p;
= ) (N(1,02) = N(0,02)) Lt
= P(Yj kt11Xk41) OF154+10T2p 41
5
B 1 (Y k+11Xk11) OPj ki1
P(Yjke1Xe41) 0okt Ozieg

256



Chapter 10. Particle Filter Based Target Tracking with Reactive Mobility

82pd . .
where, =—2+L— i3 given by (10.26).

7 0r1410T2k 41

Ppian 240 ((rjrer = Tieen) (Sike1 — Toi1)) R e
01141022041 05 [(rjksr — Tips1)? + (Sjps1 — $2k+1)]3
AT ey — as
202
v

Now the elements of D?? are given by,

= E{-(A¥+)u}

11 Xk+1
_ 22 _ X
= (D), =E{—(a%)

= E{—(A%+!)2}

)
)
).
)
)
)

=l
TN
I\

AA/QAAA
j
TN
no
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Algorithm 5 Node mobility management algorithm for tracking in the hybrid sensor
network

INPUT: Predicted target location: §07k+1‘k, number of static nodes for C'Hy: n’;d,
k

m,d

OUTPUT: Optimal speed i;y and the direction 6 of j-th mobile node for j €
Via

PROCEDURE:

Find number of static nodes inside the disk ()%Qkﬂ‘k, D), Ns.D,

number of mobile nodes for CH,; at time k: n

Check — nsp > f [i.e. )chkﬂ‘k is B-covered by static nodes]
if yes (i.e. ngp > f) then
rjpy1 =)y for j e ij%d = no mobile node needs to move
else {no (i.e. nsp < f )}
Check — ny, ;> (8 —nsp) (i-e. to check whether C'Hy has sufficient mobile
nodes)
if yes then
Find f}fn,d from V,lf%d
else {no}
10: Communicate with local C' Hs to find mobile node locations in neigh-
boring clusters to form set )N/?’f%d as described in Section 10.4.
11: end if

12: end if

13: for j =1: size(V%, ;) do

14: ) = |rjr — Xeprar]

15: if f(j) —rp <0 then

16: rjkg+1 = Tjk

17: else {f(j) —rp>0& f(j) —rp > Tstlmas }

18: Compute 4, and 6;, from (10.16) and (10.17)
19: else {f(j)—rp>0& f(j) —rp < Tstlmaz}

20: compute 1 and 6, from (10.14) and (10.15)
21: end if

22: end for
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Chapter 11

Summary of Results and Future

Work

In this dissertation, we addressed research challenges in a resource constrained mo-
bility assisted sensor network in signal processing and communication perspectives.
In this Chapter we summarize our contribution in this dissertation highlighting the
main results. We further discuss some of the possible directions that the work can

be extended.

11.1 Summary of Results

In Chapter 3, we derived the optimal fusion performance for distributed detection
at the fusion center when the local observations at individual nodes are correlated.

We derived optimal power allocation schemes at sensor nodes to meet desired per-
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formance level at the fusion center with independent as well as correlated observa-
tions [139,140, 142, 143]. It was shown that the optimal scheme suggests to turn off
the sensors with poor observation qualities and the bad communication channels,
and only the sensor nodes with higher observation qualities and the good communi-
cation channels should transmit their information to the fusion center. The number
of such active nodes is determined by certain factors such as the desired performance
levels, total number of sensors in the network and the quality of received signals at
the fusion center. Optimal power management schemes for distributed estimation

with correlated observations is discussed in Chapter 4 [141].

In Chapter 5, a sequential methodology is developed for parameter estimation,
incorporating the channel noise in inter-node communication links, when the final
decision is made at an arbitrary sensor node without depending on a central fusion
center [144]. In such a sequential process, since among all available sensor nodes in
the network, not all nodes provide useful information which improves the accuracy
of the estimator, we proposed distributed algorithms to select the best sequence of
nodes to be participated in the sequential estimation process. It was shown that the
proposed sequential estimation algorithm can be implemented distributively having

information at local neighborhood.

In Chapters 6-10, adding mobility for performance improvement in hybrid sensor
networks was considered for target detection and tracking, in different perspectives.
In Chapter 6, we investigated the cost of deploying mobile nodes in a hybrid sensor
network in terms of the minimum required fraction of mobile nodes to achieve differ-
ent performance metrics, which are important in performance evaluations in hybrid
sensor networks [145]. Derivation of different performance measures in Chapter 6 is

based on random node mobility models.

In Chapter 7, we proposed a new interactive distributive mobility protocol for

node mobility, collaborating between static and mobile nodes, in a hybrid sensor
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network to provide efficient time varying coverage. The proposed mobility protocol
is suitable for target detection when the target existence is unknown. From the
performance analysis based on the proposed mobility protocol, we showed that the
area uncovered by the static nodes, is approximately uniformly covered over time
and the time that any arbitrary point is uncovered, is minimized. In Chapter 8,
we developed an efficient sequential procedure to determine the worst case detection
performance based on graph theoretic techniques, when smart targets try to evade
the sensing region such that to minimize the probability of being detected by the

sensor network.

Although, node mobility can be exploited for continuous coverage in hybrid sensor
networks, it might cause significant cost since deploying mobile nodes is not as cost
effective as deploying static nodes. Thus it might be desired to allow nodes to
be mobile only if a detection is made with a certain confidence level at stationary
configuration. In such situations, mobile nodes are directed to move, only if a decision
on target present/absent can not be made by the stationary configurations with the
desired quality. To that end, in Chapter 9 we developed two decision fusion models
incorporating measurement uncertainties to enhance the detection performance by
node movements, if the mobile nodes are directed to move from their stationary
configurations. It was shown that, according to proposed decision fusion models,
when the effect of node mobility is taken at node level decision updating, node
mobility is only beneficial at lower nominal signal-to-noise ratio (SNR) region at
local nodes. On the other hand, if the effect of node mobility is taken into account
at the decision updating at the fusion center, it was shown that allowing even a
small number of nodes to be mobile can boost the system performance significantly
irrespective of the quality of nominal SNR at local nodes. The choice of two decision
fusion models, however depends on certain factors such as computation capabilities at
local nodes, number of affordable mobile nodes and the quality of desired performance

metrics.
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In Chapter 10, we developed a cluster-based distributed tracking algorithm based
on particle filters in hybrid sensor networks with reactive mobility. The key feature
in the proposed tracking algorithm is that the predicted target locations at each time
step are maintained under a certain coverage level dynamically with the assistance
of mobile nodes. The quality of the tracking performance with the proposed tracking
algorithm was compared with the PCRLB, and it was seen that the corresponding
tracking quality is getting much closer to PCRLB by adding a small number of mobile

nodes compared to a all-static network.

11.2 Future Work

In this Section, we point out some future research directions paved by this disserta-

tion.

Power management with joint source-channel coding with correlated observations:
In Chapters 3 and 4, we considered the optimal power allocation for detection and
estimation with correlated observations. In these studies we assumed that the lo-
cal nodes perform amplify-and-forward local processing on their observations. It
is interesting to address the problem of designing source-channel coding taking the
correlations among node observations into account, to optimize the transmit power.
Distributed implementations of the optimal power scheduling algorithms presented
in Chapters 3 and 4 are based on the assumption that the channel state information
(CSI) is available at sensor nodes. However, estimating CSI may require to consume
additional amount of power. Thus it is interesting to investigate the performance

degradation, when the exact CSI is not available at sensor nodes.

Detection performance with node mobility under time varying number of mobile

nodes: In Chapter 6, the performance measures are derived assuming a fixed number
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of total mobile nodes. However, in a mobility assisted sensor network, it is more likely
to remove or add mobile nodes in timely manner due to energy depletion. In such
scenarios, the total number of mobile nodes at a given time can be modeled as a
random variable. It is interesting to extend the work to derive the time varying

performance measures of a hybrid network under these conditions.

Analysis of steady state distribution of mobility protocol for hybrid sensor net-
works: We have developed a distributed mobility model in Chapter 7 for mobile
node navigation in hybrid sensor networks in which a steady state uniform distribu-
tion is achieved with a relatively small number of moving steps compared to random
walk mobility model. For analytical performance analysis in hybrid sensor networks,
it is useful to obtain analytical formulas for the parameters which characterize the
steady state probability distribution of the proposed model. In the proposed mobil-
ity model, it is noted that the node movements are not independent across mobile
nodes. Thus deriving marginal probability distributions of individual node’s mobility
patterns is not satisfactory. It is an important problem to consider the joint steady

state probability density function of the proposed mobility protocol.

Node scheduling for multiple target tracking in a hybrid sensor network: In Chap-
ter 10, we proposed a cluster based target tracking algorithm with reactive mobility
in which each predicted target location is covered to a desired coverage level exploit-
ing node mobility. The open road ahead is to consider multiple target tracking. It is
an interesting problem to optimally scheduling mobile nodes belonging to multiple

clusters for multiple target tracking.

Impact of node mobility in MAC (Medium Access Control) and upper layers: In
the work in this dissertation, sources of energy wasted in MAC layer such as colli-
sions of data in the communication channels (between nodes and the fusion center
or among nodes), idle listening and overhearing are not considered. Thus the results

presented in this dissertation are desirable when node transmissions are scheduled
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over collision free protocols. On the other hand, in traditional MAC protocols de-
signed to maximize bandwidth utilization and fair usage of channels by all nodes in
sensor networks, stationary nodes are considered. It is an important research direc-
tion to design MAC protocols for hybrid sensor networks taking the node mobility

with different realistic mobility models into account.
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